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The stability of slope is usually characterized by many parameters which are mostly uncertain in
nature. Deterministic approach is usually followed to calculate the factor of safety of a slope, but it does
not depict the true state of the slope. Hence, a probabilistic approach is a better alternative, which can
quantify the probability of failure of a slope under uncertain input parameters. In the present study,
slope stability assessment of Pakhi landside is carried out using Bnite element modelling (FEM) to
ascertain the stability conditions of the multilayer slope under both deterministic and probabilistic
framework. The multilayer conBgurations of the proBles are established from the electrical resistivity
tomography (ERT). The shear strength reduction (SSR) method is employed to determine the critical
strength reduction factor of the slope considering four random variables, namely, cohesion (c), angle of
internal friction (/), Poisson’s ratio (m) and elastic modulus (E) of each individual layers. The deterministic factor of safety values along two considered proBles namely, section X–X0 and Y–Y0 are
calculated as 1.41 and 1.25, respectively. A data driven machine learning algorithm is used to build a
computationally eDcient surrogate model to perform Monte Carlo Simulations (MCS). MCS are performed for two different values of coefBcient of variation, i.e., 5% and 15% for all the four random
variables of all the layers. The proposed method has no idealization regarding the layering conBguration
and the failure surface. Probabilistic analysis has been made exhaustive and computationally eDcient.
The probabilistic analysis indicates good adherence with the recent landslide incident in the Beld.
Further, the analysis indicates that the proposed methodology is favourable and useful tool for the
system reliability analysis of landslide slopes.
Keywords. Probabilistic analysis; FEM; surrogate model; MARS; Monte Carlo simulation; landslide.

1. Introduction
Instability of slopes, both natural and cut slopes, is
one of the basic problems in the mountainous
region which leads to loss of life and damage to

