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Abstract

A probabilistic stability analysis of an embankment dam taking into account soil
spatial variabilities is presented in this paper. The effective cohesion and friction
angle of the backfill are modelled as two anisotropic cross-correlated lognormal
random fields, by using the Karhunen—Loeve Expansion. The probabilistic analyses
are performed by a meta-modelling technigue SPCE/GSA which combines the Sparse
Polynomial Chaos Expansion (SPCE) and the Global Sensitivity Analysis (GSA).
This technique is targeted to deal with high dimensional stochastic problems and can
provide a variety of interesting results in terms of probability density function (PDF)
and statistical moments of the model response, failure probability and sensitivity
index of each input variable. Concerning the deterministic calculations, two models
(limit equilibrium and finite difference) are created and compared in a probabilistic
framework. The influences of the soil spatial variability and the cross-correlation
between the shear strength parameters on the reliability analysis results are
investigated.

Keywords: Embankment dams, soil spatial variability, reliability analysis, sparse

polynomial chaos expansion, global sensitivity analysis
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1 Introduction

Embankment dams are mainly made of natural masesiath as earth or rock-filled
materials. Some of their parameters like the skgangth parameters are uncertain.
In addition, soil properties of the backfill vargatially due to the compaction and the
layered construction procedure. For this reasois tighly desirable to employ a
probabilistic analysis method for embankment dasigihes, which can account for the

uncertainties mentioned above and the solil spadigbility.

Several studies concerning probabilistic stabiibalyses of embankment dams can
be found in literature. Liang et al. [1] developegrobabilistic model for assessing
the reliability index and the corresponding failupgobability of multi-layered
embankment dams; Babu and Srivastava [2] carrigd aoprobabilistic stability
analysis for four rehabilitated earth dams usirggrseponse surface method; Yi et al.
[3] proposed a new program 3DSTAB combining slopabity analysis and
reliability analysis for a rock-filled dam. Guo at [4] studied the reliability of an
existing earth dam related to the sliding stabiby using in-situ data. The authors
employed the SPCE to estimate the failure proldgiwfia dam. A common limitation
of the four studies mentioned above is that thdynalglected the soil spatial
variability and used a random variable approactadcoount for the soil property
uncertainties of embankment dams. In the randonabar approach, soil properties
are assumed to be homogeneous across the whol&hsgeassumption is not realistic
since the soil properties vary spatially due touratdeposition and post-deposition
processes [5]. The proposed study is dedicatedetfonn a probabilistic stability
analysis of an embankment dam under pseudo-stading conditions, by using a

random field approach which permits to accountliersoil spatial variability.
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In the random field approach, the value of soilp@rties changes in both the vertical
and horizontal directions in sités a result of the discretization of random figlds
large number of variables would be involved in ordeobtain accurate resultBhese
variables should be treated as input variables jorababilistic analysis. A high
dimensional input space is thus defined. Dealinth viigh dimensional stochastic
problems is a challenge in the field of uncertaiqtiantification.Recently, several
methods were proposed feuch problem$6-9]. Among these methods, the Sparse
Polynomial Chaos Expansion (SPCE) in combinatioth whe Global Sensitivity
Analysis (GSA) presents a high efficiency and caovigle a variety of interesting
results includindailure probabilities Rf), distributions and statistical moments of the
system response and the sensitive index of each wgpiable.The method (noted as
SPCE/GSA) is efficient since a dimension reductemhnique is employed. It selects,
at first stage, the significant input variables feom a reduced input space. The
selection is based on the sensitivity index of gacldom variable obtained by a GSA
[6]. Once the dimension is reduced, a high ordeCESBan be constructed accurately
with limited calls to the mechanical model. Thisthwal was applied to the reliability
analyses of strip footings [7] and tunnel face iitgb[10], showing its good

performance.

In summary, this paper aims at presenting a prdbabi stability analysis of
embankment dams in spatially varying soils by usihmgmethod SPCE/GSA, and to
investigate the effect of some key parameters. &hare thus mainly two

contributions.

1. The first is to show acomprehensiveprobabilistic stability analysis of
embankment dams from soil randomelds’ simulation and deterministic
modelsto the propagation of uncertainties and reliabilitgulés. The adopted
SPCE/GSA method is a powerful reliability analysisl, especially for high
dimensional stochastic problems. It is able to terean accurate meta-model
with limited calls to the deterministic model wharlarge number of random
variables are considereth addition, the method can give more interesting

3



87
88
89
90
91
92
93
94
95
96
97
98
99
100
101

102

103
104
105

106

107
108

109
110
111
112
113

114
115
116

reliability results than other reliability methodBor example, only’f or
reliability index is available for the methods FORBubset simulation and
Importance sampling, whilBf together with system response distribution and
sensibility index can all be found in the SPCE/GE&Ancerning the algorithm
of the SPCE/GSA, an improvement regarding the ifleation of important
input variables is proposed in the paper in orderebhhance the method
performance. It allows reducing the problem dimensand guarantees that
the total variance of the input space can be caverth a desired threshold.

2. The second is to provide a view of the effect af spatial variability on the
embankment dam reliability by conducting some patain studies. The
influences of the autocorrelation length, coefinti®f variation and cross-
correlation between the random fields on the rdiigb results are
investigated. Such a study can help to better @taled the impact of these
parameters on the dam reliability, and to choogeaiate values in dam
designs.

2 Presentation of the method SPCE/GSA

This section presents briefly the SPCE/GSA methHbds started by the SPCE
presentation. Then, the principles of the GSA ascdbed. In the end, the SPCE is

combined with the GSA.

2.1 Sparse Polynomial Chaos Expansions (SPCE)

Basic principles of the PCE

The SPCE is an extension of the meta-modelling Ratynomial Chaos Expansions
(PCE) which approximates an original model by exloag the model response on a
suitable basis. The basis is constituted of a s@fienultivariate polynomials that are
orthogonal with respect to the joint probabilityndagy function of the random

variables [7]. A PCE meta-model can be expressdaollasvs:

Y=D(@) = z kaWe($) 1)

aeNM
where is a vector of independent random variablés= {¢,, &, ..., &y} with M
representing the number of input variabMg(¢) are multivariate polynomial&,,

are unknown coefficients to be computed and {«;, ..., @)} is a multidimensional
4



117 index. The multivariate polynomia¥,(§) is the tensor product of univariate
118 orthonormal polynomials. In this paper, standardnm@a random variables in
119 conjunction with the Hermite polynomials are used.

120

121 For practical application, the Eg. (1) needs tarbecated to a finite number of terms.
122 The truncation scheme, called the hyperbolic trtionascheme, proposed in [11] is
123 adopted in this paper. It introduces a so-calleguasi-norm. The formula is as
124  follows:

125

1

M q
AMPA = aeNM:|a|q=<E af’) <p; (0<g<1) (2)
i_

126

127 Once the truncated basis is determined, the caosite {k,}, ., mpq Shall be
128 computed by using the least-square regression mhefh@d] with a design of
129 experiment (DoE). A DoE includes a set of inputiafales and the corresponding
130 system responses calculated by a deterministic inlodgeneral, higher order of PCE
131 requires bigger size of DoE, namely higher numbjeradis to a deterministic model
132 The accuracy of thebtainedPCE can be estimated by the empirical mean-square
133 residual error estimatioR? and the leave-one-out error estimati@h Concerning

134 the details of the calculation of these two ersimeates, readers are referred to [12].

