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Abstract

Co-seismic landslides are triggered by strong ground shaking in mountainous areas, result-
ing in threats to human activity and infrastructure. Methods for physically-based modelling
of co-seismic landslide triggering play an important role in disaster prevention and mitiga-
tion. Current approaches, however, focus on direct and full failure of sloping rocks and soils,
and do not cover the dynamics of partial damage and post-earthquake stability. In order
to specify the seismic effect and simulate the dynamic failure process, we propose the use
of Fibre Bundle Model (FBM), a mathematical framework to simulate the highly nonlinear
behaviour of the progressive damage and breakdown of disordered media statistically. Soil
on slopes are considered as bundles of fibres with a certain strength probability distribution.
The damage in soil structure gradually increment during ground shaking. Our approach,
integrating seismic forcing into the method, allows for prediction of partial damage, as well
as full failure. We reach good validation results (AUC of 0.78). Due to the underlying
principles, the partial damage can be interpreted as a deterministic partial damage, or as a
proxy for failure probability. The partial damage could be critical in predicting the impact
of post-seismic landslide effects.
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1 Introduction

Co-seismic landslides triggered by strong earthquakes are the important earthquake effects
(Fan et al., 2019). Co-seismic landslides are a significant cause of economic loss and casu-
alties in mountainous areas located in seismically active areas. Their occurrence shows a
strong correlation with the intensity of ground acceleration during an earthquake, they can
obstruct rivers and reservoirs, and the landslide deposits on slopes can be remobilized during
subsequent heavy precipitation and convert into a debris flow.

Numerous studies have been carried out into the different aspects of co-seismic landslides.
Geographic Information System (GIS) and remote sensing are used for the generation of co-
seismic landslide inventories (Siizen and Doyuran, 2004; Xu et al., 2014), which are essential
for understanding the relationship between landslides and their contributing and triggering
factors. An open repository for hosting digital inventories is available on the platform of U.S.
Geological Survey Science Base (Tanyag et al., 2017). Factors such as seismic moment, focal
depth, and focal mechanism and fault rupture length are generally considered for statistical
correlation with landslide locations, and a globally constant threshold of acceleration was
also adopted for onset of systematic mass wasting (Marc et al., 2017). Landslide densities are
highest in the area with the largest ground acceleration and decrease with distance from the
epicentre (Meunier et al., 2007). Amplification of seismic waves associated with convexity
in mountain ridges results in higher landslide densities close to ridge crests (Meunier et al.,
2008). Next to the density of occurrence, the size and type of landslides are key components
for landslide hazard assessment (Lari et al., 2014). These variables are linked to ground
movement, distance from the seismic source, local relief, lithology and structural geological
context (Valagussa et al., 2019).

Analyzing the susceptibility of landslides is a crucial part of assessing landslide risks
(Van Westen et al., 2008). For the aspect of earthquake-induced landslides, several solutions
of co-seismic landslide risk assessment have been conducted by many researchers during
the past decades. Therefore, a number of useful methods and models are being developed
to advance the modelling of the susceptibility of co-seismic landslides. There are a vari-
ety of approaches based on statistics and physics. For methods involving statistics, tools
such as classical statistics, index based, machine leaning, multi criteria and neural networks
are widely used for susceptibility analysis over the past three decades (Reichenbach et al.,
2018). New innovations allowed the spatio-temporal prediction of the density of landslides,
their surface area and their enumeration in comprehensive Bayesian models. For example,
Lombardo and Mai (2018) proposed a work-flow to unify the way the community shares Lo-
gistic Regression results for landslide susceptibility purposes, which used the Least Absolute
Shrinkage Selection Operator (LASSO) for simultaneous parameter estimation and variable
selection in generalized linear models.

Physical-based approaches are based on the physics of the hydrological and geological
processes, which use physically based equations that can be beneficial to certain types of
applications. For areas with accurate data and limited dynamics, such as floods, accuracy
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is usually higher than empirical methods. In addition, physically based models predict full
dynamics and all involved physical quantities, thus improving the understanding of the pro-
cesses involved. Finally, these models allow for the exploration of possible scenarios, such as
climate change, land use practices or the construction of protective measures. When applied
to landslides, physically based models quantify the effect of geotechnical and hydrological
parameters on the slope instability based on laws derived from physical principles. Foe ex-
ample, Newmark’s method allows the modelling of a landslide as a rigid friction block that
slides on a sloping plane when subjected to a basic acceleration (Newmark, 1965). Subse-
quent improvements included vertical accelerations, which proved to be significant (Ingles
et al., 2006). A regression model on the basis of the Newmark analysis was conducted for
regional landslide hazard assessment (Jibson, 2007). The Scoops3D model can incorporate
the seismic effect in a pseudo-static model through adding a specified pseudo-acceleration,
which is a uniform horizontal coefficient as a fraction of the magnitude of the gravitational
acceleration (Reid et al., 2015). Lastly, the OpenLISEM model uses the peak ground accel-
eration parallel to the direction of the steepest slope in an infinite slope model(Bout et al.,
2018).

