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Abstract
Shallow landslides pose a risk to infrastructure and inhabited areas. Regional landslide 
hazard mapping and modelling are important tools for indicating potential hazard areas. 
We developed a methodology to assess the absolute shallow landslide occurrence prob-
abilities at regional scale in the canton of Bern, Switzerland. Relative failure probabilities 
from slope stability simulations, using the probabilistic model SlideforMAP and rainfall 
scenarios with different return periods, are combined. These values are then normalised 
by the number of historical landslides observed in an area to obtain an absolute landslide 
occurrence probability. We parametrised the simulations using soil property classes de-
rived from machine learning (ML)-based soil property maps, ML-based landslide thick-
ness, forest structure data based on individual tree detection, and modelled extreme point 
precipitation scenarios. A global sensitivity analysis, using Sobol indices for 608 hectare 
plots with observed landslides distributed throughout the canton, revealed that soil cohe-
sion, angle of internal friction, and forest effect were the most influential parameters. We 
then optimised the three most important soil parameters, using the Levenberg-Marquardt 
algorithm, to maximise the Area Under the Curve (AUC) for 1216 hectare plots with and 
without observed landslides. We tested our methodology in four catchments of about 40 
km2 in different regions of Bern, resulting in AUC values ranging from 0.59 to 0.82. The 
best parametrisations based on optimisation performed similarly to those based on expert 
input. With plausible spatial distributions and return periods, our methodology can pro-
duce information suitable for practical applications, such as hazard indication mapping.

Keywords  Shallow landslides · Regional hazard mapping · Landslide susceptibility · 
Soil properties optimisation

1  Introduction

In recent years, there has been a significant increase in damage to infrastructure and inhab-
ited areas worldwide due to hydrologically related natural hazards, including hydrologically 
triggered shallow landslides (Froude and Petley 2018; Swiss Re Institute 2019; Emberson 
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et al. 2020). This has been attributed to an increase in urbanisation in hazard-prone areas 
and heavy precipitation events. In Switzerland, landslides regularly cause extensive infra-
structure damage and closures, evacuations, and even casualties. Between 1946 and 2023, 
78 people died as a result of 43 landslide and debris flow events (Badoux et al. 2016; WSL 
2019). However, improvements in hazard assessment and mitigation measures have led to 
a considerable reduction in the number of casualties caused by shallow landslides in recent 
decades (Badoux et al. 2016; BAFU 2024). Regional landslide hazard mapping and model-
ling provide an important basis for indicating potential hazard areas and mitigating the risk 
of these hazards (Dahl et al. 2010; Kaur et al. 2019; Shano et al. 2020; Di Napoli et al. 2021).

Rainfall-induced shallow landslides are one of the most important and dangerous types 
of mass movement in mountainous regions (Varnes 1978). Shallow landslides often result 
in hillslope debris flows, which can be very destructive due to their velocity and resulting 
impact pressure (Zimmermann et al. 2020). Shallow landslides are defined as the movement 
of a mass of rock or soil along a slope with a sliding surface at a depth of up to 2 m (Varnes 
1978; Hungr et al. 2014; Lateltin et al. 2005). In particular, the term “shallow landslide” 
typically refers to translational sliding movements of soil material (earth and/or debris) from 
the upper soil layers, characterised by a well-defined sliding surface (Cruden and Varnes 
1996; Hungr et al. 2014).

The predisposing factors for the occurrence of shallow landslides include slope gradi-
ent, slope morphology, and soil geotechnical properties, which are generally related to the 
underlying geology (Hungr et al. 2014; Watakabe and Matsushi 2019; Chinkulkijniwat et al. 
2019). Most landslides occur in wet, (partially) saturated soils and are triggered by water 
input due to rainfall or seismic activity (Leonarduzzi et al. 2017; Schuster and Wieczorek 
2018). An increase in soil water content causes a reduction in soil shear strength, leading to 
the failure of the soil material within a shear band. This is usually located at the interface 
of below-ground discontinuities, such as between regolith (i.e. the unconsolidated material 
above the bedrock) and bedrock (Catani et al. 2010; Zhang et al. 2017; Xiao et al. 2023), or 
between layers with different soil characteristics (Li et al. 2013; Ali et al. 2014; Ran et al. 
2018; Chinkulkijniwat et al. 2019). The occurrence of shallow landslides is influenced by 
the soil’s hydrological properties and the local hydrological conditions, including the rain-
fall characteristics, upslope runoff patterns, groundwater levels, and pore-water pressure, 
(Caine 1980; Iverson 2000; Guzzetti et al. 2008; Li et al. 2013; Chinkulkijniwat et al. 2019). 
Vegetation can influence landslide occurrence through both hydrological and mechanical 
processes (Murgia et al. 2022; DiBiagio et al. 2024). It affects the effective soil moisture 
through interception, increased evapotranspiration, and increased infiltration (Greenway 
1987; Chirico et al. 2013; Masi et al. 2021; Murgia et al. 2022; Greco et al. 2023; DiBiagio 
et al. 2024). Among the mechanical effects, root reinforcement-through the tensile strength 
of the root network and its interaction with the soil and/or bedrock-is an important factor in 
the failure criterion on vegetated slopes (Greenway 1987; Schwarz et al. 2010; Dazio et al. 
2018; DiBiagio et al. 2024).

Various methods are used to model landslide susceptibility, based on inputs such as dis-
position factors and landslide inventories, as well as knowledge of hydrological and physical 
processes (Reichenbach et al. 2018; Murgia et al. 2022). Research has focused on quantita-
tive approaches that produce numerical estimates and probabilities of landslide occurrence 
in a given area (Guzzetti et al. 1999; Reichenbach et al. 2018; DiBiagio et al. 2024). These 
quantitative approaches can be divided into three categories: conceptual models, physically 
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based models, and empirical models (data-driven models) (Murgia et al. 2022). Conceptual 
models aim to provide a simplified methodology for estimating changes in slope stability 
(Murgia et al. 2022), e.g. by using cellular automaton models (Piegari et al. 2006). Physi-
cally based models can be further divided into deterministic (e.g. Montgomery and Dietrich 
1994; Baum et al. 2002) and probabilistic models (e.g. Pack et al. 1998; Horton et al. 2013; 
van Zadelhoff et al. 2022). Empirical models predict landslide occurrence based on factors 
that may be directly or indirectly linked to slope instability (Reichenbach et al. 2018). They 
include statistically based models and AI/machine learning (ML) models (Reichenbach et al. 
2018; Murgia et al. 2022). Such models are becoming more commonplace due to improved 
data availability and quality, increased research in ML and other computational techniques, 
and improvements in computing and storage technology (Hengl et al. 2017; Merghadi et al. 
2020; Wadoux et al. 2020; Ado et al. 2022; Singh et al. 2023; Xiao et al. 2023).

SlideforMAP (SFM), that we first presented in van Zadelhoff et al. (2022), is a physically 
based probabilistic model that allows for a regional assessment of shallow landslide proba-
bility, taking into account the effect of forest cover by considering root reinforcement based 
on the root bundle model (Cohen et al. 2009; Cohen and Schwarz 2017; Gehring et al. 2019; 
van Zadelhoff et al. 2022). SFM uses a probabilistic approach by generating hypothetical 
landslides with a uniform random distribution. Using the limit equilibrium approach, a fac-
tor of safety (i.e. the ratio of destabilising forces to stabilising forces) is calculated for the 
generated landslides. If the factor of safety falls below 1, the hypothetical landslide is con-
sidered unstable (i.e. a slope failure would occur). SFM then calculates an index for land-
slide probability based on the ratio of unstable landslides to the total number of generated 
landslides. This study aims to improve the application of SFM for regional-scale assess-
ment of shallow landslide occurrence probability. The innovation of this study lies in the 
combination of automated parameter optimisation, physically based regional slope stability 
modelling, and the methodology for calculating absolute landslide occurrence probabilities. 
We pose three research questions: firstly, what are the most sensitive parameters of the SFM 
model, and how do they relate to the impact of forests? Secondly, how do parametrisations 
of the most sensitive SFM parameters based on expert input perform compared to an auto-
matic optimisation procedure? Thirdly, how does our SFM-based methodology perform in 
regional applications with different geological and topographical settings? To answer these 
questions, we combine data from various relevant sources to parametrise SFM, followed by 
a sensitivity analysis, an automatic parameter optimisation procedure, a comparison with 
expert-based parameter estimates, and an evaluation in four distinct regions.

