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A B S T R A C T

This study proposed a random Smoothed Particle Hydrodynamics method for analyzing the post-failure behavior
of landslides, which is based on the Karhunen–Lo�eve (K-L) expansion, the non-Newtonian fluid model, and the
OpenMP parallel framework. Then, the applicability of this method was validated by comparing the generated
random field with theoretical result and by simulating the post-failure process of an actual landslide. Thereafter,
an illustrative landslide example was created and simulated to obtain the spatial variability effect of internal
friction angle on the post-failure behavior of landslides under different coefficients of variation (COVs) and
correlation lengths (CLs). As a conclusion, the reinforcement with materials of a larger friction angle can reduce
the runout distance and impact the force of a landslide. As the increase of COV, the distribution range of influence
zones also increases, which indicates that the deviation of influence zones becomes large. In addition, the cor-
relation length in Monte Carlo simulations should not be too small, otherwise the variation range of influence
zones will be underestimated.
1. Introduction

Debris flow and landslides caused by rainfalls and earthquakes are
common and serious geo hazards that can easily destroy buildings,
bridges, roads, and facilities along their paths (Huang et al., 2012). For
example, the Hongao landfill in the Guangming New District of Shenzhen
City failed on December 20, 2015 owing to rainfall, and after the failure,
collapsed waste and debris slid up to 1,100 m with high mobility,
consequently destroying 33 buildings, and causing 69 deaths and 8 losses
(Ouyang et al., 2017). In accordance with the combined effects of com-
plex terrain and near-fault seismic effects (Zhang et al., 2019a; Song
et al., 2020), many landslides with massive damages have been triggered
by earthquakes, for example, the 20,000 landslides triggered by the
Wenchuan earthquake and the Zhengjiamo landslide in the Yushu
earthquake (Zhang et al., 2017). These debris flow and landslides are
characterized by the large runout distance, large velocity, and huge in-
fluence zone, which cannot be captured by the slope stability analysis.
Therefore, the post-failure behavior analysis of landslides is crucial to the
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assessments of runout distance and influence zone, and it has attracted
more and more attention from worldwide researchers.

Many meshless methods have been proposed and developed to study
the post-failure process of a landslide. Among these methods, the SPH
method is the most widely used method (Huang and Dai, 2014). An et al.
(2016), Mao et al. (2017), Nguyen et al. (2017), Yin et al. (2018), Zhang
and Zhou (2018), and Li et al. (2019) used the SPH method to study the
large-deformation collapse of slopes. Cuomo et al. (2016), Braun et al.
(2018), He et al. (2018), Yu et al. (2018), and Zhu et al. (2018) analyzed
the moving behavior of flow-like landslides based on the
depth-integrated SPH model or the Bingham-fluid based SPH model. For
flow-like landslides triggered by earthquakes, Huang et al. (2012), Huang
and Dai (2014), Hu et al. (2015), Dai et al. (2016), and Bao et al. (2018)
conducted flow analyses and obtained reasonable sliding mechanism. In
aforementioned studies, the sliding mass is simplified as a single-phase
material in the framework of SPH method, without considering the un-
certainty and spatial variability of geomaterials. In engineering geology,
the spatial variability of geological properties has been widely
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recognized, and the shear strength parameters consisting of the internal
friction angle and the cohesion, significantly influences the likely failure
mode (Ji and Chan, 2014; Ji et al., 2018, 2020), thereby affecting the
post-failure behavior of a possible landslide. SPH simulations with the
assumption of single phase cannot address the effect of spatial variability
on the post-failure behavior.

To deal with the spatial variability and uncertainty of geomaterials,
many probabilistic studies have been conducted as the complementary to
the conventional deterministic stability analysis of slopes (Duncan,
2000). In existing studies, the uncertainty and spatial variability of
geomaterial properties are commonly described by approaches for the
probabilistic analysis, including the first-order and second-order reli-
ability methods (FORM or SORM) and the Monte Carlo (MC) simulation
method (Li et al., 2013; Ji et al., 2018). These approaches can be inte-
grated with limit equilibrium method (LEM) (e.g., Wang, 2011; Ji and
Low, 2012; Li et al., 2013, 2014, 2015; Javankhoshdel et al., 2017; Ji
et al., 2020), Finite Element Method (FEM) (e.g., Griffiths et al., 2009;
Jiang et al., 2014; Luo and Bathurst, 2018; Hicks et al., 2019; Li and Chu,
2019; Liu et al., 2019; Lü et al., 2019; Zhu et al., 2019), and Finite Dif-
ference Method (e.g., Ji and Chan, 2014; Li and Chu, 2019). Probabilistic
analyses yield different failure mechanisms (e.g., Ji and Chan, 2014;
Hicks et al., 2019) with additional information of reliability index and
design points (e.g., Gao et al., 2019; Ji et al., 2019), which can provide a
basis and reference for the design of engineering practices. Since the
basic theory of LEM, FEM and FDM is in the field of solid mechanic, most
previous studies focused on the factor of safety as well as the failure
probability, and did not involve the moving behavior, especially the ef-
fect of spatial variation on the runout distance, influence zone and impact
force.