135 The procedure of the SPCE
136 The SPCE is based on the principles of the PCRalt proposed by Blatman and

137 Sudret [11-13] for the purpose of further reducthg number of the involved
138 multivariate polynomials. The idea came from thet that the non-zero coefficients
139 in the PCE form a sparse subset of the truncateinobtained by the standard
140 truncation scheme or the hyperbolic truncation seh§l4]. Building an SPCE can be
141 achieved by a stepwise regression technique [1i¢hwban select the significant

142  coefficients of the PCE. This technique is brigftgsented as follows:
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1. Generate randomly an initial experimental despnand compute the
corresponding model respondéby using the deterministic model

2. Determine the user-defined parameters: the tamgriracyQz,, the maximal

PCE degreé,,,, and the cut-off values, ¢,.

3. Forany PCE ordey € {1, ..., Dmax}:

- Forward step: compute the increase in the detetinimaoefficientrR? by
adding each candidate multivariate polynomial framPCE basis set
(AMP4), Retain eventually those candidate terms that teaa significant
increase ik?, i.e. greater thagp,. LetAP'* be the final truncation set at
this stage.

- Backward step: compute the decreas®3y removing each candidate
term inAP* of then degree not greater thanDiscard eventually from
APt those terms that lead to an insignificant decréa®, i.e. less than
&,. Let AP be the final truncation set.

- If Q% = Q% stop
In this paper, the following values are selectadtie user-defined parameters in the
SPCE according to the works in [4,10F; = 0.99, Pyqx = 5, & = &, =5x 1073

and the g-quasi-norep = 0.7.

2.2 Global Sensitivity Analysis (GSA)

The GSA allows quantifying the effects of input dam variables on the model
response variance [6]. The first order Sobol indiea given variablé; (i =1, ..., M)
can give the contribution of this variable to tlystem response variability. It is given

as follows [15]:

Var[E(Tg,)]

Var(T) ®)

S =

wherel is system responsg(T;,) is expectation of conditional on a fixed value of
&, andVar represents the variance. Sudret [6] introducedaaalytical way for
computing the Sobol index as a post-processindi@PTE/SPCEcoefficients. The

first order Sobol index can be calculatedan available SPCE modas follows:



Vacag ()2 E[(¥e)?]
Taca ()2 EL(Pe)7]

172 wherek; are the SPCE coefficientd,is the truncation sefA(1P9), A;, is a subset of

(4)

SE) =

173 A in which the multivariate polynomialg, are only functions of the random variable

174 { (i.e., they only contain the variabjg andE[(¥,)?] is the expectation ¥, )?.

175 2.3 The combination of the SPCE and the GSA

176 Using the SPCE for high dimensional stochastic lembk is found to be very time-
177 consuming [7,10] in the context of random fieldacsi a number of variables are
178 required for the discretization. In light of this,combination of the SPCE with the
179 GSA was proposed by [6,7]. The main idea is tdlfireeduce the dimension of the
180 input space by selecting significant variables.sT¢an be achieved by a GSA based
181 on asmall order SPCE sayipg= 2. Note that the PCE order has almost no influence
182 on the Sobol indices according to [6,7]. Then, etueate meta-model with a higher
183 order SPCE is created w.r.t. the selected varialesa conclusion, the SPCE/GSA
184 procedure leads to a reduction in the dimensiah®finput space and consequently a
185 limited number of calls to the deterministic modehe procedure of performing a
186 reliability analysis by using the SPCE/GSA is giveable 1.

187 Table 1 Procedure of an SPCE/GSA — based reliabijitanalysis

Step Description

1. Construct a 2-order SPCE with the whole dimemsiathe input variables

2. Compute the Sobol index for each input variabje Eq. (4); Select the
important input variables according to the corresjdog Sobol index
Construct a high-order SPCE w.r.t. the selectethbles

4. Perform a Monte Carlo Simulation (MCS) on tophed high-order SPCE
Post-processing on the MCS results to obtaiar&iprobability and PDF of

system response eftc.

188
189 It can be seen from Table 1 that the method SPE&/@Sinly consists of 5 steps.

190 The two first steps aim at reducing the input disien by selecting the significant
7



191 variables. Once the dimension is reduced, a highaer SPCE can be created and an
192 MCS can be performed then. Concerning the constructf SPCE meta-models, one
193 can usdJncertainty Quantificatiortoolboxes such as the UQlab [16] based on Matlab
194 or the OpenTURNS [17] based on Python etc. Theeeaawariety of reliability
195 methods in the mentioned toolbox and one can eabilgin a meta-model (SPCE,
196 kriging or Support vector machine etc.) with thewn data or by linking their
197 mechanical model with the toolbox via a wrapper, 176

198

199 Concerning the selection of the important inputalges in step 2, it is proposed in
200 this paper to use a threshold for the sum of theaineéd Sobol indices. Firstly, the
201 input variables are sorted with a descending oeteording to their Sobol index.
202 Then, the firsiV,g, variables would be selected so that the sum o$éhected Sobol
203 indices is greater than a target value, saying lh98is paper. This guarantees that
204 the reduced dimension covers at least 98% of ttad tgput variance. The previous
205 studies [7,10] about the SPCE/GSA, employ a thidstoo individual input variables
206 rather than for the sum of Sobol indices. For eXamg] used the 2% of the Sobol
207 index (Maxs) of the most weighed random variable as an acoept#éhreshold to
208 identify significant input variables. This approantay encounter problems in two
209 cases: 1) theMaxs is relatively high. So the acceptance thresholdigh. Few
210 variables will be selected and the sum of the sefeSobol indices cannot be
211 guaranteed; 2) a low acceptance threshold is irlbgea relatively smalMaxg. Few
212 variables shall be rejected and the purpose of msima reduction is not realized. By
213 using the proposed sum threshold to identify thpadrtant input variables, the two
214 problems mentioned above can be addressed.

215

216 The last step of the SPCE/GSA is to perform an M@Sop of the SPCE meta-
217 model. MCS is the most straightforward and crude way dfinegting failure

218 probabilities. However, it could be very time-comsng if a complex deterministic

8
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model is involved or the target failure probabilisysmall. Coupling the MCS with
meta-modelling techniques can bypass this isswe shre computational effort of one
realization by using the meta-model is quasi-ndglkg For an MCS witlN,,.s calls

to the deterministic model, the failure probabilty can be expressed as follows:

Nmcs

Pf = ! *ZIMCS (5)

NMCS

wherely s is a failure indicatoriy s is set to 1 if the system fails afg.¢ =0
otherwise. The number &f,.s should be large enough in order to obtain an ateur

estimate. The coefficient of variation Bf for an MCS can be calculated by [18]:

CoVpy = J(l_Pf)/(NMCS*Pf)* 100% (6)
The MCS is dimension-independent, and often reghasea standard reference to
assess other reliability methods [8]. In this pagee direct MCS is performed for the

reference case to compare with the results obtdigede SPCE/GSA.

3 Generation of random fields by the K-L expansions

There are mainly three groups of methods for diszaon of random fields: point
discretization, average discretization and sengsumsions [19]. The K-L expansions
adopted in the paper is part of the third groupe Thethods in this group allow
representing exactly a Gaussian field by using rieseof random variables and
deterministic spatial functions [20]. The K-L exg@mns has been widely used in
geotechnical engineering such as slopes [20], tar{d®] and foundations [21] etc.
since it is the most efficient in terms of the n@anbf random variables required for a
given accuracy and is independent to the divisiomeshes according to [19,20,22].
On the contrary, the number of random variableslied in the point discretization

methods increases rapidly with the size of the leratf19].

Representation of a Gaussian random field
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A random field can be defined as a collection aofd@m variables indexed by a
continuous parameter. A Gaussian random field @wedmpletely described by its
meanu, variances? and an autocorrelation functigiix, x) [23]. In this paper, the

exponential autocorrelation function is used aradiseas follows:

lx—x| ly—=yl
L L,

p(x,y) = exp(— ) (7)

where(x,y) and(x’,y’) are the coordinates of two arbitrary points in thadom
field spacel, andl, are respectively the horizontal and vertical aotcation
length which is defined as the distance to whi@ahttocorrelation function decays to
1/e.

