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Abstract

Earthquakes can trigger thousands of shallow landslides across mountainous terrain, reshaping landscapes and
posing severe hazards. Predicting their spatial distribution remains challenging because most existing models
are empirical, event-specific, and lack physical interpretability. We introduce ShallowLandslider, a physics-based
component within the open-source Landlab framework for regional coseismic landslide prediction. The model
extends the classical Newmark sliding block approach to three dimensions, incorporating transient seismic ac-
celerations, slope geometry, and variable soil properties on structured grids. Instability is assessed using critical
acceleration thresholds, and a probabilistic selection scheme represents natural variability in failure occurrence.
We validate ShallowLandslider against landslide inventories from two subregions affected by the 2015 Mw 7.8
Gorkha earthquake in Nepal. Model performance is evaluated using non-parametric distributional metrics (Kol-
mogorov—Smirnov, Kuiper, and Wasserstein distances) across landslide area, elevation, slope, and aspect. Results
show that realistic soil-depth parameterisations and moderate cohesion values (10 — 15 kPa) are essential for repro-
ducing observed topographic clustering and size distributions. While pixel-level prediction remains impractical,
ShallowLandslider captures first-order spatial and statistical patterns of coseismic landsliding, offering a repro-
ducible, physically grounded tool for regional hazard assessment. Its modular design enables coupling with other
Earth-surface process models, providing a foundation for integrated simulations of landscape response to seismic

forcing.

1 Introduction

Major earthquakes can mobilise vast volumes of soil and rock from across mountainous landscapes in a matter
of minutes, triggering thousands of landslides across hundreds of square kilometres. These cascading hazards
often cause casualties and economic losses that can rival or even exceed those from the earthquake itself (Fan
et al., 2019; Petley, 2012). Beyond their immediate human toll, earthquake-induced landslides exert a first-
order control on mountain evolution, abruptly reworking drainage networks, altering valley morphology, and
redistributing sediment from hillslopes to valley floors (Hovius et al., 2011; Wang et al., 2020). Understanding
the physical controls on where these failures occur is therefore critical not only for hazard assessment, but also
for deciphering the feedbacks between tectonics, climate, and surface processes.

Over the past several decades, various approaches have been developed to forecast the spatial distribution
of earthquake-triggered landslides. Empirical susceptibility models use observed associations between landslide

occurrence and terrain parameters such as slope angle, aspect, lithology, and distance to faults (e.g., Kritikos
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et al., 2015; Parker et al., 2015). While these statistical approaches are computationally efficient and perform
well when trained on high-quality inventories, they are inherently event-specific, reflecting the characteristics of
the earthquake and terrain from which they were derived. As a result, their transferability to new regions or
earthquakes with different ground motion patterns can be limited (Gariano and Guzzetti, 2016; Tanyas et al.,
2017). More recently, machine learning and ensemble-based models have sought to overcome these limitations
by capturing complex, non-linear relationships between multiple conditioning factors (Reichenbach et al., 2018).
While these data-driven approaches have markedly improved predictive performance, particularly when large,
spatially consistent datasets are available, they remain largely empirical and often suffer from overfitting and
limited physical interpretability. Recent reviews highlight that most models provide limited physical insight into
the underlying physical failure mechanisms or the role of key controlling parameters such as soil thickness and
strength, and ground motion directionality, and still depend heavily on training data quality (Lombardo et al.,
2020; Nowicki Jessee et al., 2018; Reichenbach et al., 2018).

Physics-based models, in contrast, explicitly represent the mechanical processes governing slope failure and are
therefore better suited for hypothesis testing and extrapolation across diverse geomorphic and seismic settings.
Among these, the Newmark sliding block method remains the most widely used for assessing coseismic slope
stability. The method conceptualizes a potential landslide as a rigid block resting on an inclined plane, which
begins to slide once the driving acceleration exceeds a critical threshold determined by slope geometry and
material strength (Jibson et al., 2000; Jibson, 2007; Newmark, 1965; Romeo, 2000). This simple and robust
formulation allows implementation at various scales, particularly when combined with digital elevation models
and spatially distributed ground motion data. As such, it has been widely applied to simulate coseismic landslides,
particularly where rapid, shallow failures dominate the landscape response. Early studies used the method for
both single failures and regional failure events, using empirical or synthetic ground motion inputs to estimate
the spatial extent and cumulative displacements of potential sliding (Jibson, 2007; Keefer, 1984). However,
these implementations retain the one-dimensional assumption, limiting their ability to represent the complex,
three-dimensional nature of real failures (Huang et al., 2020; Ingles et al., 2006; Tsai and Lin, 2018). They are
also unable to take into account the effects of topographic amplification, where steep slopes, convex ridges, and
irregular terrain can locally increase ground acceleration (Dahal et al., 2024; Meunier et al., 2008). Furthermore,
a persistent challenge in physics-based landslide modelling is the parameterization of material and hydrologic
properties at the landscape scale, where soil depth, cohesion, and friction angle are rarely well constrained, and
the resolution of available topographic data limits how small and shallow failures can be realistically represented
(Segoni et al., 2012). As a result, regional models often rely on generalized assumptions that obscure local
variability and complicate quantitative validation against observed landslide inventories.

Recent advances in high-resolution topography, open-access seismic data, and modular modelling frameworks
now make it possible to revisit these challenges with greater realism and reproducibility. Integrating physically
based slope stability theory with modern computational tools offers a pathway toward models that retain physical
interpretability while being flexible enough to capture spatial heterogeneity and process coupling at the landscape
scale. To address these challenges, we present ShallowLandslider, a new physics-based modelling component built
on the Landlab framework (Barnhart et al., 2020; Hobley et al., 2017). In it, we extend the Newmark method to
three dimensions based on the approach of Huang et al. (2020), enabling spatially distributed seismic inputs and
variable material properties. ShallowLandslider is designed for reproducibility and modularity, allowing users to
systematically explore how elevation, slope, aspect, soil depth, and shaking intensity influence the distribution of
coseismic slope failures. The component is fully open-source and written in Python, leveraging Landlab’s grid-
based architecture to ensure computational efficiency and seamless coupling with other Earth-surface process
models. The existing LandslideProbability component provides probabilistic assessments of shallow landslide
initiation driven by hydrologic forcing using an infinite-slope formulation and Monte Carlo sampling (Strauch
et al., 2018). However, its focus lies in rainfall- or groundwater-induced failures and parameter uncertainty

rather than dynamic ground shaking. ShallowLandslider extends this capability by explicitly incorporating
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seismic accelerations and rigid-block mechanics, allowing users to explore the spatial distribution of earthquake-
triggered failures within the same modelling environment. It also complements the existing BedrockLandslider
component, which, as its name suggests, simulates deeper-seated, bedrock-dominated failures (Campforts et
al., 2020, 2022). This combination of components extends Landlab’s capacity to represent a continuum of
slope failure processes. By combining transparent physics with a flexible, community-oriented computational
framework, ShallowLandslider aims to bridge the gap between detailed slope stability mechanics and regional-
scale hazard assessment, providing a reproducible foundation for investigating the feedbacks between seismic

forcing, topography, and landscape evolution.

