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A B S T R A C T   

The application of physically-based approaches for slope failure analysis at a catchment scale remains a difficult 
challenge, and several new models have been proposed in recent years. The assumptions of these models vary 
significantly. Tools such as random ellipsoid sampling provide detailed assessment of failure probability but due 
to numerical cost can not be applied beyond site-investigations. In this research, an iterative method for finding 
progressive slope failure surfaces is developed. Additionally, this method includes a description of lateral forces 
that occur due to weight of the fractured failure material. This development extends a similar approach that was 
developed as part of the OpenLISEM multi-hazard modelling tool. Study cases are presented for a set of hypo-
thetical slopes and the storm-induced disaster that occurred in Messina (Italy), on the first of October 2009. Here, 
a large number of shallow slope failures transformed into debris flows. The model outcomes are compared with 
the outcomes of other free and open-source methods that are currently available within the scientific community 
(Infinite Slope, random ellipsoid sampling (r.slope.stability) and random spheroid sampling (Scoops3D)). Finally, finite 
element modelling is performed for the hypothetical slopes using ADONIS). Analysis of predicted failures show 
that the presented method is able to better predict the occurrence of smaller failures but ellipsoid sampling 
methods provide a more robust option for larger slope failures. Predicted failure surface patterns for the Messina 
2009 event show complex variation between rotational and translational geometry depending on the topog-
raphy. The ability to provide catchment-scale deterministic failure volume and geometry can potentially be used 
to quantify predicted source volumes during future disasters.   

1. Introduction 

Many regions around the globe, such as mountainous areas, are 
prone to slope instability, resulting from a combination of triggering 
events (e.g. earthquakes or precipitation) and innate susceptibility due 
to topography or material properties. Depending on the contents of the 
disrupted volume, and the topography, various types of mass wasting 
can ensue (Cruden and Varnes, 1996a). These can be categorized by 
content and movement type (e.g. debris flows, rock avalanches and 
earth slide). These mass movements cause large amounts of damage and 
casualties worldwide (Froude and Petley, 2018). Slope stability analysis 
is of crucial importance for hazard and risk assessment in inhabited 
areas with sloping terrain (Van Westen et al., 2006). 

Slope failures are the result of a complex set of processes (Carson and 
Kirkby, 1972; Cruden and Varnes, 1996b), and predicting them spatially 
and temporally is challenging (Van Westen et al., 2006). There is a wide 
variety of approaches to landslide predictions, including knowledge 

driven, data driven and physically based modelling (Crosta, 1998; Glade 
et al., 2000; Guzzetti et al., 2007). While the first one can provide 
relative information on landslide susceptibility, it lacks the capability to 
predict the frequency and spatially distributed hazard intensity, which 
are needed for proper hazard and risk assessment. Additionally, 
physically-based modelling can allow for more detailed investigation of 
physical processes, and for analyzing potential future scenarios (Guz-
zetti et al., 2009; Amirahmadi et al., 2016). Direct downsides are the 
computational costs (Hammah et al., 2010) and complexities of 
parameterization (Reder et al., 2018). The current methods for regional 
slope failure prediction include the infinite slope method, fiber bundle 
method and random sampling method, which will be shortly discussed 
below. Within this work, there is a focus on methods for slope-stability 
and failure simulations at a variety of scales. In particular, model out-
comes are presented for both individual slopes (length in order of 
hundreds of meters) and small catchments (length in order of kilometers 
to tens of kilometers). For convenience, the small catchments will be 
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referred to as catchment-scale. 
One of the most used and most well-known approximations is the 

infinite slope method (Matsui and San, 1992; Griffiths and Lane, 1999; 
Wilkinson et al., 2002; Van Westen et al., 2006; Alkasawneh et al., 2008; 
Kuriakose et al., 2009; He et al., 2016). In this method, slope failures are 
assumed to occur along a sliding surface that extend parallel to the 
ground surface (Westen and Terlien, 1996). By assuming an infinitely 
homogeneous slope and material, expressions for resisting and driving 
forces can be significantly simplified (Milledge et al., 2012). The 
resulting expression for Factor of Safety (FoS) finally depends only on 
local properties of terrain and material and assumes variability in up- 
and downslope terrain and material can be ignored. The simplicity of 
this method allows for fast computation over large areas, and combi-
nation with hydrological modelling such as in TRIGRS (Baum et al., 
2008), GEOtop (Formetta and Capparelli, 2019) or HIRESS (Rossi et al., 
2013). The slope stability equation can furthermore be combined with 
probabilistic elements, such as in STARWARS and PROBSTAB (van 
Beek, 2002). Finally, integration in a catchment scale hydrology and 
mass movement runout model allows for automated estimation of run-
out in case of slope failure (Fan et al., 2017a). Despite the ease of use in 
large-scale assessments, there are several severe shortcomings. The 
infinite slope assumption, and model derived therefrom, are suited for 
shallow landslides, and these models provide inaccurate assessments for 
deep-seated landslides, where the initial assumptions of the model do 
not hold (Griffiths et al., 2011; Mergili et al., 2014a; Tiwari et al., 2014). 
Secondly, the stability estimation using the infinite slope assumption is 
highly dependent on the input of the depth of the shear plane, and 
assumption of planar failure parallel to the slope surface often not 
realistic (Tsai and Chiang, 2013). Thirdly, many methods that use the 
infinite slope assumption solve the FoS based exclusively on local terrain 
and material properties. While this enhances efficiency, it often means 
that low-quality terrain data results in small, scattered and unconnected 
failures. (Lee and Park, 2012). Fourthly, as failure is only analyzed for 
individual pixels, it is also difficult to convert the results of infinite slope 
modelling into realistic landslide volumes used for runout analysis. 

Fiber Bundle Models are another group of slope stability models that 
are based on the assumption that subsurface strength is probabilistic in 
nature an analogous to bundles of fibers with varying strength param-
eters (Cohen et al., 2009). Within a regular grid, the sloping terrain is 
discretized, and all directly neighboring grid cells are connected by 
bundles of fibers. Each individual fiber is assigned strength parameters 
randomly taken from a distribution of Mohr-Coulomb parameters 
(Goodman, 1980; Lehmann and Or, 2012). Iteratively, the forces on the 
resulting network of slope materials connected by fibers is solved. Excess 
loads are propagated through the fibers and predicted failure are 
spatially clumped because of subsurface force propagation. The model 
STEP-TRAMM (von Ruette et al., 2016) uses these type of inter-cell 
connections to estimate progressive failure of slope material on a 
catchment scale. While this model improves on traditional infinite slope 
models and is able to provide new insights in propagating failures on 
catchment scales, it suffers from some of similar problems to the infinite 
slope model. The infinite slope model require knowledge of the failure 
plane depth as input. This is predominantly chosen as either the depth of 
an impermeable layer where ground-water induced pore pressure are 
typically highest, or at a lithic contact. However, in reality a trans-
lational failure plane might develop at any point of positive pore water 
pressure, which might be significantly less deep (Borga et al., 2002). 

A different group of slope stability models are based on the Finite 
Element Method (FEM) which simulate the subsurface of slopes as a 
dynamic continuum. Local stress, strain and displacement are iteratively 
solved using a generalized Hooke’s Law combined with a failure crite-
rion such as Mohr-Coulomb. Such models can include groundwater ef-
fects. In order to solve the equations, the subsurface is divided into 
numerous small elements, allowing for numerical integration (Mikola, 
2017). While this method arguably provides the most detailed insights 
into the behavior of materials in a sloping terrain, it is highly demanding 

in terms of computational power. The method has been used in slope 
investigation in three dimensions, but it is not practical to apply it over 
larger areas (Ukritchon et al., 2018). 