properties all over the globe (Chen et al. 2020).
Indian Himalayas have been classiBed as a fragile
zone because of its geological age. The combined
eAect of increased rainfall, anthropogenic activities
in developing mountainous areas contributes to the
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instability of slopes across the Himalayas (Prokop
and Walanus 2017). Various researchers have
studied the slopes in detail and have also proposed
different stabilization measures in the form of
reinforcements, retaining walls and drainage measures (Pandit et al. 2016; Sarkar et al. 2018;
Sharma et al. 2019). The stability of slopes is
commonly determined by the relationships between shear stress and shear strength. The slope
is usually at equilibrium when the shear strength is
greater than the shear stress; however, when the
shear stress is greater than the shear strength,
failure occurs. Hence, the stability of a slope is
determined by the balance between shear stress
and shear strength required for equilibrium. Slope
equilibrium can be inCuenced by slope geometry,
material properties, pore water pressure, increase
or decrease in the moisture content and other factors (Cho 2010; Gray 2013; Pinheiro et al. 2015;
Crawford 2018; Zabuski 2019). Therefore, the
determination of the exact system reliability of the
slope becomes more difBcult considering these
varying properties. However, the probability of
slope failure is commonly estimated using the
critical slip surface of the slope geometry which
assumes that the failure of the slope will occur
along such slip surface (Chowdhury and Xu 1995;
Cho 2010). The important role of spatial variation
of slope material properties has been studied by
various authors (GrifBths and Fenton 2004;
Sivakumar Babu et al. 2006; Low et al. 2007; Cho
2010; Srivastava et al. 2010; Ji et al. 2012; Li et al.
2014; Javankhoshdel et al. 2016). The spatial
variability in slope material properties has been
incorporated using both Bnite element method
(FEM) (Jing and Hudson 2002; Jing 2003;
Kanungo et al. 2013; Abderrahmane and Abdelmadjid 2016) and limit equilibrium method (LEM)
(Wang et al. 2011; Ji et al. 2012; Li et al. 2014;
Javankhoshdel and Bathurst 2014).
The use of Bnite element models in slope stability analyses is becoming very common due to
enhancement in computational eDciency and less
number of assumptions. Many researchers have
analyzed the rock and hill slope stability using
different methods of FEM (Tiwari and Latha 2016;
Fereidooni 2018; Broojerdi et al. 2018; Aswathi
et al. 2019; Kumar et al. 2019a, b; Pandit et al.
2019; Sharma et al. 2020; Singh et al. 2020). The
conventional LE techniques used for rock slope
stability analyses have restrictions in handling
material and geometry variation. Moreover, they
cannot incorporate complex boundary conditions
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and involve a large number of assumptions (Pain
et al. 2014). On the other hand, FEM is a powerful
approach to analyze slope with layered conBguration and complex geometries very easily. Shear
strength reduction (SSR) method is mostly used in
FEM analysis (Duncan and Wright 1980; GrifBths
and Lane 1999; Li et al. 2009). Soil slope factor of
safety is deBned as the relationship between the
actual shear strength to the applied shear stress;
otherwise deBned as the reduction in the shear
strength which leads to the slope failure (Duncan
1996). The advantages of SSR method include:
(i) The distribution of the inter-slice shear force
requires no assumption, (ii) shear strain can be
used to determine the critical failure surface, and
(iii) it is easy to assess detailed displacement, pore
water pressure and stress (You et al. 2018). These
advantages place SSR method above limit equilibrium methods (LEM). Strength reduction
approach is usually used to estimate the slope
safety factor by progressively reducing or increasing the slope material shear strength to bring the
slope to stability. This method also searches for
stress reduction factor (SRF) value which is
obtained by several trials and adjustments of
cohesion (c) and angle of internal friction (/) of the
slope materials.
A conventional deterministic approach presumes
Bxed values of elastic (E and m) and shear strength
(c and /) properties for different layers of soil. The
uncertainty of the material properties raises serious
doubt on the factor of safety obtained from a
deterministic analysis. A viable alternative to this
approach is a fully probabilistic analysis with the
critical parameters as random variables. The
deterministic analysis may be performed using
conventional limit equilibrium-based analytical
models or using numerical methods such as Bnite
difference method (FDM), Bnite element method
(FEM) or discrete element method (DEM). Probabilistic analysis may be done using methods such
as Brst order reliability method (FORM), second
order reliability method (SORM), sampling-based
methods, and surrogate-based methods to name a
few. Many researchers had analyzed the rock
slopes, tunnels, retaining walls using the abovementioned methods individually or in conjunction
with each other (Hoek 1998; Low and Tang 2007;
Mollon et al. 2009; Li and Low 2010; Li et al. 2011;
Low et al. 2011). However, surrogate-based methods have proved to be the most eDcient, robust and
accurate for probabilistic analysis (Jiang et al.
2014; Dey et al. 2016; Mukhopadhyay et al. 2017;
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Metya et al. 2017; Dey et al. 2018; Agarwal et al.
2021).
In the present study, the Bnite element analysis
of the slope stability using SSR approach is
performed considering the slope conditions during
pre-monsoon period by utilizing the Mohr–
Coulomb failure criteria. All the FE simulations
are carried out in Rock Science software (RS2).
The slope proBle sections X–X 0 and Y–Y 0
(Bgure 1a) are derived from the electrical resistivity tomography (ERT) interpretations. Complicated multilayer conBguration of the slope and
uncertain shear strength (c and /) as well as elastic
parameters (E and m) makes the whole problem
highly non-linear in nature. The probabilistic
analysis is carried out using a data driven machine
learning algorithm. Multivariate adaptive regression splines (MARS) is used to build the surrogate
model to perform an eDcient Monte-Carlo simulation (MCS). Monte-Carlo simulations are performed for two different values of coefBcient of
variation, i.e., 5% and 15% for all the four random
variables. The probabilistic analysis indicates a
good adherence with the recent landslide incident
in the Beld.

3. Methodology
The slope stability depends on factors such as slope
geometry, material properties and external conditions (rainfall, earthquake, etc.). The slope geometry used in this study is derived from the
electrical resistivity imaging and sub-surface
interpretations of the slope as reported in Falae
et al. (2019). The slope geometry is drawn considering the material classiBcation based on the
resistivity values, namely, colluviums, weathered
dolomites and fresh dolomites. Based on the results
obtained from each of the Bve ERT proBles (A–A 0 ,
B–B 0 , C–C 0 , D–D 0 , and E–E 0 ) (Falae et al. 2019),
the lithological cross sections used for the slope
geometry are generated (Bgure 2).
The data obtained from the Beld are integrated
with the laboratory results and are used to perform
numerical modelling for stability analysis. The
stability assessment of the slope is done considering
the Beld virtual observations in constructing the
slope proBle. The Bnite element analysis for the
factor of safety (FoS) is carried out using shear
strength reduction (SSR) approach.
The material properties of each of the soil layers
are adopted from Kanungo et al. (2013) (table 1).