The existing models for predicting landslides are normally evaluated by considering the
presence and absence of landslides, which could be overly simple for reflecting the earthquake
effect on a specific slope. To illustrate this, four basic situations of slopes under an earth-
quake could occur (Figure 1): undamaged slopes, slopes with internal deformation, surface
failure, and failed slopes. From a perspective of internal damage, it is very often difficult
to differentiate the first and second situation in the field, the second situation may be very
close to the third one but the slope has not failed, the third situation could further develop
to be the fourth situation after ground shaking. Thus, the typical approaches lead to a
big uncertainty in the perspective of mechanisms. Cohen et al. (2009) proposed the use of
Fiber Bundle Model (FBM) (Peirce, 1926) to simulate the progressive failure of cracks and
shear zones in soils for the rainfall-induced landslides. Lehmann and Or (2012) extended the
application of FBM for hydro-mechanical triggering landslides, and simulated the process
of soil on hillsloe from progressive local failures to mass release. The studies lead to the
dynamic process of the landslide triggering mechanisms. Currently, no work exist that in-
cludes seismic effect into the FBM method, and analyses its predictions of co-seismic effects.
Therefore, we proposed a model framework that combines the FBM and seismic loads to
estimate co-seismic slope stability, and to quantify the internal damage of soil under seismic
and precipitation disturbances.

2 Modeling strategy

2.1 Evaluation of Force Equilibrium

The modelling approach developed through integrating the infinite slope model and the Fi-
bre Bundle Model (FBM) was used to quantify and present the seismic effects on slopes



104

105

106

107

108

109

110

111

112

113

114

115

116

117

118

119

120

121

122

123

124

I
=

Damage level

(a) Undamaged (b) Internal damage (c) Surface failure (d) Landslide

Figure 1: The schematic diagram of earthquake damage effect on slopes. (a) an undamaged
slope, (b) a slope with internal damage, (c¢) surface failure, (d) landslide.

spatially. In this model, the soil on a hillslope is designed to be an assembly of soil columns
(See Figure 2). The shear mechanical bonds of soils and the bedrock are considered as vir-
tual fiber bundles, and each bundle contains 10,000 fibres. The slip surface is assumed to
be the interface between the soil and bedrock or the interface between the two soil layers.
The local force model is used to describe the resisting force and driving forces. The driving
force includes a part of weight and the seismic loading. The resisting components consist of
capillarity, cohesion, and friction which mainly depended on the local geological and hydro-
logical conditions. The strength of each fibre is derived from the resisting strength of the soil
column, when the driving forces applied on fibres,and exceed the critical resistant of fibres,
then gradually breaking among fibres happens until all fibres break or reach equilibrium in
the soil column. Complete failure of the fibre bundle indicates landslide occurence.
The driving force D and resisting force 7, are given as

D = Hyl0pu + (1 - §)p,]g cos Bsin B + Hoapracos 5 (1)

7y = Cyout + {Hsal0pw + (1 — ¢)p,]g cos 8% — 1.} tany — Hygpcecos Bsin Stany  (2)

with soil depth H,4, volumetric water content 6, density of water p,, soil porosity ¢, soil
minerals density p,., acceleration due to gravity g, the slope angle along the maximal elevation
drop 3, soil cohesion Cl,;, the soil friction angle «, the soil strength provided by capillary
forces 7, the peak horizontal acceleration of earthquake «. The seismic forcing in the
resisting force formulation is following Morgenstern and Sangrey (1978).

2.1.1 Hydrology

The influence of the spatial and temporal distribution of rainfall on the pore water conditions
is an important component of the modelling framework of co-seismic landslides. In order
to to model the hydro-logical process in the context of in the rainfall-induced landslides,
Lehmann and Or (2012) combined the soil hydrologic parameterization of Brooks and Corey

4
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Figure 2: illustration of a hillslope with basic units of square soil columns. Slope angle is

B, driving force is D along the down slope direction, shear strength is 7, along the upslope
direction.

(1964) with the formulation for unsaturated soil strength by Lu et al. (2010). This model
performs well in the hydro-mechanical triggering model framework, and it has been applied
in several studies (von Ruette et al., 2013; Fan et al., 2016; Leshchinsky et al., 2021). We
have also adopted this hydromechanical model into the modelling framework for co-seismic
landslides.