1.1 The Gorkha Earthquake and coseismic landslides

We evaluate ShallowLandslider against the coseismic landslides triggered by the M,, 7.8 Gorkha earthquake. The
earthquake struck central Nepal on 25" April 2015, rupturing a ~150 km segment of the Main Himalayan thrust
between the Gorkha region northwest of Kathmandu to the Ramechhap region in eastern-central Nepal (Avouac
et al., 2015; USGS, 2015). The earthquake produced peak ground accelerations (PGA) locally exceeding 0.6g,
and caused widespread slope failures across an area of more than 30 000 km?. Over 25000 landslides were mapped
in its aftermath by a succession of groups around the world (Kargel et al., 2015; Meena and Tavakkoli Piralilou,
2019; Roback et al., 2018), making it one of the most comprehensively documented cases of coseismic landsliding
worldwide. Failures were concentrated in areas of high PGA and rugged topography north of the Kathmandu
valley, with smaller and fewer events occurring in the foothills to the south (Roback et al., 2018). The spatial
pattern of landsliding closely followed gradients in shaking intensity and local relief, offering an ideal natural
experiment for evaluating model performance in real-world conditions.

To examine the robustness of our model predictions, across spatial and seismic gradients, we have selected two
subregions within the rupture zone for validation (Figure 1). Each subregion represents distinct combinations
of terrain, seismicity and failures, allowing us to comprehensively test how the model performs under varying

conditions.

1. Subregion 1 (northwest of Kathmandu): This subregion is located immediately to the east of the earthquake
epicentre. It experienced some of the strongest shaking, with PGA = 0.6g, but produced a moderate number
of landslides (n = 523). The region is located in the headwaters of the Budhi Gandaki river and exhibits
a large range in elevations, between 1500 m—6000m (means: 3800), with slopes varying almost normally
between subhorizontal to extremely steep (68°), with a mean of 37°. The coseismic landslides in this
subregion were concentrated at the lower end of the regional elevation distribution, with very few failures
above 4000 m. More understandably, failures are largely concentrated at higher slopes, with most occurring
on slopes > 35° — 50° (Figure 1).

2. Subregion 2 (northeast of Kathmandu): This subregion is located northeast of Kathmandu, along the
Araniko Highway toward the Nepal-China border. It is an extremely landslide-prone area, with monsoon-
triggered landslides often blocking the highway. It was devastated by the earthquake, being affected by
both the initial earthquake, and the aftershock in May, with PGA = 0.6g, triggering over 2300 landslides.
However, the average elevation in the area is considerably lower than subregion 1, ranging from 1000 m-—
3500 m, with a mean of approximately 2500 m. This narrow range in elevations means that landslides occur
over the entire range. The slope distribution is similar to subregion 1, ranging between subhorizontal to
extremely steep (= 60°), but with a lower mean (26°). As expected, landslides generally occur on steeper
slopes (> 35° — 50°) (Figure 1).

Together, these subregions encompass the primary geomorphic gradients within the 2015 rupture zone and provide
a robust basis for evaluating model transferability across diverse landscapes under similar seismic conditions. By

comparing simulated critical accelerations and predicted landslide distributions against mapped inventories, we



135
136
137
138

139

140

141
142
143
144
145
146
147
148
149
150
151
152

evaluate whether a physically-based, three-dimensional Newmark framework can reproduce observed spatial
patterns of coseismic landsliding using only topographic and seismic inputs. This case study further allows us
to quantify how variability in terrain, material properties, and shaking intensity influences regional patterns of
slope failure, and to assess the viability of physically-based approaches to predict landslide hazard.

2 Methods

Table 1: Notation and symbols used in ShallowLandslider

Symbol  Description Default Value (if any)
Geometric Parameters

@ Slope angle (°) -

hs Soil thickness in normal direction (m) -

m Proportion of submerged soil 0.5

Strength Parameters

c Effective cohesion (Pa) -
@' Effective angle of friction (°) 30
@° Angle of increase in shear strength with matric suction (°) -
FS Static factor of safety 1.0
Unit Weight
Yt Unit weight of soil (kN m™?) 15
Y Unit weight of water (kN m™?) 9.81
Stress and Pore Pressure (Pa)
On Total normal stress
On — Ua Net normal stress on the slip surface
Uq Pore air pressure 0
U Pore water pressure
0 Matric suction (uq — tw) -
U Pore pressure replacement for ¢ (m~y.wh) -

Seismic Parameters (ms™2)

g Acceleration due to gravity 9.81
Qe Critical acceleration -
Ge,transient  Critical transient acceleration -
as Sliding acceleration -
an Acceleration normal to the slope -
ah, Gy Horizontal/vertical acceleration (PGA) -

2.1 Overview of the Newmark method

ShallowLandslider implements a modified Newmark sliding block model to identify potential areas of coseismic
slope failure based on a method proposed by Huang et al. (2020). The original Newmark model is extremely useful
for this type of regional analysis, particularly due to its computational and numerical simplicity. It requires very
few input requirements (e.g., slope, cohesion, angle of internal friction, unit weight of soil, etc.) but is restricted
to one dimension. The method implemented here extends the classical formulation to incorporate transient
three-dimensional accelerations (Huang et al., 2020). In its basic form, the Newmark method conceptualises
landslide initiation as the downslope displacement of a rigid block sliding on an infinite slope, driven by seismic
accelerations that overcome the slope’s shear resistance (Figure 2) (Jibson et al., 2000; Newmark, 1965). The
onset of slope failure is determined by comparing the seismic driving acceleration with a critical acceleration (a.),
which represents the minimum ground acceleration required to overcome the resisting forces of the slope material
(Jibson et al., 2000; Newmark, 1965). If the seismic acceleration exceeds a., the block accumulates permanent

displacement and is considered unstable. The critical acceleration (a.) is a function of the static factor of safety
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Figure 1: (A) Map showing locations of coseismic (red) landslides in central Nepal. The pink star shows the
Gorkha earthquake epicentre, with the green star representing the major aftershock on 12 May 2015. The Peak
Ground Acceleration produced by the earthquake are shown as contours (proportion of ’g’) in the inset map,
based on the USGS ShakeMap. (B) Map showing the topography and observed landslides for subregion 1.
(C) Map showing the topography and observed landslides for subregion 2. (D) Histograms showing the density
distributions for elevation and slope in Subregion 1. (E) Histograms showing the density distributions for elevation
and slope in Subregion 2. Grey bars show regional distribution, while blue bars show distribution for mapped
subregional landslides.
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Figure 2: Box diagram showing the fundamentals of the Newmark method. The inner box depicts how the soil
depth and proportion of saturation are measured in the model.