Two-dimensional analysis of rotational failures has been imple-
mented using the method of slices (e.g. Fellenius (1936)Morgenstern 
and Price (1965) and Duncan et al. (2014)). Later, the method of slices 
was also extended to three dimensions (e.g. Hovland (1979) and Hungr 
(1987)). While this method allows for highly accurate Factor of Safety 
(FoS) estimates, it does not provide a possible failure volume. The 
methods requires an initial landslide geometry to estimate the forces. To 
overcome this problem, multiple samples of potential failure surface 
geometry can be tested for stability. This idea has been extended to 
catchment-scale estimation of safety factors and failure volumes by 
using a large number of sample volumes throughout an entire region. 
The Scoops3D model uses random spherical geometries to estimate 
potential failure surface geometry, the resulting FoS and associated 
potential failure volumes (Baum et al., 2008; Reid and Brien, 2012). 
Conversely, r.slope.stability uses random ellipsoids, or truncated ellip-
soids, allowing for more diversity in failure surface geometries (Mergili 
et al., 2014a, 2014b). Many ellipsoids are projected through the digital 
elevation model to better cope with a variety of topographic types and 
large regions. Due to their strong theoretical foundations and detailed 
output, both random sampling methods have gained a strong presence in 
catchment-scale modelling approaches, although there are also limita-
tions. Due to the large number of iterations required for this method, the 
computational burden is high. Because of this, usability may be limited, 
especially when combining random sampling with real-time hydrolog-
ical modelling. The lack of hydrological dynamics in the model might 
decrease the accuracy, since groundwater dynamics play a crucial role in 
slope instabilities (Kim et al., 2004; Brooks et al., 2004; Tohari et al., 
2007). Random sampling provides detailed information about potential 
failure surface geometry, Fos, and associated volumes. From this, it is 
difficult to select a set of predicted actual failure volumes. From the 
large collection of possible failure volumes, many overlap, and choosing 
the correct volumes can be a complicated process. 

In summary: many of the currently available methods for catchment- 
scale slope failure prediction either use pre-defined depths and volumes 
as input, or require a level of computational power that cannot be 
extended to catchment scale simulations. At site-investigation level, it is 
possible to identify probable failure surfaces based on knowledge of the 
subsurface structure, ground water state and spatial variation in mate-
rial properties. However, in catchment-scale hazard and risk assessment, 
the location and geometry of potential failure surfaces is highly uncer-
tain, as well as the hydrology-induced triggers such as groundwater 
dynamics pore-pressure increase. Thus, there is a need for a catchment- 
scale slope stability method that is able to predict failure surfaces at low 
computational costs, allowing for the integration with a real-time hy-
drological model.v In this paper, we present a physically-based, 
numerically efficient method for estimating catchment-scale slope sta-
bility, and calculating expected failure surfaces, within the multi-hazard 
OpenLISEM model (Bout et al., 2018). More specifically, we present the 
equations’ and the geological and mathematical background in Section 
2, and present a comparative analysis at the slope scale between the 
developed method and existing methods such as infinite slope, random 
ellipsoid sampling, and finite element modelling in Section 3. The 
improved iterative slope failure method is also applied in a study case, 
and compared with available and alternative methods in Section 4. Ul-
timately, we discuss the results putting them in a large methodological 
context for physically-based landslide models in Section 5 and conclude 
the manuscript in Section 6. 

2. Theoretical background 

2.1. Terrain description and existing methods 

Before presenting the theoretical background for the derivation of 
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slope stability methods a short description of a typical slope description 
in catchment-scale slope stability simulations is provided. The slope 
consists of two layers, a bedrock material with high cohesion and a top 
layer of loose or weathered material. The bedrock layer is assumed to be 
a fixed boundary condition in the calculations. The height of the top 
layer can be hetergeneous, and the slope of the bedrock layer is therefore 
not directly equal to the slope of the terrain surface. A saturated zone is 
present at the base of the top layer. Within the soil matrix, a water pore 
pressure and matric suction are generally estimated (van Beek, 2002). 
The matrix suction resembles the negative pressure caused by under- 
saturated soil conditions. The terrain is discretized in local cells or sli-
ces. An short schematic overview of several catchment-scale slope sta-
bility methods is shown in 1. 

Besides the selection of slope failure approaches provided in Fig. 1, 
several others have been developed in the past decade. In particular, 
various extensions to the infinite slope method exist. Zhou and Cheng 
(2013); Zhou et al. (2014) extend the infinite slope model by imple-
menting lateral earth pressure from neighboring pixels. Their approach 

provides improved connectivity for failure surfaces and improved ac-
curacy in catchment-scale simulations of slope stability. A similar 
approach that includes seismic forces can be found in Hess et al. (2017). 
Frattini et al. (2009) implemented the model by Iverson (2000) for 
catchment-scale simulation of slope stability. Within this model, the 
depth of the slip surface is not statically determined as a lithic contact, 
but instead depends on a simulated transient pressure distribution that 
forms based on ground water and infiltration water pressures. The au-
thors utilized the physically-based model to derive rainfall-intensity- 
duration threshold curves that predict slope failure occurrence emperi-
cally. The approach of Lizárraga et al. (2017) continues the concept of a 
vertical distribution of water pressures and aims to find the minimum 
Factor of Safety along the vertical soil profile. This minimization pro-
vides both a failure surface depth, and a factor of safety at this depth. 
Additionally, two types of failure processes are implemented, sliding 
and liquefaction, of which the most likely is provided as model outcome. 

Fig. 1. A schematic overview of several slope stability and slope failure modelling methods. For all of them, varieties exist, and typical representation is shown. Soil 
depth and an effective groundwater level are shown in the terrain description. In the middle, a force diagram indicates the estimation of local sources (FD, FC), lateral 
interactions (Flat), vertical interactions (Fvert), or a full stress tensor (σ(i,j)). On the right, the governing equations are displayed. For more detail on the equations see: 1) 
Matsui and San (1992), 2) Bout et al. (2018), 3) Baum et al. (2008), 4) Mergili et al. (2014a), 5 and 6) see Sections 2.2, 2.3 of this work, 7) Cohen et al. (2009), 8 and 
9) Mase et al. (2009). Where FoS is the Factor of Safety (− ), c’ is the effective cohesion including matric suction (Pa), wb is the unit weight minus pore pressure (γ(1 −
θ) − γwθ) (km m− 1), w is the unit weight (γ(1 − θ) + γwθ) (km m− 1), γ is the density of the material (kgm− 3), γw is the density of water (kgm− 3), θ is either the effective 
water level, depending on the model either a fractional ground water level (meters water divided by meters sill (hgw/hsoil)) or a soil matrix water content (− ), Rij is the 
distance from the spheroid center to the potential failure plane (m), β is the failure plane slope angle (radians), h is the height the failure plane relative to the bedrock 
interface (m), h0 is the height of the bedrock interface (m), dx is the width of the column (m), Fup is the lateral force from upslope (N m1), C is the resisting force (top of 
FoS equation) (N m1), D is the unit driving force (bottom of FoS equation) (N m1), S is the slope vector (m m1), E is the Elastic Modulus (Pa), G is the Shear Modulus 
(Pa), σ is the stress tensor (N m2), ε is the strain tensor (m), P is the Distribution of fiber strength (− ), s is the deviatoric stress tensor (Pa), g is the plastic potential 
function (N m1), λ is the plastic rate multiplier (− ) and v is Poisson’s ratio (N m1). 
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2.2. Iterative Slope failure 

The iterative slope failure method, as developed within OpenLISEM 
Hazard (Bout et al., 2018), will be given a more detailed derivation here. 
The primary concept involves mimicking the process of near- 
instantaneous progressive failures of soil materials on slopes, as has 
been both observed and reproduced in simulations (Locat et al., 2011; 
Xu et al., 2014; Wang et al., 2016). The terrain will be defined by a 
surface elevation z, below which a top layer with depth hsoil is located. At 
the base of this layer is an interface with an impermeable bottom layer 
consisting of bedrock. On the impermeable layer rest a saturated ground 
water zone with depth hgw. The ground water level increases based on 
lateral ground water flow and infiltration. For more detailed on the 
implementation of the darcy-type depth-averaged ground water flow, 
see Bout et al. (2018). A schematic depiction of the terrain description 
and the process of progressive failure is shown in Fig. 2. 

Initially, the failure plane is assumed to be parallel to the terrain 
slope. Based on this assumption, a force demand and capacity similar to 
the infinite slope model estimated (Eq. (1)) (for a derivation, see for 
example (van Beek, 2002)). 