2. The Pakhi landslide
Pakhi landslide is one of the prominently failing
slopes along Rishikesh–Badrinath National Highway (NH58) in Chamoli district of Uttarakhand
State of India. The slope has been constantly failing during monsoon period in the last two decades.
The annual monsoon intensity has been observed
to be responsible for the slope failure which results
into constant movement of slope and debris material, ranging from boulder to slit sizes (Bgure 1b)
down to the road leading to its blockage. The
rainfall within the area is usually short with high
intensity, which has adverse eAects on the slope
stability. The height of the slope is about 100 m
and has a slope angle between 45° and 55°. The
slope is generally characterized by colluvial materials at the top, which is underlined by dolomitic
limestone material. The combination of both
internal and external factors has resulted in the
failure of the slope. The slope was intact until the
construction of the road. Geologically, the study
area belongs to the Pipalkoti Formation, which
consists of meta-sedimentary sequence. The bedrock of the slope is dolomitic limestone (Gaur et al.
1977).

3.1 Numerical modelling
The numerical modelling is one of the widely used
methods to solve problems associated with
geotechnical engineering data. This method is
helpful in understanding the geomechanical
response of slope materials to spatial changes in
both internal and external conditions, i.e., static
and dynamic loadings. Numerical techniques can
be continuum (i.e., whole material is treated uniformly), discontinuum (heterogeneous mass) or
hybrid. The application of each of the numerical
methods depends on various site condition
parameters (Jing 2003; Pradhan and Siddque
2020). The Bnite element method (FEM) is one of
the continuum methods which can be used for
highly disintegrated rock and debris-like materials,
where the failure is not structurally controlled
(Pain et al. 2014). FEM is considered to be suitable for the present slope keeping in view the
extensive Beld investigation, drilling data and joint
characteristics. In this research, RS2 software
package is used to carry out the FEM analysis by
adopting the SSR method. RS2 is a 2D Bnite element tool for soil and rock applications. It is used
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Figure 1. (a) Surface geological map of Pakhi landslide showing locations of boreholes (BH-1 to BH-6), ERT proBle lines (A–A0
to F–F0 ) and lithological cross section lines (X–X0 and Y–Y0 ); (b) panoramic view of Pakhi landslide indicating the ERT proBle
lines (modiBed after Falae et al. 2019).

for several engineering projects such as slope
stability assessment, probabilistic and dynamic
analysis, and design of excavation and groundwater seepage.
In this model, the shear strength of the slope
materials is reduced with stress reduction factor
(SRF) by a factor of safety (Ansari et al. 2020).
FEM model is further simulated to reCect the slope
condition until the simulation deformation is too
large and does not converge for the slope. The slope
is often generally discretized by six-noded triangular meshes and the stress reduction factor (SRF)
value is systemically estimated as the slope converges for failure. The shear strength parameters
are represented in proportional dimension until the

stability of the slope is obtained (Ersoy et al.
2020). The SRF obtained represents the ratio
between the actual and model strength at stability. The major advantage of SSR method is
that there is no need to describe the principal
estimated at the critical failure surface (Kaya
et al. 2016). Different slope failure criteria such as
Mohr–Coulomb and generalized Hoek–Brown can
be used; however, Mohr–Coulomb criterion is
used in the current study. This criterion consists
of a set of linear equations in which the principal
stresses describe the conditions under which the
isotropic material fails and intermediate principal stress eAect is negligible (Labuz and Zang
2012).
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The shear strength reduction can be expressed as
the following equations:
s ¼ c þ r tan /;