(F'S) and the slope («):
ac=(FS—1)*gsina (1)

The static factor of safety (FS) is based on the infinite slope stability model, where failure occurs along a
planar surface beneath a uniform soil layer. Under saturated conditions, i.e., where the slip surface lies below
the water table, the factor of safety is given by (Jibson et al., 2000):

FS— c tang’  my, tan ¢’
~ yhgsina  tana ¥t tan o

(2)

where, ¢/ = effective cohesion, ¢’ = effective angle of friction, a = slope angle, v; = unit weight of soil, 7, =

unit weight of water, hy = thickness of sliding block in normal direction, m = proportion of submerged soil.

In equation (2), the first term captures the cohesive strength, the second term represents the frictional resis-
tance, and the third term accounts for pore water pressure effects. Slopes with F'S < 1 are considered unstable
under static conditions, with unstable slopes having 0 < F'S < 1.

In arid environments where the sliding surfaces are dry, m = 0, causing the third term to drop out. Since
matric suction increases shear resistance along the dry slip surface, the static factor of safety becomes: (Cho and
Lee, 2002; Huang et al., 2020)

Fg— ¢+ (0n — ug) tan ¢ + (ug — Uy ) tan @° 3)

Yehs sin a

where, u, = pore air pressure, u,, = pore water pressure, u, — U,, = matric suction, o, = total normal stress,

0n — Ug = net normal stress on the slip surface, ¢* = angle of increase in shear strength with matric suction

For low values of saturation, the angle of increase in shear strength with matric suction(4®) approximates
the angle of internal friction (¢') (Huang et al., 2020; Wong and Ho, 2000). Additionally, we can represent
on, = weight x cos a (Figure 2), where the weight of the sliding block is the unit weight of the soil multiplied by
the thickness of the block (weight = v,hs). Finally, since matric suction (¢) can be written as (ug, — ), and

ug = 0, equation (3) simplifies to:

c —ytang’  tan¢’
Yehs sin o tan «

FS = (4)
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Substituting equation (4) into equation (1), we can calculate the critical acceleration required to initiate sliding
of the soil layer:
g —pgtang’

o +gcosatang’ — gsina (5)

Q¢ ,constant =
During an earthquake, the soil experiences both vertical (a,) and horizontal (a;,) time-variable ground motions.
The acceleration normal to the slope (a,), which affects the normal stress and thus, the shear strength, is given

by an = a,(t) cos a+ap(t) sin a (Figure 2) (Huang et al., 2020). The transient critical acceleration then becomes:

g — gy tan ¢’

ac,trunsient(t) - ( ~ n
tits

) — gsina + tan ¢’ (g cos a — a,(t) cos a — ap(t) sin @) (6)
Finally, the downslope sliding acceleration a4(t), which drives failure, is defined as:
as(t) = ap(t) cosa — a,(t) sina (7)

When as(t) > ac transient (t), the driving forces down slope are able to overpower the resistive ones, and the

block becomes a candidate for failure.

2.2 Model framework and Implementation

ShallowLandslider has been implemented in Python utilising the open-source Landlab framework, which provides
flexible and modular tools for modelling Earth surface processes on structured grids (Barnhart et al., 2020; Hobley
et al., 2017). It offers a general template for creating and manipulating elevation grids, whether imported or
generated, and enables easy coupling with hillslope processes, sediment transport and bedrock landsliding. This
means that these processes need not be coded within ShallowLandslider, being attached as and when necessary.
The core calculations are handled on numpy arrays, allowing rapid processing and straightforward implementation
of spatial variability. Spatial grouping and zonal analysis is performed using tools from scipy.ndimage, and

model parameters are defined via structured configuration files. The workflow is summarised in Figure 3.

Import and Preprocess DEM
Smooth surface, calcu-
late slope, aspect (20° -

bins), and flow paths (D8) Select Landslides
Sample from probability

L distribution to isolate failures
]

)

A
Compute Static F'S and
Critical Accelerations

( Assign Failure Probabilities )

Based on ac.

rameters, and pore pressure k : J

Using slope, strength pa-

A e
Identify Unstable Nodes

unstable patches
Wh t 5 t
ere as(t) > de,transient(t) Splitting by length-width ratio
from seismic input . J

. J 4

Recursively split

A,
Group Unstable Nodes

Label contiguous unsta- >

Split unstable
patches by aspect
Divide regions in

bl tches, fill
© D, e J 20° aspect bins

Figure 3: ShallowLandslider workflow showing DEM preprocessing, factor-of-safety calculation, unstable node
grouping and shaping, probability assignment, and landslide selection.
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2.2.1 Model Inputs

Topographic Data and Preprocessing Topographic data were derived from the Shuttle Radar Topography
Mission (SRTM) digital elevation model (DEM) at 30 m spatial resolution. We chose this resolution because of its
wide availability, and its balance between capturing hillslope-scale variability and computational efficiency. In our
model runs, the DEM was also imported specifically for running ShallowLandslider. However, ShallowLandslider
is agnostic about the resolution, and is programmed to accept a preprocessed DEM from other Landlab models.
Prior to model execution, the DEM was smoothed to remove small artifacts, and primary topographic metrics:
slope, aspect, and planform curvature calculated at each grid node. These metrics are subsequently used to

define local soil depth patterns and slope stability within ShallowLandslider.

Geotechnical and Seismic Parameters The model requires a variety of input parameters describing slope
geometry, soil mechanical properties, and seismic forcing. Table 1 lists all parameters used in the model, their
definitions, units, and any default values.