The hydro-logical process considers the infiltration capacity, surface water flow, inter-flow
including fast water flow along the soil-bedrock interface, and lateral unsaturated flow within
the soil matrix.

with a certain porosity of soil mass, the water content is strongly positively correlated with
the weight of soil mass, and hence influences the down-slope driving force, while the intrinsic
mechanical strength change negatively. Based on the theory of effective stress of Bishop
(1959), soil strength is enhanced proportionally to capillary pressure head h.Lu et al. (2010)
introduced water saturation © as proportion factor linking capillary force with soil strength
7p,. Lehmann and Or (2012) chose the Brooks and Corey (1964) model parameterization for
the relationship between water saturation © and capillary head h. The soil strength 73, and
other hydraulic properties are given as

7(0) = puglhy© 3| (3)

hy = 0.042\ 108 (4)
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0, = 0.01x" "1 (6)

with capillary pressure head h, air-entry value hy, pore size parameter A\, water content 6,
effective water saturation ©, and residual and maximum water content 6, and 6.

The pore size parameter A\ is obtained from the soil water characteristic curve based
on the Brooks-Corey model, based on the soil texture class. earlier work has shown that
the empirical Brooks-Corey model can be derived form fractal modeling of porous media
(Friesen and Mikula, 1987; Toledo et al., 1993; Shen and Li, 1994; Shen et al., 1995; Abdassah
et al., 1996). Kewen (2004) developed a theoretical model which showed that the pore size
parameter A increases with the decrease in fractal dimension, described by equation

A=3-D (7)

with the fractal dimension. Porous media with greater heterogeneity have smaller values of
the pore size parameter A. Details for the quantification are presented in Appendix A.

2.2 The Fibre Bundle Model

Peirce (1926) first introduced the FBM to study the failure of cotton yarns, which initially
consists of a bundle of parallel, elastic, linear fibres of identical length and stiffness stretched
almost statically between two plates, either by controlling the deformation or the load (See
Figure 3). The FBM is a statistical approach to detect the progressive and dynamic breaking
process of materials that have a finite threshold strength pulled at random from a probabil-
ity density function (PDF). Step loading applied on the bundle causes weak fibres to break,
and redistribution of the load between the surviving fibres can trigger cascading breaks. In
spite of its simplicity, FBM has proven useful in simulating the highly non-linear behaviour
of progressive damage and degradation of disordered media. A systematic introduction is
represented by Hansen et al. (2015), which involves various applications and the mathemat-
ical, computational and statistical backgrounds. For the specific application in landslide
modelling, Cohen et al. (2009) revealed the strength of the FBM to represent the progressive
failure of soils on hill slopes, including soil elements such as interstitial cements, capillarity,
frictional contacts, and biological binders. Lehmann and Or (2012) put forward a more
complex model framework with FBM to simulate the dynamics of shallow landslides from
progressive local failures to mass release, and demonstrated that the size and frequency
statistics obeyed power laws with exponents similar to values from real landslide inventories.
von Ruette et al. (2013) extended the application of the framework for rainfall-triggered
shallow landslides at catchment scale, and Fan et al. (2015) further revealed the effects of
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Figure 3: A fibre bundle model stressed by an external force F. A bundle is clamped between
two rigid supports. (Hansen et al., 2015)

Force F

= = = Force-controlled mode
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Strain e

Figure 4: A comparison of the force-controlled mode (red dash line) and the strain-controlled
mode (blue solid line). After the breaking of a fibre, the force reduction happens abruptly in
strain-controlled mode, while in force controlled mode, the strain increases abruptly due to
load redistribution, causing cascading effect within the fibre bundle. (Hansen et al., 2015)

hydromechanical loading history and antecedent soil mechanical damage for subsequent shal-
low landslides initiation. These studies have demonstrated the ability of FBM for simulating
dynamic failure of soils for shallow landslide modelling.

2.2.1 Loading method

A fibre bundle is assumed as a collection of N elastic fibres. When the external force F is
applied in the axial direction, the extension of fibres € happens and corresponds with force F'.
The relationship with a probability distribution P(e) of fibres is, therefore, F' = Ne(1— p(e),
which could be represented in two different mode, strain-controlled with extension € or force
controlled mode, with force F as the independent variable.

In the strain-controlled mode, with the increasing of extension x, the decrease of force
F happens abruptly due to the rupture of fibres. Therefore there is no load redistribution
in the fibre bundle. In contrast, the extension x in the force-controlled situation increases
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abruptly, further causing global failure of the bundle because of the load redistribution among
surviving fibres. We chose the force-controlled mode because the model aims to simulate the
dynamics of soil properties with the change of external loading triggered by earthquake and
rainfall.