Basic principles of the K-L expansions

The K-L expansionis based on the spectral decomposition of the autn@nce
function C(x, x’) which is the autocorrelation functignx,x’) multiplied by the
standard deviatiom(x) ando(x’). This function being symmetrical and positive
definite, by definition, has all its eigenfunctiomautually orthogonal, and they form a
complete orthogonal basis Qf Any realization of{ (x, 8) can thus be expanded over

this basis as follows [19]:
[e9) S
Hx0) = 1+ 0 ) Jhpi0©) = u+ 0 ) JTp@a© @)
i=1 i=1

whereu ando are respectively mean value and standard deviaifothe random
field, {¢;(6),i = 1, ...} denotes the coordinates of the realizatlarf the random field

in the expanded spacg; and ¢; are the eigenvalues and eigenfunctions of the
autocovariance function respectively @t the size of the series expansidine
termé&;(0) is, in fact, a set of uncorrelated standard nowaaiables as long as the

realization of the random field is fixed'he value ofS strongly depends on the

10
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desired accuracy, the autocorrelation length antedsion of the random field. It can
be determined by evaluating the error estimationhef truncated series expansion.
The error estimate based on the variance of timeated error for a KLE witli terms

Is given by [18]:

£=%fﬂ dQ 9)

S
1- ) Lipi(x)
2

where(l is the domain of the random field. In order toashta sufficient accuracy in
terms of the variance error for random fields, bdaDer Kiureghian (1993) [24]
recommended that the stochastic grid size can tbasse.2 times the autocorrelation

length.

Log-normal random fields and cross-correlation

In the case of log-normal random fields, the K-Ilpam®sion given in Eq. (8) becomes

[25]

N

H(x’ 9) = exp |Uin + Glnz \//Tl(pl(x)fl(e)] = exp[.uln + GlnG(x: 9)] (10)

=1

Wherey;,, andog;,, are respectively mean value and standard deviatfothe log-
normal random field, and(x, 8) is a standard normally distributed random fieldhwi
S terms. Note that only a single soil property iplextly modelled in Eq. (10). In
practice, two or even more soil properties might dmnsidered as uncertain
parameters in geotechnical probabilistic analysishis case, the correlation between
the soil properties, namely cross-correlation, fthdae taken into account. Take a

cohesive frictional { — ¢) soil as an example, the two cross-correlatedniagnal

random fields € and ¢) with a cross-correlatiopéf‘(l, can be expressed:

11
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H.(x,0) = exp[ﬂlnc + UlnCGc(x' 8)] (11)

Hy(x,0) = exp fuuny + 01y Ge(x,0). 085 + Gy .. [1- 2|l (@2

Wherepé’fd, is the cross-correlation coefficient betwdefc) andIn(¢). It can be
calculated from the cross-correlation coefficieetviieenc and¢ [26]. For a sake of

simplicity, thepéflqb is noted ag. 4 for the following parts of the paper.

4 The deterministic models

Two deterministic models arsstablishedn this study for computing the dam factor
of safety (FOS) under steady state flow conditidree first one, based on the strength
reduction method, is created within the finite eliince program Flac2D [27] while

the second one nstructedn Matlab using the limit equilibrium theory.

This section firstly presents the studied acadesmibankment dam in terms of the
geometry and soil properties. It is followed byesdiption of the numerical model.

Then, the analytical model is presented.

4.1 Presentation of the studied dam

Figure 1 shows the layout of the studied embankndam where a free surface
groundwater flow occurs. Flow takes place from life side to the right side. The
crest of the dam has a width of 10 m. The full resie level is equal to 11.88 m. A
horizontal drain is installed at the toe of the dstvream slope for the purpose of
lowering the phreatic surface [28]. The ratio bedswehe drain length and the dam
base (AB in Figure 1) is equal to 0.3, correspogdm a horizontal drain length of

28m.

12
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[ Backfill

Figure 1. The geometry of the embankment dam case (gpresents the gravitational acceleration)

The soil is assumed to follow a linear elastic etlyy plastic behaviour characterized
by the Mohr Coulomb shear failure criterion. Theedeinistic values of the soil
parameters adopted in this study are based onatiaeoflan existing dam [29] and are
presented in Table 2. In case where the drairkentanto account, just one parameter
is modified in the backfill zone parameters. Itsltaulic conductivity is increased to

102 m/s.

Table 2. Deterministic soil parameters for the stuttd embankment dam

Backfill Foundation

Geotechnical parameters

Effective cohesion (kPa) 8.9 100
Effective friction angle) 34.8 34.1
Unit weight (kN/nT) 20 18
Elastic parameters

Young Modulus (MPa) 100 600
Coefficient of Poisson (/) 0.3 0.25
Hydraulic parameters

Hydraulic conductivity (m/s) 5X10° 1x10°
Porosity (/) 0.2 0.15
Horizontal seismicacceleration g) 0.15

4.2 The numerical model

A numerical model is created in the software FLACZBe boundary conditions used
in this model are the following ones: the displaeais are blocked following the
horizontal and vertical axis on the base of the ehatie horizontal displacements are
blocked on the lateral edges of the model. Figupreaents the mesh used for the

following calculations. The mesh includes around@8&-node quadrilateral plane

13
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elements for the whole dam body. The selected nuwftelements used in this model

is determined by a mesh refinement study. A furtteeluction in the element size

compared to the one shown in Figure 2 has a nbiigfffect on the computed FoS

value.

Downstream I Backfill

1 Drain
B Foundation

Figure 2 The numerical model mesh of the studied dmankment dam

The stability analysis of the embankment dam carsid soil spatial variability done

by the numerical model is carried out using théfeing steps [27]:

1.

5.

Initial equilibrium calculation . Once the mesh is realized and the
boundary conditions fixed, a mechanical calculatodrthe initial stress
state is performed under the loading of the soNi& weight.

. Flow only calculation. A hydrostatic head is applied in the upstream and

the pore pressure distribution is obtained undsadst state flow condition.
The obtained pore pressure distribution will alsoused for the analytical
model.

Assignment of the random fields to the meshTwo random fields
(c and ¢) are generated within the Matlab code using theni@en-Loéve
expansion method. They are then assigned to eacheat of the mesh
according to the coordinates. Figure 3 gives ammg@ka of two negatively
correlated random fields @nd ¢) mapped to the mesh. Der Kiureghian
and Ke (1988) suggested that the largest elemehiealeterministic mesh
in a given direction (horizontal or vertical) shdulot exceed 0.5 times the
autocorrelation length in that direction [30]. Tleisndition is respected in
the present study.

Effective stress calculation with a horizontal acderation. A
mechanical calculation is performed with the porespure distribution
determined by step 2 under a pseudo-static loacbngition with the new
assignment of the soil properties. This step pernhdt calculate the
effective stress state of the soil.

Stability analysis. The FoS is determined by using the strength temuc
14
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method in this step.

Figure 3. Example of two negatively correlated randm fields (8. 4=-0.5) mapped to the numerical model

4.3 The analytical model

An analytical model based on the limit equilibrigineory iscreatedusing the Matlab
software. This model combines the Morgenstern Rriethod [31] and the pore water
pressure distribution determined by the numericatieh for estimating the FoS of a
given slip surface. Particularly, the algorithm posed by [32] is adopted in this
paper to perform the Morgenstern Price method. Jihe shape is assumed to be
circular and the critical slip surface is locatgdnbapping: the entry point and the exit
point of the slip surface (A and B in Figure 4) ahd deepest passage of the slip arc
(D in Figure 4).

sy “S}p surface

Figure 4. Slip surface and slices of sliding mass

For a first illustration of the analytical modeigkre 5 gives a comparison of the two
deterministic models in terms of FoS values anddbresponding slip surface for

three sets of random fields. The three cases dforarfields represent three levels of
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soil spatial variability with different autocorréian lengths: corresponding to highly,
intermediately and slightly non-homogeneous randieids. It can be observed that
the FoS values obtained with the two models araydwsimilar, and the analytical
model leads to a slightly smaller FoS. The maxindifference is 1.9%. Concerning
the critical slip surface, the analytical model ¢@re a good approximation for all the
three cases. The slip surfaces determined by thgteral model agree well with

those of the numerical model, even for the cagegif non-homogeneity.

