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Abstract

Risk assessment of earth dams is concerned not only with the probability of failure but also with the
corresponding consequence, which can be more difficult to quantify when the spatial variability of
soil properties is involved. This study presents a risk assessment for an earth dam in spatially
variable soils using the random adaptive finite element limit analysis. The random field theory,
adaptive finite element limit analysis, and Monte Carlo simulation are employed to implement the
entire process. Among these methods, the random field theory is first introduced to describe the soil
spatial variability. Then the adaptive finite element limit analysis is adopted to obtain the bound
solution and consequence. Finally, the failure probability and risk assessment are counted via the
Monte Carlo simulation. In contrary to the deterministic analysis that only a factor of safety is given,

the stochastic analysis considering the spatial variability can provide statistical characteristics of the
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stability and assess the risk of the earth dam failure comprehensively, which can be further used for

guiding decision-making and mitigation. Besides, the effects of the correlation structure of strength

parameters on the stochastic response and risk assessment of the earth dam are investigated through

parametric analysis.

Keywords: Risk assessment; Spatial variability; Random adaptive finite element limit analysis;

Random field theory; Monte Carlo simulation

Avrticle Highlights

(1) The methods of probabilistic risk assessment of earth dams in spatially variable soils are

clarified in the framework of random adaptive finite element limit analysis.

(2) The statistical characteristics of the stability and quantitative risk assessment of the earth dam

considering the soil spatial variability are studied.

(3) The effects of the correlation structure of strength parameters on the stochastic response and

risk assessment of the earth dam are investigated.

1. Introduction

Earth dams composed of soils and rock debris are a type of commonly seen geo-structures in

the word, which have attracted increasing attention because of the serious consequences of their

destruction [1]. The soil properties in the earth dams generally exhibit a certain spatial variability

even within homogeneous layers as a result of depositional and post-depositional processes [2]. The

existence of spatial variability increases the complexity of evaluating dam stability [3, 4]. From an

engineering perspective, the concern is not only the stability of an earth dam, but also the
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consequence of its failure. The risk assessment accounts for the probability of failure as well as the

corresponding consequence simultaneously [5]. In this case, the effects of the soil spatial variability

on the risk assessment of earth dams can be more profound since the consequences associated with

different failure modes are individual [6]. However, a majority of analyses assume that the material

properties applied to soil layer are deterministic, and a monotonous factor of safety with minimum

information is obtained. These conventional deterministic methods ignore the soil spatial variability,

which deviate from the actual stability and risk. Therefore, it is more rational to take the spatial

variability of soil properties into account when assessing the stability and the risk of earth dams,

otherwise the results can be distorted.

At present, the spatial variability of soil properties is often described by the random field theory

for stochastic analysis [7]. Random finite element method (RFEM) which incorporates the random

field theory and the finite element method has attracted widespread attention in the field of

geotechnical engineering by dint of its promising performance [8-11]. In the context of RFEM, the

spatial variability can be well characterized by a random field of the parameters of interest and then

mapped onto the partitioned finite element mesh [12, 13]. Although the RFEM has the ability to

deal with the problems of random variables with spatial variability and produces a seemingly

reasonable solution, the results obtained greatly depend on the size of the mesh and may lead to an

undemanding factor of safety and consequence owing to unsuitable meshing [14, 15].

Alternatively, the random adaptive finite element limit analysis (RAFELA) is developing

rapidly in recent years, which can give precise ultimate solution by imposing the adaptive meshing

within the finite element limit analysis [16]. Unlike RFEM which manually divides the mesh and

gets a single solution, RAFELA relies on adaptive meshing technique and brackets the solution by
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strictly close lower bound (LB) and upper bound (UB). This approach greatly improves the

calculation accuracy through generating the mesh automatically, which can be applicable to

complicated structures that RFEM may not be well competent even with a sufficiently dense mesh

because of the irregular geometry [17]. Nowadays, RAFELA has become a powerful tool to deal

with a variety of stability problems where the soil properties are spatially variable [18-20], but it has

rarely been reported in quantifying the dam stability and risk assessment.

