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Abstract

Current limit state surrogate modeling methods for system reliability analysis usually build surrogate models for failure
modes individually or build composite limit states. In practical engineering applications, multiple system responses may
be obtained from a single setting of inputs. In such cases, building surrogate models individually will ignore the correlation
between different system responses and building composite limit states may be computationally expensive because the non-
linearity of composite limit state is usually higher than individual limit states. This paper proposes a new efficient Kriging
surrogate modeling approach for system reliability analysis by constructing composite Kriging surrogates through selection
of Kriging surrogates constructed individually and Kriging surrogates built based on singular value decomposition. The
resulting composite surrogate model will combine the advantages of both types of Kriging surrogate models and thus re-
duce the number of required training points. A new stopping criterion and a new surrogate model refinement strategy are
proposed to further improve the efficiency of this approach. The surrogate models are refined adaptively with high accuracy
near the active failure boundary until the proposed new stopping criterion is satisfied. Three numerical examples including a
series, a parallel, and a combined system are used to demonstrate the effectiveness of the proposed method.
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1. INTRODUCTION Gayton, 2014) in the literature. This paper focuses on Kriging
surrogate models for system reliability analysis.

Currently, three types of approaches have been pursued to
build Kriging surrogate models for system reliability analy-
sis: building individual surrogates for each of the limit states
by choosing their training points independently (Bichon
et al., 2011; Fauriat & Gayton, 2014), building a single sur-
rogate for the composite limit state (Bichon et al., 2008), and
building individual surrogates but by choosing training
points adaptively based on a composite learning function
(Bichon et al., 2011; Fauriat & Gayton, 2014). The first
method is applicable to any system (series, parallel, and
combined), while the other two methods, in the current im-
plementation, are only applicable to parallel and series sys-
tems unless decomposition techniques are applied to the
system configuration (Youn et al., 2007; Youn & Wang,
2009). In terms of efficiency, the third method usually is
more efficient than the other two methods (Bichon et al.,
2011; Fauriat & Gayton, 2014). However, the number of
surrogate models will increase with the number of compo-

] - ] nents (individual limit states). In addition, the correlation
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System reliability analyses have been carried using either
analytical techniques such as first- and second-order reli-
ability methods (FORM and SORM, respectively; Hohen-
bichler & Rackwitz, 1983, 1988) or Monte Carlo sampling-
based methods (Mori & Ellingwood, 1993; Dey & Mahade-
van, 1998). These methods tend to be inaccurate or inefficient
when the system limit state is highly nonlinear (Du & Sud-
jianto, 2004). In this situation, surrogate modeling-based re-
liability analysis methods have been studied to balance com-
putational efficiency and accuracy during the past decades.
Several surrogate modeling methods have been developed
for component reliability analysis using polynomial chaos ex-
pansion (Choi et al., 2004; Hu & Youn, 2011), support vector
machine (Basudhar & Missoum, 2008; Basudhar et al.,
2008), and Kriging (Echard et al., 2011, 2013). However,
only a few surrogate modeling methods for system reliability
analysis have been reported (Bichon et al., 2011; Fauriat &
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One way of considering correlations between different sys-
tem responses during Kriging is to use co-Kriging (Myers,
1982). The co-Kriging approach becomes very challenging
when the number of system responses increases. In reality,
we usually can get multiple system responses (such as stress
and deflection of structures) from one system simulation or
experiment, and it becomes hard to separate the system simu-
lation model (to obtain individual responses as opposed to
obtaining multiple responses) due to the complicated interac-
tions and couplings between components (Du & Chen, 2002,
2004). To address this, we propose to model the system re-
sponses from a random field perspective and account for
the correlations between system responses during surrogate
modeling using singular value decomposition (SVD; Palmer
etal., 2012). SVD has been widely used in many areas, such
as pattern recognition (Kopp et al., 1997) and geometry mod-
eling (Koprinarov et al., 2002), to represent high-dimensional
correlated vectors using a small number of important features
and independent latent responses. Here, the latent responses
refer to the responses obtained from SVD. They are called la-
tent responses to distinguish them from the original re-
sponses. The correlations between different system responses
can be maintained by constructing surrogate models for the
latent responses.