FoS(numegi

Case 1: Highly non-homogeneous
(Lx = 10m, Ly =1m)

FoS(numerical) =

FoS(analyti

FoS(numerical) = 1.
Case 2: intermediately non-homogeneous Case 3: Slightly non-homogeneous

(Lx = 25m, Ly =2m) (Lx =40m, Ly = 3m)

Figure 5 Comparison of the two deterministic models$or three sets of random fields

This comparison justifies the slip shape assumptidhe analytical model and shows
a good accuracy for the computed FoS. Howeveryderao conduct a probabilistic
stability analysis of embankment dams, the analtimodel needs still a validation in
a probabilistic framework, since the probabilistitalysis needs to call many times of

the deterministic model. This is one of the aim$hef next section.

Besides, it is important to note that the analytiteodel can dramatically reduce
computational time. The consuming time for the nuoa¢ model to calculate the FoS
of one realization on an Intel Xeon CPU E5-26091vAGHz (2 processors) PC is
about 5 minutes whereas it is reduced to 4 secwiitisthe analytical model. This
shows the high efficiency of the analytical modeinpared to the numerical analysis.
Reduction of computational time for deterministiodels is very significant for a
reliability analysis since it usually needs a lamgenber of calls to deterministic

calculations.
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5 Numerical simulations and results

This section aims at presenting a preliminary baliiy analysis of the considered
dam by using the SPCE/GSA. The analytical modeltaachumerical model are both
coupled with the reliability analysis and the ob&al results are compared. Such a
comparison allows validating the analytical modelai probabilistic framework. In
addition, a direct MCS w.r.t. the analytical modeperformed. This could assess the

accuracy and efficiency of the method SPCE/GSA.

5.1 The conducted analyses

As the slip surfaces are generated mostly in thendtbream part of the dam under
steady state flow conditions, it seems that théaoiability in the upstream part of
the dam has very limited effects on the FoS. Tineedsion of the random field can,
therefore, be reduced in order to decrease the auaflvandom variables involved in
random field generations. Based on this assumptioandom field in a partial zone
of the backfill is proposed (see in Figure 6).sltrelatively smaller than the random
filed in the full backfill. It allows reducing theumber of random variables. The
number of random variables involved in the K-L exgian is equal to the size of the
series expansio§ (see Eqg. (9)), which depends on the desired acgurthe
autocorrelation length and dimension of the randmtd. It can be determined by
evaluating the error estimation of the truncataieseexpansion using Eq. (9). For a
variance error between 9% and 1Q%= 40m andl, = 3m, it needs at least 120
variables for a random field with a full zone oéthackfill (left of Figure 6) while the
number is reduced to 70 for a random field withadipl zone (right of Figure 6). This
means that the random fields considering the futlezcan be accurately expressed by
a vector of 120 standard normal variables whicl tvén be treated as input variables
in the reliability analysis. The dimension of tijput space is thus 241 (241 X220

for the two random fields + 1 variable of the psmgthtic acceleration coefficient)
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which represents a high dimensional stochastic lpnob Using the reduced-size

random fields, the input dimension decreases fraintd 141.

Random field with full zone Random field with partial zone

Figure 6 Presentation of the random field with fullzone and partial zone of the backfill.

In order to validate the analytical model, verifyet assumption about the size
reduction and to assess the method SPCE/GSA, ftiareht probabilistic analyses
are performed (see Table 3). For the MCS, 2.1xd@mples are generated and
evaluated by the analytical model. Such a numbemotlel evaluationsN,,) is
determined by an adaptive process with a tafg&}, smaller than 5%. Table 4 gives
the statistical models of the input parametergHerprobabilistic analyses in the paper.
The effective cohesion and friction angkeandg) of the backfill are modelled by
log-normal random fields while the coefficient cdgudo-static acceleratioi(y) is
simulated by a log-normal random variable. the context of the random field
approach, the value ofor ¢ is represented by a vector of random variables. Sire

of the vector is respectively equal to 120 and @gi0& full and a partial zone. This
leads to a high dimensional stochastic probl@ime parameters of the foundation
zone are considered as homogeneous and deterministis noted that the
variabilities of the hydraulic parameters are nefgld in the present study since they
are expected to have very limited effects on ttiebidity results. According to [33],
the spatial variability of soil permeability doestrsignificantly add variability to the
free surface location for the dams with succesgfditsigned filter drains (drain
permeability should at least 120 times the meampability of the dam itself and the
drain length should be larger than the 0.25 oflihse dimension). The considered

drain in the paper satisfies the conditions of [33]e phreatic surface inside the dam
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is thus considered to be representative, even cwdpoy deterministic values of
hydraulic parameters. For the sake of simplicibg spatial variabilities of the soil
hydraulic parameters are neglected in the studg@smmend in [33].

Table 3 The four probabilistic analyses

Probabilistic Random field Deterministic Reliability
analysis dimension model method
N. 1 Full zone Numerical SPCE/GSA
N. 2 Partial zone Numerical SPCE/GSA
N. 3 Partial zone Analytical SPCE/GSA
N. 4 Partial zone Analytical MCS

Table 4 Statistical model of the input parameterskackfill) for the probabilistic analyses

Variable Mean COV (%) Modelling approach
Effective cohesion (kPa) 8.9 30 Log-normal random field
Effective friction angleq 34.8 15 Log-normal random field
Horizontal acceleration (g) 0.15 20 Log-normal random variable

COV: coefficient of variation

5.2 The obtained results

Figure 7 presents the PDFs of the FoS obtainedhdyaur analyses with, = 40m,

l, =3m andp.4 = 0. The PDF curve of MCS is directly plotted by esiting the
probability density with a normal kernel functiom dhe FoS values (2.1x10
samples). The other three curves are based oroBerdlues of a MCS population of
10° samples, estimated by the SPCE meta-model. Ibeaeen from Figure 7 that the
curves of the first two analyses are almost oveilap with each other. This
observation indicates that neglecting the soilaklity in the upstream part of the
backfill has no influence on the PDF of FoS for stedied dam. The random fields
with partial zone can then be used for the follayyomobabilistic analyses in the paper,
which can significantly reduce the number of randa@mable. Another remark is that

the curves obtained with the analytical model arettp close to those of the
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numerical model and they have almost the same shapeshows a good accuracy of
the analytical model in the probabilistic analysiss also found that the curve N.3 is
similar to the one obtained by a direct MCS (NH)is means that the meta-model
constructed by the method SPCE/GSA is able to caphe essential information of
the whole input space. The meta-model can thenraiaty replace the original

model. It is noted that only 1500 calls to the detaistic model are required in the
analysis 3 (see Table 5). This represents a gdamieety of the method SPCE/GSA

compared to the direct MCS which needs 2.fxtbdel evaluations.

In addition, some other results of the four anayaee provided in Table 5. The
failure probability is estimated between 0.0015 arip21, and the mean value of the
FoS is around 1.47. The method SPCE/GSA (N.3) gsuedar results to the direct
MCS (N.4). This finding is consistent with the obsgion made in Figure 7 and
shows a good accuracy of the method SPCE/GSA. &hkelts obtained with the
partial zone (numerical or analytical) are all mod agreement with that of full zone
using the numerical model. This validates oncera¢fa¢ accuracy of the analytical
model and the assumption about the dimension restuaf the random field.
Concerning the analytical model, it is found tostightly more conservative than the
numerical model because the model estimates a eanmakan value of FoS and a

bigger failure probability compared to those of thunerical model.