FoS =
c’ + wcos(θs)

2tanϕ
wbsin(θs)cos(θs)

(1)  

where FoS is the factor of Safety, θs is the slope angle of the surface 
elevation (for each gridcell this depends directly on the elevation of the 
neighbors), ϕ is the internal friction angle (radians), c′ is the apparent 
cohesion (which is assumed equal to normal cohesive strength and 
negative pressure of the soil matrix (matric suction), wb is the unit 
weight minus pore pressure (γ(1 − θ) − γwθ) (km m− 1), w is the unit 
weight (γ(1 − θ) + γwθ) (km m− 1), θ is either the effective water level, 
depending on the model either a fractional ground water level (meters 
water divided by meters sill (hgw/hsoil)) or a soil matrix water content 
(− ), γ is the soil density (km m− 3) and γw is the soil density (km m− 3). 

The angle of the potential failure plane (θs) is assumed parallel to the 
surface slope. Spatial slope values and directions dynamically depend on 
the state of the elevation model (Eq. (2)). Within a discretized envi-
ronment, changing elevation due to failure directly alters slope values in 
connected gridcells. 

β = arctan
(

max(zx− 1 − zx, zx − zx+1)

dx

)

(2)  

where zx is the elevation of the gridcell (m), zx− 1 is the elevation of the 
downslope neighbor (m), zx+1 is the elevation of the upslope neighbor 
(m) and dx is the size of a gridcell (m). Initially, the failure plane is 
considered at the interface between soil and bedrock (thus considering 

the stability of the full soil column). It is assumed, that this provides the 
lowest possible FoS, as both the weight and pore pressure increase when 
considering the potential failure surface at decreasing elevation. In case 
if instability (FoS <1), Eq. (1) might be inverted to find the soil depth 
which must be reached to re-gain stability. Doing so alters elevations 
and thus the force balance in neighboring areas. After updating the force 
descriptions in neighboring areas, the failure process can be repeated. 
After iterating, a progressive failure results. 

The proposed algorithm thus represents a progressive series of 
smaller slope failures useing several primary steps:  

1. Calculate lowest Possible FoS (for full soil column with maximum 
pore pressure),  

2. Find toe (lower boundary) of unstable region,  
3. Assume local failure surface might develop at any height, parallel to 

the terrain,  
4. Solve inversed FoS equation to remove sufficient material to obtain 

at least Fos = 1,  
5. Update local force descriptions based on changed slope,  
6. Repeat previous steps until no unstable areas remain. 

For each gridcell, the slope in the calculations is determined by the 
steepest sloep to any direct neighbor. When an unstable gridcell is 
encountered, the safety factor equation is reversed and used to solve for 
the material depth at which stability is gained. (Eq. (3)). 

FoS = 1 =
c + wcos

(
arctan

(
z− zx− 1

dx

))2
tanϕ

wbsin
(

arctan
(

z− zx− 1
dx

))
cos

(
arctan

(
z− zx− 1

dx

)) (3) 

Solving this equation for a stable material depth h can be done using 
trigonometric identities. See appendix A for the derivation of a second- 
order polynomial which can be solved for a non-complex non-trivial 
solution. Removing material due to failure alters the slopes of the sur-
rounding areas, potentially creating new unstable areas. Consequently, 
Eqs. (12)–(18) are applied iteratively to remove any material that is 
required to obtain a stable slope. Thus, the algorithm iteratively solves 
for a failure surface and associated volume. 

The algorithm requires that the lower boundary of the failure surface 
geometry is found (lowest unstable cell), after which material is 
removed on that location. The downslope angle of upslope cells is 
thereby increased. This alters its stability, after which the cycle of ma-
terial removal is repeated. Finally, a full slope failure is removed and the 
remaining slope is stable with a factor of safety of one. The model thus 
assumes that at any moment, the cell under consideration is the first step 
in a progressive set of potentially larger failures. The proposed algorithm 
iterates from lowest to highest cells on a given slope. This can be 

Fig. 2. Schematic overview progressive slope failure, as simulated by the iterative failure method. i is the iteration step, δx is the grid cell size (m).  
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implemented in a variety of manners. In the case of this work, at each 
iteration, each grid cell is checked. When the steepest downslope 
neighbor of an unstable cell is stable, this cell is considered a lower 
boundary of the failure geometry. The iterative failure method provides 
an initial estimation of stability derived from a local force description. 
While inter-column lateral forces are ignored, the iterative nature does 
provide some lateral interactions to the algorithm. For each iteration, 
removal of material is initiated at the toe of a present unstable slope 
section, since the assumptions of the model are only valid there. After-
wards, through altered terrain, the failure propagates upslope, as these 
cells reduce in stability when their slope is increased. For non- 
translational shallow failures, local force description do not accurately 
estimate the stability of a sloping material. Instead, the propagation of 
sub-surface lateral interactions determine the stability and movement of 
a slope. Within the following section, the iterative failure method is 
extended to implement such a feature. 

2.3. Iterative Slope failure with Forcing 

As stated in the previous section, the iterative failure method mimics 
near instantaneous progressive failures along slopes. In this section, an 
extension of the iterative failure method is developed that estimates 
propagation of sub-surface forces. Directly after the disruption of a 
sloping soil mass, its connection to the terrain is broken. As a result, the 
material column might be considered as a distinct system of dynamic 
solid-fluid mixture. For such a column of material, before fragmentation 
has occured during movement, the shear forces at the basal interface 
might again be described by Eq. (1). When the driving forces exceed 
resisting forces (which is the case as the material experienced failure for 
this reason), this excess in driving force propagates to the downslope 
material. Thus, as an additional step to the iterative algorithm, the 
excess driving forces are solved. In order to perform steps 1–4 of the 
algorithm with an external excess driving force, Eq. (1) must be altered 
to implement a lateral sub-surface force which acts parallel to the failure 
plane (Eq. (4)). 

FoS =
c’ + wrcos(θs)

2tan(ϕ)
fup + wsin(θs)cos(θs)

(4)  

where fup is the excess driving force coming from upslope areas (Nm− 2). 
The total excess driving force is propagated in direction of steepest 

descent. For a static soil column, boundary forces are better approxi-
mated by an estimation of lateral earth pressure following from Rankine 
theory or Bells extension. In the presented method, inter-slice forces 
only propagate from unstable columns after their failure has occured. 
The method therefore assumes the material is fractured along the slip 
surface, as the failure is propagating to neighboring areas. In fractured, 
unsupported earth columns, lateral earth pressure loses applicability. 
Instead, the effective total weight contribution to the inter-slice 
boundary can be used. The excess driving force can be found by a 
summation of the upslope contributions (Fig. 3). 

An exact solution for the values of fup requires, for each location, an 
iteration over all connected instable upslope gridcells leading to that 
point. The efficient propagation of forces is prevented by the variability 
in slope, whereby part of the boundary force acts on the bedrock. This 
effect is estimated by means of the inner product between the acting 
lateral force and the normal of the plane between two material columns 
(Eqs. (5) and (6)). 

Fup = Σupslope max(0,D(i) − C(i) )×
(

S
←

l⋅S
←

i− 1

)

(6)  

where Σupslope performs a summation over all upslope contributions to 

the excess driving force, S
←

i is the slope vector (Nm− 2), S
←

i− 1 is the slope 
vector of the downslope neighbor (Nm− 2). The max() function ensures 
only excess driving force is considered (when D(i) − C(i) < 0, no force is 

propagated). 
Earlier implementation of slope stability and failure predictions on 

regular catchment-scale grids with a sub-surface force description can be 
found in Zhou and Cheng (2013); Zhou et al. (2014). Within their 
method, direct neighbors act on their interface through a lateral earth 
pressure. In the method developed here, a different approach is taken. 
Slope material provides a propagating driving force at the post- 
distruption moment. In the three-dimensional case, where the x-and y- 
components of the forcing and slopes influence the propagation, this can 
be expressed as follows: 

∇fup
←

(x)+
(

C
←
(x) − D

←
(x)

)
×
(

S
←
(x) − fup

←
(x)

)
(7) 

Eq. (8) shows the final estimation of the factor of safety before the 
iterative removal of material. The unit forces fup and fdown are assumed 
to be acting homogeneously on the interface, and are therefore multi-
plied by the depth of the top layer. 