Even if the SVD-based surrogate model is able to capture
the correlation between different system responses using
important features, in some problems, the nonlinearity of
the latent responses may be higher than that of the original re-
sponses in some regions of the inputs. To tackle this situation,
we propose to build composite Kriging surrogate based on the
selection of SVD-Kriging surrogate models and the Kriging
surrogate models built independently at each input location,
by using a selection criterion. Ensembles of different types
of surrogate models (i.e., polynomial chaos expansion, Krig-
ing, and radial basis functions) have been extensively stud-
ied in the past decades by using weighted sum (Bishop, 1995;
Sanchez et al,. 2008) and weight factor methods (Viana &
Haftka, 2008; Viana et al., 2009). Because we are trying to
build a composite of the same type of surrogate model (Krig-
ing) and the surrogate model is selected from the reliability
analysis perspective, the selection of SVD-Kriging and indi-
vidual Kriging approach at different input settings presented
in this paper is different from the ensemble of surrogates pre-
sented in Bishop (1995), Sanchez et al. (2008), Viana and
Haftka (2008), and Viana et al. (2009). The resulting com-
posite surrogate from the proposed method has advantages
of both types of Kriging surrogates and improves the overall
accuracy of the surrogate model for system reliability analysis.

Along with the new composite surrogate modeling ap-
proach, we also propose a new stopping criterion to check
the accuracy of the surrogate model for system reliability
analysis. The proposed stopping criterion overcomes the
drawbacks of criteria used in current methods, which are de-
fined from a single sample perspective (Bichon et al., 2011;
Fauriat & Gayton, 2014). The current learning functions
(used for choosing training points) available in the literature
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are developed only for either a series or a parallel system
and not for any general system topology; this paper proposes
a new surrogate model refinement strategy (learning func-
tion), which is applicable to any general system. Some of
the challenges in the stopping criterion and surrogate model
refinement raised by the composite surrogate modeling ap-
proach have also been discussed.

The key contributions of this paper are therefore summa-
rized as the following:

1. development of an SVD-based Kriging approach for
system reliability analysis,

2. building of a composite Kriging surrogate model based
on SVD-based and individual Kriging surrogate models,

3. a new stopping criterion defined directly from the sys-
tem reliability analysis perspective, and

4. development of a new surrogate refinement strategy
applicable to any general system configurations (series,
parallel, or combined).

The remainder of the paper is organized as follows: Section
2 provides brief introductions to system reliability analysis
and Kriging surrogates for system reliability analysis. Section
3 describes the proposed methodology for system reliability
analysis. Section 4 demonstrates the application of proposed
methodology for series, parallel, and combined system
reliability analyses. Concluding remarks are provided in Sec-
tion 5.

2. BACKGROUND

This section provides brief introductions to system reliability
analysis and Kriging surrogate modeling methods for system
reliability analysis.

2.1. System reliability analysis

System failure events may be defined through a series, a par-
allel, or a mixed series/parallel combination of individual fail-
ures (Mahadevan & Haldar, 2000; Liang et al., 2007). Let
gi(X),i=1,2,..., m, represent the individual limit states,
where X = [X}, X5, ..., X,] is a vector of random variables.
The system failure probability of a series system is given by

P :Pr{gl}] g(X) < 0}, (1)
where p; is the system failure probability, Pr{-} is probability,
&i(X) < 0 is the failure event of the ith component, and U is

union.
The failure probability of a parallel system is given by

= Pr{ﬁl gi(X) < 0}, )

where N is intersection.
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When system failure is defined through a mixture of series
and parallel combination of individual failures, the system
failure probability needs to be defined according to the con-
figuration of the system (Youn et al., 2011). In engineering
design, one of the critical issues is the efficient and accurate
estimation of system failure probability. During the past de-
cades, a group of methods have been developed based on
the first- and second-order approximations (FORM, SORM;
McDonald & Mahadevan, 2008) and surrogate modeling
(Bichon et al., 2011; Fauriat & Gayton, 2014). This paper
focuses on surrogate modeling-based approaches. Next, we
briefly discuss Kriging-based surrogate modeling methods
for system reliability analysis.