In this study, RAFELA is employed to assess the risk of an earth dam failure where the spatial

variability of the strength parameters is involved. This state-of-the-art technique integrates the

random field theory and adaptive finite element limit analysis (AFELA) in a Monte Carlo simulation

(MCS) framework. At first, the random fields of the strength parameters are discretized by the

Karhunen—Loeve expansion (KLE). Then the bound solution and the corresponding consequence

are obtained by the AFELA. Subsequently, the probabilistic risk assessment of the dam failure is

quantified via the MCS. Furthermore, a series of parametric analyses with regards to the correlation

structure of the strength parameters are discussed.

2. Methodology

2.1 Adaptive finite element limit analysis

Finite element limit analysis (FELA) embedded with adaptive meshing, also termed as AFELA,

is a powerful tool newly developed for evaluating the performance of the geotechnical structures.

The former inherits the advantages of the finite element method and limit theorem providing a

variety of modeling environments and strict bound solution. The latter can produce adaptive meshes

automatically in an optimal way to maximize accuracy while keeping the computational cost at a
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minimum [16, 21, 22].

According to the bounding theorems of classical plasticity that assume the material to be
perfectly plastic and follows an associated flow rule, LB and UB solutions can be evaluated by
constructing a reasonable statically admissible stress and kinematically admissible velocity fields,
respectively. Considering a structure of rigid plastic material with volume V is subjected to a set of
body forces b while a set of tractions t are acting on its boundary. As shown in Fig. 1, the
displacements are prescribed on left of the boundary S,, while the tractions are prescribed on the
right part of the boundary S, . n is the outward normal to the boundary. For such a scenario, the
limit analysis can be described as the maximum magnitude of the tractions that can be sustained

without the structure suffering collapse or the minimum magnitude of the tractions that will cause

collapse.

Fig. 1 Surface and body forces acting on a structure of rigid plastic material

To answer this question, a load multiplier « is introduced to describe the tractions acting on

the structure which are given by «t. Mathematically, the solution within the limit analysis
5
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framework should satisfy the following governing equations:

1. The equilibrium and static boundary conditions:

Vie+b=0 inV
Ac = at ons, (1)

2. Yield conditions:
F(o)<0 )
3. Associated flow rule assuming infinitesimal strains:
£=Vu=2AVF (o) 3)
4. Complementary conditions:
iF(6)=0,4>0 (4)
where A denotes an equilibrium matrix, ¢ denotes a vector of stresses, V' denotes the
equilibrium operator (V  being the strain-displacement operator), F denotes the yield function, &
denotes the strain, U denotes the displacements, and 4 denotes the plastic multipliers.

In a finite element context, the governing equations are discretized by introducing appropriate
approximations for the variables involved [23], and the mathematical description containing Egs.

(1)-(4) can be expressed as:

maximize «
subjectto Ae =ap+ p,, F(6)<0 ()

where p and [, denote the proportional part to a scalar parameter « and constant part of the
external load, respectively.
A feasible algorithm to assess the stability of a geo-structure is the strength reduction limit

analysis [24]. In this case, Eg. (5) can be rewritten as:

maximize 0 5
subject to Ac = p,, F(6)<0 (6)

But as mentioned by Li and Wang [25], the numerical analysis using the conventional FELA
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with strength reduction method may identity misleading failure surfaces and incorrect volumes of
sliding mass because of the mesh distortion. To alleviate this problem, the adaptive meshing is
introduced into the FELA to deliver a narrower bound solution and a more accurate failure
mechanism by using control variables [22, 26, 27]. The principles and procedures of this intelligent
technique can be referred to Sloan [16]. In this study, the internal dissipation that calculates from

the deviatoric stresses and strain rates is selected as the control variable for subsequent analysis.

2.2 Random field theory

Random field theory suggested by Vanmarcke [7] is an important tool modeling the spatial
variability of soil properties and has the ability to generate more realistic spatial distributions of the
random variables. Generally, a two dimensional stationary random filed is necessary for plane issues,
which can be defined by three parameters, namely, mean value (), coefficient of variation (COV),
and autocorrelation function. Among these parameters, the autocorrelation function is introduced to
describe the correlation between spatial points since the value of a soil parameter at one point will
present a certain correlation to the adjacent one, and the correlation depends on its relative distance.
The single exponential autocorrelation function which has been widely used in geotechnical
engineering is chosen here to characterize the spatial variability of a random variable and is given
by:

% =x| |z-z]

h h

X 4

p=(Ax,Az)=exp| -

()

where (xi,zi) and (xj,zj) denote the positions of a random variable, hX and hZ denote the

horizontal and vertical autocorrelation distances, respectively.