Spatial distributions of geotechnical parameters, including cohesion ('), effective friction angle (¢'), soil
unit weight (v;), and soil thickness (hs) are based on representative values from analyses around the world
(Campforts et al., 2022; Huang et al., 2020). Seismic forcing was defined using spatially distributed peak ground
accelerations (PGA) derived from the USGS ShakeMap data published for the Gorkha earthquake (USGS, 2015).
The resolution of this data was such that there was very little variation between the DEM pixels, allowing us to
uniformly apply constant values for the horizontal and vertical acceleration components (a(t) and a,(t)) to each
node in the model grid. This uniformity also meant that it was significantly simpler computationally. However,

due to the gridded nature of the model, variability in PGA can be easily applied for regions where applicable.

2.2.2 Model Workflow

At its core, ShallowLandslider identifies zones of instability by evaluating Newmark-based critical accelerations
at each grid node on the DEM. Grids for the horizontal and vertical components of PGA are used to calculate
transient ground accelerations, which are compared to the nodal critical acceleration thresholds to determine areas
of instability. These unstable nodes are grouped together into contiguous patches, which are then subdivided
based on topographic aspect and aspect ratio. Each patch is assigned a probability of failure based on the median
critical acceleration for that patch, enabling stochastic landslide selection. The proportion of patches that fail as

landslides is calculated based on a high-percentile threshold of the probability distribution (Figure 3).

Region splitting Unstable nodes are first grouped into contiguous regions based on spatial connectivity. To
avoid patches having artificial connections across channels and ridgelines, they are split into smaller patches
based on topographic aspect. This also allows us to confine the landslides to single slope faces. To do this, the
smoothed DEM is segmented into zones of near-constant slope aspect, binned so that each represents a narrow
aspect range (i.e., approximating a single slope face). Connected unstable regions are subsequently subdivided
according to these aspect zones to yield candidate landslide areas. For each candidate area, the downslope length
and cross-slope width are measured and compared to the empirical distribution of length-width ratios from the
measured landslide inventory. Areas lying outside this distribution, either where width exceeds length, or where
lengths are disproportionately large, are split at their centroid. This process is applied recursively: after each
split, the dimensions of all subregions are recalculated, and those still falling outside the empirical range are split

again. This continues until at least 75% of areas conform to the observed length-width relationship.

Probabilistic landslide selection Whether a slope is stable or not is a largely deterministic process, which
we calculate using the Newmark method. However, whether an unstable area actually develops into a landslide is

partly stochastic, partly reflecting natural variability in local conditions not captured by the grid-scale parameters,
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such as vegetation, etc. (Meunier et al., 2008; Westen et al., 2008). To represent this natural variability,
ShallowLandslider implements a probabilistic selection procedure. Each unstable area is assigned a probability of
failure (Pfqq1) inversely proportional to its critical acceleration, such that higher critical accelerations correspond
to lower Ppq. A weighted random sampler then selects and classifies a subset of unstable areas as landslides.
The selection proportion is set to pfm-l + 0 Ptqs (i-e., one standard deviation above the mean failure probability)
ensuring that the number of selected landslides reflects both central tendency and variability in Pjqy. This
approach introduces some stochasticity while biasing the selection toward areas more likely to fail.

In traditional Newmark analyses, the Newmark displacement is usually calculated after identifying unstable
areas (Huang et al., 2020; Jibson et al., 2000). This displacement represents the cumulative permanent downslope
movement of the sliding block during shaking. ShallowLandslider calculates these values for the selected failure
nodes and is able to move this sediment downslope along multiple flow paths. However, we have chosen not to use
them in this analysis and instead, focused on the identified areas themselves. This choice reflects our emphasis

on the spatial patterns of instability rather than on post-failure deformation magnitudes.

2.2.3 Numerical configuration and grid setup

Simulations were performed on a structured raster grid matching the resolution of the input DEM (30 m). Each
grid node stores elevation, slope, aspect, and soil property values. Boundary nodes were treated as open to
prevent artificial instability at domain edges, but were not involved in the calculations. The model supports
grids of any spatial resolution, though coarser grids (> 100m) may underestimate short-wavelength variability
in topographic parameters.

Transient accelerations were computed at each node by applying the time-dependent acceleration functions
(an(t), ay(t)) to the local slope geometry following equations (6)—(7). The shaking duration of the acceleration
record can be specified by the user; in typical simulations, we specify a total shaking duration 7" = 10s to define
the time series of transient accelerations. However, this value is only used to calculate the Newmark displacement
for unstable nodes, which are not used in the present analysis. Therefore, the choice of T" does not influence our
results in any way.

The calculations are vectorized using NumPy arrays and executed within the Landlab framework, which handles
domain discretization and spatial connectivity. The flow routing is performed using the PriorityFloodFlowRouter
component in Landlab. Computations were performed on a standard workstation (e.g., 32 GB RAM, Intel Core
i7) with runtimes varying between 15 minutes to an hour for a 648x504 grid, covering a physical area of & 250 km?.
The variability in runtime largely depends on the degree of instability encountered; if there are large swathes of

instability to sift through, the model takes longer.

2.2.4 Validation setup

We performed a total of 22 simulations, comprising 11 runs for each of the two model subregions. Each simulation
was conducted on a grid of similar spatial extent and resolution (30 m), consistent with the input DEM described
above. The simulations were designed to explore the sensitivity of modelled slope stability to variations in soil
mechanical properties, specifically soil depth (hs) and effective cohesion (¢’). Different spatial distributions of
soil depth were prescribed for each run, together with corresponding adjustments to cohesion values to represent
plausible end-member conditions for the study areas. All other parameters, were held constant between runs.
This ensemble of simulations provides a basis for evaluating how well the model reproduces the observed

distribution of coseismic landslides given a particular earthquake and regional topographic dataset.

Landslide inventory data We validated our model outputs against the coseismic landslide inventory compiled
by Roback et al. (2018). They mapped over 24,000 coseismic landslides triggered by the Gorkha earthquake and

its aftershocks across central Nepal. The inventory was derived from pre- and post-earthquake high-resolution
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optical imagery (WorldView-2, -3 and Pleiades), manually delineated at a general ground sample distance of
20cm — 50cm. The dataset is made up of polygonal landslide outlines, classified by failure type and location
accuracy.

For our analysis, we clipped the inventory to the two subregions used in our model simulations and rasterized
the polygons to the 30 m grid resolution of the input DEM. We excluded polygons that were smaller than a single
grid cell, since our model is restricted to the pixel resolution of the DEM. The resulting raster layers were used to
calculate the magnitude-frequency statistics, along with the spatial distribution of the observed landslides across

elevation, slope, and aspect.