In order to obtain the influence of different material properties on the
large-deformation failure, there have been several SPH analyses that
considered the heterogeneous landslide or took the failure probability
and failure area of slope into account, e.g., Chu et al. (2019a) developed a
risk assessment method for quantifying the risk of slope failure and
validated it with the SPH method, Chu et al. (2019b) compared the
average slope failure areas between LEM and SPH, Zhang and Xiao
(2019) simulated the post-failure behaviors of earthquake-induced
landslides considering various strength parameters, and Wang et al.
(2019) proposed a random SPH method for the probabilistic analysis of
soil slope. The lack of such researches can be attributed to the difficulty in
implementing the random field theory in the SPH method. Meanwhile,
MCS with the SPH method usually requires a large amount of computing
time, and it is important to carefully arrange the simulation data and
optimize the algorithm for better simulation efficiency. However, con-
ducting MC simulations could reveal the system reliability in a
straightforward way, while other probabilistic slope analysis methods
need some additional techniques (Ji and Low, 2012). Therefore, for
revealing the spatial variability effect in the post-failure process of
landslides, MC simulation technique is adopted to deal with the system
reliability in this study. As mentioned in the work of Wang et al. (2019),
their random SPH method and MC simulations are based on the
Drucker-Prager constitutive model, and cannot obtain the extremely
large runout distance that is caused by the strain-softening behavior as a
common characteristic in the flowing process of landslides. Therefore, a
more advanced random SPH method with proper optimization should be
proposed to obtain the varying law of the runout distance and the in-
fluence zone under spatially varying strength parameters.

This study aims at revealing the effect of spatial variability of strength
parameters on the post-failure process and influence zone of landslides.
Strength parameters of landslide mass usually include the internal fric-
tion angle and the cohesion, but only the internal friction angle is
selected as the random variable, for its large impact on the post-failure
behavior according to Zhang and Xiao (2019). A random Smoothed
Particle Hydrodynamics method was proposed based on the
Karhunen–Lo�eve (K-L) expansion, the non-Newtonian fluid model, and
the OpenMP parallel framework. Then, the applicability of this random
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SPH method was validated by comparing the generated random field
with the theoretical solution and by simulating the flow process of an
actual landslide. Thereafter, an illustrative landslide example was built
and simulated under different coefficient of variations (COVs) and cor-
relation lengths (CLs), for investigating the effect of spatial variability.
Finally, after some discussions on the results, several conclusions were
derived.

2. Random and non-Newtonian fluid SPH method

In the proposed random and non-Newtonian fluid based SPHmethod,
there are three key components: deterministic SPH model, uncertainty
and propagation modelling, and optimization. The deterministic SPH
model is based on the non-Newtonian fluid theory. Then, the uncertainty
and propagation modelling of a random variable is realized by the K-L
expansion. At last, for the implementation of the random SPH method,
OpenMP-based parallel optimization is carried out to improve the
computing efficiency. These components will be introduced in following
part.

2.1. Non-Newtonian fluid SPH model

The SPH method is a numerical method based on the Lagrangian
formulation, in which a simulating case is dispersed into a set of arbi-
trarily distributed particles, with no connectivity between them (Huang
et al., 2012). A particle in the SPH method is a set of real material ele-
ments (water or soil) with a mathematical meaning. Thus, an interpola-
tion method called the kernel approximation is used to approximate a
field function (Liu and Liu, 2003). Because this approximation is per-
formed on particles, it is also called particle approximation. The physical
quantities of a particle (marked as i) are calculated by summing the
physical quantities of supporting particles (e.g., particle j) in a designated
domain, using a weight that is related to the relative distance. During the
analyses, approximations are performed at each time step.

The post-failure process of a landslide is commonly characterized by
the large displacement (Huang et al., 2012; Huang and Dai, 2014; Dai
et al., 2016), which can be described by Navier-Stokes equations in the
SPH method, including the continuity equation, the momentum equa-
tion, the energy equation, and the equation of state. The energy equation
is not considered, because the studied object is assumed to be isothermal.