FoS = 1 =
c’ + hf up + wrcos

(
arctan

(
z− z0

dx

))2

hf down + wsin
(

arctan
(

z− z0
dx

))
cos

(
arctan

(
z− z0

dx

)) (8) 

Solving Eq. (8) for a stable material depth h can be done using 
trigonomic identities (see appendix A for details). The presented 
implementation of a lateral inter-column forces is thus fundamentally 
different from other methods. It considers the propogation of post- 
distruption (after failure) excess driving force that transfers in down-
slope direction. These forces are assumed to occur near instantaneous 
after failure. This does not alter the initiation moment or location where 
the algorithms first initiates a slope failure failure. The progressive 
failure is modelled according to the method described in the previous 
section. Only when the iterative solution predicts a progressive set of 
failures on a slope, does the later force propagation come into play. The 
force propagation does alter the geometry of slope failure surfaces. Since 
excess driving force is transferred down slope, lower ends of an unstable 
area decrease in stability. Thus, more material needs to be removed to 
gain a stable post-failure material column. As a result, an approximate 
ellipsoid geometry can emerge (see specifically Section 3). This repli-
cates the behavior found in rotational failures and models such where 
the sub-surface force propagation determines the ellipsoid shape. 

3. Two-dimensional analysis 

A two-dimensional comparative analysis was carried out to investi-
gate the distinct performance of four types of slope stability methods. 

Fig. 3. Schematic overview of subsurface forces in the iterative failure method.  
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This both validates the methods against accurate alternatives (random 
ellipsoid sampling and finite element modelling), and highlights the 
different behavior of the iterative slope failure model with forcing. A 
selection of four slope curves were generated using typical curvature 
types: convex, concave and the combination of both. These curved 
slopes can highlight the differences between model results. Fig. 4 shows 
the used slope curves and the equations used to generate these. 

A topsoil layer is assumed, with bedrock underneath. The depth of 
the topsoil layer is calculated using Eq. (9). The soil depth provided here 
have been selected based on considerations of realism and highlighting 
the behavior of the models (see also the soil depth data for the Messina 
study case later in this work). Material properties are [c,ϕ, γ] =
[20kPa,30degrees,2400kg/m3]. 

SD = 5.0 − 1.5
Elevation

Elevationmax
(9) 

A two-dimensional implementation of the random ellipsoid sampling 
found in the work of Mergili et al. (2014a); Xie et al. (2003) is used. The 
simulations implement truncated ellipsiod sampling in a terrain-relative 
scheme. A sampling density of 5 locations per gridcell, with 6 types of 
rotation, height, width and length are attempted. Rotation varies around 
the terrain slope with 30 degrees. Height varies between 0.1 and 1.0 
times the height of ellipsoid. Finally, width and length vary between 5 
and 100 m. Both the iterative failure model and iterative failure model 
with forcing are then compared to the results of random ellipsoid sam-
pling. An overview of two-dimensional failure volume predictions is 
shown in Fig. 5. The results of the random ellipsoid sampling are shown 
as a semi-transparent overlay of all found unstable samples (opacity 
scales inversely to the total number of samples). 

The results of the random ellipsoid sampling are presented in a 
probabilistic manner, where all unstable ellipsoids are shown, and 
ellipsoid density indicates probability of the failure plane occuring at 
that location. The overall differences between the models applied to the 
two-dimensional examples slopes are minimal. All of the methods pre-
dict a failure with similar volume, geometry and extent. Average failure 
volumes for each method and computation times are shown in 3. 

The results of both finite element modelling and random ellipsoid 
sampling are highly similar. Both methods can be theoretically expected 
to provide accurate results due to their limited number of assumptions 
and extensive description of subsurface stress ((Duncan and Wright, 
1980)). The iterative methods deviate from each other but are both 
reasonably similar to the other methods. A distinction can be found in 
the finite element results where failure volumes are, on average, 
significantly smaller compared to the total unstable volume predicted by 
random ellipsoid sampling (67,800m3 and 92,300m3 respectively when 
considering the width of the slopes to be 100 m). Other differences can 
be found when comparing the iterative failure method with either 
random ellipsoid sampling or finite element modelling. In particular, the 
iterative method without additional forcing underestimates the depth of 
failures and does not provide the typical rotational shapes shown by 
either of the other models. This can be well explained by both the as-
sumptions and limitations of this method (Milledge et al., 2012). First, 
the depth of the failure surface is the minimum depth required to regain 
a stable slope. This is based on the assumption that a failure surface 

might develop as any planar surface parallel to the terrain. Opposed to 
this, random ellipsoid sampling only considers ellipsoid failure surface 
geometries and generally aims to find the lowest FoS. As is visible in the 
results, this does not result in a minimum removal of material. The 
iterative method with forcing predicts failure volumes that are closer to 
random ellipsoid sampling and finite element modelling. This is pre-
dominantly caused by the increased volumes of the slope failures, which 
are a result of the propagated excess driving forces that occur post- 
disruption. Besides similar performance in terms of accuracy, there is 
a significant distinction in simulation time. Both iterative methods 
perform several orders of magnitude faster then random ellipsoid sam-
pling or finite element modelling. This opens possibilities for dynamic 
interactions with simulations of ground-water dynamics and infiltration. 
Such approaches can be limited by their computational demands (Reid 
et al., 2015). 

4. Application of the model 

The improved model for progressive slope failure analysis was tested 
in a study area in the northeastern sector of Sicily, Italy. Both the study 
site and the event are described in more detail in Lombardo et al. (2015) 
and Schilirò et al. (2015). On the 1st October 2009, hundreds of debris 
flows were triggered as a result of a cloudburst which released 250 mm 
of rain in a few hours, whereas the area was also exposed to around 250 
mm in the previous two weeks. As a result, the already saturated soils 
draping over rough terrains failed either as debris slides, of which many 
evolved into debris flows, or as debris flows, eroding the slope down to 
approximately two meters (see Figs. 6 and 7). 

These shallow and fast landslides entrained a sandy gravelly and 
relatively highly organic material originated from the underlying 
weathered layer of medium to high grade metamorphic rocks (Cama 
et al., 2015). Several of these flows followed the main stream incisions 
along the slope, interacting with each other and merging into larger and 
combined masses, which caused severe damage in the downstream vil-
lages (37 victims and 500 M of damage). The trigger rainfall had an 
extreme intensity of 120 mm/h (Lombardo et al., 2016), for which the 
return period was estimated to correspond to a 30 year interval (Aronica 
et al., 2012). The area exposed to the storm spans over 12 coastal 
catchments. In this contribution, we selected just the Messina water-
shed, where a debris flow inventory was previously built, with 395 slope 
failures and modelled for susceptibility and hazard purposes (for details, 
see Lombardo et al., 2014). Data requirements for deterministic simu-
lations consist of: i) Digital Elevation Model (DEM), ii) Soil Texture, iii) 
Soil depth, iv) Land Use, v) Normalized Difference Vegetation Index 
(NDVI), and vi) Precipitation regime. 