2.2.5 Software environment and reproducibility

ShallowLandslider is implemented in Python 3.12, building on the open-source Landlab library (Barnhart et al.,
2020; Hobley et al., 2017). Core dependencies include NumPy, Pandas, SciPy, Matplotlib, and scikit-image
for numerical computation and visualization. All model parameters, file paths, and runtime options are defined
in a structured JSON configuration file, which facilitates repeatable simulations and parameter sweeps.

Model code and example input datasets will be made available through an open-access repository (e.g.,

GitHub or Zenodo) upon publication, ensuring full reproducibility of all results presented in this study.

3 Validation

In validating ShallowLandslider, we focused on the ability to reproduce the statistical and spatial distribution
of landslides rather on determining the exact locations of individual failures. Since slope failures are inherently
stochastic, and strongly influenced by local heterogeneities in soil structure, lithology, vegetation, and triggering
conditions, a direct pixel-to-pixel comparison between mapped and modelled landslides is of limited diagnostic
value, particularly for regional-scale models where variability in these properties exceed landslide dimensions.
Instead, we evaluate whether the model is able to reproduce the broad characteristics of the landslide popula-
tion: the magnitude—frequency behaviour, preferred topographic settings, and spatial concentration within the
landscape.

Validation was carried out for two subregions in central Nepal that differ primarily in their topographic sig-
nature, and distance from the epicentre of the 2015 earthquake (as described in section 1.1). We restricted the
validation to two subregions rather than the entire study area to balance scientific clarity and computational
feasibility. Running the model across the full landslide affected region would have substantially increased compu-
tational cost, limiting the scope for parameter exploration and sensitivity testing. Focusing on smaller subregions
allows for a more detailed assessment of model performance under controlled conditions, and reduces the effect
of large-scale variations in topography and seismic forcing.

Despite experiencing similar peak ground accelerations (PGA), the two subregions produced highly contrast-
ing numbers of mapped landslides: 523 in subregion 1 (west) versus 2,353 in subregion 2 (east). The large
disparity in landslide density likely reflects differences in relief, slope distribution, and lithology between the two
regions. This makes them ideal for evaluating the model’s capacity to capture regional variations in landslide
susceptibility under near-identical seismic loading. For each subregion, the model was run across a series of
parameter combinations representing different soil depths, cohesion values, and angles of internal friction. The
landslide populations simulated in each run were then compared with the preprocessed Roback et al. (2018)
inventory (Section 1.2.4).

This approach shifts the emphasis of prediction from event-specific to landscape-scale, determining whether
ShallowLandslider can generate a failure population that is statistically consistent with the observed one in terms

of area, elevation, slope, and aspect distributions.
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3.1 Metrics and Rationale

To quantify the similarity between the modelled and observed landslide distributions, we used two complementary
non-parametric statistics: the Kolmogorov—Smirnov (KS) / Kuiper statistic, and the Wasserstein distance. These
metrics compare entire probability distributions rather than discrete observations, making them well-suited for
evaluating the performance of models designed to reproduce overall distributional characteristics.

The KS statistic represents the maximum vertical distance between the cumulative distribution functions
(CDFs) of two datasets. KS values close to zero indicate strong agreement between the observed and modelled
landslides amongst the evaluated parameters (i.e., elevation, slope, and area), while higher values indicate in-
creasing divergence. The KS test is widely used in geomorphological and hydrological modelling to evaluate
similarity between observed and simulated frequency distributions.

However, since it requires the input data be linear with distinct endpoints, the test cannot be applied to
topographic aspect, which is a circular variable (0°-360°, with 0° = 360°). For aspect, we instead use the Kuiper
test, a circular analogue of the KS test that is invariant under cyclic transformations and provides a more robust
measure for directional data. It is defined as the sum of the maximum positive and negative deviations between
two cumulative distribution functions (Fisher, 1993).

The Wasserstein distance, also referred to as the Earth-Mover’s Distance, represents the minimum amount of
”work” required to transform one distribution into another, corresponding to the area between the two cumulative
distribution functions. It is particularly sensitive to systematic offsets between distributions (e.g., if simulated
landslides are consistently larger or occur at higher elevations than those observed) (Ramdas et al., 2015; Rubner
et al., 2000). Similar to the other metrics, a lower Wasserstein distance indicates stronger agreement between
the two distributions. Together, the KS/Kuiper and Wasserstein metrics provide a complementary evaluation:
the former emphasizes localised shape differences, while the latter quantifies global biases between distributions.

We computed these metrics for four key variables that collectively describe the statistical structure of the
landslide population: landslide area, mean elevation, mean slope, and mean aspect. Each of these statistical

comparisons were performed on normalised cumulative distributions to eliminate scale effects between variables.

3.2 Soil depth configuration and parametrisation

Soil depth (hs) exerts a first-order control on slope stability by influencing both the driving gravitational stress
and the potential for pore-pressure generation during seismic shaking.

Within ShallowLandslider, hy directly affects the factor of safety via its modulation of the ratio of resisting
to driving forces (Eq. 2). Consequently, even modest variations in ks can substantially alter the predicted failure

distribution. To evaluate this sensitivity, we tested five soil depth configurations:

1. Uniform: A single, constant soil depth of hy = 1m is applied across all DEM nodes. This represents a
simple baseline scenario, to serve as a reference for comparing more realistic distributions. While easy to

implement, it ignores natural variations in soil accumulation and erosion.

2. Elevation-dependent: Soil depth decreases linearly with elevation, from a maximum As max = 1.5m at the
lowest elevations, to hs min = 0m at the highest. Nodes at the lowest elevations receive the most soil, while
those at the top received hgs min = Om. This reflects observed patterns of soil thinning on steep, high-
elevation ridges due to enhanced erosion and reduced deposition, with lower-elevation areas accumulating

thicker soils (citation).

3. Drainage area-dependent: Soil depth is proportional to the upstream contributing area of each DEM
node, calculated from flow routing. Nodes in convergent terrain (hollows and valley floors) receive thicker
soils, while divergent or ridge-top areas remain thin. This captures the tendency for colluvial deposits to

accumulate in topographic lows (Catani et al., 2010; Park et al., 2001), making these zones more prone
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to failure. By accounting for hydrologic connectivity, this approach links soil thickness to landscape-scale

sediment transport processes.