As a GSA is coupled with the probabilistic analysie sensitivity indices of each
input variables are also available. Firstly, thstfthree analyses give similar Sobol
index of the three input parameters according tolél'&, indicating validation of the
analytical model with the partial zone in termstloé sensitivity study. Secondly, it
can be observed that the friction angle takesiteedlace among the three parameters
which has the most important influence on the Fa8ability with a Sobol index

around 0.58, the second most important factor esatceleration coefficient with a

20



497 Sobol index around 0.35, and the cohesion is thst lenportant one with a Sobol

498 index around 0.06.

499

500 The following concluding remarks can be made basedthe four analyses: 1)

501 neglecting the soil variability in the upstreamtparthe backfill has almost no effect

502 on the probabilistic analysis; 2) the method SPCEAGs efficient and has the

503 capacity to provide accurate estimates of religbrisults; 3) the analytical model is
504 validated in a probabilistic framework considersal spatial variability and random

505 pseudo-static acceleration&ccording to the three remarks, it is recommended t
506 couple the analytical model, more efficient thaa ttumerical one as aforementioned,
507 with the SPCE/GSA procedure in the partial zone a@amfor the following

508 parametric studies.

0.025 T T :
. = N.1-Num.Full.SPCE/GSA
>3 = = N.2-Num.Partia. SPCE/GSA
-------- N.3-Ana.Partial. SPCE/GSA
002 I ====N.4-Ana.Partia. MCS
0.015 i
L
(@)
o
0.01 i
0.005 | i
0
0.5 1 1.5 2 2.5
509 FoS
510 Figure 7 PDFs of the FoS obtained by the four protilistic analyses {, = 40,1, = 3, B4 = 0)
511 Table 5 Probabilistic results obtained by the foumnalyses [, = 40,1, = 3, 8.4 = 0)
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Number of analysis Py Meang,s Stdp,s S S¢ Sk, Nm

N. 1 0.0015 1.488  0.180 0.0630.561 0.369 3000
N. 2 0.0016 1.487  0.180 0.0660.558 0.374 1500
N. 3 0.0021 1.462  0.174 0.043.607 0.347 1500
N. 4 0.0019 1.463 0.175 - - - 2.1X10°

P¢: Probability of failure;Meang,s: Mean value of FoS§tdr,,: Standard deviation of FoS; S:
Sobol index of the cohesion; S¢: Sobol index of the friction angle; SKh:Sobol index of the

acceleration coefficient.

6 Parametric studies

This section takes advantage of the previous csiwriy using the analytical model
for deterministic calculations and the partial zdoe random field generation, to
investigate the influences of the spatial variapilil,, [, COV, and COV,) and the

cross-correlation coefficiengf ,) on the PDF of the studied dam safety factor,hen t
sensitivity index of the shear strength parameaews on the failure probability. The
cohesion and friction angle é@ndg) of the backfill are modelled by random fields
based on the statistical moments presented in Tgblehile the coefficient of the

pseudo-static acceleration is regarded as detestiginvith a value of 0.15 in order to

focus on the effects of soil variability.

6.1 Effect of the autocorrelation length

The autocorrelation length is defined as the de#tato which the autocorrelation
function decays to 1/e. It, together with the COMhe parameter, describes the soil
spatial variability. A smaller autocorrelation I¢hgneans that the soil is more severe
non-homogeneous. According to a literature revieverg by EI-Ramly et al (2003)
[34], the autocorrelation length is within a raredel 0-40m in the horizontal direction,
while it ranges from 1 to 3m in the vertical diieat Several values of the
autocorrelation lengths selected from its physiaalge are tested here to investigate

its influence on the probabilistic analysis, withy, = 0. An extreme case is that the
22



534
535
536
537
538
539
540
941
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560

horizonal and vertical autocorrelation lengths #&h equal to infinite, which

corresponds to the case of random variables.

Figure 8 and Figure 9 present the PDFs of the etidam FoS corresponding to
different autocorrelation lengths together with ttese of random variables. The
results are obtained fdéy varying between 1.5 to 3m with being 40m in Figure 8,

andl, varying between 25 to 40m with being 3m in Figure 9. Table 6 gives an

overview of the probabilistic analysis results.

It can be observed from Figure 8 that taller andaveer PDF curves are produced
when decreasing the vertical autocorrelation lengliis implies that the variability of
the studied dam safety factor decreases with tloeease in the soil spatial
heterogeneity. In addition, the case of randomaldes gives the most spread-out
distribution of the FoS. From a physical point ofew, a higher vertical
autocorrelation length indicates that the randoniatées (each discretized point) are
more strongly correlated. It therefore results @latively low variation of the
simulated values of soil strength parameters albegdepth and presents a greater
chance to form more uniform zones during one ranfielth generation. However, the
global average of the strength parameter randoidsfiehanges a lot from one
realization to another. Thisubsequentlyeads to a higher variability of the system
response. On the contrary, a smaller vertical autelation length can result in a
smaller uncertainty in the global average valuenfrone realization to another and
thus a smaller variability of the system resporse.the case of random variables
corresponds to the infinite value of the autocaitieh length which means a perfectly
correlated random field, it presents the biggesiabdity of the system response and

thus the most spread-out distribution of the FoS.

23



561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
S77
578
579
580
581
582
583
584

The same observations, concerning the effect ofatitecorrelation length on the
PDFs of the FoS, can also be remarked in Figuido®ever, it is worth to note, by
comparing the two figures, that the variabilitytbé studied dam safety factor is more

sensitive to the change of the vertical autocotiaidength.

From Table 6, it is clearly seen that the failumbability decreases with the
autocorrelation length, which would be expectedsmall autocorrelation length
induces significant fluctuation of the soil stremgtarameters along the slip surface.
Therefore, the probability of calculations withafety factor lower than 1.0 decreases
since the simulated values are averaged to the nadae along the slip surface. The
failure probability decreases from 20.5%1t 2.36x1F whenl,, varies from 3 to
1.5m withl, being 40m. Particularly, the case of random véemlleads to a much
greater failure probability than all the casesafdom fields. This implies that using
the random variables approach in dam design, wimeglects the soil spatial
variability, is conservative. Concerning the stated moments of the FoS, one can
observe that the mean value remains almost constaiteé the standard deviation
decreases with the autocorrelation lengths deced$es characteristic results in a

taller and narrower PDF curve when a smaller autetation length is involved.

Table 6 presents the Sobol indices afnd ¢ for different autocorrelation lengths. It
is observed that the autocorrelation length hasostinmo influence on the Sobol
indices. The Sobol index of the friction angle (glgiw 0.92) is bigger than that of the
cohesion (equal to 0.08). This indicates that theability of the FoS is more

sensitive to the friction angle than to the cohesio
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Figure 8 Influence of the vertical autocorrelationlength on the PDF of the FoS
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Table 6 Comparison of the probabilistic results oktined with different autocorrelation lengths B 4 = 0)

Autocorrelation length (m) Py Meang,s Stdp,s Sc So

l,=40,1,=15 2.36x10° 1.451 0.111 0.070.93
Ly =40,1,=2 4.07x10° 1.451  0.123 0.080.92
L,=40,1,=25 8.99x10° 1.454 0.133 0.070.93
L,=40,1,= 20.5x10°> 1.455 0.142 0.090.90

,=40,1,= 20.5x10° 1.455 0.142 0.090.90
L,=351,=3 6.45x10> 1.456  0.137 0.080.92
L,=30,1,=3 3.75x10°> 1.457 0.135 0.080.92
L, =25,l,= 1.23x10° 1.457 0.133 0.080.92

6.2 Effect of the cross-correlation

It is commonly recognized that there is a negativeelation betweenand ¢, and
the value of correlation coefficient is between7-@nd -0.24 according to [35,36].
Besides, Wolff (1985) [37] reported a positive aalof 0.25 for the correlation
coefficient based on the consolidated drainedtssil. In order to explore the effects
of cross-correlation between the two random fiéldsnd ¢) on the dam reliability,
7 cases of correlation coefficients ranging fron6-@ 0.6 are considered in this

section.