The continuity equation is derived from the conservation of mass and
can be expressed as

dρi
dt

¼
XN
j¼1

mj

�
vβi � vβj

� ∂Wij

∂xβi
(1)

where ρ is the density,m is the mass, v is the velocity,Wij is the smoothing
function value of particle i evaluated at particle j, ∂Wij/∂xiβ is the partial
derivative of the smoothing function value in direction β, i is the indices
of calculating particle, and j is the indices of a supporting particle.

The momentum equation is derived from the conservation of mo-
mentum or the Newton’s second law as

dvαi
dt

¼
XN
j¼1

mj

�
σαβ
i þ σαβj
ρiρj

� δαβΠ
�
∂Wij

∂xβi
þ gαi (2)

where σi and σj are the Cauchy stress tensors of the calculating particle
and the supporting particle, respectively, gi is the acceleration due to
gravity, α and β indicate directions of coordinates, and δαβ is the Kro-
necker delta. Π is the artificial viscosity proposed by Monaghan (1992)
for stabilizing the results, and its calculation process can be found in
Zhang et al. (2016).

Then, the dynamic pressure in the simulation is calculated by
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pd ¼ p0

��
ρ
ρ

�χ

� 1:0
�

(3)

0

where pd is the dynamic pressure, p0 is the initial pressure, ρ is the density
calculated by the continuity equation, and ρ0 is the reference density. The
compressibility increases as χ decreases. χ is the exponent of density ratio
and can be set to 7.0 for a good simulation of incompressibility. Although
this way of calculating the dynamic pressure could produce fluctuating
results, regularized correction of density and the time step constrained by
the Courant-Friedrichs-Lewy condition have been adopted to stabilize
the results in this study.

After the dynamic pressure is obtained, the stress tensor can be
calculated from the constitutive model for fluids. In practice, non-
Newtonian fluid models are widely used to simulate the large-
deformation behavior of geomaterials (Huang et al., 2012; Huang and
Dai, 2014; Bao et al., 2018). Therefore, this work adopts the
non-Newtonian fluid-based approach to achieve the simulation of land-
slide flow. This does not account for the process of initiation of landslide
failure; thus, it cannot analyze the initiation process and the relevant
factors influencing a landslide, e.g., vibration, pore water pressure, over
consolidation ratio, soil permeability, and soil plasticity. Nevertheless, it
is simply and efficient for capturing the large-deformation features of
geological hazards. Meanwhile, it has been proved that the relationship
between the shear strain rate and the shear stress in highly deformed soil
materials is in good agreement with the Bingham fluid model (Huang
et al., 2012; Huang and Dai, 2014; Dai et al., 2016; Bao et al., 2018),
which is given by

τ ¼ η _γ þ τmin (4)

where _γ is the shear strain rate, η is the original viscosity, and τmin is the
yield shear strength. Eq. (4), combined with the Mohr-Coulomb yield
criterion, can be transformed to

τ ¼ η _γ þ cþ ptanϕ (5)

where c is the cohesion, p is the pressure, and ϕ is the internal friction
angle. As can be seen, the shear stress of a Bingham fluid is related to the
original viscosity η, the confining pressure p, the internal friction angle ϕ,
and cohesion c.

As the Navier-Stokes equations are developed based on Newtonian
fluids, an equivalent Newtonian viscosity (Huang et al., 2012) should be
introduced to connect the Bingham fluid model and the Newtonian fluid
model. The equivalent Newtonian viscosity is given by

η’ ¼ ηþ ðcþ ptanφÞ= _γ (6)

where the equivalent shear strain rate _γ can be expressed as

_γ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2
3
_εdevij _εdevij

r
(7)

where _εdevij is the deviatoric tensor of strain rate and can be obtained from
the following equations,

_εdevij ¼ _εij �
_εll
3

(8)

and

_εαβi ¼ 1
2

XN
j¼1

mj

ρj

��
vαi � vαj

� ∂Wij

∂xβ þ
�
vβi � vβj

� ∂Wij

∂xα

#
: (9)

In Eq. (6), an infinite equivalent viscosity coefficient will occur when
the shear strain rate is close to zero. In order to avoid such a value, the
minimum shear strain rate is set to 0.001. According to Eq. (6), the
equivalent viscosity coefficient will become very small if the shear strain
rate is very large, which indicates that shear strain rate influences
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equivalent viscosity in the proposed SPH model. Therefore, the combi-
nation of Bingham fluid model and equivalent viscosity makes it possible
to consider the strain-softening behavior in the stochastic analysis.