2  Study area

The study area is the canton of Bern (total area 5959 km2) in Switzerland (Fig. 1). Approxi-
mately 32% of its area is covered by forests, 30% by other (semi-)natural areas (shrubs, 
grasslands, moors, and wetlands), 28% by agricultural areas, 7% by artificial surfaces, and 
3% by water bodies (FSO 2024). The landscape can be roughly divided into four regions: 
the Jura, the Central Plateau, the pre-Alps, and the Alps. The Jura Mountains in the north 
are mainly characterised by limestone and marl formations (Pfiffner 2021; Zappone and 
Kissling 2021). The Central Plateau, which extends from the Jura piedmont in the north to 
the pre-Alps in the south, is a molasse basin filled with thick Quaternary deposits resulting 
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from the erosion of the Alpine chain (Reynard et al. 2021). The Bernese Alps consist mainly 
of the Helvetic and Penninic nappes; parts of these nappes are referred to as the pre-Alps 
(see Fig. 1), which include lower mountain ranges and also foothills in the northernmost 
parts. The Alpine nappes consist of continental and oceanic basement rocks (granite, gneiss, 
and schist formations); shallow-marine carbonates (limestone and marl formations); deep-
marine clastics (sandstone and conglomerate formations), including local turbidite deposits 
known as flysch; and radiolarian chert (Pfiffner 2021). The canton of Bern has a temperate 
semi-continental climate that is strongly influenced by its altitude and complex topography 
(Fallot 2021). The mean annual air temperature varies with altitude, ranging from 8.5−11.9 
◦C at 500 m above sea level, 6.2−9.6 ◦C at 1000 m, and 3.9−7.3 ◦C at 1500 m over the 
period from 1981–2010 (Fallot 2021). The mean annual rainfall increases with altitude, with 
values of 900–1300 mm for the Central Plateau, and gradually increases from the southern 

Fig. 1  Map showing the locations of the plots with (circles) and without (triangles) observed landslides 
in the canton of Bern, which were used for the sensitivity analysis and optimisation. The catchments for 
the application of the methodology are shown in red (see Fig. 2 for details). The Jura, Central Plateau, 
the pre-Alps, and Alps are indicated in the same colours as the corresponding plots. Background: swiss-
BOUNDARIES3D (Swisstopo 2024c), and light base map relief (Swisstopo 2024a)
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piedmont of the Jura Mountains towards the northern side of the Alps, where it exceeds 
2000 mm, reaching up to 3000 mm or more per year on some summits in the Central Alps.

Square plots measuring 1 ha were selected for the sensitivity analysis and optimisation. 
This selection was based on homogeneous terrain units in the form of microcatchments 
(averaging 26.2 ha (Hählen 2024)). Based on stratified random sampling of the microcatch-
ments (stratification by the four regions), we selected 608 plots with observed landslides 
and 608 plots without landslides, which were spatially well distributed throughout the can-
ton (see Fig. 1). In each of the four regions, a catchment of approximately 40 km2 was 
selected to test the application of our methodology (see Fig. 2). The different topographies, 
geologies, and land covers of these catchments are representative of each region (Table 1). 
The Valbrise catchment is located in the folded Jura, with geology consisting of sedimen-

Table 1  Characteristics of the catchments used to test the methodology for assessing absolute landslide oc-
currence probabilities at regional scale
Region Name Number of 

observed 
landslides

Slide density 
[slides per 
km2]

Surface 
area 
[km2]

Elevation 
(m a.s.l.)

Mean 
slope 
[◦]

Forest 
cover 
[%]

(A) Jura Valbrise 31 0.81 38.5 665–1336 14.95 42
(B) Central 
plateau

Wasen i.E 1503 39.23 38.3 739–1383 27.26 55

(C) Pre-Alps Färmel 311 10.04 31.0 1006–2762 29.47 17
(D) Alps Rychenbachtal 335 6.37 52.6 668–3702 29.69 18

Fig. 2  Maps showing the catchments used to test the methodology for assessing absolute landslide oc-
currence probabilities. Observed historical landslides are shown as purple crosses. Background: swiss-
BOUNDARIES3D (Swisstopo 2024c), swissTLM3D ground cover forest (Swisstopo 2023b), and 
swissALTI3D monodirectional hillshade (Swisstopo 2024b)
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tary rocks and molasse deposits at the valley bottom. The Wasen catchment, located in the 
Emmental, lies within the Central Plateau and has a hilly terrain formed by molasse depos-
its. The Färmel catchment in the pre-Alps lies within the Penninic nappe, with its geology 
dominated by sedimentary rocks and Mesozoic mélange. The Rychenbachtal in the Alps lies 
within the Helvetic nappe system. Its northern part, where historical landslides have been 
observed, is dominated by sedimentary rocks including melange and flysch. The southern 
part forms part of the Aare massif, which is dominated by crystalline rocks.

3  Materials

3.1  Landslide inventory

As reference data, we used an inventory of observed shallow landslides created by the can-
ton of Bern’s Office for Forests and Natural Hazards (Hählen 2024). This inventory con-
tains entries with points in the Swiss LV95 coordinate system based on recorded events 
and events identified from orthoimagery between 1962 and 2024. Of the 25,039 landslides 
included in the data, 20,724 were manually digitised from orthoimagery. In addition, the 
dataset included the microcatchments delimiting coherent terrain units used for plot selec-
tion (Hählen 2024). A second inventory by Hählen (2023) was used to parametrise the 
inverse gamma distribution, proposed by Malamud et al. (2004), to generate landslide areas 
in SFM (van Zadelhoff et al. 2022). This inventory includes 519 landslides in the canton of 
Bern, recorded between 2005 and 2021. It includes the failure zones and runout envelopes 
of manually digitised polygons from orthoimagery.

3.2  Model input data

The simulations in this study were driven by the following datasets. Section 4 explains the 
detailed use of the datasets:

	● Light detection and ranging (LiDAR)-based swissALTI3D digital elevation model 
(DEM) with a cell size of 0.5 m (Swisstopo 2023a);

	● Individual trees detected from a LiDAR-based canopy height model (CHM) with a cell 
size of 1 m (Schaller et al. 2023);

	● National Forest Inventory (NFI) forest type raster 2018 with a cell size of 10 m, indicat-
ing the proportion of coniferous trees (cf. Schaller et al. 2023);

	● Modelled extreme point precipitation data (Frei and Fukutome 2022) with a cell size of 
1 km for different return periods (2, 10, 30, 50, 100, 200, and 300 years);

	● Soil property maps with a cell size of 30 m (a preliminary version, kindly provided by 
the Swiss Competence Center for Soils (CCSol 2024)), providing predictions for clay, 
sand, and silt contents at 0–30 cm, 30–60 cm, and 60–120 cm (Stumpf et al. 2024);

	● Tectonic map of Switzerland (Swisstopo 2024d);
	● The ground cover layer from swissTLM3D (Swisstopo 2023b);
	● Topographic catchment areas of Swiss water bodies (BAFU 2019).
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4  Methods

Our workflow was divided into the following five stages (Fig. 3): 

1.	 Input data for the simulations were prepared. This included the DEM, flow accumula-
tion, landslide thickness, and soil class rasters, as well as forest structure data.

2.	 Plots and catchments used in the subsequent stages were selected, and their individual 
simulation inputs were prepared.

3.	 A global sensitivity analysis of selected SFM parameters was performed based on simu-
lations on plots with observed landslides.

4.	 The most sensitive parameters, excluding the forest, which was taken as is, were opti-
mised based on plots with and without observed landslides.