Figure 10 presents the PDFs of the studied dantysédetor corresponding to 4
correlation coefficients for a sake of clarity, étiger with the cases of random
variables. It shows that taller and narrower PDFvesl are induced when decreasing
the cross-correlation coefficients. This implieattthe variability of the studied dam
safety factor decreases with the cross-correlabietween the two random fields
(c and ¢). For the cases of negative correlation coeffigetihe increase of one

parameter value decreases the other value. Thatieariof the total shear strength is
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reduced and consequently the safety factor vanasialso reduced. Similar results,
concerning the effect of the correlation betweemd¢ on the PDF curves, can also
be observed for the cases of random variableshtdRDF curves are always spread

compared to those of random fields approach.

Figure 11 shows the failure probability as a fumatiof the cross-correlation
coefficients. It is seen that the failure probabiis greatly influenced by the cross-
correlation coefficients. It changes several orddrenagnitude (i.e., increasing from
8.00x10° to 1.09x10") when the correlation coefficient varies from —®060.6 for
the cases of random fields. The failure probabdiégreases when the negative cross-
correlation becomes stronger and increases withiyasross-correlation coefficient.
This implies that the assumption of independendevdenc andg may be severely
biased if the actual cross-correlation is positove negative. In fact, a negative
correlation implies that low values of cohesion associated with high values of
friction angle and vice versa. In other words, gat&e correlation betweenand ¢
means that the uncertainty in the calculated sbigangth is smaller compared to the
independent and positively correlated cases. Bgsttle overestimation of the failure
probability by the random variables approach comegban the random fields approach
Is observed. This indicates once again that udmegrandom variables approach in

dam design is conservative.

Table 7 gives a summary of all the probabilisticalgses in terms of failure
probability, FoS statistical moments and Sobol éedi ofc and¢ for the cases of
random fields. Particularly, a slight decrease loé¢ imean value of FOS when
increasingf. 4 can be found in Table 7. On the contrary, the daeh deviation

presents an opposite trend to the mean value.
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634 Concerning the Sobol indices, it can be seen thatchange i, has almost no
635 effect on the sensitivity index efand¢. TheS, remains around 0.08 and thg

636 around 0.92.
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638 Figure 10 Effect of the cross-correlation coefficiets betweenc and ¢ on the PDF of FoS
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Figure 11 Effect of cross-correlation coefficients étweenc and ¢ on the failure probability

Table 7 Comparison of the probabilistic results otained with different cross-correlation coefficiens for the

cases of random fieldslfy = 40m, L, = 3m)

Bco P Meang,s  Stdp,s Sc S¢
-0.6 0.08x1d  1.475 0.121 0.07 0.92
-0.4 0.25x1d  1.469 0.128 0.08 0.91
0.2 0.53x1d  1.463 0.136 0.08 0.91
0 2.05x10"  1.455 0.142 0.09 0.90
0.2 4.35x10  1.450 0.148 0.07 0.92
0.4 6.15x10  1.443 0.153 0.08 0.91
0.6 10.9x1d  1.439 0.159 0.08 0.91

644 6.3 Effect of the COV
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645 For the previous analyses, the COVs @ind¢ are fixed as shown in Table 4. In
646 order to discuss the effect of the COV on the podistic results, three values were
647 used for the COV of andg to perform the probabilistic analysis. Accordimag[38],
648 the COV of cohesion ranges from 10% to 55%, wtaleffiction angle, it ranges from
649 5% to 15%.

650

651 Figure 12 presents the PDFs of the studied dantysédetor obtained with three
652 COVs of the cohesion (10%, 30% and 50%), Wi/, being 15%. It can be seen
653 that a smalCOV, produces a taller and narrower PDF curve, whiclicates that the
654 variability decreases with th@V, decreases. For a same valu€0¥,, it is always
655 the random variables approach which produces th& spyead out PDF curve. The
656 similar observations can be remarked in Figure 1Bickv gives the PDFs
657 corresponding to three COVs of the friction andi@o( 10% and 15%), witGOV,
658 being 30%. By comparing these two figures, it canfdund thaC0V, has a more
659 important influence on the shape of the PDF curlicliwvmeans that the variability of
660 FoS is more sensitive to the changeCof/,. This finding is consistent to the
661 computed Sobol indices ofand¢ as show in Table 6. In addition, it can also be
662 clearly observed in Figure 13 tha®V,; has a non-negligible effect on the mean value
663 and standard deviation of the FoS. It seems tleatthan value increases while the
664 standard deviation decreases when decreasingiig. The PDF curve will become
665 a vertical line as show in Figure 13, which in faotresponds to the deterministic
666 calculation using the parameters of Tabl€@W. = COV, = 0).

667

668 Figure 14 presents the failure probability as acfiom of theCOV, andCOVy. It
669 shows that the COV has a significant effect on ftiire probability. It decreases
670 with the COV decreases. In addition, the randonmbées approach always results in
671 a bigger failure probability than the random fiefggproach.

672
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673 Figure 15 presents the Sobol indicescoand ¢ for different COVs. It is not
674 surprising to find that the Sobol indices are dgyeatfected by the COV. Another

675 remark is that the random variables and randontdielpproaches give almost the

676 same results for the Sobol Indices.
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678  Figure 12 Effect of the COV of cohesion on the PDF &0S (Random fields and random variables approach)
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Figure 14: Effect of the COV on the failure probabilty (RV: Random Variables approach, RF: Random

Fields approach)
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Figure 15: Effect of the COV on the Sobol index (RVRandom Variables approach, RF: Random Fields

approach)

7 Discussions

7.1 Simulations of soil variabilities

As presented in the paper, there are two waysntollate soil variabilities: random
variables approach (RVA) and random fields apprg@&iPA). The first one assumes
that a soil property is constant for the whole dondd the considered model, but is
varied as a random variable among different retidima of calculations. The latter
enables taking into account the soil inherent apaariabilities by using a random
field which is a collection of a series of randomrigbles at different discretized
points of the calculation domain. The value at gaaimt is not a constant but varied

according to an autocorrelation function. Obvioushe RFA is more realistic than
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the RVA. In addition, the results of section 6 shibnat the RVA always leads to an
higher failure probability than the RFA. Above atljs better to employ the random
fields approach in reliability analyses, so that ®voil spatial variabilities can be

simulated properly and uneconomical designs byR¥A can be avoided.

In practice, the quantity of available measurementssually not large enough which
doesn’t allow meaningful estimates of autocorrelatiistance for the considered soil
properties. Therefore, it is impossible to congdtracrandom field model through
measured data. A common solution for this problentoi select the autocorrelation
distance from literature as the works in [10,39]ralnge of values for this parameter
can be found in published papers. For example, if8#fitated that the autocorrelation
distance of soils was between 10-40m in the hot&odirection and 1-3m in the
vertical direction; [40] found that the offshoreilsdhave a more wide range for this
parameter saying 7-9000m and 0.4-7.14m for respgtihorizontal and vertical
directions. According to the results of section, @lie higher the autocorrelation
distance is, the bigger the failure probabilityolstained. In this case, the maximum
values of this parameter can be selected in rétial@nalyses in order to be safe
enough. Otherwise, one can perform the analysish wdifferent values of

autocorrelation distance and give finally a rangfaure probability.