After calculation of the equivalent viscosity, the Cauchy stress tensor
of the sliding mass can be obtained from the following equation:

σαβ ¼ �ðp0 þ pdÞδαβ � 2
3
η’εααδαβ þ 2η’εαβ (10)

where the strain rate tensor εαβ is calculated from Eq. (9).
This study adopts a commonly used boundary treatment method, the

non-slip rigid wall boundary proposed by Takeda et al. (1994) andMorris
et al. (1997), because of its simplicity and effectiveness (Bui and Fuka-
gawa, 2013; Zhang et al., 2016, 2019b; Peng et al., 2019). In the pro-
posed SPH model, the boundary is replaced by several layer of virtual
boundary particles. Thereafter, the boundary effect needs to fulfill two
critical requirements (Peng et al., 2019): to prevent particles from
penetrating and to correct the particle approximation in incomplete
supporting domain. For the first requirement, it assumes that the
boundary particle has a virtual velocity, and that its effect on the moving
particle is determined by the relative distance of the boundary particle
and the moving particle. The virtual velocity assumption indicates that
this treatment can describe the moveable boundary condition if the vir-
tual velocity doesn’t equal zero. In this study, a fixed boundary condition
is used, and the virtual velocity is set to zero. Besides, the boundary effect
is calculated only if one moving particle is approaching the boundary
particle. Otherwise, there is no resisting effect on themoving particle. For
the second requirement, the stress tensor of a boundary particle is
interpolated by moving particles, and then, is substituted back to the
momentum equation of moving particles for the acceleration calculation.

The B-spline smoothing function, which was originally proposed by
Monaghan and Lattanzio (1985) and can provide a smooth curve with
high efficiency, is used as the smoothing kernel function. Detail of this
function can be found in previous research (Zhang et al. 2016). In
addition, the second order Runge-Kutta integrating method is selected as
the time integration method, and the time step is constrained by the
Courant-Friedrichs-Lewy condition. For better efficiency, a linked-list
searching method (Hockney and Eastwood, 1988) is used as the
method for nearest neighboring particle searching (NNPS). This method
places grids on the problem domain. Then, when searching nearest
neighbor particles, only particles in adjacent grids are selected as can-
didates. Therefore, this searching algorithm can greatly reduce the
time-consumption (Zhang et al., 2019b).

2.2. The Karhunen-Lo�eve expansion

Geomaterials were formed in a long period with various geological
processes. Therefore, properties of geomaterials (e.g., internal friction
angle, cohesion) vary spatially and exhibit inherent uncertainty. As a
result, a suitable random theory should take the uncertainty and spatial
propagation into account. There have been many random theories in
reports to generate spatially varying and correlated random field sam-
ples, for examples, local average subdivision method (e.g., Fenton and
Vanmarcke, 1990), Karhunen–Lo�eve expansion (e.g., Phoon et al., 2002;
Zhao and Wang, 2018) and circulant embedding method (e.g., Kroese
and Botev, 2015).

For its wide application in random finite element method (RFEM), the
Karhunen–Lo�eve (K-L) expansion is selected as the random theory in the
proposed random SPH method. K-L expansion is based on the spectral
decomposition of its autocovariance function CHH(x, x’)¼σ(x)σ(x’)ρ(x,
x’). Any realization of the field H(x, θ) can be expanded by the following
equation:

Hðx; θÞ ¼ μþ
XM
i¼1

σ
ffiffiffiffi
λi

p
ϕðxÞξiðθÞ (11)
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where,H(x, θ0) is one realization of the random field, μ is the mean value,
σ is the standard variation, constants λi are solution of the eigenvalue
problem, ϕi(x) is the deterministic functions, and ξi(θ) is numerable set of
random numbers. In Eq. (11), M is the optimal truncation number of
terms, which is particularly useful for large-scale parameter inference
Fig. 1. Flow chart of the 2D K
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problems for alleviating computational burdens while retaining the
essential features of inference space (Siripatana et al., 2018). In the
modelling of soil deposit properties, Yue et al. (2018) found that in most
engineering applications, less than 10 terms can suffice; therefore, the
value of M is set to 5 for the balance of precision and efficiency in this
arhunen-Lo�eve expansion.
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study. Besides, the spatial variability or propagation of a random variable
is implied in the ϕi(x), as it is related to the position of one realization.
The uncertainty is reflected in the term ξi(θ) that determines the distri-
bution type of a random variable. In other words, if ξi(θ) is of standard
normal distribution, the random variable will be of Gaussian distribution.
To guarantee the randomness of ξi(θ), a time-based seed is used to
initialize the random generator in this work.