5.	 The methodology for assessing absolute landslide probabilities was applied to simula-
tions in the four 40 km2 catchments using parametrisations based on the results from 
stage 4, as well as expert-based input.

All stages were implemented in Python (van Rossum and Drake 2009), except for the pre-
diction of landslide thickness, which was implemented in R (R Core Team 2022). The code 
for the entire process can be found in the accompanying repository for this study (Schaller 
2025). Geodata processing was implemented using the Geospatial Data Abstraction Library 
(GDAL) tools (GDAL/OGR contributors 2021) via the GDAL Python bindings. Some steps 

Fig. 3  Flowchart of the methodology. The five separate boxes describe the 1) simulation input data prepa-
ration, 2) plot selection and preparation, 3) global sensitivity analysis, 4) soil parameter optimisation, and 
5) application at catchment scale
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were implemented using the System for Automated Geoscientific Analyses (SAGA) GIS 
(Conrad et  al. 2015) through its command-line interface. The slope stability simulations 
were performed by calling the command-line version of SFM (van Zadelhoff et al. 2022) 
from Python.

4.1  Simulation input data preparation

In the first stage, all inputs required for SFM simulations were generated for the entire can-
ton of Bern, to be used as input for the second stage.

4.1.1  DEM and flow accumulation

Slope stability simulations were performed using a DEM with a cell size of 2 m, as this reso-
lution has shown to be a good compromise between the level of detail and processing time. 
The original 0.5 m cell size swissALTI3D DEM (Swisstopo 2023a) was first aggregated to a 
2 m cell size using gdalwarp with the AVERAGE function. This aggregated DEM was then 
sink-filled using the SAGA GIS tool “Module Fill Sinks XXL (Wang & Liu)” based on the 
method of Wang and Liu (2006). This hydrologically corrected DEM was the basis for the 
DEM rasters used in the simulations. It was also used to derive the flow accumulation - the 
second DEM-based SFM input - by applying the SAGA GIS tool “Module Flow Accumula-
tion (Top-Down)” with the deterministic 8 algorithm (O’Callaghan and Mark 1984).

4.1.2  Landslide thickness

The SFM parameter for the landslide failure depth was parametrised by specifying a raster 
with landslide thickness values. The standard deviation for the thickness was set to 0. The 
thickness values were generated by applying the random forest-based model, which was 
trained using data from Rickli et al. (2016, 2019), as described by Schaller et al. (2025). 
Based on the resolution used by the ML model, the necessary input data were prepared 
as 5 m cell size rasters using R (R Core Team 2022) and SAGA GIS, before the trained 
model was applied to predict the landslide thickness. The processing was performed using 
tiles based on catchment areas aggregated to approximately 150 km2 (BAFU 2019). The 
individual prediction tiles were merged into a single thickness raster covering the canton 
of Bern. The prediction raster was resampled to a 2 m cell size using the nearest neighbour 
function in gdalwarp (GDAL/OGR contributors 2021), generating the input raster for the 
simulations.

4.1.3  Soil classes

The soil classes used to define the physical properties of the soil in the SFM simulations 
were specified using rasters with a cell size of 2 m. For the sensitivity analysis, a raster with 
a single, uniform soil class was generated for the entire study area. For the optimisation 
and application of the soil parameters, a differentiated soil class raster was derived from 
soil property maps with a cell size of 30 m, which provided predictions for clay, sand, and 
silt contents at 0–30 cm, 30–60 cm, and 60–120 cm depth (Stumpf et al. 2023). First, the 
clay, sand, and silt content at the predicted landslide thickness was determined from the soil 
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property maps. One of the 12 major United States Department of Agriculture (USDA) soil 
texture classes (see supplementary material A.2) was assigned to each cell by comparing 
the determined values for clay, sand, and silt content to the corresponding values defined 
by the Natural Resources Conservation Service (NRCS) soil texture calculator (Newville 
et al. 2024). As the soil property maps do not contain data for areas without soil cover (e.g. 
settlements, rock, glaciers, and water), a separate NoSlide class was applied to these areas. 
The resulting raster was then smoothed with a 15 m radius majority filter using SAGA GIS. 
In the smoothed raster, all areas with a slope gradient >50◦, or classified as “rock” (“Fels”) 
or unconsolidated rock (“Lockergestein”) in the swissTLM3D ground cover (Swisstopo 
2023b), were reclassified as NoSlide. Finally, the soil class raster was combined with a 
forest mask based on “forest” (“Wald”) and “open forest” (“Wald offen”) classes from the 
swissTLM3d ground cover, in order to distinguish soil classes within and outside of the for-
est, resulting in a raster containing 26 potential soil classes.

A table was compiled that includes the parameter values for the physical properties per 
soil class (see Table A3). It includes default values, as well as the minimum and maximum 
values for the parameters to be optimised. The default values are based on expert input and 
take into account references from standards and literature, as well as experience from apply-
ing SFM in practice. As most reference materials for the soil physical properties use the 
Unified Soil Classification System (USCS), the USDA soil texture classes were assigned a 
USCS class based on the consensus in Table 17 of García-Gaines and Frankenstein (2015) 
(see supplementary material A.3). The values of soil cohesion and angle of internal friction 
per soil class were based on those given in the works of Dysli and Rybisar (1992) and VSS 
SN (1998). The range of conductivity values is based on the values from Dysli and Rybisar 
(1992) and Rüegger and Hufenus (2003). The soil class values inside and outside the for-
est are identical, except that the hydraulic conductivity is increased by 700 m/d, based on 
expert interpretation of ring infiltration tests in the field. This reflects the fact that tree roots 
significantly increase conductivity, thereby contributing to a reduction in failure probability 
(Alaoui et al. 2011; Chandler et al. 2018; May et al. 2024). The NoSlide soil class param-
eters enforce stable slopes in the SFM simulations.

4.1.4  Forest structure

We used coordinates and diameter at breast height (DBH) of single trees to account for 
the stabilising effect of the forest (cf. Murgia et al. 2022; van Zadelhoff et al. 2022). These 
were derived from the detection of individual trees in a canopy height model (CHM) using 
local-maxima detection (Schaller et al. 2023). As data on individual tree species were not 
available, we assigned one tree species per plot based on the 2018 NFI forest type raster 
(Waser and Ginzler 2018). This raster, which has a cell size of 10 m, indicates the proportion 
of coniferous trees. We derived a tree type raster by resampling the NFI forest type to a cell 
size of 2 m, classifying cells with a value of less than 50% as broadleaved-dominated and 
those with a value of more than 50% as coniferous.

4.2  Plot selection and preparation

In the second stage, plots used in stages 3 and 4 and catchment areas used in stage 5 were 
selected. Individual simulation inputs were then derived for the plots and catchments.
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4.2.1  Selecting plots for sensitivity analysis and optimisation

A set of hectare plots with observed landslides and a set without observed landslides were 
selected for stages 3 and 4 (Table 2). The selection criteria and steps differed slightly 
between the two sets: 

1.	 Selection of microcatchments based on criteria:

	● Contains slopes of at least 15◦

	● Stratified by region
	● Plots with landslides:

	– Select 10% of microcatchments containing observed landslides

	● Plots without landslides:

	– Select a matching number of microcatchments containing no observed landslides

2.	 Generation of candidate plots:

	● Plots with landslides:

	– Generate hectare-sized plots around the centroids of clusters derived by cluster-
ing landslide points using DBSCAN (Ester et al. 1996) with a radius 50 m

	● Plots without landslides:

	– Generate a regular hectare grid over the microcatchment

3.	 Selection of plots from candidates based on criteria:

	● Contain slopes of at least 15◦

	● 1 plot per selected microcatchment
	● Plots with landslides:

	– Select the plot of the largest cluster in the microcatchment

Region Plots with observed 
landslides

Plots without 
landslides

Total Forest ≥ 
50%

Total For-
est 
≥ 
50%

Jura 21 5 99 62
Central plateau 208 72 223 95
Pre-Alps 218 79 114 52
Alps 161 58 172 83
Total 608 214 608 292

Table 2  Plots used for sensitiv-
ity analysis and optimisation by 
region
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	● Plots without landslides:

	– Exclude plots where the majority of the soil class is NoSlide
	– Select a random plot in the microcatchment

For both sets, we first randomly selected microcatchments, stratified by region. Then we 
generated candidate plots within these microcatchments and finally selected the actual plots 
from these candidates. The four regions (Jura, Central Plateau, pre-Alps, and Alps, as shown 
in Fig. 1) were assigned based on local knowledge and geometries digitised based on geo-
logical units in the 1:500000 scale tectonic map (Swisstopo 2024d). As landslides typically 
occur on slope gradients of more than 15◦ (Schaller et  al. 2025), only microcatchments 
and plots containing slopes of at least 15◦ (at 10 m cell size) were considered. Finally, we 
selected 10% of the microcatchments meeting the criteria for plots with landslides (n = 
6123) and an equal number of plots for microcatchments without landslides (n = 17,980).