The discretization of the random field is indispensable when numerical techniques such as
7
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finite element or finite difference methods are employed [28]. At present, the methods for
conducting this task can be mainly divided into three categories, including point methods, average-
type methods, and series expansion methods. Thereinto, the KLE, one of the series expansion
methods, which can give consideration to both computation efficiency and accuracy is adopted here
[29, 30].

Considering a random field denoted by H(x, z; 9), where 6 denotes the numerable

variable corresponding to a possible realization of random field, the KLE gives a second-moment
characterization of this random process in accordance with deterministic orthogonal functions and
uncorrelated random variables:
H(x, z; e):miaﬁfi(x, 2)& (0) ®)
where o denotes the standard deviation, 4 and f (x,z) denote the eigenvalues and
eigenfunctions of the autocorrelation function, respectively, and & () denotes a set of
uncorrelated random variables with zero mean and unit variance.

Generally, it is practical to truncate the series expansion at the Mth term with a given accuracy:
H(x, 2 e):miaﬁfi(x, 2)¢ () ©)

where M is the number of truncation terms, which depends on the desired calculation accuracy
and the autocorrelation function [31, 32].

As illustrated in Eq. (9), using KLE to simulate a random filed is based on the spectral
decomposition of its autocovariance function which is bounded, symmetric, and positive definite.
Hence, the essential step for realizing the discretization is to answer the 4 and f(x,z) from

the Fredholm integral equation of the second term:

jﬂp[(xl, zl), (xz, zz)]fi (xz, Zz)dxzdz2 =Af (xl, Zl) (10)
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Ghanem and Spanos [33] proposed a feasible procedure to obtain the accurate eigenvalues and
eigenfunctions. But it is worth noting that analytic solutions are difficult to appear when the
autocorrelation function is complex, and the numerical methods such as the wavelet-Galerkin are
required in this case [34].

In the above analysis, the random variables are considered to be normally distributed, and the
Gaussian random field is thus generated to model the parameters with spatial variability. But the
Gaussian model may not always applicable, especially when the random variables are strictly
nonnegative. Combined with the existing site-specific data of geotechnical properties, a lognormal
random field is applied here to avoid negative values, which has also been confirmed to perform
well in geotechnical literature [28, 31, 35]. It is worth noting that the geotechnical properties are not
limited to lognormal distribution, which is only used here for illustration. Herein, the standard
deviation and mean of InH can be quantified as:

Opn = In(1+ ol /,u,z4 ) (11)
fon =N, =050, (12)

In this way, Eq. (9) is reformulated as:

H(x z; 9)=exp[ﬂ,nH +§l:a,nH\/i_ifi(x, z)¢ (9)} (13)

2.3 Monte Carlo simulation

The MCS services as an unbiased approach for reliability analysis often producing accurate
solution for general problems, which has long been popular in geotechnical engineering duo to its
simple principle and reliable performance [36, 37]. In the framework of MCS, a series of random

fields are generated in a manner satisfying the given probability distribution and correlation
9
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structure, and the response is evaluated for each generated set. This process is performed
continuously until various statistical characteristics of the aimed issues are identified. As a result,
the issues of interest can be well understood from a probabilistic point of view.

For an earth dam, the factor of safety F, (X) is defined as the ratio of resistant force S(X)
to the driving force T(X) along a certain slip surface, where X denotes a set of random
variables used to simulate the random filed, X =[X,, X,, .., X,,]. Then a performance function
g(X) is formulated to define the limit state:
g(X)=S(X)/T(X)-1=F,(X)-1 (14)

Further, the failure probability of the earth dam denoted as P, can be calculated by the
following integral:

P =P[g(X)<0]=[ fx(X)dX (15)
where g(X)<0 denotes the failure domain, and f, (X) denotes the joint probability density
function.

MCS is selected here to evaluate the P, since it has the ability to quantify the integral of Eq.