2.2.2 Weilbull Distribution for Heterogeneity of Soil Shear Strength

In general, the precise fibre strengths are unknown in soil systems, as it is impossible to
measure the strength of soils covering a regional area with sufficient detail. Instead, the
probability distributions can be obtained through statistical analysis of soil strength mea-
surements. The probability distribution of fibres strength are essential components of the
FBM which plays a critical role for simulating the gradual failure of bundles. The uniform
distribution and the two-parameter Weibull distribution are most common used in FBM.

The Weibull distribution was invented by Waloddi Weibull for fatigue testing and anal-
ysis (Weibull, 2013), and is also widely applied in reliability engineering, especially for the
distribution of cumulative wear failure of electromechanical products. The two-parameter
Weibull density distribution (PDF) is given as

h O.th

= (T esp (7)) 8

where " is the critial threshold strength of a fibre, m is the shape parameter, and k is

plot) = T

the scale parameter. The corresponding cumulative distribution function (CDF) is

oth
P(0") =1 — exp [=(—=)"] (9)

The strengths of soils could be well described by Weibull distribution with different
shape parameters m and scale parameters (Lim et al., 2004; Munkholm and Perfect, 2005;
Munkholm et al., 2007). Lim et al. (2004) presented an analysis of tensile failure of soil
grains compressed between flat plates, and demonstrated that this could be represented by a
Weibull distribution. (Munkholm and Perfect, 2005) made a comparison of the goodness-of-
fit for a three-parameter versus a two-parameter Weibull model, and showed that former fits
the aggregate rupture data better. In a further study, Munkholm et al. (2007) incorporated
the water content in the Weibull Model for Soil Aggregate Strength. The result indicated
that the water content had little or no effect on the spread of aggregate strengths.

The shape parameter is one of the key components of the two-parameter Weibull model.
Characterising the distribution of defects, it reflects the degree of material strength con-
centration (Rinne, 2008). With the increase of shape parameter, the strengths are more
concentrated, indicating that the brittleness of the soil increases and it is more likely to be
damaged, and when shape parameter decreases, the plasticity of the soil increases, which
is reflected in the strength enhancement. Gao F (1996) derived the relationship between
the fractal dimension and the Weibull modulus based on the hypotheses of the fractal dis-
tribution of crack sizes in brittle materials and the weakest link principle. The weakest

8
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link principle assumes that weakest elements in a loaded system are the most vulnerable
to fail, which is a fundamental hypothesis for modelling the dynamics of failure. Xu et al.
(2016) conducted a statistical approach describing the evolution of grain fragmentation from
mother material to its fragments, which proposed particle fragmentation results in a fractal
distribution of progeny fragments, and found a reasonably good relationship between the cu-
mulative survival probability of the particles and the tensile strength following the Weibull
distribution. This is a statistical approach based on this discovery, a equation of the Weibull
shape parameter and the fractal dimension was formulated as

D
3—D
with the fractal dimension D (See Appendix A), and m as well as Weibull shape parameter.

m =

(10)

The scale parameter k of Weibull distribution is the characteristic value of soil strength,
which is the 63.2 percentile of the distribution. It means that for all Weibulls 63.2 percentage
of the fibres will fail by a characteristic strength (Weibull, 2013). Cao and Zhang (2005) con-
ducted a research on Weibull analysis of rock damage based on the Mohr-Coulomb criterion,
and concluded that the shear strength can be represented by a Weibull probability distribu-
tion. Sornette (1989) formulated the relationship of shape parameter m, scale parameter k,
and the critical strength of material failure in the context of FBM, by using a central limit
theorem, the asymptotic theory of extreme order statistics proposed by Galambos (1978).
This study provided a solid method to use the Weibull distribution for the soil strength.
Based on Cao and Zhang (2005), and the relationship of Weibull parameters and critical
strength from Sornette (1989), we adopted the soil shear strength derived form the infinite
slope model as the critical strength of soil to calculate the scale parameter k in our model
framework. The equation is givens as

Ts

b= e (11)

Where m (right) and & (left) are the Weibull shape and scale parameters, and the 7, is the
critical strength of soil.