ð1Þ

s C r tan /
¼ þ
;
F F
F

ð2Þ

where c = (C/F) is the reduced value of cohesion,
/
/ = arc tan ðr tan
F Þ is the reduced value of internal
friction angle, F = strength reduction factor (SRF),
s = shear strength, and r = normal strength.
3.1.1 Input parameters
The information obtained from the ERT proBle is
used to construct the slope geometry and layer conBguration. To the best of the author’s knowledge,
this is the Brst attempt to construct the layering
conBguration of a landslide slope using ERT and
later it is integrated with FE code. In the literature,
most of the researchers used to assume or estimate
the depth of different layers based on limited borehole data at discrete locations or Beld observation.
But the methodology adopted in the present study is
reliable, quick and gives an excellent idea about the
subsurface layering. A limited borehole investigation
followed by basic geotechnical characterization is
done to Bnalize the results. A continuum is used to
represent the slope, the properties and the strength of
the slope mass which have been reduced as a result of
eAect of discontinuities. Hence, due to the scale
eAect, the slope is considered to be a continuum
(Pain et al. 2014; Tiwari and Latha 2016). In the
absence of reliable residual properties of the slope
material, the elastic perfectly plastic model is adopted. The slope geometry obtained from ERT model
along with the geotechnical parameters from
Kanungo et al. (2013) are used as input parameters
for the FEM model.

Figure 2. Lithological cross sections along X–X0 and Y–Y0 (as
shown in Bgure 1) drawn from ERT inversion sections (CL:
colluvium, WD: weathered dolomites, FD: fresh dolomites)
Geotechnical properties of Pakhi Landslide.

3.1.2 Boundary conditions, mesh details
and loading
The FE models for X–X 0 and Y–Y 0 proBle sections
are discretized with six-noded triangular plain

Table 1. Geotechnical properties of Pakhi landslide.
Properties
Colluviums
(CL)

Fresh
dolomites
(FD)

Mean (l)

Random variable
c: soil cohesion
/(o): angle of internal friction
E (MPa): Young’s modulus
m: Poisson’s ratio
c (MN/m3): unit weight

Weathered
dolomites
(WD)

0.02
34
100
0.3
0.016

0.012
43
100
0.3
0.018

(CoV) %
0.023
41.85
10700
0.5
0.027

5,
5,
5,
5,

15
15
15
15
–

Distribution
Normal
Log-normal
Normal
Normal
–

167

Page 6 of 15

J. Earth Syst. Sci. (2021)130:167

strain Bnite elements (Bgures 4 and 5). A total
number of 21,181 elements and 42,964 nodes are
used in discretizing the model. The conditions of
the slope boundary are presumed to be roller supported along the Cank side (viz., the displacement
in x direction is restrained and displacement in
y direction is allowed). At the base, displacement is
restrained in both x and y directions and the face of
the slope is kept free. The stresses on the slope are
assumed to vary linearly with depth and the ratio
of the horizontal stress to vertical stress of the
slope is chosen as 0.5 (Eberhardt et al. 2004; Pain
et al. 2014).
3.2 Surrogate-based Monte-Carlo simulation
Slope materials are usually heterogeneous in nature
with different mechanisms of failure. Therefore,
examining the reliability of such kind of slopes
consisting of many layers is the best way to ensure
their safety. Surrogate modelling is a technique to
perform probabilistic analysis involving the creation of a dummy model of the existing computationally expensive one. It came into existence to
account for the high computational requirements
by sampling-based methods. In the present study,
MARS is chosen to perform the surrogate-based
analysis. MARS is a data driven algorithm and
requires few assumptions to Bt the data. Once an
accurate surrogate model is established by MARS
from the limited number of FE analysis, a MCS is
set up to estimate the probability of failure of the
slope.
3.2.1 MARS-based MCS
MARS was primarily used to relate input variables
and their outputs (Friedman 1991; Hastie et al.
2009; Mukhopadhyay 2018; Kumar et al. 2019a, b).
It is based on the expansion in basis functions and
automatically identiBes the basis functions and the
parameters associated, by training of dataset. It
approximates the response function by following a
forward and backward iterative approach. A
MARS model is represented as:
M¼

n0
X

wk Bqf ðzi Þ;

ð3Þ

q¼1

where w is the coefBcient of expansion and Bqf ðzi Þ
is the basis function, which is expressed by the
following equation:

pq
Y

Bqf ðzi Þ ¼

½xp;q ðzjðp;qÞ  rðp;qÞ Þktr ;