4.2.2  Selecting catchments for application

The catchments in which we applied our methodology in stage 5 were selected from pre-
defined catchments aggregated to approximately 40 km2 (BAFU 2019). One catchment was 
selected within each region. We selected catchments that were completely contained within 
the region, and whose topography and geology we considered representative of that region. 
Catchments with high observed landslide activity were given preference.

4.2.3  Preparing simulation inputs

After selecting the plots and catchments, the corresponding simulation inputs were derived 
from the prepared input data. As boundary effects can lead to increased failure probabilities 
at the edge of the simulation raster, plot perimeters were buffered by 50 m during input 
preparation. These buffered perimeters were then used to create clipped rasters for each plot 
using the canton-wide DEM, contributing area, soil class, and landslide thickness rasters 
(see supplementary material A.1 for maps of simulation inputs). Individual tree files for each 
plot were created by extracting points from the tree detection within the buffered perimeter. 
Additionally, a configuration file with default values for the simulations was generated for 
each plot. Subsequent simulations modified these default values in the configuration files, 
e.g. by adjusting the rainfall amount or the soil physical properties according to the scenario.

If the tree file contained trees, the corresponding path and the option to simulate with 
forest effect were set in the configuration. Tree species were selected by determining the 
majority value within the tree type raster. Plots with a majority of broadleaved-dominated 
cells were assigned Fagus sylvatica (European beech) as the species or otherwise Picea 
abies (Norway spruce).

For the rainfall scenarios, values were determined for extreme point precipitation events 
with return periods RP of 2, 10, 30, 100, or 300 years (Frei and Fukutome 2022). For the 
hectare plots, the rainfall rate value RRP_97.5 was obtained by sampling values at the plot 
centre from the 97.5th percentile prediction rasters of the 24-hour rainfall amount. For the 
catchments used in stage 5, the rainfall amount was calculated as the mean value within each 
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catchment using a zonal statistic. The rainfall rate RRP  in [mm/h], as specified in the model 
configuration, was then calculated as

	
RRP =

RRP_97.5 ∗ rcRP

24
� (1)

where the runoff coefficient rcRP  (2 yr: 10%, 10 yr: 12%, 30 yr: 14%, 100 yr: 20%, 300 yr: 
30%) takes into account the fact that in saturated soils, only a portion of rainfall that is nei-
ther absorbed by infiltration into deeper soil layers nor diverted as surface runoff contributes 
to the water pressure affecting slope stability. Runoff coefficients were estimated from rain-
fall experiments conducted across Switzerland and Liechtenstein (May et al. 2024) as well 
as from practical experience with the application of SFM, where the model was calibrated 
based on historical rainfall events.

4.3  Global sensitivity analysis

In the third stage, we performed a global sensitivity analysis of SFM based on Sobol’s 
method (Sobol’ 2001), which is a form of variance-based sensitivity analysis. We used the 
Python library SALib (Herman and Usher 2017) to compute the Sobol indices. Analysis 
was performed for two separate simulation runs. The first run included simulations in all 
608 plots with observed landslides, varying five soil property and rainfall parameters. To 
explore the influence of the forest on the model results, the second run was performed with 
simulations in a subset of 214 plots with at least 50% forest cover. A parameter was added to 
indicate whether the simulation should be performed with or without forest effect.

Parameters for the sensitivity analysis (see Table 3) were selected based on the results of 
a previous study (van Zadelhoff et al. 2022) and expert input on the parametrisation of SFM 
in practical applications. For the parameters relating to soil physical properties, we chose 
to sample and analyse the mean values for cohesion, field capacity, hydraulic conductivity, 
porosity, and angle of internal friction. SFM supports additional parameters for standard 
deviations for cohesion, field capacity, and hydraulic conductivity. We chose to set these 
parameters to 0. In the second analysis run with the forested plots, sampled values for the 
forest parameter were rounded to obtain Boolean 0/1 values to indicate simulation with or 
without forest effect.

Model inputs for the parameters were generated using Saltelli’s extension (Saltelli 2002) 
of Sobol’s sequence (Sobol’ 2001) implemented in SALib. A sample size of n=1024 was 
used, resulting in 14,336 combinations for the first run with six parameters, and 16,384 

Parameter Description Minimum Maximum
c Mean soil cohesion [kPa] 0 5
fc Mean soil field capacity 0.1 0.4
ks Mean soil hydraulic conductiv-

ity [m/d]
0.000864 8640

por Mean soil porosity 0.25 0.75
r Mean angle of internal friction 

[◦]
20 45

Rainfall Rainfall amount in [mm/h] 0.1 5
Forest Simulation with forest 0 1

Table 3  Parameters and ranges 
of values used in the sensitivity 
analysis, indicated by minimum 
and maximum values
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combinations for the second run with seven parameters, on the forested plots. Separate 
slope stability simulations were performed for each plot and parameter combination. These 
simulations assumed a uniform soil class across all plots, with physical properties based on 
the respective parameter combinations. The number of failed landslides within the plot (or 
within the forest for the second run) was determined as the outcome of each simulation.

These results were then used to calculate the total-, first-, and second-order Sobol indices 
for each plot. First-order indices measure the contribution to output variance by a single 
parameter, while second-order indices measure the interaction between two parameters. 
Total-order indices account for both first-order effects and all interactions. SALib calcu-
lates first- and total-order indices based on Saltelli et al. (2010), while the estimation of 
the second-order sensitivities follows Saltelli (2002). Finally, the calculated indices were 
aggregated across all plots to obtain a global sensitivity value. The aggregation follows the 
formulation for generalised Sobol indices by Gamboa et al. (2013):

	
Si =

∑p
j=1 Var(Yj) · Sj

i∑p
j=1 Var(Yj)

� (2)

where Si is the generalised Sobol index i (i ∈ {total, 1, 2}), Y = (Y1, ...., Yp)T  is the result 
vector of our simulations, where p is the number of simulated plots, Var(Yj) is the variance 
of the jth plot, and Sj

i  is the Sobol index i of the jth plot. Since estimated index values close 
to zero can become negative for numerical reasons (Saltelli et  al. 2010), negative index 
values with confidence intervals overlapping zero were treated as zero in the aggregation.

4.4  Soil parameter optimisation

In the fourth stage, three soil parameters identified as the most important in the sensitivity 
analysis were optimised. The optimisation procedure used the Levenberg-Marquardt (LM) 
algorithm provided by the lmfit Python library (Moré 1978; Newville et al. 2024), which 
allows bounds to be specified on the optimisation parameters.