The 2 m resolution DEM was pre-event and generated from a LIDAR 
survey (for details, see Cama et al., 2016). Application of the infinite 
slope method on a 2 m resolution grid can cause erroneous artifacts 
(Fuchs et al., 2014). However, with sufficient data quality, application 
can provide meaningful results (De Sy et al., 2013). For this reason, it is 
included in the comparative analysis of this work. The 200 m resolution 
Soil Texture comes from a national survey and highlights the presence of 
clayey sands in the Peloritani ridge transitioning to clay and then to sand 
towards the coastline (Schillaci et al., 2017). Soil properties were re- 
scaled based on 13 texture measurements (soil, sand, clay gravel and 
organic matter content) within the study site. The rescaling was carried 
out in two steps: 1) an inverse-distance interpolation of the measures 
textures was made, 2) Each texture class of the National survey was 
given the average value of the interpolation result within its class 
boundaries. The interpolated samples were not used directly as their 
spatial distribution did not cover the study site with sufficient density. A 
10-m resolution land use map was generated from semi-automated 
classification of Sentinel-2 scenes (Bout et al., 2018). The NDVI was 
calculated from 4 m resolution KompSat-2 data. While land use data is 
used for the majority of surface properties in the model, NDVI is used to 
empirically estimate leaf area index and vegetation cover (Bout et al., Fig. 4. The slope elevation for the two-dimensional analysis.  
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2018). Vegetation cover is taken to scale linearly between lowest and 
highest ndvi values (Choudhury et al., 1994). Leaf area index is esti-
mated using an emperical relaionship from Choudhury (1987). Rainfall 
time series with 10 min resolution was obtained from local rain-gauges. 
Soil depth was derived in an earlier work using multivariate statistics 
(see for details Bout et al. (2018)). Specifically, an ordinary least square 
was run between 13 soil depth measurements and terrain properties 
(Kuriakose et al., 2009). The distance from the coastline, distance from 
the channel network, slope and curvature were correlated with soil 
depth with an R2 of 0.69. While this approach introduces some errors 
into the model input data, it does capture the spatial variability of soil 
depth, which can be crucial in predicting shallow slope failure processes 

(von Ruette et al., 2013). Four models are parameterized and used to 
simulate failure depth spatially for the event; The infinite slope, iterative 
failure method, improved iterative failure method and random ellipsoid 
sampling. Each of the input maps described above is resampled to 2 m 
spatial resolution. Random Ellipsoid Sampling was performed using the 
r.slope.stability model. While random ellipsoid or spheroid sampling 
methods are meant for rotational slides in particular, their broad support 
and application to debris flows and shallow landslides make comparison 
valueable (Alvioli et al., 2018; Qiao et al., 2019; Palacio Cordoba et al., 
2020). Sampling parameters were set to be: sampling density = 10, 
layers = 1, seepage in slope direction, truncation of ellipsoids, maximum 
width/length = 100 m, maximum vertical depth = 20 m, maximum 

Fig. 5. Results for the failure volume simulations using random ellipsoid samplings (left), iterative slope failure and iterative slope failure with forcing (middle) and 
Finite Element Modelling (right). Grey shades represent the density of unstable ellipsoids. The Blue ellipsoid shown is the unstable ellipsoid with the largest volume. 
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

B. Van den Bout et al.                                                                                                                                                                                                                         



Engineering Geology 284 (2021) 105942

8

offset = 100 m, maximum length/width ratio = 10. Calibration was 
performed for each model independently by variation of soil cohesion 
and internal friction angle. These values were varied between 50 and 
150% of their original value with increments of 10% points. As a mea-
sure of fit, we use Cohens Kappa, since it is able to compensate for 
accidental correlations that are expected (Bout et al., 2018). 

The slope failure models use a groundwater and soil moisture state 
derived from ground water simulations performed by Bout et al. (2018). 
Failure predictions occur for the ground water state immediately after 
the 2009 extreme precipitation has occurred. Soil moisture effects are 
included in all models. Apparent cohesion with matric suction is 
included in all models except random ellipsoid sampling. The results are 
shown in Fig. 8, together with the inventory of mass wasting processes 
during the event. The Inventory does not distinguish between source, 
transition and deposition zones. Instead, only complete visible extents 
have been mapped for each debris flow. This complicates comparisons 
with simulated slope failures. Alternatively, some subset of each debris 

flow extent can be estimated to be the source area. However, such 
estimation require some assumption about which part of each polygon 
in the inventory is the source area, which might not be accurate. Thus, 
comparisons in this work are shown to the full inventory. As a result, 
accuracy numbers for each model will likely be overestimated to some 
extent. 

The calibrated model outcomes are shown in Fig. 8. 
Both the shapes and sizes of predicted slope failures vary between the 

used methods. General locations of failures are similar. This is in part 
due to the calibration process, which optimizes each model for the same 
objective function. The infinite slope predictions are spatially scattered 
while the iterative methods (with and without forcing) introduce 
spatially connected failures. Random ellipsoid sampling provides the 
largest area of failures, with smooth ellipsoid failure areas. The accuracy 
of the predicted slope failures for the Messina catchment using different 
methods are shown in Table 2. The final calibration parameters for each 
of the models are shown in Table 3. 
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Fig. 6. The two panels show an overview of the study area and associated landslide inventory.  

Fig. 7. The six panels show the parameters we used plotted in map form.  
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The predicted failure depths are shown in Fig. 9. The failure depths 
of the infinite slope implementation are restricted to either the full soil 
depth for unstable pixels (FoS ≤ 1), or no failure at all for stable pixels 
(FoS > 1). The other methods provide more smooth predictions of slope 
failure, with the smaller failure depths typically found at the edges of 
failures. Both the ellipsoid sampling and iterative method with forcing 
predominantly predict the deepest part of the failure at the lower center 
of the failure. 

For each of the methods, size-frequency distribution and area- 
volume are shown in Fig. 10. For the iterative methods and infinite 
slope method, individual slope failures are obtained by grouping 
together directly connected pixels that have experiences instability. 

5. Discussion 

5.1. Failure surfaces 

During the 2009 Messina event, failure surface depths did generally 
not exceed the soil depth, and often only included only parts of the full 
soil material. This resulted in shallow slope failures that formed debris 
slides and debris flows. These observations are visible in all model 
outcomes except the infinite slope model, where failures pertain to full 
soil depth automatically. The simulation results indicate the shear 
amount of precipitation that fell in short time could not be accommo-
dated by the thin soil layers. The coarse, fragmented weathering 

products are characterized by high infiltration rates which allow for fast 
material saturation increase and ground-water response to short and 
high-intensity precipitation, as has been reported in literature (Gofar 
et al., 2007, 2008). The actual geometry of the failure surfaces provided 
significant variation. Despite the shallow nature of the slope failures, 
and the strong influence of pore pressures in slip formation, a large 
number of failure surfaces predicted by the iterative methods and 
random ellipsoid sampling featured partially rotational shapes. For the 
iterative methods, this can be predominantly attributed to the assump-
tion that a slip surface might develop at any depth. The assumptions of 
the iterative method are based on near-instantaneous progressive fail-
ures, such as have described an modelled by Wang et al. (2016). The 
numerical investigations performed in their work highlight the possi-
bility of both shallow or deeper progressive failures. In particular, their 
results show a series of shallow progressive failures can effectively result 
in planar slip surfaces. 

5.2. Accuracy 

The model outcomes generally show slight to fair agreement with 
observed debris flow extents. As with other studies, a major factor in this 
comes from input data uncertainties ((Borga et al. (2002); Lee and Park 
(2012)). In the Messina study case, properties such as vegetation cover, 
cohesive strength and in particular soil depth, which can have a major 
influence on slope stability predictions (von Ruette et al., 2013), are 

Fig. 8. Predicted failure location compared with mapped landslides for each model. A: infinite slope B: random ellipsoid sampling; C: iterative failure without 
forcing; D: iterative failure with forcing. TN: True negative, TP: true positive, FP: false positive and FN: false negative. 
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estimated using little data and empirical methods. However, as stated by 
Frattini et al. (2009), measuring soil depth and cohesive strength in the 
field is challenging, in particular if a high sample density is required. 

The considered models also are influenced by their methodological 
assumptions. Specifically, the infinite slope method, due to its simple 
approximation, provides the least overlap between predicted and 
observed failures. On the other hand, while the iterative slope failure 
method initially uses the same physical principles for stability, failure 
volumes are calculated by including some spatial interactions through 
changing slopes. This alters the final calibrated parameters and slightly 
improves failure patterns. A more significant improvement is found in 
the area-frequency distribution of the slope failures. Here, infinite slope 
lacks any expected pattern since larger slope failures are completely 
absent due to the lack of lateral interactions. The iterative methods 
match the Frequency Area Distributions (FAD) of the inventory with 
higher likeliness. Random ellipsoid sampling shows similar Cohens 
kappa to the iterative method with forcing, but better matches the FAD 
for larger failures. 