2.2.3 Loading Redistribution

Load redistribution between broken and intact fibres starts with breaking of the first fibre,
and induces further failures until all remaining fibres can either withstand the load, or until
the whole bundle ruptures. The mechanisms of load redistribution vary between two extreme
ends: the equal load sharing (ELS) and local load sharing (LLS). The equal load sharing
mechanism is the simplest one which assumes that the load from broken fibres is equally
distributed to all remaining fibres in case that the supports at the two clamped ends are
stiff, while the local load sharing mechanism assumes that the load is redistributed to the
neighbourhood of a broken fibre, which one of both supports at clamped bundle ends are
soft (Hansen et al., 2015). These mechanisms cause different failure behaviour of the fibre

9
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bundle system. Cohen et al. (2009) conducted a numerical experiment showing that ELS is
not influenced by the fibre topology, while LLS can increase the likelihood of catastrophic
failure because of the short-range interaction.

For the consideration of softness of soil, the LLS would match the reality better than
ELS. Meanwhile, the LLS model depends strongly on the way the fibres have been placed.The
pattern could be in one dimension along a line, or in the two-dimension. Theoretically, the
higher dimension LLS model is the best for soil failure modelling, but is inaccurate at solve
at practical scales (Hansen et al., 2015).Besides, Sinha et al. (2015) proposed that the higher
the dimensionality, the smaller the difference between the LLS and ELS. In view of these
studies, we choose the ELS as the loading redistribution mechanism.

Sornette (1989) formulated a equation for the calculation of the critical stress at global
failure of the bundle, and of the number of broken fibres under a load W with ELS rule.
We adopted in our study and incorporated it with the results of infinite slope model, which
provide the proportion of broken fires under the driving force. The equation is given as

F = P(X,) — B(o. — W/N)'/? (12)

where F is the proportion of broken fires, P is the CDF for the bundle, X, = k(1/m!/™),
and B = (mx)'/? for Weibull distribution. W is the driving fore, and N is the numbers of
fires in each soil column. In our numerical solutions, we choose N as 10000, after ensuring
any change in N does not significantly alter the model results.

2.3 Flow chart and numerical implementation

A flow chart of the model framework is presented in figure 5. The hydrological analysis
was based on the soil property data and rainfall data. Then the infinite slope analysis is
conducted with seismic loading of PGA, and the driving force and resisting forces are derived
and stored spatially for FBM implementation.

Weibull distribution of fibre strength is a key role in FBM calculation. It does not
only reveal the the uncertainty of the soil strength, and also provide a certain ranking
of fibre for gradual breaking process modelling. Weibull distributions of soil bundles are
represented with shape parameters and scale parameters. The shape parameter is estimated
by fractal dimension based on the soil clay content. The scale parameter is estimated by
shape parameter, and soil strength from infinite slope analysis.

After representing the soil strength with Weibull distribution, then implement the FBM.
since loads are applied on fibers, the first fibre fails, and load redistribution among fibres
causes cascade breaking until the bundle of fibre reaches equilibrium or all fibres break.

At last, the FBM provides the percentage of broken fibres for every soil bundle spatially.
The percentage of broken fibres ranges from 0 to 100%, and areas with 100% means landslides
happen.

The modelling process is performed in the OpenLISEM hazard software, an open-source

10
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Figure 5: A schematic overview of the model framework conducted in OpenLIESM

geo-spatial modelling tool (Bout et al., 2018). The data input consists of a set of projected
rasterized grids, in GeoTIFF for input.

3 Study Case

3.1 Landslides triggered by the 1994 Northridge earthquake

The model was applied to the area affected by the Northridge earthquake (Mw = 6.7,
January 17, 1994 Northridge, California). This area was chosen because of the availability of
data and the possibility to compare the results with earlier work. The earthquake triggered
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Figure 6: The left is the overview of the study area, the red area was mapped by Harp
and Jibson (1995), the grey area was mapped by Townsend et al. (2020); The right is the
landslide inventory of Townsend et al. (2020).

more than 11,000 co-seismic landslides over an area of about 10,000 km?2, most of them were
concentrated in an area of 1000 km? (Jibson et al., 2000)).

There are steep areas, such the Santa Susana Mountains in the north, Oak Ridge in the
northwest corner, and the Simi Hills in the south (Parise and Jibson, 2000). For the 1994
earthquake, Jibson et al. (1998) indicated that the Arias intensities ranges from 1.14 to 3.92
m/s, which corresponds to PGA between 0.35 and 1.00 g. The earthquakes strength was
further evidenced by the large landslides that occured.