2.2. Kriging surrogates for system reliability analysis

2.2.1. A brief review of Kriging surrogate model

In a Kriging surrogate, the performance function g(x) is as-
sumed to be a realization of a Gaussian process (GP), G(x),
defined as (Rasmussen, 2006)

G(x) = f(x)"a + &(x), 3)

where & = [B,,B,, - .., B,,]T is a vector of unknown coeffi-
cients, f(x) = [£i(x),£2(X), ..., £,(x)]" is a vector of regres-
sion functions, f(x)"4 is the trend function of prediction or
mean of the GP, and &(x) is assumed to be a GP with zero
mean and covariance cov[e(x)), &(x())].

After estimating the hyperparameters of the Kriging model
(Lophaven et al., 2002), the mean prediction (g(x)) and mean
square error (MSE) (MSE(2(x))) of the prediction of G(x) at
a point x are given by (Lophaven et al., 2002):

g(x) =f(x)"a + r(x) 'R ™' (g — Fa), Q)

MSE(g(x)) = o2{1 — r(x) ' R'r(x) + [F'R'r(x)
—fx)]"(F'RT'F) ' [F'R 'r(x) — £(x)]},  (5)

where r(x) = [R(x — x),R(x — x?)), ... ,R(x — x®)] is
the correlation matrix between point x and the training points
x i=1,2,...,k where kis the number of training points, F
and g are f(x) and g(x) evaluated at the training points, and og
is given by

_Fa)R (g — FA
ng(g Fa)lz (g —Fa) ©)

The prediction at any point x using the Kriging surrogate
model follows a normal distribution given by G,(x) ~

N(g(x),oé(x)), where o, (x) = /MSE(g(x)).
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2.2.2. Individual limit state (ILS) method for system
reliability analysis

A straightforward way of performing surrogate modeling-
based system reliability analysis is to build a Kriging surrogate
model for each of the limit states g;(X), i = 1,2, ..., m.
In order to reduce the computational cost during surrogate
modeling, the surrogate models are refined adaptively by gen-
erating more training points close to the limit state. This re-
finement is usually based on a learning function, which deter-
mines the location of a new training point. The most widely
used learning functions for ILS surrogate modeling include
the effective feasibility function (EFF) defined in the efficient
global reliability analysis (EGRA) method (Bichon et al.,
2008, 2011) and the U function proposed in the adaptive-
Kriging Monte Carlo simulation (AK-MCS) method (Echard
et al., 2011). The EFF and U functions for the training of the
ith ILS are given by

and

U(x) = =220, ®)

where e; is the failure threshold (e; = 0 in this paper); eV = ¢; +
e, el = ¢; — &; §i(X), 0,,(x) are the mean and standard devia-
tion of the GP prediction of the ith ILS at point X = x; & is
usually chosen as & = 20,,(x) (Bichon et al., 2011); and
®() and ¢(-) are the cumulative distribution function and
probability density function of a standard Gaussian variable,
respectively.

The EFF function quantifies the expectation that a point is
close to the limit state (Bichon et al., 2011), and the U func-
tion predicts the probability of making an error on the sign of
8i(x) (Echard et al., 2011). Based on the learning functions
given in Egs. (7) and (8), a new training point is identified
in EGRA and AK-MCS by maximizing the EFF as

x" = arg max{EFF(x)}
xeX

and minimizing the U function as

x" = argmin{U(x)},
xeX

respectively. For the system reliability analysis, the EFF or U
values of any ILS can be used to determine the EFF or U
value for the system. More details about the ILS method
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are available in Bichon et al. (2011) and Fauriat and Gayton
(2014).

2.2.3. Composite limit-state (CLS) method

For some problems, especially series and parallel systems,
the system reliability analysis can be performed by building a
single surrogate model for the CLS (Bichon et al., 2011; Faur-
iat & Gayton, 2014). The reason that the CLS is possible is the
failure events of series and parallel systems can be approxi-
mated by extreme events (i.e., maximum or minimum of in-
dividual events). For example, the system failure probability
given in Eq. (1) can be approximated as below

P; = PI‘{-@I gi(X) S O} = Pr{gmin(x) S 0}’ (9)
where
gmin(x) = ngln{g,(x)}, vx € X.

Similarly, the failure probability of a parallel system can be
approximated as

ﬁ:H{

TCs

1g,-(X) < 0} ~ Pr{gmax (X) < 0}, (10)

where

Zmax (X) = rrg”;ilx{gi(x)}, VX € X.