For a random field of lognormal distribution, the logarithm of vari-
ables corresponds with the Gaussian distribution. Therefore, by inputting
the mean value μ and standard deviation σ for the logarithm values of

variables, one realization bl(x, θ) can be expanded as

blðx; θÞ ¼ exp

"
μþ

XM
i¼1

σ
ffiffiffiffi
λi

p
ϕðxÞξiðθÞ

#
(12)

The solutions of ϕi(x) and λi depend on the term index i. If i is odd, the
solutions are

λi ¼ 2l
1þ w2

i l2
(13)

ϕiðxÞ¼ αi cos wix; and αi ¼ 1ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
aþ sin 2wia=2wi

q (14)

where wi is the solution of:

1
l
�wi tan wia¼ 0 wi 2 ½ði� 1Þπ=a; ði� 0:5Þπ=a�: (15)

In above equations, l is the correlation length, and a is the symmetric
problem domain [-a, a], which can be determined by:

Non� symmeteic domain: ½xmin; xmax� (16)

Τ ¼ xmin þ xmax

2
(17)

a¼
hxmin � xmax

2
;
xmax � xmin

2

i
: (18)

If i is even, the solutions are

λi ¼ 2l
1þ w2

i l2
(19)

ϕiðxÞ¼ αi sin wix; and αi ¼ 1ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
a� sin 2wia=2wi

q (20)

where wi is the solution of:

1
l
tan wiaþwi ¼ 0 wi 2 ½ði� 0:5Þπ=a; iπ=a�: (21)

Above equations are for one-dimensional random field. For the two-
dimensional problem, it is easy to expand the realization by products
of one-dimensional solutions:

λi ¼ λ1Di1 � λ1Di2 (22)

and

ϕiðxÞ¼ϕiðx; yÞ ¼ ϕi1ðxÞ �ϕi2ðyÞ: (23)

As a summary, Fig. 1 shows the flow chart of two-dimensional K-L
expansion in the random SPH method.
Fig. 2. Flow chart of random and non-Newtonian fluid SPH method.
2.3. Optimized random SPH method

OpenMP, one of the parallelization frameworks for shared memory
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platforms, is adopted to optimize the proposed SPH method. In the
proposed SPH model, the Nearest Neighbor Particle Searching (NNPS)
subroutine contributes the largest part of time consumption, and its
parallel implementation is of great difficulty. Different threads will ac-
cess the same address simultaneously and incorrect computing will
appear if memory consistency is not strictly guaranteed (Zhang and Xiao,
2019). To make the parallel implementation of NNPS subroutines, pre-
vious work defined the independent variable for each thread, which has
no storage association with the same variable outside this thread, and
after the execution of parallel region for the loop of particle number,
independent was summed to the total using the parallel region for the cell
number. This improvement avoids the accessing confliction and makes it
possible to conduct the fully parallel implementation. Thereafter, a fully
parallelized SPH program is implemented by the Cþþ programming
language, and the detail of parallel optimization can be found in Zhang
and Xiao (2019).

By combining the random theory and the deterministic SPH model,
the procedure of MC simulations within the SPH method can be sum-
marized as:

(1) Initialize the discrete particle information that corresponds with
the problem geometry, SPH simulation parameters, and spatial
variability parameters by an input file.

(2) Set total number of Monte Carlo simulations according to the
demand, and set current simulation index to 1.



W. Zhang et al. Geoscience Frontiers 11 (2020) 1107–1121
(3) Generate one random field sample using the K-L expansion, run
the deterministic non-Newtonian fluid based SPH simulation, and
output the influence zone information.

(4) Update the simulation index and check if it is larger than the total
number of MC simulations. If it is, abort the MC simulations,
otherwise continue.

(5) Statistical analyses are performed on the simulation results to
obtain the effect of spatial variability.

For a better understanding, the flow chart of the random SPHmethod
is demonstrated in Fig. 2.

3. Validation of random and non-Newtonian fluid based SPH
model

3.1. Validation of the random field generation

In order to check the rationality of the random SPH method, a
simulating case was built, and its dimensions are showed in Fig. 3a. In the
discrete model, the initial particle spacing was 0.1 m and there were
5,149 particles in total, including 4,141 soil particles and 1,008 boundary
particles. The soil was in the bottom of the model box with a density of
2,200 kg/m3. At the beginning of simulation, soil particles were sta-
tionary, but could move under the action of gravity, while boundary
particles kept stationary in the whole simulation. The time increment was
2.0 � 10�4 s and total steps were 30,000. Lognormal distribution was
adopted as the distribution type of tanϕ, and the mean value of tanϕ is set
to 0.4663 (ϕ¼25�). The random field parameters in this validation,
Fig. 3. Random filed from the proposed SPH method (friction angle unit: �). (a) Cros
in y direction; (d) 2D random field.
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including tanϕ, mean value μ for the logarithm values, standard deviation
σ for the logarithm values, isotropic correlation length l, and problem
domain, are listed in Table 1.