The Area-Volume scatter plots in Fig. 8 are shown together with 
three slide-failure empirical relationships from Guzzetti et al. (2009); 
Larsen and Torres-Sanchez (1998); Martin et al. (2002). Each of these 
emperical relationships was derived based on a dataset containing large 
number of slope failure samples. As a result, these equations are valid for 
area values that are within the range of the original data use to produce 
them. The three equations shown in this work cover the slope failure 
areas found in the Messina simulations. Here, the weakness of the 
infinite slope method on small grid sizes is evident, as only the smaller 
failures exist, and show non of the expected pattern. The iterative 
methods follow Guzzetti et al. (2009) first and Martin et al. (2002) above 
an area of 200m2. Random Ellipsoid sampling follows Martin et al. 
(2002) above an area of 200m2 and drops beneath the empirical re-
lationships below this value. Some of the reasons for the differences in 
prediction accuracy can be found in the in prediction accuracy can be 
found in the representation of physical processes within each model. The 

first major difference in model workings is the spatial connectivity of 
failure calculations. The infinite slope method depends fully on local 
forces for its FoS. As a result, noise and errors in input data can result in 
scattered, small slope failures (Lee and Park, 2012). As is visible in 
Fig. 10, this results in a large over-estimation of the frequency of smaller 
failures. Although significantly less, the iterative methods similarly 
over-estimate small failures when compared to the inventory, while 
random ellipsoid sampling under-estimates these. 

A second difference is found in the roll-over point, the location 
within the area-frequency distribution across which smaller slope fail-
ures are less frequent. This effect is partially caused by inherent prop-
erties of slope failure inventories. The smallest of landslides are 
increasingly difficult to map, often leading to a roll-over point. The 
presence of a roll-over point within the random ellipsoid sampling re-
sults from the assumed slip surface geometry of failures and practical 
model limitations. To reduce computation time, a minimum ellipsoid 
size must be set, which is typically chosen close to the size of the smallest 
observed or expected slope failure. In the presented simulations, a 
minimum size of 10 m (5 gridcells) was used. Because of this, smaller 
slope failures are predominantly ignored. The tested ellipsoids sample at 
least a slope failure surface of 10 m in length and width. This effect does 
however not fully explain the strong decrease in frequency for slope 
failures with surface areas between 100 m2 and 25 m2. To provide more 
accurate results, more and smaller ellipsoids must be tested, increasing 
computational costs exponentially. Opposed to this, the iterative 
methods do not depend on pre-defined geometry types (e.g. ellipsoids or 
spheroids) to obtain a failure surface. Instead, the iterative failure 
method follows the solution to the equations and can predict a wide 
variety of failure surface geometries (see also the discussion on profiles 
in 5.4). 

In the FAD curves, additional differences emerge, both between the 
models and with the inventory data. The infinite slope prediction both 
over-estimates small slope failures (compared to the inventory) and 
underestimates larger slope failures. The iterative methods with and 

Fig. 9. Predicted failure depths in meters. A: infinite slope (ISM) B: random ellipsoid sampling (RES); C: iterative failure without forcing (ISF); D: iterative failure 
with forcing (WSFWF). 
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Fig. 10. Area-Frequency curves for the predicted slope failures and Area-Volume plots for the predicted slope failures. Data on the Frequency Area Distribution 
curves: Inventory: Rollover = 80, β = 1.82; Infinite Slope Method: Rollover = /, β = 1.268; Random Ellipsoid Sampling: Rollover = 80, β = 1.27; Iterative Slope Failure: 
Rollover = /, β = 2.34; Iterative Slope Failure With Forcing: Rollover = /, β = 2.57. For the Infinite Slope Method, Iterative Slope Failure and its extension With 
Forcing, the Rollover cannot be computed. 
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without forcing more closely match the frequency of larger failures but 
similarly over-estimate smaller failures. The inventory shows a roll-over 
point at around 80 m2. The random ellipsoid sampling results similarly 
show a roll-over point at an area of approximately 80 m2. For larger 
failure surfaces, it provides the best fit, as the iterative methods under- 
estimate the number of large slope failures. This method however under- 
estimating the frequency of small failures in the inventory. The results 
indicate a crucial matter of methodology in catchment-scale landslide 
prediction. 

Current methodologies on catchment-scale modelling of landslide 
areas and volumes are often calibrated and validated against inventory 
data. It is, however, in the nature of landslide inventories to underesti-
mate the theoretically expected number of smaller landslides due to 
mapping limitations. If the method itself does not feature some rollover 
point, or if the rollover effect is of different magnitude, calibration can 
lead to non-optimal results. Such is the case for each of the presented 
modelling methods. Fig. 10 shows that the area-frequency density dis-
tribution of random ellipsoid sampling is more accurate for larger fail-
ures than the iterative methods. The inaccuracy of the iterative methods 
could be caused either my modelling assumptions, as the iterative 
methods inherit some weaknesses from the infinite slope model, as well 
from the invalid method of calibration. A straighforward solution is to 
better include the smallest slope failures within the inventory. However, 
due to their large number and small sizes, mapping these often requires 
unrealistic amounts of manual labor and data. Another approach is to 
temporarily remove the smallest slope failures (those with size below 
the rollover point) from the model results, as these are also not included 
in the inventory. Calibration would then occur only on the slope failures 
that are present within the inventory. 

5.3. Subsurface forces 

The iterative model with forcing includes a lateral sub-surface force 
that propagates through the terrain. An overview of the simulated 
subsurface forcing in the improved iterative failure method is shown in 
Fig. 11. 

The patterns in upslope forcing arise from excess driving forces 
which propagata from disrupted upslope areas (Eq. 20). Areas with low 
stability provide forcing that works through the subsurface towards 
downslope areas. The particular manner in which the forcing influences 
the extent of the instability largely depend on the topography. This is 

caused partially by the relatively homogeneous strength parameters and 
soil depth. The primary benefits of the simulated force propagation are 
visible in the improved accuracy and failure extents. Scattered small 
failures become connected through the lateral intereactions caused by 
force propagation. This merges multiple smaller disconnected slope 
failures into a single larger body. This solves a well-known issue with the 
infinite slope model, where due to dependency on local parameters, 
slope failures could be pixel-sized and scattered. Another improvement 
caused by the addition of upslope forcing is the imitation of rotational 
behavior. In many cases, excess forcing concentrates downslope, leading 
to a smaller safety factor and finally a deeper failure at the bottom. This 
pattern is typical of rotational landslides, where failures can frequently 
extend beyond the locally stable areas (Low et al., 1998). 

5.4. Influence of approximation on depth patterns 

For a better comparison of failure depths using the described 
catchment-scale slope failure methods, several profiles of failure are 
shown in 12 together with a profile of the elevation model and the 
inventory. 

The profiles in Fig. 12 show the geometry of the predicted slope 
failures differ based on the method used to estimate them. The used 
implementation of the infinite slope model predicts failure of either the 
full soil depth in case of instability (FoS 1) or no failure (FoS > 1). Such 
patterns can be realistic depending on the type of slope failure. When 
such as modelling approach is applied at a fine resolution, such as the 
presented study case, failure surface geometry can becomes unrealistic 
due to the influence of noise and errors in the data (particular elevation 
data) (Lee and Park, 2012). The iterative methods that are presented in 
this paper show patterns that are distinctly different from both random 
sampling and the infinite slope prediction. In the case of the Messina 
catchment, ellipsoids are not the predominant geometry type of slope 
failures, since the failures were mainly translational in nature. For 
application to this area, the assumptions underlying random ellipsoid 
sampling method might not be fully met for every slope failure. Despite 
this, the methods predicts spatial patterns well. Failure depths match the 
general observation of depths around 2 to 3 m (Schilirò et al., 2015). In 
the three-dimensional application of the iterative method with and 
without forcing we observe identical trends in slip surface geometries as 
in the two-dimensional tests. The iterative method with forcing shows 
rotational behavior dependent on the topography, and creates more 
connection between predicted failures locations. 