(15) via a large number of simulations, and P, can be therefore given as:

N
1 < N i

Z 'MCS(X):

N mcs i=1 N MCS

P, = (16)

where nN,,.. denotesthe number of MCS, I, ( X ) denotes the event of failure of the earth dam,

when the dam fails, 1,,.s(X)=1 and 1,,.(X)=0 otherwise,and N, denotes the total failure

fail

gventsin N

mcs *

2.4 Risk assessment

Risk assessment considers not only the probability of failure but also the consequence, which

10
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evaluates the safety of structures in a quantitative manner [4]. Mathematically, the risk assessment
can be defined as the product of the failure probability and consequence [4, 5]:

R=PC (17)
where R denotes the risk, and C denotes the failure consequence termed as the sliding mass of
the earth dam here.

But the above equation is specific to the earth dams with only one failure mode. When the
spatial variability of material parameters is included, there are numerous potential failure modes for
an earth dam. The consequence for the deep failure is obviously greater than that of shallow, so the
risk assessment needs to be extended considering the consequence associated with each failure mode
individually. In this end, a modified definition with regards to the Eq. (17) is rewrote in a MCS

framework [4, 5, 38]:

Nfall
N fail N fail 1 1 N gail N il Z Ci —
R=> P,C = C = C=—"1i___pC (18)
i=1 i=1 N MCS N mMcs =1 N MCS N fail

where P, and C, denote the probability and corresponding consequence of the ith failure
respectively, and C denotes the average consequence among the failures.

Comparing the Egs. (17) and (18), it can be found that the expressions are consistent except
for that the modified definition uses the average consequence of all failure modes instead of
individual consequence. In the context of risk assessment, the P, can be answered by MCS
mentioned above, and consequence of each failure mode can be given by K-means clustering

method [4, 39].

3. Implementation procedure

In order to facilitate the understanding of the implementation procedure of RAFELA, a
11
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flowchart that illustrates the specific steps is showed in Fig. 2. In general, seven steps are needed in

this procedure, and details of each step are summarized as follows:

1)

@)

3)

(4)

(®)

(6)

()

Determine deterministic parameters and spatially varying variables, including but not limited
to model configuration, site-specific information, and statistical characteristics that can be
characterized by a set of prior knowledge, such as means, distributions, coefficients of variation
(COVs), autocorrelation functions, and autocorrelation distances.

Discretize the lognormal random fields by means of KLE to characterize the spatial variability,
in which the truncation term M in KLE is set to a suitable value to achieve a relatively accurate
random field representation [40]. Then, a realization of the underlying Gaussian random fields
is modeled.

Run the RAFELA software with the above given geometrical and geotechnical input
parameters. In this study, Optum G2 is employed to perform the numerical analysis, and bound
solution is obtained in each realization with the discrete random fields.

Generate the independent standard normal random sample vector & (6) for N times,

MCS

and achieve N realizations of the underlying Gaussian random fields.

MCS

Repeat the numerical calculation N times using the random fields generated above, and

MCS

N,cs output files containing factors of safety, failure modes, and consequences for each

realization are obtained.

Extract the factors of safety and consequences from the N output files, and the failure

MCS

events that the values of F, are below 1.0 are denoted as N, . Hence, the P, is given by

Nlail
P, =Ng; /Nyes.andthe C isgiven by Ezzci/Nfail :
i=1

Assess the risk of the earth dam failure by the product of the probability of failure and the
12



260 average consequence among the failures, so the R can be expressedas R =P, C.

261

Determine deterministic parameters and spatially varying
variables, including but not limited to model configuration, site-
specific information, and statistical characteristics

'

Discretize the lognormal random fields by means of KLE to
characterize the spatial varying variables, and a realization of
random fields is modeled

l

Run the RAFELA software with the above given geometrical
and geotechnical input parameters, and bound solution is
obtained in each realization

\ 4

Generate the independent standard normal random sample

vector & for Nycs times, and achieve Nycs realizations of
random fields.

\ 4
Repeat the numerical calculation Nycs times using the random
fields generated above, and Nycs output files containing
information for each realization are obtained.