An earthquake-induced landslide (EQIL) inventory was made by Harp and Jibson (1995),
who manually digitized the landslides mapped on the 1:24,000-scale base maps, after inter-
preting the landslides from the airphotos. Further co-seismic landslides inventory mapping
for this earthquake event was conducted by Townsend et al. (2020), for a portion of the
Northridge area based on the original inventory (Jibson, 1995), for which they removed
the effects of amalgamation, relocated misplaced landslides, and removed anomalously large
landslide polygons that contained a mix of disturbed and undisturbed regions. We choose
the latest inventory mapped by Townsend et al. (2020) for the modelling because of the
higher accuracy even though it covers a smaller area (See Figure 6).

3.2 Model Input and Parameters

The input data contained nine variables related to elevation, soil properties and peak ground
acceleration (See Table 1 and Figure 7).

Topographic data, particularly recent and very accurate topographic data, are essential
to the modelling of landslides, where the Shuttle Radar Topography Mission (SRTM) offers
a high-resolution digital elevation (DEM) model with great benefits of homogeneous quality

12
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Base Map Parameter Source

Elevation | Pre-Earthquake DTM from SRTM (30 m) USGS
Soil clay content USDA
Internal friction angle USDA
Soil cohesion USDA
Soil Material Estimated through

Soil porosity pesudeotranfer function

ground water height Modelled through

OpenLISEM
Density USDA
Soil depth Modelled through OpenLISEM
Shake Map Peak ground acceleration USGS

Table 1: Spatial input data

and free availability.

Important soil parameters such as soil clay content (soil texture), soil cohesion, and
density were obtained from USDA. Other parameters such as Soil porosity, ground water
height were estimated using pedotransfer function and using Openlisem software.

Soil depth is defined as the depth of the bedrock interface, which is an essential com-
ponent of the pattern frame, primarily associated with the driving force W. Due to limited
availability of borehole data, soil depth was modelled using OpenLISEM, using the soil
evaluation approache from Stothoff (2008).

The ground water height was modelled in OpenLISEM using a steady state depth-average
ground water flow model. The initial water content in the soil was set to 0.6, and 2 months
of precipitation was simulated to obtain a spatial estimate of soil moisture values. This
required the digital terrain map, soil depth, porosity , and water conductivity.

The seismic load input was the horizontal peak acceleration from ShakeMap (Wald et al.,
2005), which is a product of the USGS Earthquake Hazards Program in conjunction with
the regional seismic networks.

3.3 Calibration and Validation

The coseismic landslide inventory remapped by Townsend et al. (2020) contains 5064 land-
slides. We randomly separated the landslide inventory into two parts for the calibration and
validation respectively. The area in the north-west was used for the calibration and contains
3527 landslides, and the remaining 1537 landslides for validation.

The simulations were automated calibrated in the OpenLISEM software, which includes
a calibration procedure based on the gradient descent with Armijo-backtracking (Armijo,
1966). This algorithm involves starting with a relatively large estimate of the step size for
movement along the search direction,and iteratively shrinking the step size until finding the
lowest error. The error is estimated using the Continuous Cohen’s kappa score (Sim and
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Wright, 2005), which takes into account both correctly predicted positives, negatives, and
incorrectly predicted areas.

after calibration, another method used for evaluating the the model accuracy is the
receiver operating characteristic curve (ROC curve) (Mandrekar, 2010).The ROC calculates
the AUC (Area Under The Curve) as one of the most important metrics for checking the
model’s performance.

4 Modelling Results and Discussion

Six group of combination of parameters were adopted for calibration with a computing time
of twenty minutes. The best calibrated results of was derived with the soil cohesion and
internal friction angle with multipliers 0.29 and 1.62 respectively, which gives a Cohen’s
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Kappa value of 0.265. We used these multipliers conducting the ROC calculation for both
calibration and validation areas. Figure 9 shows the accuracy results by using the ROC
curve, which gives a calibration accuracy of 0.8416 and a validation accuracy of 0.7383. The
final coseismic effect is presented as a damage level range from 0 to 100%, and the 100%
damage means landslides triggered (See Figure 10(a)). Figure 10(b) shows the comparison of
modelled landslides with landslide inventory. The model provided the internal damage of soil
as the index of seismic effect, which is represented as percentage. In order to understand the
relationship of the damage level with the landslide triggering, we plotted their distribution
(Figure 11 ). A huge gap between 100% and 34% illustrates that when soil columns reach
the threshold damage level of about 34%, the whole soil column would fail suddenly.

The calibration with Cohen’s kappa gave a coefficient of 0.96 with the multipliers of 0.29
for soil depth, and of 1.05 for soil cohesion. We used these multipliers conducting the ROC
calculation. Figure 8 shows the accuracy results by using the ROC curve, which gives a
calibration accuracy of 0.8419 and a validation accuracy of 0.7678.