The topic in this part is the validation of random field, thus only the
generated random fields are discussed, instead of the deterministic SPH
simulation. Fig. 3b is the one-dimensional random field in x direction,
and Fig. 3c is the one-dimensional random field in y direction from the
random SPHmethod. For the one-dimensional case of K-L expansion, it is
easy to conclude that there should be many strips with different values
along the designated direction, x or y, according to Eq. (12). SPH
generated random fields agree well with this conclusion. For quantitative
comparisons, random numbers in the generation process are presented in
Table 2, and SPH simulated data is compared with theoretical results
using the Excel spreadsheet. Fig. 4 indicates the comparing result, from
which the SPH generated data is almost same as the theoretical results.

The two-dimensional random field from SPH simulation is showed in
Fig. 3d. The internal friction angle varies with the position of particle,
demonstrating the spatial variability. It is interesting that the distribution
of internal friction angle is somewhat centrosymmetric. This could be
caused by the spectral decomposition of autocovariance functions and
the products of one-dimensional solutions, as mentioned in previous
section. Many influencing factors, such as the symmetric problem domain
and correlation length, can have effect on the random field distribution,
and this study is to use the K-L expansion to study the post-failure
behavior of landslides, thus influencing mechanism of these parameters
can be figured out in future study.
s-section of the simulating case; (b) random filed in x direction; (c) random filed



Table 1
Random field parameters in the validation of Karhunen-Lo�eve expansion.

tanφ Mean value, μ
Lognormal

Standard
deviation, σ
Lognormal

Isotropic
correlation
length, l (m)

Cohesion
(kPa)

0.4663 �0.7629 �0.2289 0.2 0.2

xmin xmax ax ymin ymax ay

0 m 10 m 5 m 0 m 4 m 2 m

Table 2
Random numbers in the validation of the Karhunen-Lo�eve expansion.

Case ξ1(θ) ξ2(θ) ξ3(θ) ξ4(θ) ξ5(θ)

x direction �1.9941 �0.2451 2.0280 �1.3865 �1.2416
y direction �0.9921 1.0695 �0.7861 �0.9341 0.0460
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3.2. Validation of the non-Newtonian fluid based SPH model

In this section, the non-Newtonian fluid based SPHmodel is validated
by an actual landslide, called the Yangbaodi landslide. This landslide is
located in a hilly area near the Meilin Inspection Port, between the
border of Baoan region and Futian region in Shenzhen city (Li et al.,
2016). The geological profile of this landslide can be divided into three
components from bottom to top: medium and coarse granite, granite
Fig. 4. Comparison of random filed between theoretical solutio

Fig. 5. Cross-section of the Yangbaodi landslide
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saprolite, and end-tipped fills. After a rainfall event, this catastrophic
landslide occurred on September 18, 2002. The sliding mass of about
25,000 m3 travelled 140 m away from the toe, and caused 5 people dead
and 31 people injured (Li et al., 2016). It is a typical large-displacement
landslide and can provide a benchmark for the validation.

According to the topographic map in Fig. 5, a discrete particle model
was built for the SPH simulation. In this case, there were 16,311 particles
in total, including 11,978 landslide particles and 4,333 boundary parti-
cles. At the beginning of simulation, soil particles were stationary, but
could move under the action of gravity, while boundary particles kept
stationary in the whole simulation. The initial particle spacing was 0.2 m,
time increment was 4.0 � 10�4 s, and total steps was 320,000. For this
deterministic simulation, the internal friction angle of sliding mass was
set to 28� with no cohesion, and the density was 2,100 kg/m3. This
analysis was carried out on a workstation with Intel Xeon E5 2620V4
2.20 GHz processor and 64GB DDR4 memory. With the assistance of the
OpenMP parallelization, the simulation duration using 16 threads is 3 h
and 11 min, compared with 9 h and 40 min using one thread.

Fig. 6 shows the post-failure process of the Yangbaodi landslide at
typical time steps. The deterministic SPH simulation has reproduced the
propagation process of sliding mass. Meanwhile, the failure process ex-
hibits a very large displacement that demonstrates the advantages of SPH
method. In addition, the deposited area from SPH simulation is compared
with that in literature (Li et al., 2016), as shown in Fig. 7. The SPH
simulation is very close to the topographic map after failure, thus the
proposed SPH method can capture the post-failure behavior and analyze
n and SPH generated data. (a) x direction; (b) y direction.

and its dimensions based on Li et al. (2016).



Fig. 6. Post-failure process of the Yangbaodi landslide. (a) t¼16 s; (b) t¼32 s; (c) t¼48 s.
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the influence zone of a landslide.