5.5. Usability 

Each of the models used in this work have been developed with the 
aim of capturing specific types of slope failure processes in a specific 
manner. This determines the assumptions made in the models theoretic 
bases, and as a result influences accuracy. They inhibit a specific niche 
(type of simulated process, available input data, available resources for 
data acquisition and modelling) where application of the model is use-
full and justified. The simplicity of the infinite slope model results in an 
efficient method that can work on large datasets with low-resolution 
data (van Beek, 2002). For the 2009 Messina event that was analyzed 
in this work, which has a 2-m spatial resolution, many artifacts existed in 
the model outcomes of the infinite slope model. Both iterative methods 
provided more accurate and realistic results for the shallow soil slips in 
the study case (see Table 1). In comparison to random ellipsoid sam-
pling, its performance is only slightly decreased while computation time 
is several orders of magnitudes smaller (see Table 1). However, there is a 
major difficulty with finding regional failure depths based on random 
sampling, namely finding a set of ellipsoid describing the failure sur-
faces. Random Ellipsoid Sampling result in a large set of often over-
lapping unstable ellipsoid failure surfaces. Taking all of these as actual 
predicted failures ignores the changes in sub-surface stress sates once 
material is disrupted. Because of this, obtaining failure volumes from 
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Fig. 11. Spatial prediction of additional forcing from upslope instabilities for 
the Messina catchment. 
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Fig. 12. Profile plots through four slope failures in the Messina area. Left) depth of the slip surface. Blue background indicates the presence of slope failure in the 
inventory along the profile. Right) terrain profile. The profiles show the locations of the inventory (above the terrain, in blue) and the modelled failures (below). This 
is just an indication of spatial extent, and do not represent an elevation. (For interpretation of the references to colour in this figure legend, the reader is referred to 
the web version of this article.) 
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such results can be complicated Reid et al. (2015). 

5.6. Practical implications 

Several practical implications can be considered for the presented 
method on the broader application of hazard and risk assessment and 
understanding the mechanics of landslide processes.  

1. The presented method, and the model outcomes, are currently 
limited to the Messina area. Further research on the sensitivity of the 
iterative methods to grid cell size, geological setting, type of failures 
and topography is required to provide justification for broader reli-
ability of the method.  

2. The presented model provides a deterministic slope failure volume 
prediction at catchment-scale. As such, it provides a means of pre-
dicting source-volumes for mass movements in hazardous events at 
catchment-scale. Such information can be of crucial importance for 
future hazard and risk assessment (Blahut et al., 2010). Application 
of the presented method for such means would require an investi-
gation of the transferability of calibration parameters to other pre-
cipitation events.  

3. Another important consideration in the usability of the mentioned 
slope failure methods is the calculation time for each approach. The 
infinite slope method provides the lowest computational cost. This 
makes this method applicable for fast estimations of landslide sus-
ceptibility at large scales. However, results provide a limited 
description of underlying processes. For a more detailed analysis of 
probabilistic slope stability in the presented study case, the random 
ellipsoid method was most suited out of the tested models. This 
model provided the highest accuracy and can, on theoretical 
grounds, be expected closest to analytical solutions for slope stabil-
ity. However, due to the large number of ellipsoid samples tested 
during a simulation, it required larger amounts of processing time. 
Additionally, it requires more input parameters to describe the 3d 
terrain. The iterative methods required more calculation time than 
the infinite slope method, especially with upslope forcing. However, 
the computation speed of previous versions of the iterative failure 
method have been reported to be high enough to be used in real-time 
spatially distributed high resolution physically-based simulations of 
hydrologyground water dynamics, slope stability, slope failure (Bout 
et al., 2018).  

4. The availability of an efficient catchment-scale model for both slope 
failure and failure depths might provide improvements to the ad-
vances in multi-hazard modelling. The developed method could 
potentially act a link between slope stability and runout models. A 
similar coupled setup has been developed by Fan et al. (2017b); Bout 
et al. (2018), which provided valuable insights into the processes at 
work during the failure-runout phase. 

6. Conclusions 

In this article we have presented the iterative slope failure method 
with forcing (developed as part of the open-source OpenLISEM Hazard 
model). This method is a variation on the iterative failure model. 
Catchment-scale application for Messina has shown minor 

improvements when using either infinite slope or iterative method. 
Random ellipsoid sampling performed better on especially larger slope 
failures. However, with a minor loss of accuracy, computation time was 
reduced by several order of magnitude. Future research must validate 
the presented methodologies for application on other types of terrain, 
spatial resoltuions and geological settings. If successful, strong coupling 
with hydrology simulations could potentially provide a basis for inte-
grated failure-runout models. 

Analysis of frequency-area curves and frequency area distributions of 
model outcomes showed a variety of key differences. The used imple-
mentation of the infinite slope method method suffered from its simple 
description of the FoS based on local forces and that either all the soil or 
no soil at all fails. The variability in the high-resolution data for the 
Messina study case resulted in many pixel-sized, disconnected slope 
failures, which were not observed in reality. A further issue arose in 
methodological considerations. While both the inventory and random 
ellipsoid sampling method showed rollover points, the iterative methods 
did not. Normally, the rollover point indicates the size beyond which 
smaller slope failures do occur, but are not mapped as part of inventories 
(Tanyaş et al., 2019). For the iterative methods only, the frequency of 
landslides continued as would be theoretically expected. This poses the 
question of the validity of calibration methods. In calibration, these 
methods are compared against inventories that underestimate, by their 
very nature, the smallest failures. Future studies might investigate the 
influence of calibration of catchment-scale slope failure models that 
predict small slope failures that are below the rollover point of the 
inventory. 
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Table 1 
Results of the 2D comparative analysis of several slope failure methods. Failure 
volume is calculated based on a slope width of 100 m. Computation time pro-
vided for average simulations on an Intel Core i7–8750H.  

Method Failure volume (m3) Computation time (ms) 

Random Ellipsoid Sampling 92,300m3 38,400 
Iterative 67,800m3 221 
Iterative with Forcing 102,300m3 462 
Finite Element modelling 82,900m3 175,739  

Table 2 
Accuracy of the tested slope stability methods. The overlap(%) is computed as 
(TP + TN)/(TP + FP + FN + TN). TPR is the true positive rate and TNR is the true 
negative rate. For conciseness, the methods are reported with the following 
acronym scheme: Infinite Slope Method (ISM), Iterative Slope Failure (ISF), 
Iterative Slope Failure With Forcing (ISFWF), Random Ellipsoid Sampling (RES). 
Shown number indicate the number of pixels (each pixel represents a 2 × 2 
meter area).  

Method Overlap(%) Coh. Kappa Computation time 

ISM 0.87 0.104 0.74 s 
ISF 0.91 0.141 3.2 s 
ISFWF 0.92 0.18 5.8 s 
RES 0.92 0.20 23.1 min   

Method TP FP FN TN TPR TNR 

ISM 46,004 312,624 167,623 3,687,350 0.12 0.96 
ISF 49,854 173,518 246,233 3,794,176 0.22 0.93 
ISFWF 44,497 178,865 139,200 3,901,030 0.20 0.97 
RES 58,961 234,898 129,403 3,834,540 0.20 0.97  

Table 3 
Calibrated parameters for each of the used models. For conciseness, the methods 
are reported with the following acronym scheme: Infinite Slope Method (ISM), 
Iterative Slope Failure (ISF), Iterative Slope Failure With Forcing (ISFWF), 
Random Ellipsoid Sampling (RES).  

Method Cohesion multiplier Internal friction angle multiplier 

ISM 0.86 0.78 
ISF 0.92 0.62 
ISFWF 1.32 0.69 
RES 0.76 0.91  
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Appendix A. Inversion of FoS equation 

Solving Eq. (4), the infinite slope expression for Factor of Safety, for a material depth value (h) can be done by means of algebraic manipulation. 
With the aim of clarity, the expression for the angle is substituted. The angle θs is expressed as the angle between some material column with height h, 
and the height of the downslope neighbor (h0). 