The final coseismic effect is presented as a damage level range from 0 to 100%, and
the 100% damage means landslides triggered (See Figure 9(a)). Figure 9(b) shows the
comparison of modelled landslides with landslide inventory.

The model provided the internal damage of soil as the index of seismic effect, which
is represented as percentage. In order to understand the relationship of the damage level
with the landslide triggering, we plotted their distribution (Figure 10 ). A lack of fractional
damage values between 100% and 34% illustrates that when soil columns reach the threshold
damage level of about 34%, the whole soil column would fail suddenly due to catastrophic
load redistribution.
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Figure 9: A comparison of the simulation results map and the landslide inventory

4.1 Internal damage

For the non-landslide slopes, the distribution between 0% to 34% shows the a positive skew-
ness. The feature tell that these slopes with damage level near the threshold (34%) would
more easily developed into landslides with a relative smaller disturbance because they just
have fewer remaining soil strength. So these parts area could have a high potential of land-
slide initiation in sequence events, such as rainfall, snow melting. The internal damage index
is a good predictor for post-seismic landslide prediction within both statistic and physically-
based models. For statistical modelling, the index could be used as an important co-variate
for landslide prediction in post-seismic events. For the physically-based model, it could be
used to quantify the loss of the soil strength by integrating the residual strength after break-
ing, the subsequent soil healing, and the root strengthening. What cannot be ignored is
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Figure 10: The distribution of the internal damage.

that the index of landslide area and deposit area should be adjusted based on the new soil
on slopes. The fractional damage has a further link with the probability of failure. Our
implementation of the fibre bundle framework applies slope stability equations to a PDF
of potential fibre strengths. This PDF is chosen carefully to reflect the likely range of val-
ues. As such, the model acts analogously to monte-carlo simulation of slope stability. The
fractional internal damage reflects the percentage of possible strength parameter values that
result in failure after application of the model. A critical difference to the presented work is
the global load redistribution after partial damage.

4.2 Missing Gap

Within the simulation outcomes, the slopes internal damage is distributed completely on the
range [0%,34%)] and 100%.

The absence of slope with damages between 34% and 100% are related to the underlying
theory. Due to the load redistribution and the selected PDF for shear capacity, any damage
above 34% will result in such high loads on the other fibers that the catastrophic point is
reached. The total force cannot be held by the remaining fibres and total failure occurs.
The physical process similarly features a distinction in the mobilization processes of sloping
rocks and soil under seismic loads. The term “mobilization” in a general sense includes both
fracture and flow. The fracture implies the appearance of distinct surfaces of separation in
the body of soil, whereas the flow features the yield of plastic-elastic behavior, which is the
onset of plastic deformation (Young, 2012).

The missing values between 34% and 100% damage, indicate two triggering mechanism
among co-seismic landslides based on the rule of load redistribution. The first one is gradual,
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potentially failing landslides. These locations can feature significant damage, obtained during
the seismic shaking. However, they did not abruptly fail, and might progress to full failure
later during aftershocks or due to hydrological triggers. The second one is directly shearing
landslides, which caused by the relatively fast and direct impacts from the ground shaking.
The gradual yield and direct impact may present different moving features.The phenomena
could be the specific performances of the soil characteristics of elastic, plastic, and brittle.
From the model results, it can be observed that besides directly failing slopes, vast areas
are near critical damage. The effects of this, often called seismic legacy effects in literature,
can be estimated with this method. The discovery may give us a new insight to classify the
co-seismic landslides into more detailed subdivisions with different triggering mechanisms
and estimate increase in susceptibility.

4.3 Slope failure

The resulting slope failure pattern shows a generally good match with the landslide inventory.
It does provide confidence in the pattern predicted by the method. However, some modelling
results (Figure 9) in the western part of the study area are larger than the actual landslides
in inventory, while the opposite is true in the eastern part. In order to explore this further,
we overlaid the variables on the modelling results, and found this bias is related to the PGA.
In the east with higher PGA, there are more false positive points, while in the west, there
are more false negative. Our model could overestimate seismic effect for areas with high
PGA, and underestimate it for areas with low PGA. One possible reason is that PGA map
itself is a simplification of seismic effect. This should further motivate the field of landslide
science that seismic time history data would have potential for improving predictions.

4.4 Reclassification of Seismic Effect

The initial earthquake damage on slope are divided into four groups (See Figure 1). However,
the results gives us a more detail solution for further modelling.

First of all, seismic load could just cause intern damage, and also could be directly
sheared. Second, damaged slopes could develop to landslide suddenly within a certain
ground motion, and also could evolve to failure through load redistribution. Thus, there
are five situations for slopes under ground shaking. Current, our model cannot distinguish
the gradually failure and directly shearing landslides because of lack of a specific data in
Northridge area. In the further work, this is would be a critical point to discover.