4. Stochastic analyses of an illustrative landslide example

4.1. Illustrative landslide example

An illustrative landslide example has been built, and was simulated
by the random and non-Newtonian fluid based SPH method to reveal the
effect of spatial variability of strength parameters on the post-failure
behavior. The dimensions and initial configuration of this landslide
1114
example are shown in Fig. 8a, and Fig. 8b is the discrete particle model in
the deterministic SPH simulation. There were 16,936 particles in total,
consisting of 12,700 landslide particles and 4,236 boundary particles.
The initial particle spacing was 0.1 m and the density was set to 2,200
kg/m3. Besides, the time increment was 3.0 � 10�4 s with total steps of
30,000. Detailed simulation parameters can be found in Table 3.

It is worth noting that in the stochastic analyses of slope stability, the
variation of cohesion is more significant than the internal friction angle.
However, it will be different in the post-failure stage of a landslide. The
reason is that, although the material has high strength before the failure



Fig. 7. Comparison of deposited areas between SPH simulation and Li et al. (2016).

Fig. 8. Profile of illustrative landslide example (a) and its discrete model (b).

Table 3
SPH parameters in simulations of illustrative landslide.

Item Value Item Value

Initial particle spacing 0.1 m Density of landslide mass 2200 kg/m3

Time step 3.0 � 10-4 s Gravity acceleration 9.81 m/s2

Total steps 3 � 104

W. Zhang et al. Geoscience Frontiers 11 (2020) 1107–1121
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is initiated, the strength of the sliding mass has been greatly reduced due
to crumbling and structural damage caused by many factors (earthquake,
rainfall, and so on), resulting a very low cohesion in the flow process.
This phenomenon and the little effect of cohesion on the post-failure
behavior have been demonstrated in previous studies (e.g., Zhang and
Xiao, 2019). Because this study focuses on the post-failure behavior of
landslides, the spatial variability of internal friction angle is considered



Table 4
Simulating cases for the illustrative landslide.

Case μ Lognormal σ Lognormal θ (m) Case μ Lognormal σ Lognormal θ (m)

Case 1 �0.7629 �0.0763 0.5 Case 6 �0.7629 �0.2289 0.1
Case 2 �0.7629 �0.1526 0.5 Case 7 �0.7629 �0.2289 0.2
Case 3 �0.7629 �0.2289 0.5 Case 8 �0.7629 �0.2289 0.3
Case 4 �0.7629 �0.3052 0.5 Case 9 �0.7629 �0.2289 0.4
Case 5 �0.7629 �0.3814 0.5

Fig. 9. Random field distributions for typical simulations with small mean value (a) and large mean value (b).
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instead of the cohesion. Lognormal distribution was adopted as the dis-
tribution type of tanϕ, and the mean value of logarithm value of tanϕ
(ϕ¼25�) is set to �0.7629. As described in Table 4, there were 9 cases in
this part, and each case had 1,000 Monte Carlo simulations. Case 1 to
Case 5 were simulated to obtain the effect of coefficient of variation on
the post-failure behavior and influence zone of landslides, while Case 6 to
Case 5 combined with Case 3 were used to reveal the influence mecha-
nism of correlation length. It was indeed a large amount of simulations,
and owing to the assistance of OpenMP parallel optimization, it only took
10 min to finish one simulation using 8 thread with the same workstation
as previous section. In addition, it should be noted that only one mean
value of internal fiction angle was simulated in this work for the illus-
trative landslide. If the mean value of internal friction angle changes, the
post-failure behavior of landslides will also change, and the varying law
should be similar as that in the work of Zhang and Xiao (2019).

4.2. Effect of different internal friction angle on post-failure process

Fig. 9 shows random field distributions for typical simulations with
small mean value (a) and large mean value (b), dented as MC-1 and MC-
2, respectively. From Fig. 9a, the mean value of MC-1 is about 23.61�,
1116
and small internal friction angle mainly appeared near the slope surface.
However, the mean value of MC-2 is about 27.08�, and large internal
friction angle mainly appeared near the slope surface. Again, the distri-
bution of internal friction angle is somewhat centrosymmetric, which
may be caused by the spectral decomposition of autocovariance functions
and the products of one-dimensional solutions. Fig. 10 shows the post-
failure profiles of MC-1 at typical time steps. For the small mean value
of internal friction angle, it has a long runout distance. Meanwhile,
Fig. 11 shows the post-failure profiles of MC-2. Accordingly, the runout
distance in Fig. 11 is short. It indicates that the reinforcement with the
material of a large friction angle can reduce the runout distance of a
landslide, corresponding with the conclusion of Zhang and Xiao (2019).