Because the CLS functions gmin(X) and gmax (X) are un-
known functions, the surrogate models can be built adap-
tively using the learning functions (i.e., EFF and U functions)
in Egs. (7) and (8). Based on the surrogate models of gpin (X)
and gmax (X), the system failure probability can be estimated
(Bichon et al., 2011; Fauriat & Gayton, 2014) by performing
MCS on the composite surrogate model.

2.2.4. ILS with composite learning (ILS-CL) function
method

Similar to the ILS method, individual surrogate models are
built for each of the limit states in the ILS-CL method. The
difference between ILS and ILS-CL is that in ILS, new train-
ing points for each of the surrogates are chosen independently
based on the learning functions given in Eqgs. (7) and (8),
whereas new training points in ILS-CL are chosen based on
a composite learning function defined according to the sys-
tem failure criterion (Bichon et al., 2011; Fauriat & Gayton,
2014). When the EGRA method (Bichon et al., 2008,
2011) is used to build the ILS, the composite EFF is given by
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)
® eL_g*(X) —® eU_g*(X) (11)
o (x) (%)
where g7(x) and o (x) are a response prediction selected
from all the predictions of system responses and correspond-
ing standard deviation chosen based on the type of the system

(series or parallel). For a series and a parallel system, g*(x)
are determined by

and

respectively. Similarly, when the AK-MCS method is used to
build the individual surrogate models (called AK-SYS in
Fauriat & Gayton, 2014), the composite U learning function
is given by

U(x) - (12)

where g*(x) and o7 (x) are obtained in the same way as in the
composite EFF.

The CLS and ILS-CL function methods, however, are only
for series or parallel systems. They cannot be applied to gen-
eral systems with combined series and parallel systems (as
pointed out in Fauriat & Gayton, 2014). In the subsequent
section, we propose a new surrogate modeling method for
system reliability analysis of any series, parallel, or a com-
bined system.

3. PROPOSED EFFICIENT KRIGING
SURROGATE MODELING APPROACH (EKSA)

3.1. Overview of the basic principle

Before discussing the basic principle of the proposed EKSA
method, we first explain the scope of the proposed method.
The proposed method is applicable to problems where a set
of output responses (g;(x), g2(X), ..., gn(x)) are obtained
from a given setting of input variables x. The system failure
is affected by the group of output responses. Figure 1 gives
an illustration of the problem. The system simulation model
is treated as a black box. Inside the black box, there may be
complicated interactions or couplings between different com-
ponent simulation models. In summary, for a specific input
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System Simulation Model
X———» g (X)
X,——
F— LA LX)
P — A, g.(X)
Ni— > g,(X)

Fig. 1. Tllustration of the system simulation problem.

setting x, we will get outputs g(x), g2(x), ..., gnm(x) from
one system-level simulation or experiment.

This type of problem is very common in practical engineer-
ing applications. For example, we get both the deflection and
stress responses at multiple locations from one finite element
analysis of a beam under loading. For one vehicle side impact
simulation, we get the abdomen load, pubic symphsis force,
rib deflection, and viscous criteria responses (Du & Chen,
2004; Youn et al., 2004; Zhou & Mahdevan, 2006). The pro-
posed EKSA method will focus on the system reliability anal-
ysis of such problems. For such problems, there are two kinds
of Kriging surrogate modeling methods, which are explained
as follows:

1. individual surrogate modeling: building surrogate
models for g;(X), g2(X), ..., and g,,(X) individually
and

2. random field surrogate modeling: building surrogate
model from a random field perspective.

The individual responses (g1 (x), g2(X), . . . , gm (X)) are usually
non-Gaussian random variables when the response functions
are nonlinear functions of the input variables and are corre-
lated due to the shared random inputs. This is similar to ran-
dom responses at different locations of a random field. Mod-
eling system responses as a random field for system reliability
analysis has been investigated in Hu and Du (2015) and Hu
and Mahadevan (2015b) based on FORM. In this paper,
this concept is further extended for surrogate modeling-based
system reliability analysis by using the SVD (Chatterjee,
2000) or proper orthogonal decomposition (Palmer et al.,
2012). The reason that SVD is used is that the system random
field response is a non-Gaussian random field. Without using
FORM to transform the non-Gaussian random field into a
Gaussian random field, we use SVD to identify the important
features of the non-Gaussian random field. After identifying
the important features of the system response, Kriging surro-
gate models are constructed for the latent responses. More de-
tails of Kriging surrogate modeling based on SVD are avail-
able in Section 3.2.