4.5 Uncertainties of Soil properties

The uncertainty quantification of soil properties is worthy to study for physically-based mod-
elling, because thus we could improve the modelling accuracy and figure out the defects of
data for further improvement. Many reasons could cause uncertainty, such as lack of infor-
mation about the randomness of the object, unknown accuracies of available information,
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Figure 11: The comparison of the resulting landslides with PAG map

lack of technology to acquire needed information, and impossibility of making essential mea-
surements, etc (Rao et al., 1989). For the soil properties, each property has its characteristic
of uncertainty, which differ in the ranges and the leading reasons. For example, the soil
density is mainly depending on the accuracy of measurement, while the soil cohesion is not
only depending on the measurement, but also depending on the interactions of the various
constituents and micro structures of soil-water system, which define the integrity of the soil
system (Young, 2012).

The Weibull distribution of soil shear strength is a specific presentation of the second
uncertainty (Figure 13). As we all know, the determination of the shearing strength can be
obtained through lab test, which associated with many fundamental factors, such as the test
system, strain or stress-controlled load application, stress and strain history, temperature,
soil fabric, density, saturation, water content, etc (Graham et al., 1983). These factors
are difficult to be controlled and evaluated, thus would producing uncertainty for the soil
resistance.
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While the Mohor-Coulomb criterion provided a effective analytic solution pertaining to
the cohesion ¢, internal friction angle ¢ and normal stress . However, it may not necessary
revel the actual soil response behaviour, so the mechanistic interpretation of ¢ and ¢ are
still unclear. So the probability presentation of soil shear strength is salient for evaluating
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our uncertainty about the complex system. The Weibull distribution shape parameters
m derived form the soil texture successfully gives estimation of uncertainty, and the scale
parameter k limits the domain of strength values. This method integrated into FBM, offer a
well expected failure result which involves the complexity of soil system. With the more and
deeper understanding we get about soil, the probability distribution of soil strength would
become more centralized, thus the physically-based model would become robuster.

5 Conclusions

This physically based model provides a useful tool to quantify the seismic effects on hillslopes.
During the 1994 extreme earthquake event in Northridge area, thousands of landslides were
initiated by the ground shaking, as the shear strength of the sloping materials was overcome
by seismic loads. Our developed modeling approach allowed for quantification of the earth-
quake impact. The model simulated the hazardous landslide areas prone to either failure,
or that obtained some fractional damage, expressed as the fraction of broken fibers. This
fractional damage shows potential for interpretation in indirect failures triggered after an
earthquake. Further more, the modelling results demonstrated the thresholds of damage
level for landslide initiation, which offer us a new insight for sloe stability analysis in the
aspect of nonlinear failure. Using the model that integrates shallow landslide and damage
level, can thus increase the accuracy of hazard and risk assessment.

Lack of available data limits the predictions of the spatial location of slope failure and
estimation of soil damage. Further more, the model does not differentiate the landslide trig-
gering area and runout area due to the lack of classification of them in landslide inventory.
So, the model would overrate the landslide areas during the calibration. In order to solve
this problem, more detailed and small scale landslide inventory could be adopted for future
improvement of this model. More over, this model do not consider the interaction processes
among failed soil columns themselves, and unfailed soil columns. Once a soil column fails,
it would change the mechanical situation with its neighbour soil columns by transporting
compressive stress and tensile stress. This phenomenon could cause cascading failure down-
ward and upward. At last, even though PGA is eligible to represent the earthquake force on
slopes, it actually simplifies the temporally dynamic process of seismic load on slopes into
a constant, and thus it can not reveal the dynamic process of failure during ground shaking
fully. Detailed seismic observations or spatial modelling results must be investigated further.
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A Appendix: Estimation of Fractal dimension

The fractal dimension is strongly correlated with soil texture. The studies from Tyler and
Wheatcraft (1992); Bittelli et al. (1999); Huang and Zhang (2005) showed that the fractal
dimension increases with the increase in clay content and decreases with the sand content.
Huang and Zhang (2005) conducted a set of lab experiments to analyse the relationship of
fractal dimension with the soil clay content, and used nonlinear fitting procedure proposing
the following equation with r? = 0.914

1 — em@
as(1 + en%) 4 ag(1 4 en®)

where C' is the soil clay content, ag, ai,a2, and ag are fitted parameters.ag equals to 2.05, a;
equals to 4.39 x 1072, as equals to —1.18 x 1072, and a3 equals to 1.10.

D =a,+

(13)
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