4. Curvature-dependent: Soil depth (hs) was modulated according to the planform curvature (k) at each
DEM node, reflecting the tendency for soil to accumulate in concave topography, and thin on convex slopes.
Empirically, concave areas (negative curvature) concentrate soil due to convergent surface processes, while
convex ridges (positive curvature) experience enhanced erosion, resulting in thinner soils. Dietrich et al.
(1995) and Heimsath et al. (1997) proposed a logarithmic relationship between soil depth and curvature of
the form:

hs(k) = —h. ln%: (8)
where hg is a scaling parameter, D is a constant transport coefficient, and P, is the maximum rate of
soil production (i.e., at bare bedrock). This formulation captures the rapid increase in soil depth in
concave hollows, and the reduction on convex slopes, and has been widely adopted in process-based soil
production and landslide models. However, it diverges for negative curvature values and requires piecewise
adjustments: the logarithmic relationship is typically used for x > 0, (and in this formulation, when
0< %: < 1), hs = hpmin when k < 0 (Dietrich et al., 1995; Heimsath et al., 1997). While accurate locally,

this approach complicates implementation across large landscapes.

Following Patton et al. (2018), we implemented a linear approximation:
hs(k) = h + Bk (9)

where hg(k) is soil depth, & is planform curvature, h is the mean regional soil depth, and 3 = —446.30,,+30.3
scales the linear relationship based on the standard deviation of curvature (Patton et al., 2018). As with
the logarithmic approach, concave areas receive thicker soils, and convex thinner, but this method avoids

the divergence issues and allows easy application over the entire DEM.

5. Elevation-weighted Curvature-dependent: The soil depth at each node is calculated as the mean of the soil
thicknesses derived from the elevation (hselev) and curvature-dependent (hs ) methods. The elevation-
dependent term introduces a broad-scale trend of soil thinning with increasing elevation, with the curvature-

dependence adds the finer-scale variability.

For each configuration, we ran the model across both subregions to examine whether the influence of hs was
consistent under varying seismic intensities and terrain characteristics. Model performance was evaluated using

the KS, Kuiper, and Wasserstein metrics for landslide area, mean slope, mean elevation, and aspect.

3.3 Model performance and sensitivity

To evaluate model performance and parameter sensitivity, we ran ShallowLandslider for both subregions using
the full suite of soil-depth configurations and a range of effective cohesion values (¢’ = 0-20kPa). In the following
analysis, we focus on three representative sets of simulations from the 22 runs described in Section 1.2.4: (i)
the Uniform soil depth configuration, (ii) the Inverse-elevation soil depth configuration with varying cohesion
values, and (iii) the Elevation-weighted Curvature-dependent soil depth configuration. These three sets capture
the primary patterns of soil depth variability and mechanical strength explored in our ensemble, and provide a
clear basis for comparing modelled landslide distributions with observed inventories across both subregions.
Across both subregions, the overall behaviour of the model was consistent: the spatial pattern and total
number of simulated landslides were strongly controlled by the assumed soil depth distribution, while variations
in effective cohesion (¢’) modulated the likelihood of failure across steeper slopes and higher elevations. Fig-

ures 4 and 5 illustrate the empirical cumulative distribution functions (ECDFs) and histograms of landslide area,
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elevation, and slope for the three primary soil depth configurations: Uniform, Inverse-elevation, and Elevation-
weighted curvature, together with their mapped counterparts.

The Uniform soil depth configuration, although unrealistic, provides a useful baseline for assessing relative
model behaviour. At ¢ = 15kPa, the Uniform configuration produced failures that were broadly distributed
across the landscape but lacked the topographic clustering observed in the mapped inventory. The absence of
any spatial variation highlights the importance of including realistic variations in soil depth (Fig. 4, panel A;
Fig. 5, panel A).

Varying cohesion within the inverse-elevation soil depth configuration revealed important systematic trends.
In both subregions, increasing ¢’ reduced the number of predicted landslides and shifted their distribution toward
steeper slopes and higher elevations, with the highest values (¢’ > 20kPa) suppressing failures almost entirely.
Cohesion values in the range 10-15kPa provided the closest match to the mapped inventories, with minimal
KS/Kuiper metrics and Wasserstein distances across slope, elevation and aspect (Figs. 6-7).

In subregion 1, the Inverse-elevation configuration performed best overall, particularly for the slope, elevation
and topographic aspect distributions (Figures 4, panel B; 6). At ¢ = 10kPa, the model yielded KS values of
0.095 and 0.084, and Wasserstein distances of 0.071 and 0.104 for elevation and slope, respectively. In terms
of aspect, it was also one of the best performing models, with a Kuiper metric of 0.156. However, it tended
to overestimate landslide areas (K.S = 0.442, W = 0.411). The elevation-weighted curvature configuration, in
contrast, improved the area distribution significantly (K.S = 0.190, W = 0.07) and performed comparably for
slope, though it overpredicted the mean elevation of failures (K.S = 0.484, W = 0.613) (Figures 4, panel C; 6).
Overall, the western subregion exhibited high sensitivity to the assumed soil depth pattern, with the Inverse-
elevation configuration capturing most of the observed topographic signal at moderate cohesion.

In subregion 2, model performance shifted toward stronger influence of local topography. Here, the Elevation-
weighted Curvature configuration consistently outperformed all others (Fig. 5, panel C), producing some of
the lowest KS/Kuiper and Wasserstein statistics for area (KS = 0.30; W = 0.123), elevation (KS = 0.165;
W = 0.186), slope (KS = 0.065; W = 0.071), and aspect (Kuiper = 0.192) at ¢’ = 15kPa (Fig. 7). Although
not the absolute lowest values, this configuration provided the best overall fit. In contrast, the Inverse-elevation
model, which was most successful in subregion 1, performed notably worse here, even with variable values of ¢,
failing even to reproduce the mean elevations well (Fig. 7).

Additional configurations tested including the drainage-area-dependent and simple curvature-dependent mod-
els, exhibited intermediate behaviour. In subregion 1, they were equally as bad at reproducing the elevation
distributions as the Elevation-weighted curvature model, but performed significantly worse at reproducing the
aspect distributions ((Kuiper = 0.214 — 0.229)) (Fig. 6). They are better in subregion 2, where they are able to
reproduce the mean elevations and slopes very well (K.S = 0.099 — 0.188; W = 0.1 — 0.206). They still failed to
reproduce the aspect distribution, however, with the Kuiper metric varying between 0.192 — 0.251 (Fig. 7). The
simple curvature-based models were very good at reproducing the area distributions, as shown in both subregions,
a feature inherited by the combined Elevation-weighted Curvature model.