Both the individual surrogate modeling method and the
random field surrogate modeling method have their own ad-
vantages. As mentioned in the Introduction, random field sur-
rogate modeling is able to capture the correlation, but in some
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input regions, the nonlinearity of random field surrogate mod-
eling may be unnecessarily higher than that of the individual
surrogate models. In other words, the SVD-Kriging model
(i.e., Kriging model of the latent responses) may be better
than the individual Kriging surrogate models (built indepen-
dently for each limit state in the original space) in some input
regions, and not in some other input regions. As both the in-
dividual Kriging models and the SVD-based Kriging model
are modeling the same system responses, combining the sur-
rogate models obtained from these two approaches into a
composite surrogate model for system reliability analysis
will have advantages of both types of Kriging surrogate mod-
eling methods and thus improve its efficiency without sacri-
ficing the accuracy. In the proposed EKSA method, the
Kriging surrogate models are first constructed using the afore-
mentioned two approaches. Then the appropriate surrogate
model for each input condition is chosen to predict the system
response, based on a selection criterion to be discussed later.
Note that in the proposed method, which surrogate model
should be used is determined by the algorithm automatically,
and there is no need to identify whether the nonlinearity of the
random field surrogate model is higher than that of the indi-
vidual surrogate models. In order to refine the resulting com-
posite surrogate model, we propose a new stopping criterion
and a new refinement method (for choosing training points).
In the subsequent section, we first investigate SVD-based
surrogate modeling and then discuss the construction of a
composite surrogate for system reliability analysis.

3.2. Initial surrogate modeling

3.2.1. SVD

Suppose we have a data matrix M € R™*", which con-
tains n; realizations of a random field at n, locations, M can
be decomposed using SVD as follows (Chatterjee, 2000)

M = WSV, (13)

where W € R™*" and V € R"**" are orthogonal matrices
consisting of the orthonormal eigenvectors of MM’ and
M’M, respectively, and S € R™”™ is an rectangular diago-
nal matrix. The diagonal elements of S are the singular values
€ = [A1, A2, ..., A¢], where k = min (ny, nz) arranged in de-
creasing order.

Defining H = WS € R"" "7, we have M = HV”. If the
eigenvectors corresponding to the first r largest eigenvalues
are used to reconstruct M, we have

M=H,V], (14)

in which H, € R**" is the first r columns of H and
VI e R™7 is the first r columns of V7.

The above equations show that a random field can be re-
constructed based on realizations of the random field using
the important features.
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3.2.2. Kriging surrogate modeling based on SVD

In order to build the initial surrogate model for system re-
liability analysis based on SVD, we first generate n;, training
points of X. We then have the training points as

x =[x, x@, . xm)] g Rrm, (15)

where x) is the ith training point, Vi = 1,2, ..., nj,.

After performing system-level simulations at the initial
training points given in Eq. (15), we have the system re-
sponses as

gs — [g(l),g(z)’ o ,g(n;,,)]T c Rwm

gai(xM) (V) gn(x(V)
| 2 sa(x®) gn(x®) (16)
81 (X(nln)) 82 (X(nm)) gm(x(nm)) Njp XM

Because the system responses may be quite different in mag-
nitude from each other, the system response matrix given in
Eq. (16) is normalized as below:

g = Ifg
Ug, (Xm) Ug, (X<])) Ug,, (X(]))
Ug, (X(2) Ug, (X(z)) Ug,, (X(z
. a7
ey (X)) gy (0)) g (x0) ],
. . ] T PN .
in whichI € R""*" is a vector of ones, i, = [H’gl Bgaseees “‘gm]?

where

ﬂgf:—zgi(xm)s

Rin j=1

and g, (x) = g (x0)) — f.
Defining the second term on the right-hand side of Eq. (17)
as Z € R"*™ we then have

g =i, + Z. (18)

In order to model Z as a random field according to the prin-
ciple discussed in Section 3.1, we perform SVD to Z using
the method presented in Section 3.2.1. Assume that the first
r largest eigenvalues are used to reconstruct Z; according to
Eq. (14), we have

Z =H,V) 19)

and
g =i, + H,V], 20)
where Hz € R"™*" and VL € R™" are computed using Eqs.