In some cases, other information during the constrm or monitoring phases can
help to determine the autocorrelation distance.example, it is reasonable to assume
L, = 2m for an earth dam if it was constructed by layeithwa depth of 2m. Also,
one can use physical relation to obtain a repratientof random fields for the target
soil property by transforming from another soil peaty random field. Transformation

example can be found in [29].
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7.2 Comparison between the two deterministic models

Two deterministic models are created in the papsi are coupled with the
SPCE/GSA reliability analyses. Results of sectidhahd section 5.2 indicate that the
two models lead to similar results in both deterstia and probabilistic frameworks.
It is found that using the analytical model careaske dramatically the computational
burden compared to the numerical one, especiallseliability analyses. The time
reduction could be 5 days to only 2 hours for amlysis with 1500 calls of
deterministic models as presented in Table 5. Toexgeit is recommended to use the
analytical model for the dam FoS estimation inatality analyses since the model is
efficient and accurate enough. Its efficiency hdsuge advantage when parametric
studies should be performed or several values pérameter should be tested in a

reliability analysis.

On the contrary, the analytical model used in tApegp cannot simulate complex
design scenarios such as the settlement of the thengdam stability under rapid
drawdown conditions or dam response under reainseie®adings. For these cases, a
numerical model should be considered to model th@ptex dam behaviour. In
addition, the numerical model based on the stremgtiuction method (SRM) is
considered to be more sophisticated than the &ouilibrium method (the analytical
one) since there is no assumption about slip seré@pe and inter-forces and the
critical slip surface can be determined automdticed SRM [29]. Therefore, the
numerical model shall be recommended if there ikigh requirement for the

modelling of soil behaviour or failure mechanism.

In conclusions, the analytical model can be adoftedhe following cases: 1) A
simple design scenario, namely the dam (or slofadilgy under steady state flow
conditions with or without a pseudo static acceélera 2) Parametric studies where

several reliability analyses should be performgda reliminary design stage which
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allows a fast estimate of the order of magnitudetlie target system response. For
other cases such as complicated design scenan@syumerical model should be

employed.

7.3 Other reliability methods

The present study employs the random field thearysimulate soil spatial
variabilities. In total, 141 random variables aomsidered in the conducted reliability
analyses: 70 for therandom field, 70 for theo random field and 1 for the pseudo-

static acceleration coefficient.

Traditional methods, like FORM and SORM, cannot diantoo many random
variables [10]. Particularly, the computational tcoereases rapidly with the number
of input variable in SORM [41]. These two approxtraa methods are not efficient in
such a problem. Concerning the sampling-based mdsthsuch as Monte Carlo
Simulation (MCS) and Subset Simulation (SS), theyiadependent of the dimension
of the input space. However, the efficiency of tbiass of methods is usually low
especially for small failure probabilities. Secti®®2 has shown that the adopted
method is much more efficient than the direct MCBioh needs 2.1xfOmodel
evaluations and takes about 2.5 days. The thirdsclef methods for reliability
analyses is the meta-modelling. Meta-Modelling aamh€reating a surrogate model
(a.k.a. meta-model) of the original mechanical nhadaich is usually expensive to
evaluate, by using mathematical tools (e.g. Polyabf@haos and Kriging). Then, an
MCS can be performed using the meta-model. Thissatd methods can address the
difficulties in non-linear problems and rare eveestimation encountered by
FORM/SORM and Sampling-based methods. However, shéfgr from the so-called
Curse of Dimensionality8] which means that the number of model evalumtio
increases rapidly with the number of input variablEhe adopted method SPCE/GSA

alleviates this issue by two ways: 1) reduce thmutindimension by performing a
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GSA,; 2) construct a meta-model by using sparse RGiEh results in fewer terms
than a full PCE. The obtained results in the paplo demonstrate that the
SPCE/GSA can provide reliable, accurate and efficisolutions for reliability

analyses of dams.

8 Conclusions

Probabilistic stability analyses of an embankmeamdconsidering soil spatial

variability are presented. The analyses are peddrhy using the method SPCE/GSA
and the soil spatial variability is simulated byetmandom field theory. Two

deterministic models aresstablishedfor computing the FoS of the dam. By
performing several probabilistic analyses with #&malytical model, the influences of
the soil spatial variability (autocorrelation lehgind coefficient of variation) and the
cross-correlation between the random fields of smmeand friction angle on the

reliability results are investigated.

The main conclusions of this paper can be sumnaazsdollows:

1. The introduced analytical model is validated in eolabilistic framework
considering soil spatial variability and random ymb® static accelerations. The
model can reduce dramatically the computation toha probabilistic analysis.
For a first order of estimate, it can be appliedhat preliminary design stage for
similar problems (earth dam or slope stability)heat than using the complex
numerical model.

2. Accounting for soil spatial variabilities in relidiby analyses of dams can provide
less dispersive FoS values and lower estimateailofé probability compared to
the random variables approach. In other words,antigly soil spatial variabilities
leads to conservative designs thus uneconomicasticartions in some cases.
Additionally, simulation of soil variabilities byhe random field theory is realistic
since the soil properties are spatially varied daegeological process and
engineering construction.

3. According to the obtained Sobol indices, the valiiglof the studied dam safety
factor is much more sensitive to the friction antjian the cohesion. In addition,
the autocorrelation length and the cross-correlattoefficients between the
random fields of cohesion and friction angle halmost no influence on the

Sobol indices. On the contrary, the coefficienvafiation has a significant effect.
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4.

It is found that each of the three considered factéor soil variables
(autocorrelation distance, cross-correlation aneffaoent of variation) has
significant effects on the dam reliability. An ord® several orders of magnitude
for the dam failure probability can be induced tsing different values of the
three factors. For example, the failure probabitihyanges 3 orders of magnitude
when g4 varies from -0.6 to 0.6 for the cases of randoeld§. More
specifically, the dam failure probability is incesal with increasing the values of
the three factors. Particularly, the vertical aotoelation distance has a more
important effect on the failure probability thar thorizontal one.

It is found that simulating the soil variability bgndom variables or random fields
can lead to similar results in terms of sensitivityex. This finding could be very
useful if a sensitivity analysis would have to lefprmed by considering the soill
spatial variability. The sensitivity index of theilsproperties can be approximated
by using the random variables approach given thest always easier to handle
several input variables than to deal with a highehsional stochastic problem.

9 Acknowledgement

The first author thanks gratefully the China Scheligp Council for providing him

with a PhD Scholarship for his research work.

10 References

[1]

[2]

[3]

[4]

Liang RY, Nusier OK, Malkawi AH. A reliabilitybased approach for
evaluating the slope stability of embankment daemg Geol 1999;54:271-85.
doi:10.1016/S0013-7952(99)00017-4.

Babu GS, Srivastava A. Reliability Analysis &arth Dams. J Geotech
Geoenvironmental Eng 2010;136:995-8. doi:10.1063GE)GT.1943-
5606.0000313.

Yi P, Liu J, Xu C. Reliability Analysis of HighRockfill Dam Stability. Math
Probl Eng 2015;2015. doi:10.1155/2015/512648.

Guo X, Dias D, Carvajal C, Peyras L, Breul PeliRbility analysis of
embankment dam sliding stability using the spars#gynomial chaos
expansion. Eng Struct 2018;174:295-307. doi:10.4@tgstruct.2018.07.053.

38



845
846
847
848
849
850
851
852
853
854
855
856
857
858
859
860
861
862
863
864
865
866
867
868
869
870
871
872

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

Dasaka SM, Zhang LM. Spatial variability of isitu weathered soil.
Géotechnique 2012;62:375-84. doi:10.1680/geot.BIP3¥ 86.