The mean cohesion (c), mean angle of internal friction (r) and mean hydraulic conductiv-
ity (ks) were selected for optimisation due to their high sensitivity values and their role in 
the SFM model. Despite having similar sensitivity values to hydraulic conductivity, mean 
porosity was not selected for optimisation, as it is only used to determine soil bulk density in 
the model and therefore only influences the result indirectly via soil mass. Only the param-
eters of soil classes 3, 4, 7, and 8 were optimised, as these represent the majority of cells in 
the canton of Bern and the selected plots. The parameter values of the corresponding soil 
classes within the forest (classes 23, 24, 27, and 28) were kept the same as the values of 
the four soil classes outside the forest, except that a constant of 700 m/d was added to the 
hydraulic conductivity. This resulted in a total of 12 parameters being optimised. The impact 
of the forest itself was not selected for optimisation as the existing forest is assumed to be a 
fixed, given parameter in the simulations.

We tested various combinations of initial values and optimisation configurations. Based 
on the values in Table A3, we set the initial values to the values based on expert input, the 
minimum value, maximum value, or midpoint of the value range. Initial tests showed that 
the epsfcn parameter of the optimisation method, which is used to determine an appropriate 
step length for the forward-difference approximation of the Jacobian matrix, needed to be 
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increased. Otherwise, the variation of the parameters by the optimisation algorithm was too 
small to influence the result, causing the process to quickly stop without changing the input 
parameters. Therefore, we tested different values for the epsfcn parameter, ranging from 
0.01 to 1.

As an objective function, we chose to optimise the Area Under the Curve (AUC) of 
the Receiver Operating Characteristic (ROC) (Metz 1978; Fawcett 2006) by minimising 
the value of 1 − AUC on the individual plots. We used the Scikit-learn Python library 
(Pedregosa et al. 2011) to calculate the AUC values. For the plots with observed landslides, 
we first buffered the landslide points within each plot by 5 m and then rasterised them, 
before calculating the AUC per plot. The resulting binary raster and the failure probability 
raster generated by the simulations were used as inputs to calculate the AUC. For the plots 
without observed landslides, we generated two points per plot using a uniform random 
distribution to approximate the mean number of observed landslides per plot. These points 
were also buffered by 5 m and then rasterised. However, the AUC was then calculated using 
the resulting binary raster and the raster 1 − failure_probability.

The optimiser ran simulations for all plots using a function that runs SFM simulations 
based on the same methodology as the model application described in Sect. 4.5. The cor-
rection factor used in the simulations was calculated by dividing the summed probability in 
each plot by the mean number of historical landslides per hectare in the surrounding 40 km2 
catchment. To determine the optimisation progress, the optimiser used the 1 − AUC values 
of the plots, which were calculated using the absolute landslide occurrence probabilities 
resulting from the simulations.

To evaluate the results of the optimisation, we primarily evaluated the sum of the AUC 
values of all plots. We also calculated the sum for the 1 − AUC values. In addition, we 
included the Akaike Information Criterion (AIC) and the Bayesian Information Criterion 
(BIC) statistics returned by the optimiser to assess the performance of the resulting model. 
We used the parameter values and AUC values from the simulation with the initial expert 
input for comparison.

4.5  Application at catchment scale

In the fifth stage, we tested a methodology for deriving absolute landslide probabilities 
from SFM simulations. For parametrisation, we used selected results from the optimisation 
and expert input. Based on the overall AUC and the statistics provided by the optimiser, we 
selected the best result for the optimisations with initial values based on (A) the minimum 
of the value range, (B) the maximum of the value range, and (C) expert input. We included 
variant (D) with the initial values based on expert input for comparison.

A single SFM simulation provides relative probabilities of slope failure with respect to 
a specific rainfall scenario. Therefore, we developed a methodology that combines relative 
probabilities from rainfall scenarios with different return periods, then normalised them 
by the number of observed historical landslides in an area, to obtain an absolute landslide 
occurrence probability for a given observation period. The methodology consists of the fol-
lowing steps: 

1.	 Separate SFM simulations were performed for 2-, 10-, 30-, 100-, and 300-year 
return period (RP) scenarios of 24-hour rainfall corrected with the runoff coefficients 
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mentioned in Sect. 4.2.3. For the simulations, one landslide per square metre was gen-
erated with a size randomly generated from an inverse gamma distribution (Malamud 
et al. 2004) that was parametrised based on inventory data (Hählen 2023). Each cell 
may therefore be part of several hypothetical landslides, some of which may become 
unstable.

2.	 The relative landslide occurrence probability (RLOPRPj ) [0-1] was calculated based 
on the number of unstable landslides per 2 x 2 m cell (i.e. a factor of safety < 1) divided 
by the total number of simulated landslides per cell for all RP.

3.	 The sum RLOPsim_tot of all RLOPRPj  weighted with the occurrence probability of 
the given return period scenario (PoccT period,RP ) during a time period (TimePeriod) is 

	
RLOPsim_tot =

n∑
j=1

(RLOPRPj
· PoccT period,RPj

)� (3)

	  where 

	
PoccT period,RPj = 1 −

(
1 − 1

RPj

)T imeP eriod

� (4)

	  For an event with a return period of 2, 10, 30, 100, or 300 years during a period of 62 
years (1962-2024), this gives a PoccT period of 100%, 99.8%, 87.8%, 46.4% and 18.7% 
respectively.

4.	 RLOPsim_tot was aggregated to reference areas using a SUM function, giving 
RLOPsimRA. We tested the entire 40 km2 catchment, the microcatchment, and a regu-
lar hectare grid as reference areas. These reference areas were used to calculate the 
correction factor for the landslide occurrence probabilities.

5.	 A correction factor CorrNLS  for the final failure probabilities computed by SFM was 
calculated based on the number of observed landslides NLSobs divided by the sum of 
RLOPsimRA in the reference area with the shortest return period (i.e. the highest num-
ber of observed landslides) during the observation period: 

	
CorrNLS = NLSobs

RLOPsimRA
� (5)

6.	 The release probability Prelease,RPj  of each cell per RP was calculated by multiplying 
it with the occurrence probability of the RPj  (Pocc,RPj ): 

	 Prelease,RPj = RLOPRPj · Pocc,RPj � (6)

	  where LSP rob,RPj  is the spatial landslide probability (or landslide susceptibility) per 
cell calculated by SFM and RPj  is:

Pocc,RP2 = 1
2 − 1

10 = 0.4;
Pocc,RP2 = 1

2 − 1
10 = 0.4;

Pocc,RP10 = 1
10 − 1

30 = 0.0667;
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Pocc,RP30 = 1
30 − 1

100 = 0.0233;
Pocc,RP100 = 1

100 − 1
300 = 0.0067;

Pocc,RP300 = 1
300 = 0.0033;

 Since the minimum selected RP = 2 years, the sum of all scenario probabilities = 0.5.

7.	 The raster with the final result, consisting of the absolute landslide occurrence prob-
ability AbsLSP rob, based on the cumulated relative probabilities corrected with the real 
observations, was obtained by: 

	
AbsLSP rob = CorrNLS ·

n∑
j=1

Prelease,RPj � (7)

8.	 For visualisation and analysis purposes, the absolute landslide occurrence probability 
AbsLSP rob was aggregated to a cell size of 100 m using a SUM function.

For normalisation, we used historical landslides within the simulation perimeter from the 
inventory created by Hählen (2024), which covers a period of 62 years (1962-2024). We 
tested the entire 40 km2 catchment, the microcatchments and a regular hectare grid as ref-
erence areas for calculating the correction factor for normalisation. The absolute landslide 
occurrence probability was calculated at a 2 m cell size by summing the relative probabili-
ties, weighted by the occurrence probability of the scenario return period, and multiplied 
by the correction factor to normalise the value to the observed landslide frequency. Finally, 
the absolute landslide occurrence probability was aggregated to a 100 m cell size for visu-
alisation and analysis purposes. This cell size was chosen because it represents the lower 
limit for a useful area for practical applications and because it results in meaningful return 
periods.

We calculated the overall AUC and plotted ROC AUC curves for the observed landslides 
in the catchments buffered by 5 m to evaluate the results of different simulations and cor-
rection methods tested during the application. The observed and simulated occurrence prob-
abilities were compared at a regular hectare grid scale.