ð4Þ

p

where pq is the interaction order in qth basis
function, xp,q = ±1, zj(p,q) is the jth variable, r(p,q) is
a knot location and k is the order of the splines. M
is the approximation function. Several univariate
functions multiplied together form the multivariate
basis function, Bqf ðzi Þ.
In the present study, for each sub-region, a
piecewise linear function is chosen. In the forward
approach, MARS Bts the basis function through
knots and at the end, cumulates to be an overBtted model. However, in the backward approach,
it deletes the knots one after the other and checks
the goodness-of-the-Bt. The goodness-of-the-Bt is
deBned by the value of generalized cross validation
(GCV), where its least value represents the best Bt.
The GCV can be represented as follows:
~ ¼
Gcv ðqÞ

1
n 00

2
Pn00 
i¼1 Mi  Mq~ðzi Þ
;
h
i2
~
1  bnðq00~Þ

ð5Þ

~ qÞ
~ ¼ bðqÞ
~ þ U : q~ is the number of linearly
where bð
independent basis functions and U is the cost of
optimization for basis function.
3.2.2 Limit state functions
A limit state function forms the very basis of any
reliability analysis. The calculation of probability
of failure incorporating any probabilistic method
requires the formulation of limit state functions
(performance functions) associated with the
problem. In general, a limit state function is
deBned as:
gðXÞ ¼ FoS1:

ð6Þ

If the limit state function of jth sample is given
by gj(X), then the safety of each trial in MonteCarlo simulation is judged as follows:
countj ¼ 1;

if gj ðXÞ ¼ FoS1  0

ð7Þ

countj ¼ 0;

if gj ðXÞ ¼ FoS1 [ 0:

ð8Þ

Subsequently, the associated probability of
failure (Pf) is determined by equation (9).
XN
Pf ¼
ðcountj Þ=N ;
ð9Þ
j¼1
where N is the number of simulations.
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3.2.3 Procedure for MARS-based MCS
1. The deterministic and stochastic parameters
required to deBne the geometry of slope are
identiBed.
2. Latin hypercube sampling (LHS) technique is
then used to generate the training samples of
each of the stochastic variables. Further, the
value of factor of safety (FoS) for each of the LH
samples is calculated using the Bnite element
software RS2.
3. The surrogate-based model is then constructed,
which is further tested on random testing
samples and an optimum value of training
samples is computed based on the value of
coefBcient of determination (R2).
4. MARS-based MCS is then performed to compute the optimum value of number of simulations (N ) followed by interpretation of results
and probability of failure (Pf).
In the present study, LH samples are generated for
the four random variables (c, /, E, m) considered for
each of the three layers, cumulating the total random
variables to 12. A group of MARS models are then
constructed using these samples and each model
consisted of 2n training datasets (16–512). Furthermore, the performance of these MARS models is
tested using 50 more random samples followed by the
calculation of R2 value. The optimum number of
samples required to perform the MCS on the surrogate model are estimated by calculating the value of
Pf for different sample sizes varying from 104 to 105
at an interval of 10000 samples. The value of sample
size after which there is a minimal Cuctuation in the
value of Pf, even after increasing the sample size, is
chosen as the optimum number of samples. This
value comes to be 50,000 in the present study. Figure 3 shows the Cowchart explaining the procedure
followed to perform the slope stability analysis of
Pakhi landslide employing numerical as well as
analytical techniques.
4. Results and discussion
4.1 FEM modelling output
The SSR in the present modelling is analyzed
by adopting the discretized FE model. The
critical SRF or factor of safety and the maximum
total displacement for proBle X–X 0 and Y–Y 0
are obtained from the FE analysis using
Mohr–Coulomb criteria. The total displacement
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and shear strain contours obtained from the
deterministic FE simulations are shown in Bgures 4
and 5. The result obtained for proBle X–X 0 suggested a circular failure in the shear strain plots
and the slip surface is observed beyond the
weathered dolomite layer. The factor of safety
obtained from the deterministic analysis for this
slope also indicates a marginally stable to unstable condition, which is in agreement with the Beld
observation. The total maximum displacement of
the slope also indicates maximum displacement on
the colluvium section at both the crown and the toe
of the slope, which is again in agreement with the
Beld observations. ProBle Y–Y 0 , on the other hand,
also indicated a possibility of circular failure as
revealed from the maximum shear strain result.
The shear strain is maximum at the interface
between weathered dolomites and the fresh dolomites. The total maximum displacement on this
proBle is also observed on the colluvium section of
the proBle. The results from the deterministic
analysis for the slopes estimate the factor of safety
values as 1.41 and 1.25 for X–X 0 and Y–Y 0 proBle,
respectively. The values of factor of safety obtained
from the modelling clearly indicate that the slope is
stable mostly at the X–X 0 proBle as observed in the
Beld.
4.2 Probabilistic analysis using MARS-based
MCS
The results from the probabilistic analysis of
above-mentioned slope consisting of three layers
are interpreted in this section. Conventional MCS
for 50,000 or 100,000 realization using Bnite element model is computationally expensive and
sometime even not feasible. The best alternative is
to take the help of computationally cheap surrogate models. In the present analysis, the MARSbased MCS is used for the rock slope stability
analysis. This is due to the very fact that the surrogate-based models are computationally eDcient
and accurate at the same time (Mukhopadhyay
et al. 2017; Metya et al. 2017; Dey et al. 2018;
Agarwal et al. 2021). There are different surrogatebased methods with their own advantages and
drawbacks. However, the selection of MARS as a
surrogate model is done very carefully by referring
to the relevant literature which compares different
surrogate-based methods based on their eDciency
and accuracy (Liu and Cheng 2016). Liu and Cheng
(2016) had compared the eDciency and accuracy of
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Figure 3. Flowchart for slope stability analysis of Pakhi landslide.