Comparing the failure processes between Figs. 10 and 11, profiles at
t¼2.25 s and t¼4.5 s are almost same, indicating same runout distance
and flow velocity at the early failure stage. However, difference appears
at the latter failure stage. Large internal friction angle causes the
reduction of flow velocity and runout distance. Because the flow velocity
is closely related to the impact force on facilities, such as buildings,
bridges, roads, power towers, and so on. Therefore, this conclusion can
provide basis for the mitigation of landslide hazards.



Fig. 10. Post-failure process of MC-1 with small mean value of internal friction angle and long runout distance.

Fig. 11. Post-failure process of MC-2 with large mean value of internal friction angle and short runout distance.
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4.3. Effect of spatial variability on influence zone

The influence zone means the distance from the left boundary to the
flow frontier, as demonstrated in Fig. 8a. In order to obtain the effect of
spatial variability of internal friction angle on the influence zone, histo-
grams of influence zones from Case 1 to Case 9 are plotted, and the mean
value and standard deviation of each case are compared. Then, influence
mechanisms of COV and CL are concluded and discussed.

Fig. 12 is distributions, mean values, and standard deviations of in-
fluence zones from Case 1 to Case 5, in which the coefficient of variation
increases from 0.1 to 0.5. Fig. 12a–e are histograms of influence zones for
each case. The distribution of each case concentrates around a certain
value, around 34.1 m in Fig. 12. The influence zone is mainly determined
by the mean value of internal friction angle, and because the mean value
1117
is set to 25� in this study, the mean value of influence zone should be
around a certain value. As the increase of COV, the distribution range of
the influence zone also increases, which indicates that the deviation of
influence zones becomes large. Same phenomenon can also be found in
Fig. 12f. For MC simulations of a small COV, the varying range of internal
friction angle is correspondingly narrowed, and as a result, the distri-
bution of influence zones will be more concentrated. On the contrary, a
large COV caused the wide varying range of friction angle, resulting in a
wide distribution for influence zones.

Fig. 13 is histograms, mean values, and standard deviations of in-
fluence zones from Case 6 to Case 9 as well as Case 3, in which the
correlation length increases from 0.1 m to 0.5 m. A dimensionless
number, correlation length divided by particle spacing (CL/r), is intro-
duced to express the effect of correlation length in Fig. 13f. In contrast to



Fig. 12. Histograms, mean values, and standard deviations of influence zones from Case 1 to Case 5. (a) Histogram of Case 1; (b) histogram of Case 2; (c) histogram of
Case 3; (d) histogram of Case 4; (e) histogram of Case 5; (f) mean values and standard deviations.
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the effect of COV, if CL/r is small, a more concentrated distribution of
influence zones will be obtained, while a wide distribution will appear if
CL/r becomes large. In the practice of engineering geology, the correla-
tion length can be regarded as the varying period of random variable
within the geometry of a landslide; thus, a small CL will bring an evenly
distributed property of landslide mass, and a large CL will generate a
more random distribution. This is why the varying range becomes wider
after CL/r is bigger than 3.0 in Fig. 13f. For a good description of the
spatial variability, the correlation length CL should not be too small,
otherwise the variation range of influence zones will be underestimated,
which will increase the disaster risk of a possible landslide.

5. Conclusions

This study proposed a random Smoothed Particle Hydrodynamics
1118
method based on the Karhunen–Lo�eve (K-L) expansion, the non-
Newtonian fluid model, and the OpenMP parallel framework. The
random SPH method was validated by comparing the generated random
field with theoretical result and by simulating the post-failure process of
Yangbaodi landslide. Thereafter, an illustrative landslide example was
built and simulated to obtain the spatial variability effect of internal
friction angle. Some conclusions can be derived as:

(1) The proposed random SPH method can be used to generated a
reasonable random field for the stochastic failure analysis of
landslides.

(2) The internal friction angle affects the post-failure process of a
landslide. Therefore, the reinforcement with material of a large
friction angle can reduce the runout distance and impact force of a
landslide.



Fig. 13. Histograms, mean values, and standard deviations of influence zones from Case 6 to Case 9, and Case 3. (a) Histogram of Case 6; (b) histogram of Case 7; (c)
histogram of Case 8; (d) histogram of Case 9; (e) histogram of Case 3; (f) mean values and standard deviations.
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(3) As the increase of COV, the distribution range of the influence
zone also increases, which indicates that the deviation of influence
zones becomes large.

(4) For a good description of the spatial variability, the correlation
length CL shouldn’t be too small, otherwise the variation range of
influence zones will be underestimated.
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