Taken together, these experiments demonstrate that ShallowLandslider is capable of reproducing the ob-
served statistical and topographic characteristics of regional landslide populations when both soil depth and
material strength are realistically parameterized. While optimal parameter combinations differ slightly between
subregions, reflecting local differences in terrain morphology and sediment storage, the consistent improvement
achieved with curvature-modulated soil depths and moderate cohesion values (10-15kPa) indicates that these

factors capture the dominant physical controls on shallow failure initiation under seismic loading in central Nepal.
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Figure 4: Histograms and empirical cumulative distribution functions (ECDF's) for each model run in Subregion
1 (west). (A) Histograms and ecdf for models with 1 m soil depth uniformly distributed over the entire region.
(B) Histograms and ecdfs for models with soil depth inversely proportional to elevation. Grey histogram and
black dashed line show observed distribution. Colours are for different effective cohesion values. (C) Histograms
and ecdfs for models using the elevation-based curvature to calculate the soil depth.



Model results - subregion 2

(A) Uniform (B) Inverse-elevation (C) Elevation-based curvature
x10-* 1.0 104 1.0 x10~* 1.0
6 . 6 . .
5 0.8 5
z 4 06, =z * z
% £
g 3 S 2 3 2
e 04T & a
2 2
1 02 1
0 0 0 - b -
10* 10° 10° 10 10°
Area (m) Area (m)
103 104
1.0 1.0 1.4 1.0 1.0
0.8 0.8 1.2 0.8
1.0 06
%‘0.6 0.6 é 208 6y
804 04" 8os 0413
0.2 04 0.2
. 0.2 02 .
0 0 0 -0 0
1000 1500 2000 2500 3000 3500 1000 1500 2000 2500 3000 3500 1000 1500 2000 2500 3000 3500
’ Mean elevation (m) g Mean elevation (m) . Mean elevation (m)
14720 10 7102 : 10 0 10
’/
12 08 6 4
10 5
g 06w 2 4 g3
o5 c
kg o j) )
e 04" 23 )
2
0.2 1 1
B 0 0 5 0
0 10 20 30 40 50 60 0 10 20 30 40 50 60 0 10 20 30 40 50 60
Mean slope (°) Mean slope (°) Mean slope (°)
I Observed —— Observed ECDF I Observed —— Observed ECDF I Observed —— Observed ECDF
Modelled landslides: Modelled landslides - Elevation-based Modelled landslides: Elevation- &
Uniform soil - ¢’ = 15 kPa curvature-based; ¢’ = 15 kPa

= c'=0kPa 3 ¢’ = 15kPa
3 ¢’ =5kPa 3 c'=20kPa
3 c'=10kPa

Figure 5: Histograms and empirical cumulative distribution functions (ECDF's) for each model run in Subregion
1 (west). (A) Histograms and ecdf for models with 1 m soil depth uniformly distributed over the entire region.
(B) Histograms and ecdfs for models with soil depth inversely proportional to elevation. Grey histogram and
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4 Discussion

4.1 Model performance and validation

ShallowLandslider was designed to reproduce the statistical and spatial characteristics of earthquake-triggered
shallow landslide populations at regional scales. Validation against mapped inventories in two subregions of
central Nepal demonstrates that the model successfully captures key aspects of landslide populations, including
size distributions, slope and elevation preferences, and topographic aspect. In subregion 1, the Inverse-elevation
soil-depth configuration provided the closest match for slope and elevation distributions, while the Elevation-
weighted Curvature configuration improved reproduction of landslide areas. In subregion 2, the Elevation-
weighted Curvature configuration generally outperformed all other tested soil-depth distributions, highlighting
the importance of representing fine-scale topographic variability in complex terrain (Figures 1-2).

Performance metrics reinforce these qualitative observations. Across both subregions, KS, Kuiper, and
Wasserstein metrics showed that moderate cohesion values (¢ = 10 — 15 kPa) and realistic soil-depth variability
yielded the closest correspondence with observed landslide distributions. While some metrics (e.g., landslide area)
remained challenging to reproduce perfectly, the model captures first-order patterns in topography and failure
propensity. By focusing on population-level statistics rather than exact pixel-level prediction, ShallowLandslider

provides a robust and practical tool for regional hazard assessment.

4.2 Controls on model behaviour

Model behaviour in ShallowLandslider reflects the combined influence of material parameters, topographic vari-
ability, and seismic forcing. Among these, soil depth (hs) exerts the strongest control on both the number and
spatial distribution of simulated landslides. Variations in hs directly alter the driving-to-resisting force ratio
across the landscape, effectively setting the pattern of potential instability. Uniform soil depths, although useful
as a baseline, fail to reproduce the observed topographic clustering of failures, effectively reducing the topo-
graphic variability of the region. This underscores the importance of introducing realistic spatial variability in
soil thickness for any regional-scale slope stability model.

The Inverse-elevation configuration captured broad-scale patterns in subregion 1, successfully reproducing
slope and elevation distributions. However, this approach proved insufficient in subregion 2, where curvature-
modulated soil-depth configurations were essential to reproduce observed landslide clustering and aspect patterns,
highlighting the need to represent microtopographic variability in complex landscapes.

Effective cohesion (¢’) also plays a critical role by modulating the likelihood of failure, particularly along steep
slopes and ridgelines. Across all tested configurations, intermediate cohesion values (¢/ = 10-15kPa) provided the
closest match to mapped inventories, while both lower and higher values produced unrealistic landslide densities.
This range is consistent with general estimates for colluvial soils in similar settings (Campforts et al., 2022).

Topography further interacts with seismic forcing to produce distinct regional responses. Despite similar peak
ground accelerations (PGA) across the two subregions, observed and simulated landslide densities differ substan-
tially, implying that terrain morphology controls failure susceptibility. Highly dissected, convergent hillslopes
amplify local instability by concentrating both stress and soil accumulation, whereas smoother terrain with more
uniform slopes exhibits fewer failures under equivalent seismicity.