MARS-based MCS for different basis functions
with the stochastic response surface-based surrogate model of different polynomial orders. The
researchers concluded that the MARS-based surrogate model is better than its counterparts.
However, the proposed surrogate method suffers
from a drawback that the interactions between the
variables have to be predeBned. But as the numbers of random variables in the present study are
not large, this limitation is overcome by adopting
the trial-and-error approach.
The values of the stochastic variables are chosen
according to table 1. The values of probability of
failure (Pf) are calculated for the above-mentioned
two proBle sections for two different values of
coefBcient of variation (CoV) at 5% and 15% and a

comparison is drawn between them. Also, a
comparison is drawn between the values of factor of
safety predicted by different MARS models and the
ones calculated by RS2 for both X–X 0 and Y–Y 0
proBles (Bgure 6a–d). The results show good Btting
besides validating the accuracy of MARS in
predicting good results.

4.2.1 Results for CoV = 5%
The values of Pf for both the proBle sections, X–X 0
and Y–Y 0 are calculated using the MARS-based
MCS in this section. The CoV of the 12 random
variables considered in the analysis is chosen as
5%. The optimum number of training datasets for

J. Earth Syst. Sci. (2021)130:167
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Figure 4. SSR analysis result of proBle X–X0 . (a) Total displacement and (b) maximum shear strain.

X–X 0 and Y–Y 0 sections are chosen as 128 and 512
with the maximum value of R2 equal to 0.97 and
0.88, respectively (Bgure 7).

The results from table 2 show that the probability of failure for X–X 0 is less than the same for
Y–Y 0 by 98.35%, which depicts that proBle X–X 0 is
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Figure 5. SSR analysis result of proBle Y–Y0 . (a) Total displacement and (b) maximum shear strain.

more stable and reliable than Y–Y 0 for CoV of
stochastic variables equal to 5%.
4.2.2 Results for CoV = 15%
The same procedure adopted in the above sections
for CoV = 5% is followed for CoV = 15%. The

optimum number of training datasets for X–X 0
section is chosen as 256 with the maximum value
of R2 equal to 0.91 and for Y–Y 0 as 512 with
maximum value of R2 equal to 0.84 (Bgure 7).
The results from table 3 are in good adherence
with the results from table 2 and depict the Pf for
X–X 0 to be less than that of Y–Y 0 by 51.27%,
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R = 0.88
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Figure 6. Comparison between the values of FoS predicted by MARS and the ones calculated by RS2 for (a) X–X0 (CoV = 5%);
(b) Y–Y0 (CoV = 5%); (c) X–X0 (CoV = 15%); and (d) Y–Y0 (CoV = 15%).

concluding that proBle X–X 0 is more stable and
reliable than Y–Y 0 , when CoV for stochastic
variables is 15%.