5  Results

5.1  Sensitivity analysis

The mean cohesion and the mean angle of internal friction are the most sensitive parame-
ters, with values of 0.34 and 0.24 for the first-order indices in the general sensitivity analysis 
(Fig. 4). Mean porosity and mean hydraulic conductivity are the third and fourth most sen-
sitive parameters, with significantly lower values of 0.0078 and 0.0052, respectively. The 
much higher values of 0.71 and 0.62 for the total-order indices for cohesion and angle of 
internal friction suggest possible interactions. This is supported by the combination of these 
two parameters showing the highest value by far for the second-order index (see A.5). The 
results of the sensitivity analysis that include the forest effect are very similar to the results 
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of the general analysis, with cohesion and angle of internal friction being the most impor-
tant parameters. However, the forest parameter is the third most important parameter in this 
analysis, with a first-order index of 0.024, followed by porosity and hydraulic conductivity. 
The value of 0.12 for the total-order index of the forest parameter also indicates possible 
interactions. The second-order indices for this analysis suggest weak interactions between 
forest and cohesion, as well as between forest and angle of internal friction. However, the 
index values of 0.063 and 0.043 for these combinations are significantly lower than the 
value of 0.25 for the combination of cohesion and angle of internal friction.

5.2  Soil physical property optimisation

Depending on the initial values selected and the epsfcn parameter value, the optimisation 
process terminated after 50–200 function evaluations. Leaving the epsfcn parameter at its 
default value of 1.0 × 10−10 resulted in the parameters remaining at their initial values. 
Testing epsfcn values between 0.1 and 1 did affect the optimisation result, but there is no 
clear optimal value that works best for all initial parameter values.

The reduction in the Sum(1 − AUC) value (or the increase in the Sum(AUC) value) of 
the optimised results, compared to the expert input, differs between the optimisation runs 
(Table 4). The optimised results for runs using the expert input as initial values combined 
with different epsfcn values remain close to the values of 557.22 for Sum(1 − AUC) and 
658.78 for Sum(AUC) of the initial, non-optimised input. The Sum(AUC) for some runs 
is even slightly lower. The runs with initial values set to the minimum of the value range 
show the best overall performance of all optimisations tested (lowest Sum(1 − AUC) and 
highest Sum(AUC)). This is supported by the lowest overall BIC and AIC values. The runs 
with initial values in the middle of the value range performed poorly, with all indicators 
performing worse than the expert input. Thus, these runs were not investigated further. The 
runs with initial values at the maximum of the value range showed mixed performance. The 
run with epsfcn=0.1 performed worse than the expert input, while the run with epsfcn=0.25 
showed values closer to those of the runs with minimum initial values.

The distributions of the AUC values per plot for the best-performing optimisation runs 
for the initial values (A) minimum, (B) maximum, and (D) expert input are very similar to 
the distribution of the initial expert input (see Fig. 5). For runs (A) and (B), the optimised 
distributions differ significantly from those for the respective initial values, demonstrating 

Fig. 4  Heatmap showing the aggregated Sobol first-order (S1) and total-order (ST) indices for a the gen-
eral analysis with six parameters using all 608 plots and b the analysis with an additional forest parameter 
using the 214 plots with at least 50% forest cover
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Run Function 
evaluations

AIC BIC Sum 
1 (− 
AUC)

Sum 
(AUC)

Expert 
input, 
initial 
values

– −1718.80 −1657.56 557.22 658.78

Expert 
input, 
epsfcn= 
default

50 −1718.80 −1657.56 557.22 658.78

Expert 
input, 
eps-
fcn=0.1

90 −1745.72 −1684.48 555.42 660.58

Expert 
input, 
epsf-
cn=0.25

116 −1747.02 −1685.78 558.08 657.92

Expert 
input, 
eps-
fcn=0.5

156 −1747.68 −1686.44 557.03 658.97

Expert 
input, 
epsf-
cn=0.75

127 −1746.71 −1685.47 558.03 657.97

Mini-
mum 
initial, 
eps-
fcn=0.1

117 −1772.29 −1711.05 538.91 677.09

Mini-
mum 
initial, 
epsf-
cn=0.25

103 −1773.32 −1712.08 543.00 673.00

Middle 
initial, 
epsf-
cn=0.25

142 −1707.76 −1646.52 584.12 631.88

Maxi-
mum 
initial, 
eps-
fcn=0.1

88 −1705.12 −1643.88 569.57 646.43

Maxi-
mum 
initial, 
epsf-
cn=0.25

152 −1757.23 −1695.99 546.36 669.64

Table 4  Summary of the results 
of selected optimisation runs, 
including the number of function 
evaluations before stopping the 
optimisation; the Akaike Info 
Criterion (AIC); the Bayesian 
Info Criterion (BIC); the sum of 
1 − AUC; and the sum of AUC
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clear improvements through optimisation (see A6). Run (C) for the middle initial values 
shows a significantly different distribution compared to the initial expert input. The values 
are almost normally distributed around the median of 0.5, with little difference between 
the initial and optimised distributions. For runs (A), (B), and (D), as well as for the initial 
expert input, the median across all plots (i.e. both with and without landslides) is close to 
0.5, with a slight skew towards the value of 1. For run (D), the optimisation actually shifts 
the values a little closer to the median, which explains the slightly lower Sum(AUC). The 
optimised distributions for the plots without landslides for the runs (A), (B), and (D) show 
stronger concentrations around the median of 0.5, with slight skews towards 0. For the 
expert input, the optimised run shows a distribution similar to the initial values, but with a 
stronger concentration around the median of 0.5. The most notable differences are seen in 
the distributions for the plots with observed landslides. Runs (A) and (B) show a slightly 
higher median than the expert input, with a shift in the distribution towards 1. For run (D), 

Fig. 5  Split violin plots showing the distribution of the AUC over the hectare plots for the expert input val-
ues in blue vs. the optimised values for selected variants in orange, grouped according to the presence of 
observed landslides in the plot. The “All” group includes both plots with and without observed landslides
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the initial expert input has a slightly higher median value than the optimisation, which shifts 
the median closer to 0.5 and the distribution slightly further away from 0.

Examining the parameter values for the selected runs (see Fig. 6) reveals clear differ-
ences despite similar Sum(AUC) values for the overall results and similar distributions of 
the AUC per plots. The value of the mean hydraulic conductivity shows a high variance 
compared to the expert input, with no clear trend as to whether the values are higher or 
lower than the input. The values for run (B) tend to stay close to the initial maximum value. 
The mean cohesion values for all soil classes tend to be higher than the expert input values, 
suggesting that higher values improve the result. The angle of internal friction values for 
soil classes 3 and 4 tend to be lower than the expert input, while those for soil classes 7 and 
8 show no clear tendency. However, the values for runs (A) and (C) for the more common 
soil class 8 are close to the expert input, whereas the other two are spread towards the mini-
mum and maximum of the value range. This suggests that the expert input may represent a 
reasonable midpoint.

5.3  Application of methodology at catchment scale

Examining the overall AUC values (Table 5) and plots of the ROC AUC curves (see Fig. 
A7), parametrisation (A), which is based on the optimisation with minimum initial values, 
shows the best overall performance of the four selected parametrisations. The only excep-
tion is the catchment in the Jura, where parametrisation (E), based on the initial expert input, 
performed best. The results for parametrisation (B), which uses optimised values based on 
the maximum initial values, are close to, but slightly lower than, those for parametrisation 

Fig. 6  Visualisation of parameter values for the mean angle of internal friction, mean cohesion, and mean 
hydraulic conductivity (Ks) resulting from selected optimisation runs. The initial expert input is shown as 
a dashed line for comparison. The different points represent the tested optimisations: A Minimum initial, 
epsfcn = 0.1 (blue dot); B maximum initial, epsfcn = 0.25 (orange x); C middle initial, epsfcn = 0.25 
(green square); D expert input, epsfcn = 0.1(red cross); and E expert input, initial values (violet rhombus). 
The value ranges of the x-axes correspond to the bounds used in the optimisation
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(A). The results for parametrisation (D) with the optimised expert input tend to be slightly 
worse than those for parametrisation (E), except for the catchment in the Central Plateau.