Finally, the input DEM resolution (30 m SRTM) constrains the minimum size of predicted failures and
influences curvature estimates. While finer-resolution topography would improve representation of small-scale
terrain variability, relative performance across soil-depth configurations remains consistent, suggesting that the
dominant controls captured here are robust to modest changes in grid scale. Overall, these results highlight that
accurate simulation of regional landslide populations depends more on representing realistic spatial heterogeneity

in soil and topography than on precise tuning of material strength or shaking intensity.
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4.3 Dependence of soil depth on topographic curvature

Soil thickness is widely recognised as a first-order control on shallow landsliding (Dietrich et al., 2008), yet
representing it accurately in basin-scale slope stability models remains challenging. Many regional models rely
on simplistic approaches, such as assuming uniform soil depth, using soil classes, or deriving depth from a single
topographic attribute such as slope or elevation (Revellino et al., 2008; Saulnier et al., 1997; Segoni et al., 2012).
These approaches are easy to implement but may fail to capture landscape-scale heterogeneity that strongly
influences landslide initiation.

Process-based approaches, such as those of Dietrich et al. (1995) and Roering (2008), simulate soil thickness by
evolving landscapes forward in time using numerical landscape evolution models, starting from modern topogra-
phy and an assumed initial soil thickness. These models integrate soil production, hillslope erosion, and non-linear
depth- and slope-dependent transport to generate spatially distributed soil thickness predictions. While physi-
cally grounded, these methods require high-resolution topographic data, assumptions about uplift rates, initial
conditions, and long-term landscape evolution, which limit their general applicability for regional-scale hazard
modelling (Pelletier and Rasmussen, 2009).

To explore the influence of different parametrisations, we tested several soil-depth configurations, including
uniform, elevation-dependent, curvature-dependent, and the hybrid Elevation-weighted Curvature model. The
uniform configuration produced homogenous spatial patterns and failed to reproduce the observed clustering of
landslides, particularly along convergent hillslopes and valley heads. Elevation-based models performed moder-
ately well, accurately reproducing expected elevation and slope distributions, but failing to simulate the observed
magnitude-frequency distributions.

Planform curvature has been widely used as a first-order predictor of soil thickness because concave areas tend
to accumulate thicker soils, whereas convex ridges are eroded and remain thin (Dietrich et al., 1995; Heimsath
et al., 1997; Patton et al., 2018). In our simulations, we used the linear relationship between curvature and soil
depth proposed by Patton et al. (2018). We find that curvature-based approaches were best at reproducing the
observed magnitude-frequency distribution. However, in subregion 1 using curvature alone does not fully capture
the observed landslide patterns. Simple curvature-based soil-depth configurations underestimated accumulation
in low-elevation convergent areas and overestimated it on high ridges. It also leads to more failures occurring on
differently facing slopes, leading to a large mismatch in the topographic aspect.

The Elevation-weighted Curvature configuration improves upon this slightly by combining local curvature
with a broad elevation-dependent trend, producing more realistic soil-depth distributions across heterogeneous
terrain. Concave, low-elevation areas accumulate thicker soils, producing landslide clustering that aligns well with
observations, while convex ridges remain thin and stable. This configuration generally outperformed uniform,
elevation-only, and simple curvature-based models, highlighting that while curvature is an important first-order
control, it must be contextualised within larger landscape gradients to accurately capture regional-scale patterns
of shallow landsliding. However, the benefits of using this combined approach are limited, as it is also unable to
properly simulate the correct elevation distribution for subregion 1.

These results suggest that while curvature is definitely a first-order predictor of soil thickness, hybrid ap-
proaches such as Elevation-weighted Curvature provide a practical compromise between process-based rigour

and computational tractability in cases of complex terrain.

5 Conclusions and Future developments

ShallowLandslider extends the framework of Newmark-based and infinite-slope models (e.g., Huang et al., 2020;
Jibson, 2007; Montgomery and Dietrich, 1994; Newmark, 1965) toward regional, population-level applications.
By combining Newmark-based critical accelerations with stochastic regional failure selection and flexible soil-

depth parameterization, it bridges deterministic mechanics and probabilistic realism. The model reproduces
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observed landscape-scale landslide statistics without requiring pixel-level precision, which is often unattainable
in heterogeneous, seismically disturbed terrain.

Within the broader Landlab modelling ecosystem, ShallowLandslider complements existing components that
address related slope processes. LandslideProbability implements a probabilistic and hydrologic approach for
rainfall- or groundwater-induced failures, while BedrockLandslider focuses on deep-seated, bedrock-dominated
mass movements. Together, these tools span a continuum of slope-failure mechanisms within a unified, grid-
based framework. This interoperability enables researchers to explore how distinct triggering processes and
material domains interact across spatial and temporal scales.

Future developments of ShallowLandslider will focus on expanding its flexibility and integration within broader
Earth surface modelling frameworks. Because the model is implemented as a modular Landlab component, it can
be readily coupled with existing process models for hydrology, sediment transport, and landscape evolution. This
modular design enables straightforward extension to other triggering mechanisms, such as rainfall-driven pore
pressure or transient saturation, allowing the simulation of both rainfall- and earthquake-induced shallow land-
slides within a consistent physical framework. Another promising direction is the coupling of ShallowLandslider
with dynamic rupture models that simulate realistic, spatially variable ground motion fields. State-of-the-art
tools such as SeisSol (Ulrich et al., 2019) and the recently developed PyQuake3D (Tang et al., 2025) compute
3D dynamic rupture and wave propagation, capturing the effects of fault geometry, topography, and near-surface
amplification on shaking intensity. Integrating these outputs with ShallowLandslider would enable regionally
distributed, physics-based simulations of earthquake-triggered landslides driven by realistic ground motions. To-
gether, these developments point toward a fully coupled, open-source modelling framework that links tectonic
processes, surface hydrology, and slope stability within the Landlab ecosystem.

From an applied standpoint, the model offers a practical tool for probabilistic hazard assessment in data-scarce
mountainous regions. Sensitivity analyses indicate that moderate variations in uncertain parameters (soil depth,
cohesion) do not obscure first-order spatial and statistical trends, supporting the model’s robustness and transfer-
ability. Nonetheless, limitations remain. Soil-depth distributions are approximations constrained by limited field
data; DEM resolution restricts representation of fine-scale topography; and cohesion sensitivity was explored only
for one configuration. The Newmark formulation also assumes rigid-block behaviour and neglects progressive fail-
ure processes. Future developments incorporating finer-resolution data, improved soil-depth parameterizations,
and dynamic hydrologic or seismic feedbacks will enhance predictive realism and broaden applicability.

Overall, ShallowLandslider provides a physically grounded, computationally efficient foundation for regional-
scale landslide hazard modelling. Its modular design and demonstrated sensitivity behaviour establish a basis
for future extensions toward coupled, probabilistic simulations of landscape response to multiple triggers in

tectonically and climatically active regions.
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