'

Extract the failure events Ng; from the Nycs output files, and the
failure probability Ps as well as the average consequence C are
quantified accordingly

'

Assess the risk of the earth dam failure by the product of the
probability of failure and the average consequence among the
failures, so the risk can be expressed as R=P, C

262

263  Fig. 2 Flowchart of the implementation procedure for the RAFELA

264

265 4. Case study

266 4.1 Deterministic analysis

267 The earth dam presented here is shown in Fig. 3, which consists of an embankment on a soil
13
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foundation. The embankment has a height of 10 m with upstream and downstream slopes of 2 h:1

v, and the foundation is also 10 m high. The reservoir water level is 9 m above the foundation. A

horizontal under-drain is specified at the toe of the downstream slope to maintain the water level at

the tail water elevation for a distance of 5 m near the embankment toe.

20 ./ Rescrvoir water level A -
— T5m Materials

—~ 16 L Upstream Downstream 0] Embankment
E 9m 1 1 s [ Foundation
[} m
o 12
g 2 2 ;éi <7
E 1 —
28 r 20m T 45m T 1im
k=]
=
20 F

4 ] ! ] L ] ! ] L ] ! ] ] ] ] ! ] L ! ! ]

-4 0 4 8 12 16 20 24 28 32 36 40 44 48 52 56 60 64 68 72 76
Horizontal distance (m)

Fig. 3 The geometry of the earth dam

Prior to performing the probabilistic analysis that takes the spatial variability of stochastic

parameters into account, a deterministic calculation with mean input parameters is conducted to

study the seepage behavior and stability of the dam. The soils properties in embankment and

foundation are presented in Table 1. Adaptive meshing is employed in all analyses, where the default

option of shear dissipation is selected as the adaptivity control to refine the mesh, and three adaptive

iterations are defined for acquiring an accurate solution. An initial mesh of 1,000 elements is

specified here and then a final mesh of 10,000 elements is generated according to the results of

iterations.

Table 1 Deterministic soil parameters for the case study

14



Soil properties Embankment Foundation

Unit weight y (KN/m3) 19 20
Cohesion ¢ (kPa) 10 15
Internal friction angle ¢ (°) 20 23
Saturated hydraulic conductivity Ks (m/d) 0.1 0.1
Saturated water content 8s (%) 50 50
Residual water content &r (%) 5 5
Poisson's ratio v 0.334 0.334
Elasticity modulus E (MPa) 5 5
286
287 Figure 4 shows the saturation distribution of the earth dam subjected to the reservoir water

288  level. In particular, the van Genutchen model is used to describe the soil-water characteristic curve
289  involved in seepage analysis [41], and the model parameters a,; and N are 0.62 and 1.11,
290  respectively. The saturation distribution obtained here is highly consistent with the SEEP/W that has
291  the same model configuration and hydraulic parameters, in which the minimum degree of the

292  saturation on the downstream is 0.712 in AFELA and 0.713 in SEEP/W [42].

293
Degree of saturation
0. 7120}
\ 0 TMUI
0. 7840
0. 8200 -
0. 8560
0. 5920
0. 9230
0. 9640
204 1. 0000

295  Fig. 4 The degree of saturation of the earth dam subjected to the reservoir water level

15
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Further, the stability of the earth dam is calculated based on the results from the seepage field.

As the LB is at the safe side, it is chosen as the basis for subsequent analysis to reduce the

computational consumption. As shown in Fig. 5, the factor of safety is 1.217 in the AFELA. The

failure surface of the earth dam and the adapted meshes for approximately 10,000 elements in the

numerical analysis are also illustrated in Fig. 5. It can be found that the mesh density near the

phreatic line and the failure surface is relatively high, which is due to the automatic optimization

iterations and helps to get a more accurate solution.

Factor of safety: 1.217

Fig. 5 The stability of the earth dam in the AFELA

4.2 Stochastic analysis

In this section, the stochastic response for the earth dam is illustrated considering the spatial

variability of strength parameters. The specific statistical properties of the soil parameters in the

embankment and foundation are shown in Table 2. Particularly, ¢ and ¢ are thought to be statistically

independent, and the strength parameters are assumed have the same autocorrelation distance in

horizontal and vertical directions.