FoS =
c + h(γwθ + γ(1 − θ) )cos(arctan(h − h0)/dx )2tanϕ

h( − γwθ + γ(1 − θ) )cos(arctan(h − h0)/dx )sin(arctan(h − h0)/dx )
(A.1) 

Then, substituting the following trigonometric identities: cos(arctan(x)) = 1̅̅̅̅̅̅̅̅
1+x2

√ , sin(arctan(x)) = x̅̅̅̅̅̅̅̅
1+x2

√ and results in the following expression: 

FoS = 1 =
c + h(γwθ + γ(1 − θ) ) 1

1+((h− h0)/dx )2tanϕ

h( − γwθ + γ(1 − θ) ) 1̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1+((h− h0)/dx )2

√ ((h− h0)/dx )̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1+((h− h0)/dx )2

√
(A.2) 

Finally, re-ordering and isolating for h result in a second-degree polynomial for which two roots can be obtained using the quadratic formula. 

h =
1

2(c + γdxθ − γdx − wdxθ)

(

+
/
−

((

− 2ch0 − γdx2θ(ϕtan)+ γdx2(ϕtan)+ γ0dx2θ(ϕtan) −

γdxθh0+ γdxh0+ γwdxθh0
)2 − 4

(
cdx2 + ch02)(c+ γdxθ − γdx − γwdxθ)

)0.5 + 2ch0+ γdx2θ(ϕtan) − γdx2(ϕtan) − γ0dx2θ(ϕtan) + γdxθh0 − γdxh0 − γwdxθh0
(A.3) 

In a similar manner, Eq. (8) can be expressed in a simplified manner, where the slope angle depends directly on the material column height h. 

FoS =
c + h(γwθ + γ(1 − θ) )cos(arctan(h − h0)/dx )2tanϕ

F + h( − γwθ + γ(1 − θ) )cos(arctan(h − h0)/dx )sin(arctan(h − h0)/dx )
(A.4) 

Solving Eq. (A.4) for the depth of the material where stability is found again, can again be done using trigonometric identities. 

FoS = 1 =
c + h(γwθ + γ(1 − θ) ) 1

1+((h− h0)/dx )2tanϕ

F + h( − γwθ + γ(1 − θ) ) 1̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1+((h− h0)/dx )2

√ ((h− h0)/dx )̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1+((h− h0)/dx )2

√
(A.5) 

Re-ordering and isolating h within Eq. (A.6) finally results in the following two solutions: 

h =
1

2( − c − γdxθ + γdx + wdxθ + F)

(

+
/
−

((

2ch0+ γdx2θ(ϕtan) − γdx2(ϕtan) −

γ0dx2θ(ϕtan)+γdxθh0− γdxh0− γwdxθh0− 2Fh0
)2 − 4

(
− cdx2− ch02+dx2F+Fh02)(− c− γdxθ+γdx+γwdxθ+F)

))0.5 − 2ch0− γdx2θ(ϕtan)

+γdx2(ϕtan)+γ0dx2θ(ϕtan)− γdxθh0+γdxh0+γwdxθh0+2Fh0
)

(A.6)  
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Tanyaş, H., van Westen, C.J., Allstadt, K.E., Jibson, R.W., 2019. Factors controlling 
landslide frequency–area distributions. Earth Surf. Process. Landf. 44 (4), 900–917. 

Tiwari, R.C., Bhandary, N.P., Yatabe, R., 2014. Spectral element analysis to evaluate the 
stability of long and steep slopes. Acta Geotech. 9 (5), 753–770. 

Tohari, A., Nishigaki, M., Komatsu, M., 2007. Laboratory rainfall–induced slope failure 
with moisture content measurement. J. Geotech. Geoenviron. 133 (5), 575–587. 

Tsai, T.-L., Chiang, S.-J., 2013. Modeling of layered infinite slope failure triggered by 
rainfall. Environ. Earth Sci. 68 (5), 1429–1434. 

Ukritchon, B., Ouch, R., Pipatpongsa, T., Khosravi, M.H., 2018. Investigation of stability 
and failure mechanism of undercut slopes by three–dimensional finite element 
analysis. KSCE J. Civ. Eng. 22 (5), 1730–1741. 

van Beek, L.P.H., 2002. Assessment of the Influence of Changes in Land Use and Climate 
on Landslide Activity in a Mediterranean Environment – Doctoral Dissertation. PhD 
thesis.  

Van Westen, C., Van Asch, T.W., Soeters, R., 2006. Landslide hazard and risk zonation- 
why is it still so difficult? Bull. Eng. Geol. Environ. 65 (2), 167–184. 

von Ruette, J., Lehmann, P., Or, D., 2013. Rainfall-triggered shallow landslides at 
catchment scale: Threshold mechanics-based modeling for abruptness and 
localization. Water Resour. Res. 49 (10), 6266–6285. 

von Ruette, J., Lehmann, P., Or, D., 2016. Linking rainfall–induced landslides with 
predictions of debris flow runout distances. Landslides 13 (5), 1097–1107. 

Wang, B., Vardon, P., Hicks, M., 2016. Investigation of retrogressive and progressive 
slope failure mechanisms using the material point method. Comput. Geotech. 78, 
88–98. 

Westen, C.v., Terlien, M., 1996. An approach towards deterministic landslide hazard 
analysis in GIS. A case study from Manizales (Colombia). Earth Surf. Process. Landf. 
21 (9), 853–868. 

Wilkinson, P., Anderson, M., Lloyd, D., 2002. An integrated hydrological model for rain- 
induced landslide prediction. Earth Surf. Process. Landf. J. Br. Geomorphol. Res. 
Group 27 (12), 1285–1297. 

Xie, M., Esaki, T., Zhou, G., Mitani, Y., 2003. Three-dimensional stability evaluation of 
landslides and a sliding process simulation using a new geographic information 
systems component. Environ. Geol. 43 (5), 503–512. 

Xu, L., Dai, F., Chen, J., Iqbal, J., Qu, Y., 2014. Analysis of a progressive slope failure in 
the xiangjiaba reservoir area, Southwest China. Landslides 11 (1), 55–66. 

Zhou, C., Shao, W., van Westen, C.J., 2014. Comparing two methods to estimate lateral 
force acting on stabilizing piles for a landslide in the three Gorges Reservoir, China. 
Eng. Geol. 173, 41–53. 

Zhou, X., Cheng, H., 2013. Analysis of stability of three-dimensional slopes using the 
rigorous limit equilibrium method. Eng. Geol. 160, 21–33. 

B. Van den Bout et al.                                                                                                                                                                                                                         

http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0105
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0105
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0110
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0110
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0110
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0115
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0115
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0115
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0120
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0120
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0125
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0125
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0125
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0130
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0130
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0130
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0135
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0135
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0140
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0140
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0145
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0145
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0145
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0150
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0150
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0150
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0155
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0155
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0160
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0165
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0165
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0170
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0170
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0175
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0175
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0175
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0180
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0180
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0180
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0185
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0185
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0190
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0190
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0190
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0195
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0195
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0195
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0200
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0200
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0205
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0205
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0210
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0210
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0215
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0215
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0220
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0220
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0220
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0225
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0225
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0225
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0230
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0230
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0230
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0235
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0235
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0240
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0240
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0240
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0245
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0245
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0245
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0250
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0250
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0250
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0255
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0255
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0255
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0255
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0260
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0260
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0260
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0265
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0265
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0270
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0270
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0270
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0275
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0275
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0280
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0280
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0285
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0285
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0285
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0290
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0290
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0290
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0295
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0295
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0295
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0300
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0300
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0300
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0305
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0305
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0310
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0310
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0310
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0315
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0315
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0315
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0320
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0320
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0320
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0325
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0325
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0330
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0330
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0330
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0335
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0335
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0335
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0340
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0340
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0340
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0345
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0345
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0345
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0345
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0350
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0350
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0355
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0355
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0360
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0360
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0365
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0365
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0370
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0370
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0370
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0375
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0375
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0375
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0380
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0380
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0385
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0385
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0385
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0390
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0390
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0395
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0395
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0395
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0400
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0400
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0400
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0405
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0405
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0405
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0410
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0410
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0410
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0415
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0415
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0420
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0420
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0420
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0425
http://refhub.elsevier.com/S0013-7952(20)31839-1/rf0425

	Physically-based catchment-scale prediction of slope failure volume and geometry
	1 Introduction
	2 Theoretical background
	2.1 Terrain description and existing methods
	2.2 Iterative Slope failure
	2.3 Iterative Slope failure with Forcing

	3 Two-dimensional analysis
	4 Application of the model
	5 Discussion
	5.1 Failure surfaces
	5.2 Accuracy
	5.3 Subsurface forces
	5.4 Influence of approximation on depth patterns
	5.5 Usability
	5.6 Practical implications

	6 Conclusions
	Declaration of Competing Interest
	Acknowledgements
	Appendix A Inversion of FoS equation
	References