At a cell size of 2 m, the spatial distribution of the absolute landslide occurrence prob-
ability shows higher probabilities in steeper terrain, in areas of water accumulation, and in 
the vicinity of historically observed landslides. However, at this cell size, the values mostly 
correspond to low to very low return periods (>1000 years), and the distribution is too frag-
mented for practical assessment. The aggregated occurrence probabilities at a 100 m cell 
size show plausible return periods (i.e. the reciprocal value of the occurrence probability, 
which corresponds to the average time between two events), and the distribution mostly 
agrees with the observed landslides (see Fig. 7). An exception is the catchment located in the 
Jura, where few landslides have been recorded. Within the same catchment, the spatial dis-
tribution and return periods differ slightly between the different parametrisations (see A.7).

When comparing the distribution of observed and aggregated landslide occurrence prob-
abilities with a cell size of 100 m, the values corrected using the catchment as the reference 
area perform best overall (Fig. 8). Although the values show considerable variance, there is 
a general tendency towards underestimation. Values corrected using microcatchments as the 
reference area tend to result in overestimation. Corrections based on the hectare grid were 
not investigated further due to a pronounced tendency towards underestimation.

6  Discussion

6.1  Sensitivity results

The global sensitivity analysis indicated that mean cohesion and the angle of internal fric-
tion were the most sensitive among the investigated SFM parameters. This outcome aligns 
with the results of a sensitivity analysis performed by van Zadelhoff et al. (2022), who iden-
tified soil thickness as the most sensitive parameter, followed by cohesion and the angle of 
internal friction. However, we did not include soil thickness as a parameter, as this was fixed 
by the input raster. Van Zadelhoff et al. (2022) also identified hydraulic conductivity as a 
parameter with considerable sensitivity, which is consistent with our findings, where it was 
ranked as the fourth most sensitive parameter. The high sensitivity of SFM to vegetation in 
forested plots, parametrised by the individually detected trees, is likewise consistent with 
the findings of van Zadelhoff et al. (2022). Kuriakose et al. (2009) also reported that root 
cohesion, soil thickness, and angle of internal friction were the most influential parameters 

Catchment Jura Central 
plateau

Pre-Alps Alps

Simulation
(A) Minimum initial opti-
mised, epsfcn = 0.1

0.680 0.805 0.813 0.822

(B) Maximum initial opti-
mised, epsfcn = 0.25

0.630 0.778 0.808 0.814

(D) Expert input optimised, 
epsfcn = 0.1

0.587 0.745 0.768 0.793

(E) Expert input initial 
values

0.730 0.733 0.780 0.794

Table 5  AUC values calculated 
using the observed historical 
landslides for the application of 
four different sets of soil physi-
cal property parameters in the 
four selected catchments
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affecting slope stability in a study that used a physically based, dynamic, and distributed 
hydrological model applied to the upper Tikovil River basin (55.6 km2) in Kerala, India.

The interaction between the cohesion and angle of internal friction parameters can be 
attributed to their roles in SFM. Each parameter contributes, through two different terms, 
to the basal component of the resisting force used to calculate the factor of safety (cf. equa-
tions 3 and 4 in van Zadelhoff et al. 2022). Basal and lateral root reinforcement contribute 
to the resisting force as well, which explains the low but noticeable interaction of the forest 
parameter and the two soil parameters.

Fig. 7  Maps presenting the return periods derived from the absolute landslide occurrence probability 
aggregated to 100 m cell size in the four catchments in A the Jura, B Central Plateau, C Pre-Alps, and 
D Alps for parametrisation based on the optimisation using minimum initial values and using the whole 
catchment as reference area for calculating the correction factor
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6.2  Soil physical property optimisation

Optimisation is widely used in landslide modelling to improve model performance; for 
example, by optimising thresholds, selecting parameters, training models, or tuning hyper-
parameters of machine learning models (Merghadi et al. 2020; Liu et al. 2021; Ado et al. 
2022; Greco et al. 2023). The Levenberg-Marquardt (LM) and its variants, such as the Gaus-
Marquardt-Levenberg algorithm, are commonly applied to optimisation problems in this 
field (e.g. Min and Yoon 2021; Aaron et al. 2019). In our study, optimising parameters using 
the LM algorithm proved to be a viable approach. The best-performing optimised parameter 
sets and the initial expert input for the parameters yielded comparable overall results. This 
suggests that, given reasonable default values, the optimisation procedure can produce valid 
parameter sets for SFM simulations. It also confirms that the initial expert input is a viable 
parametrisation.

However, the optimisation process does have limitations. The observation that different 
initial values and configurations for the optimisation resulted in multiple parametrisations 
with similar performance but different parameter values (a condition called equifinality) 
leads us to conclude that the optimisation space contains multiple local minima. One pos-
sible cause is the spatial heterogeneity of soil classes, which is not captured by the parame-
trisation, where each soil class is assigned the same physical properties across the entire 
canton. Regional differentiation of soil properties could help address this issue, but would 
also increase the complexity of the optimisation procedure. Another potential cause lies 
in the plot selection procedure. Although the distribution of soil classes is similar in plots 
with and without observed landslides, the results suggest that the improvement in overall 

Fig. 8  Box plot showing the observed vs. the sum of simulated landslide occurrence probabilities per 
catchment for variant (A) with the optimisation result based on the minimum initial values and (E) the 
initial expert input values. Values in the top row have been corrected using the entire catchment as the 
reference area, while values in the bottom row have been corrected using the most active microcatchment 
as the reference area. Red lines indicate the 1:1 point. Blue text indicates the number of outliers outside 
the plots’ display range
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performance is mainly due to improvements in the plots with observed landslides. Calculat-
ing the AUC of the value 1 − failure_probability for randomly generated points may not 
adequately represent the absence of landslides in the overall objective function. Including 
additional landslide absence data could improve the performance of landslide susceptibility 
models, but the availability and quality of absence data are often limited (Zhu et al. 2018). 
Refining the inputs for landslide absence and/or modifying the objective function could 
address this issue.

6.3  Application at catchment scale

The AUC values for our regional application range from 0.59 to 0.82. These largely fall 
within the range of 0.64 to 0.93 reported by van Zadelhoff et al. (2022) for SFM simula-
tions with a number of different parametrisations in three test areas in Switzerland. Cislaghi 
et al. (2018) reported an AUC value of 0.832 for their PRIMULA model (which has close 
similarities to SFM) in the Rio Davedino catchment (8.69 km2) in the south-eastern Italian 
Alps. Our three optimised parametrisations and the expert input performed equally well in 
the three catchments in the Central Plateau, the pre-Alps and the Alps. However, the per-
formance in the catchment located in the Jura was worse than that of the expert input. This 
shows that the parametrisations perform well on average across the canton, but that local 
variability exists. It may also reflect the challenges associated with catchments that have few 
or no observed landslides, which are likely linked to the previously discussed issues with 
optimisation in plots lacking landslide observations.

The occurrence probabilities resulting from the application, when aggregated to a 100 m 
cell size, generally show plausible values. However, the choice of the reference area used 
to calculate the correction factor to normalise the relative probabilities to the actual occur-
rence of landslides in the observation period has a significant impact on the outcome. Using 
the most active hectare for the correction leads to clear overestimation. Using the most 
active microcatchment tends to slightly overestimate, while using the entire 40 km2 catch-
ment tends to slightly underestimate. However, care must be taken when interpreting the 
results, as the correction factor and, consequently, the results also depend on the quality 
and completeness of the landslide inventory used. In catchments with a sufficient number 
of observed landslides, results corrected, based on either the entire catchment or the micro-
catchment, can be readily used for practical applications, such as the creation of hazard 
indication maps. However, the results in the Jura catchment show that caution is required in 
areas with few or no observed landslides, as the resulting correction factors tend to signifi-
cantly underestimate landslide occurrence probabilities.