16
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Table 2 Statistical properties of the strength parameters

Strength Mean value cov h, (m) h, (m) Distribution

parameters Embankment  Foundation

¢ (kPa) 10 15 0.3 20 2 Lognormal

o (°) 20 23 0.15 20 2 Lognormal

Once the statistical properties are determined, the random fields of the strength parameters can

be generated by the KLE. Meanwhile, in order to model a relatively accurate random field, the

truncation term M in the KLE is set to 1,000. Figure 6 illustrates a realization of the random fields

implemented in the stochastic analysis.

#

Fig. 6 A realization of the random fields. (a) c. (b) ¢

¢ (kPa)

28.24
25.56 I
22.88

20.20 -
17.52

14.84
12.16
9.48
6.80
2 (%)
32.06
30.13 I
28.20

26.27 -

24.34

22.41
20.48
18.55
16.62

Further, the approach for quantifying the statistical response is conducted through MCS. A

series of random fields are modeled in a manner consistent with the correlation structure of the

17
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342

variables, and each set of random fields produces a deterministic solution. This process will continue
until the P, is basically stable and unaffected by a single extreme event. Theoretically, the result
can be more reliable as the number of implementations increases. Herein, after balancing the

efficiency of the calculation and the accuracy of the results, two thousand simulations are performed

for the cases where P, is larger than 10%, and more simulations are added for other cases to ensure
that the maximum error in P, is less than 0.01 at a confidence level of 90%.

Consequently, the P, is 15.1%, which means that a total of 302 failure events occur in 2,000

simulations. In more detail, the probability distributions of the factor of safety, including the
histogram of the relative frequency and cumulative probability, are presented in Fig. 7. In contrary
to the deterministic analysis that a single factor of safety is obtained, the stochastic analysis can
provide more information, especially the statistical characteristics of the stability, which helps to

deepen the understanding of the overall permanence of the earth dam from the perspective of

probability.
0.3 , | | 1.0
- 0.8 >
> —
2 02 £
]
= ] - 0.6 §
2 | =
- ]
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5 | <404 =
< 0.1 2
& =
402 ©
EEEhEE— — " " " " 1 Pf.
0.0 ' 0.0

06 08 10 12 14 16 18

Factor of safety

Fig. 7 Probability distributions of factor of safety
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343

344 In addition to the factors of safety, a large number of failure modes are also identified
345  simultaneously. Figure 8 shows three typical failure modes, namely shallow failure, intermediate
346  failure, and deep failure. Intrinsically, the diversity of the dam failure here comes from the spatial
347  variability of the soils, which partly explains the uncertainty of the failure occurrence in actual
348  observation.

349

¢ ()
30.73
28.29
25.86
23.42

20.99

18.55
16.12
13.69
11.25

2 (%)
30.76
28.57
26.38
24.20
22.01

19.82
17.63
15.44

13.25
9 (%)
3243
3015
27.87
2558

23.30

21.02
18.74
16.45

14.17

350

351  Fig. 8 Typical failure modes of the spatially variable earth dam. (a) shallow failure. (b) intermediate

352  failure. (c) deep failure

353

354 The consequences associated with above three failure modes are quite different. According to
19
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the Eq. (18), it is necessary to evaluate the consequence for each failure event individually, and the
average consequence among these failures can therefore be obtained. The average consequence is
calculated to be 125.5 m? in a total of 302 failures. Finally, the risk of the earth dam failure can be
quantified by the product of the failure probability and average consequence, and the result is 18.95

m2.

5. Discussion

When modeling the random field, several parameters of the correlation structure, such as the
CoV, h ,and h,,areindispensable. Regarding the values of these parameters are mostly empirical
and trial owing to lack of sufficient data, which are therefore necessary to have further discussion.
5.1 Effects of the COV

For the stochastic analysis above, the COVs of ¢ and ¢ are set to 0.3 and 0.15, respectively. In
fact, it is strenuous to determine its exact value because a great deal of effort must be put into testing
the site information. Therefore, eight groups of different parameters are taken to investigate the
effects of the COVs of ¢ and ¢ on the stochastic response and risk assessment, including 0.15, 0.3,
0.45, and 0.6 for c, and 0.1, 0.15, 0.2 and 0.25 for ¢.