Sudret B. Global sensitivity analysis using ywmial chaos expansions.
Reliab Eng Syst Saf 2008;93:964—79. doi:10.10534.2007.04.002.

Al-bittar T, Soubra A-H. Efficient sparse polymial chaos expansion
methodology for the probabilistic analysis of congtionally-expensive
deterministic models. Int J Numer Anal Methods Geom?2014;38:1211-30.
doi:10.1002/nag.2251.

Pan Q, Dias D. An efficient reliability methocbmbining adaptive Support
Vector Machine and Monte Carlo Simulation. Struaf 2017;67:85-95.
doi:10.1016/j.strusafe.2017.04.006.

Pan Q, Dias D. Sliced inverse regression-baspdrse polynomial chaos
expansions for reliability analysis in high dimenmss. Reliab Eng Syst Saf
2017;167:484-93. d0i:10.1016/j.ress.2017.06.026.

Pan Q, Dias D. Probabilistic evaluation of neh face stability in spatially
random soils using sparse polynomial chaos expangith global sensitivity
analysis. Acta Geotech 2017;12:1415-29. doi:10.810A440-017-0541-5.
Blatman G, Sudret B. Adaptive sparse polyndrolaaos expansion based on
least angle regression. J Comput Phys  2011;230:56345
doi:10.1016/j.jcp.2010.12.021.

Blatman G, Sudret B. An adaptive algorithmboild up sparse polynomial
chaos expansions for stochastic finite elementyamsalProbabilistic Eng Mech
2010;25:183-97. doi:10.1016/j.probengmech.2009010.0

Blatman G, Sudret B. Sparse polynomial chagpaasions and adaptive
stochastic finite elements using a regression a@ghro Comptes Rendus
Mécanique 2008;336:518-23. doi:10.1016/j.crme.2WNB13.

Sudret B. Polynomial Chaos Expansions and (&tsiic Finite Element

Methods. In: Phoon K-K, Ching J, editors. Risk BbkliGeotech. Eng., CRC

39



873 Press; 2014, p. 265-300.

874 [15] Sobol' IM. Global sensitivity indices for thénvestigation of nonlinear
875 mathematical models. Mat Model 2005;17:43-52.
876 doi:10.1002/wilm.42820050114.

877 [16] Marelli S, Sudret B. UQLab: A Framework for thrtainty Quantification in
878 MATLAB. 2nd Int. Conf. Vulnerability Risk Anal. Maayg., Liverpool: 2014, p.
879 2554-2563. doi:10.1061/9780784413609.257.

880 [17] Baudin M, Dutfoy A, looss B, Popelin A. OpenRMS: An Industrial

881 Software for Uncertainty Quantification in Simudti In: Ghanem R, Higdon
882 D, Owhadi H, editors. Handb. Uncertain. Quantif.ha@: Springer
883 International Publishing; 2017, p. 2001-38. doilD0.7/978-3-319-12385-
884 1 64.

885 [18] Phoon KK. Numerical recipes for reliability @gsis — a primer. In: Phoon K-
886 K, Ching J, editors. Reliab. Des. Geotech. Eng.CGRess; 2008, p. 545.

887 [19] Sudret B, Der Kiureghian A. Stochastic finelement methods and reliability.
888 A state-of-the-art-report. University of Californ2000.

889 [20] Cho S. Probabilistic Assessment of Slope Stgbihat Considers the Spatial
890 Variability of Soil Properties. J Geotech Geoennireental Eng 2009;136:975—
891 84. doi:10.1061/(ASCE)GT.1943-5606.0000309.

892 [21] Ahmed A, Soubra A. Application of the subsetglation approach to spatially
893 varying soils. In: Phoon K-K, Ching J, editors. IRiReliab. Geotech. Eng.,
894 CRC Press; 2014, p. 561-77.

895 [22] Ghiocel DM, Ghanem RG. Stochastic Finite-Eletm&nalysis of Seismic Soil-

896 Structure Interaction. J Eng Mech 2002;128:66. 1dboi061/(ASCE)0733-

897 9399(2002)128:1(66).

898 [23] Baecher GB, Christian JT. Reliability and #its in Geotechnical

899 Engineering. John Wiley & Sons; 2005. doi:10.118&#2005.s838.

900 [24] Li C-C, Der Kiureghian A. Optimal discretizati of random fields. J Eng

40



901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917
918
919
920
921
922
923
924
925
926
927
928

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

Mech 1993;119:1136-54. doi:10.1061/(ASCE)0733-98998)119:6(1136).
Cho SE, Park HC. Effect of spatial variabildf/cross-correlated soil properties
on bearing capacity of strip footing. Int J Numenah Methods Geomech
2010;34:1-26. doi:10.1002/nag.791.

Fenton GA, Griffiths D V. Risk Assessment ine@echnical Engineering.
2008. doi:10.1002/9780470284704.

Itasca. FLAC 7.0 reference manual. Minneap@l 1.

Guo X, Baroth J, Dias D, Simon A. An analyticaodel for the monitoring of
pore water pressure inside embankment dams. EngtS2018;160:356—65.
doi:10.1016/j.engstruct.2018.01.054.

Mouyeaux A, Carvajal C, Bressolette P, PeytasBreul P, Bacconnet C.
Probabilistic stability analysis of an earth dam ®tpchastic Finite Element
Method based on field data. Comput Geotech 201831647.
doi:10.1016/j.compge0.2018.04.017.

Der Kiureghian A, Ke J-B. The stochastic fexkélement method in structural
reliability. Probabilistc Eng Mech 1988;3:83-91.0i:d0.1016/0266-
8920(88)90019-7.

Morgenstern NR, Price VE. The Analysis of tBéability of general slipe
surfaces. Geotechnique 1965;15:725—6. doi:10.1680/065.15.1.79.

Zhu DY, Lee CF, Qian QH, Chen GR. A concisgoaithm for computing the
factor of safety using the Morgenstern-Price meth@hn Geotech J
2005;42:272—-8. doi:10.1139/t04-072.

Fenton GA, Griffiths DV. Extreme hydraulic glien statistics in stochastic
earth dam. J OfGeotechnical Geoenvironmental En®7123:14775.
doi:10.1061/(ASCE)1090-0241(1997)123:11(995).

El-Ramly H, Morgenstern NR, Cruden DM. Probistic stability analysis of a
tailings dyke on presheared clay-shale. Can Geotec?k003;40:192—-208.
doi:10.1139/t02-095.

41



929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945

[35]

[36]

[37]

[38]

[39]

[40]

[41]

Lumb P. Safety factors and the probabilitytdisition of soil strength. Can
Geotech J 1970;7:225-42. doi:10.1139/t70-032.

Yucemen MS, Tang WH, Ang A.-S. A probabilisstudy of safety and design
of earth slopes. University of lllinois at Urban&&npaign, 1973.

Wolff TH. Analysis and design of embankmentndalopes: A probabilistic

approach. Purdue University, 1985.

Phoon K-K, Kulhawy FH. Characterization of ¢gechnical variability. Can

Geotech J 1999;36:612—24. doi:10.1139/t99-038.

Kader A, Haj E, Soubra AH, Fajoui J, Al-bittdr Probabilistic model of an
offshore monopile foundation taking into accourg gvoil spatial variability.

Comput Geotech 2019;106:1-19. doi:10.1016/j.coma§dd3.10.011.

Li JH, Zhou Y, Zhang LL, Tian Y, Cassidy MJh@ng LM. Random finite

element method for spudcan foundations in spatiaiyable soils. Eng Geol
2016;205:146-55. doi:10.1016/j.engge0.2015.12.019.

Marelli S, Schobi R, Sudret B. UQLAB user mahy Structural reliability

(Rare event estimation), Report, UQLab-V1.2-107#icu 2019.

42