4.2.3 Interpretation of results

Figure 7. Relationship between R2 and sample size.

Figure 8 shows the inCuence of CoV (5% and 15%)
on the probability of failure (Pf) of slope for the
proBles X–X 0 and Y–Y 0 . It is depicted that the
value of Pf increases with the increase in CoV of
stochastic variables for both X–X 0 and Y–Y 0 . This
is due to the reason that an increase in the value of
CoV leads to an increment in the value of standard
deviation and consequently the variance. This in
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Table 2. Pf for CoV = 5%.
Sl. no.
1
2

Section
0

X–X
Y–Y0

Pf (%)
0.096
5.83

Table 3. Pf for CoV = 15%.
Sl. no.
1
2

Section
0

X–X
Y–Y0

Pf (%)
11.13
22.84

Figure 8. Pf vs. CoV.

turn increases the base of the probability distribution function (PDF) plot for the Pf, which
depicts the increased distance of the input random
variables from their mean values. This ultimately
increases the probability of failure (Pf).
The CoV shows the amount of uncertainty in a
random variable. This randomness increases with
the increase in CoV and is directly proportional to
the Pf. Therefore, there is a substantial increase in
the Pf of slope with an increase in the value of CoV.
This also proves that the proposed method is correct and accurate in analyzing the rock slope
stability.
Please note that the value of Pf for proBle X–X 0
is less than Y–Y 0 for both, CoV = 5% and 15%,
making the proBle X–X 0 more stable than Y–Y 0 .
The main reason of performing a probabilistic
analysis is to ascertain that the uncertainty in the
input parameters has the similar kind of inCuence
on the probability of failure of the slope section as
observed in the deterministic analysis. The values
of probability of failure obtained from the surrogate assisted MCS clearly indicate that the slope is

stable mostly at the X–X 0 proBle as observed in the
Beld.

5. Conclusions
The general use of deterministic approach for slope
stability has been observed to be inaccurate and
often unreliable. Hence, there is a need for a data
driven probabilistic method to estimate the stability of a slope. In the present study, slope stability assessment of Pakhi landside is carried out
using Bnite element modelling (FEM) to ascertain
the stability conditions of the multilayered slope
under both deterministic and probabilistic frameworks. The multilayer conBgurations of the proBles
from both left and right Canks of the landslide are
established from the electrical resistivity tomography (ERT). The conventional Mohr–Coulomb
principle is adopted as the failure criterion and the
slope is modelled as a continuum. The shear
strength reduction (SSR) method is used to
determine the critical strength reduction factor of
the slope considering four random variables namely
cohesion (c), angle of internal friction (/), Poisson’s ratio (m) and elastic modulus (E). The
deterministic factor of safety values along two
considered proBle sections X–X 0 and Y–Y 0 are
calculated as 1.41 and 1.25, respectively. The
results obtained indicate marginally stable slope
conditions on both the Canks of the landslide. The
non-linearity in slope due to complicated multilayer conBguration and uncertain shear strength
(c and /) as well as elastic parameters (E and m) is
addressed by building a computationally eDcient
MARS-based meta-model to perform Monte-Carlo
simulations (MCS) for two different values of
coefBcient of variation, i.e., 5% and 15% for all the
four random variables. The results indicate good
adherence with the recent landslide incident in the
Beld depicting an increase in the value of Pf with
the increase in CoV of stochastic variables for both
X–X 0 and Y–Y 0 . Moreover, Pf for X–X 0 is less than
that of Y–Y 0 by 98.35% and 51.27% at 5% and
15% CoV, respectively. The results demonstrate
the eDciency of machine learning algorithm to
incorporate with the stand alone FE code to build a
surrogate model for an eDcient probabilistic slope
stability analysis. Further, the analysis indicates
that the proposed methodology is favourable and
useful tool for the system reliability analysis of
landslide slopes.
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