As shown in Figs. 9 and 10, the probability distributions of factor of safety for different COVs
of cand ¢ are presented. The P, rises from 3.7% to 39.7% when the COV of ¢ increases from 0.15
to 0.6, and rises from 6.8% to 34% when the COV of ¢ increases from 0.1 to 0.25. It is worth noting
that the results here and later are given by treating the stochastic parameters of the embankment and

foundation as simultaneous variations.
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384

385 Subsequently, the risk assessment of the earth dam failure is summarized in Table 3. Similar to

386 the P,,the R rises with the increase of the COVs of ¢ and ¢. Particularly, the R reaches 55.2

387 m? when the COV of ¢ increases to 0.6, and reaches 47.37 m? when the COV of ¢ increases to 0.25.

388  Boththe P, and R indicate that the COVs of c and ¢ have a significant impact on the dam failure,

389  so more attention should be paid to measuring these two parameters.
390

391  Table 3 Risk assessment of the earth dam for different COVs of ¢ and ¢

cov c ®
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015 03 045 0.6 0.1 015 02 0.25

R (m? 446 1941 3585 552 7.93 1941 3282 47.37

5.2 Effectsofthe h, and h,

The autocorrelation distance is used to describe the spatial extent that the soil properties are
significantly correlated. A large autocorrelation distance suggests a smoothly varying field over a
large spatial extent whereas the opposite implies a more ragged field thus less uniformity in the soil
properties. In general, the autocorrelation distance is decomposed in two directions, horizontal and
vertical. Although the exact values are hard to come by, previous studies have shown that the h,
is much greater than the h, [43, 44]. Likewise, in order to investigate the effects of the h, and
h, on the stochastic response and risk assessment, eight groups of different parameters are taken,
including 10 m, 15 m, 20 m, and 40 m for horizontal direction, and 1 m, 1.5 m, 2 m, and 4 m for
vertical direction, respectively.

It can be observed from Figs. 11 and 12 that the P, rises as the autocorrelation distance
increases, which would be expected. A larger autocorrelation distance suggests a stronger correlation
of the random variables and generates a smaller fluctuation of the simulated values when modeling
the random field. The average simulated values vary a lot from one realization to another in this
case, leading to a more spread-out distribution of the factor of safety. As a result, the P, rises from
10.6% to 16.9% when the hX increases from 10 m to 40 m, and rises from 11.8% to 16.5% when

the h, increases from1 mto 4 m.
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Further, the risk assessment of the earth dam failure for different h, and h, is summarized

in Table 4. It can be seen that increasing the h, and h, increases both the P, and R,

respectively. Meanwhile, by comparing the Tables 3 and 4, it can be inferred that the stochastic

response and risk assessment are more sensitive to the COVs of ¢ and ¢ than that of the h, and

Table 4 Risk assessment of the earth dam for different h, and h,
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428

429

430

431

432

433

434

435

436

437

438

439

440

441

442

443

444

445

Autocorrelation  h, h,

distance (m) 10 15 20 40 1 1.5 2 4

R (m? 1324 1701 1941 228 15.06 18.14 1941 20.94

6. Conclusions

This study presents a risk assessment for an earth dam in spatially variable soils using RAFELA.
The spatial variability of soils, mainly the strength parameters, is described by the random field
theory. Then the stochastic analysis is implemented through unbiased MCS in the efficient AFELA
framework, and the failure probability and the average consequence among the failures are obtained.
Subsequently, the risk of the earth dam failure is assessed by the product of the failure probability
and the average consequence. In contrary to the deterministic analysis that only a failure mode and
a factor of safety are obtained, the stochastic analysis considering the spatial variability can deliver
a wide range of failure modes and assess the risk of the earth dam failure comprehensively, which
can be served as a theoretical basis for further decision-making and mitigation.

The effects of the correlation structure of strength parameters on the stochastic response and
risk assessment are investigated by performing a series of parametric analyses. Both the P, and
R of the earth dam rise with the increase of parameters in correlation structure. The stochastic
response and risk assessment are more sensitive to the COVs of ¢ and ¢ than that of the h, and
h, . As a guide, in the actual investigation of site spatial properties, measures should be taken to pay
more attention to the influential parameters, which can help deepen the understanding of the overall

performance of the structure.
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