The developed methodology can be used for applications in other areas. The availability 
of the required input data may limit the direct transfer, but alternate input data (e.g. for the 
soil classes or forest structure) may be substituted. The estimation of shallow landslide 
occurrence probability by combining and normalising relative values depends strongly on 
the completeness of datasets with historical landslide events, but can be used for different 
types of slope stability models. Finally, the parameter optimisation can be adapted for other 
parameters and/or models.
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6.4  Uncertainty

Despite considerable parametric and predictive uncertainty, the results of our methodol-
ogy appear promising. Factors contributing to uncertainty in landslide susceptibility models 
include: (1) the type, availability, and reliability of the input data; (2) the spatial variability 
in geotechnical and hydrological parameters; (3) the uncertainty in the classification of indi-
vidual mapping units; and (4) the uncertainty in the model outputs and their geographical 
distribution (Guzzetti et al. 2006; Reichenbach et al. 2018; Oguz et al. 2022). In their review 
of 565 peer-reviewed articles on statistical methods for landslide susceptibility from 1983 
to 2016, Reichenbach et al. (2018) reported that authors only started to perform uncertainty 
analysis after 2000, and then only in 3% of the articles. In this study, we did not apply uncer-
tainty quantification due to the inherent difficulties in quantifying uncertainty in the model 
as well as in the reference and input data. In particular, some of the input data are based on 
different machine learning models, for which there are no universally applicable solutions 
for measuring uncertainty (Jalaian et al. 2019; Simmonds et al. 2022). These data represent 
a significant source of uncertainty, as inaccuracies in the inputs propagate through the mod-
els and ultimately affect the predictions (Simmonds et al. 2022).

Despite similar overall AUC values, different parametrisations show differences in the 
absolute landslide probability within the same catchment. This illustrates the spatial uncer-
tainty in the model outputs resulting from the different inputs and their associated uncer-
tainties. This confirms that, while the AUC can capture the overall validity of the results, it 
cannot capture the spatially dependent uncertainty (Vakhshoori and Zare 2018).

The main sources of uncertainty in the input data are soil classes and their physical prop-
erties, as well as the landslide thickness. Maps of soil thickness and properties are subject 
to high uncertainty due to the often sparse field measurements, low mapping resolution, 
and the large heterogeneity in soil variables (Cohen et al. 2009; Jia et al. 2012; Lanni et al. 
2012). The predicted landslide thickness is based on a random forests-based ML model 
that was trained using a landslide inventory and a number of covariates, including a terrain 
model, canopy height model, and information on the geological substratum (Schaller et al. 
2025). Both the input data and the overall model are subject to uncertainties that have not 
been quantified (Schaller et al. 2025). The soil property maps used to define the soil classes 
were predicted using quantile regression forest (Meinshausen 2006) based on sparse field 
measurements and a large number of covariates derived from remote sensing (Stumpf et al. 
2024). The 30 m cell size of the soil property maps and their mapping to the soil classes 
used in this study introduces a degree of simplification. Additionally, the selection of the 
parameter values for soil physical properties only represents one possible value for the aver-
age properties of each soil class. Sensitivity analysis and optimisation also showed that 
different combinations of parameter values (particularly mean cohesion and mean angle of 
internal friction) can result in similar outputs due to the structure of the model. Correctly 
estimating the hydraulic conductivity is also challenging because the macropore structure, 
which significantly influences the conductivity, can be highly heterogeneous (e.g. due to the 
root systems of different types of vegetation) (Murgia et al. 2022; van Zadelhoff et al. 2022; 
Greco et al. 2023). Furthermore, the lack of data in areas assumed to have no soil cover is 
problematic, as 12% of the landslides in the landslide inventory used (Hählen 2024) are in 
the NoSlide soil class. This is particularly the case at the edges of areas such as water bodies, 
settlements, and bare rock. Using regionally differentiated soil classes in combination with 
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optimisation could address some of these issues, thereby reducing uncertainty and improv-
ing the overall performance of the model.

Hydrological uncertainties are largely determined by hydrological model implemented 
in SFM and the rainfall scenarios used as input. SFM models hydrology based on the 
TOPOG model (O’Loughlin 1986), which includes a topographic index inspired by Kirkby 
(1975). The model specifically assumes that macropore flow dominates hillslope hydrol-
ogy (van Zadelhoff et al. 2022). Therefore, SFM only considers surface hydrology. Local 
factors influencing soil moisture and water pressure, such as local springs or rising ground-
water, are not considered. We have not matched the observed landslides with historical 
events and therefore do not take into account the scenarios that lead to specific landslides. 
Our approach attempts to mitigate this by combining the relative susceptibility values from 
simulations for rainfall scenarios with different return periods. The rainfall amounts used to 
parametrise the simulations are based on statistically modelled extreme point precipitation 
scenarios (Frei and Fukutome 2022). These are subject to uncertainty, which is reflected in 
the availability of rainfall values for different confidence intervals. The use of an average 
rainfall value for the entire catchment area without considering local variations (e.g. due 
to different topography) adds to this uncertainty. We plan to address this issue in SFM by 
including the possibility to use spatially differentiated rainfall rasters.

The forest structure input data, including tree positions, DBH, and species, significantly 
influences the landslide probability calculated by SFM within forest covered areas (van 
Zadelhoff et al. 2022). Although we used individual tree data resulting from a local maxima 
approach that optimises detection using an ML model based on forest structure (Schaller 
et al. 2023), the data only include the (co-)dominant trees. In addition, the actual position on 
the ground may differ from the detected position of the crown, and DBH is calculated using 
a general allometric function fitted to inventory data. Furthermore, the actual forest structure 
may have changed since the acquisition of the CHM. Using a single tree species per plot 
or catchment is also subject to considerable uncertainty. The forest data on the coniferous 
proportion, which was used to select the species, are subject to uncertainty, as they were 
modelled using random forests and neuronal networks with remotely sensed data (Waser 
et al. 2017). In particular, the data underestimate broadleaf trees due to errors in the input 
image data (Waser et al. 2017). An alternative approach to species parametrisation would be 
to probabilistically assign species to the individual trees based on the coniferous proportion.

The possible error of 10-25% in the size of the landslides estimated by Hählen (2023) 
affects the uncertainty of the relative landslide probabilities, as the size is used to parame-
trise the inverse gamma distribution that determines the area of the hypothetical landslides 
in SFM (van Zadelhoff et al. 2022). The completeness of events in the inventory directly 
influences the parameter optimisation, the correction factor for the absolute occurrence 
probability, and the calculation of the AUC used to measure performance. The absence 
of events in a particular area does not exclude the possibility of a landslide. There may 
simply not have been an event within the observation period, or an event may not have 
been recorded. Events in forested or intensively cultivated areas may not be visible in the 
orthoimagery used for the inventory (Hählen 2023). In addition, the 62-year observation 
period also influences uncertainty. Significant changes in the landscape may have occurred 
between the recorded landslide and the current input data used for the simulations, e.g. 
in settlement areas or locations where the landslides denuded the entire slope, preventing 
new landslides from occurring for the foreseeable future. Continuous improvements in soil 
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mapping and modelling methods, inventory methods, and ML methods will contribute to a 
reduction of these uncertainties in the future.

7  Conclusion

We developed a methodology for assessing shallow landslide susceptibility at regional scale 
based on slope stability simulations using SFM. A global sensitivity analysis revealed that 
mean cohesion, angle of internal friction, and forest effect were the most important model 
parameters. Using soil property maps as input provides a standardised approach to defining 
soil classes. However, parameter equifinality suggests that the parametrisation does not ade-
quately represent the heterogeneity and local variability in the soil classes’ physical proper-
ties. The application at catchment scale demonstrates that the optimisation approach has 
the potential to yield suitable parameters that produce results comparable to those obtained 
using expert input. Despite certain limitations, the catchment-scale application produced 
plausible results. We consider our methodology to be a viable alternative for generating 
information for practical applications such as regional-scale hazard indication mapping.
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