(13) and (14).
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Eq. (20) is rewritten as

o gm(x")]

Vi=1,2, ... s 1)

g'(i) = [g1(x"), g1 (x"), ..

=i, + X:IHJ(I)V/
=

where H;(i) is the element of H at ith row and jth column,
and v; is the jth row of V; € R™", which represents the
Jjth important feature used to approximate 7.

With all the training inputs x!) and the corresponding latent
responses, H;(i), j = 1,2, . . ., r, at the training points, we
then construct surrogate models for H(X),Vi=1,2,...,r
using the Kriging method discussed in Section 2.2.1. Thus,
we have the SVD-based Kriging surrogate model as

GSVD (X) —

[G5P(X), G (X), ..., GSYP(X)]

=i+ ZIHAX)VJ-, 22)
=

where Gf,YD (X) is the response of the ith component from the
SVD-Kriging surrogate model, and I:IJ(X) is the jth surrogate
model. For given X = x, we have H;(X) ~ N(h;(x), 012,], (x)).

3.2.3. Composite Kriging surrogate models for system
reliability analysis

Suppose individual surrogate models G‘“d(X) i=1,2,.
m have also been built using the Kngmg method based
on the same training points given in Egs. (15) and (16). For
a given X = x, we have Gi;,‘f‘( ) ~ N(gM(x), (ogd(x))z),
Vi=1,2, ...,m. Similarly, from the SVD-Kriging surrogate
model (Section 3.2.2), we have

Gy (x) ~ N@VP(x), (07 (x))%), Vi=1,2,...,m  (23)

in which

[6V°(x).85P (%), ... &0 P ()] =g + 2_h(x)v;  (24)

1/2)
(o EIVD(X), EZVD(X), ...,O'SVD (ZO‘H VJOV]‘)> ,
(25

where (V; o v;) is the Hadamard product, A /2 is the Hadamard
root of matrix A (Reams, 1999), and hl( ), hz( ), - hr(x)
and oy, (X), 0p,(X), ..., 0y (x) are the mean and the standard
deviation of the prediction at x from I:IJ(X) Vi=1,2,...,r
The purpose of building a composite surrogate model
using the individual surrogate models and the SVD-based
Kriging surrogate models is to reduce the uncertainty in the
system reliability analysis estimate. Note that the composite
surrogate model is different from the surrogate model of
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CLS discussed in Section 2.2.3. In system reliability analysis,
we are only concerned about the sign of the prediction on the
active system failure boundary (whether a given input falls in
a failed or a safe region). Motivated by this, we use the U
function defined in Eq. (8) to facilitate the building of the
composite surrogate model. For a given X = x, we first com-
pute the U values of predictions from SVD-Kriging and indi-
vidual surrogate models by

5SVD
SVD 187" (x)]
U (x) = oS0 (x)
and
) oind
U;"d(X):wv Vi=1,2,...,m.
gind (X)

8i

Based on the U values, we then determine which surrogate
model prediction we should use by

Fi(x) = argmax{[U°"P(x), UM(x)]}, Vi=1,2,...,m, (26)

where F;(x) = 1 indicates UPYP(x) > UM (x) and F;(x) = 2
indicates UPYP(x) < UM(x). If F;(x) = 1, we will use the
prediction from the SVD-based Kriging surrogate; otherwise,
the prediction from the individual Kriging model is used.

For X = x, after selection, we have the prediction of the ith
system response as

Gy (X) ~ N(&i(x), (04,(x))%)
- { NEYP(x), (03VP(x))?),
O NEMX), (0M(x))%).

27)

The above equation is applied to all the system responses
for any X = x. Figure 2 summarizes the general procedure
of the proposed composite surrogate modeling.

Note that in the above procedure, two kinds of Kriging sur-
rogate models are combined to get a composite surrogate
model, where the U function is employed to decide which
surrogate model should be used at each location of the input
domain. This is different from the ensemble of surrogate
models.

In the subsequent sections, we develop a new learning
function and a new stopping criterion in constructing the
composite surrogate model.
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3.3. Stopping criterion

Using the surrogate model, the system failure probability can
be estimated based on Monte Carlo sampling as follows:

LN 0
pr = L(x"), (28
Py Nwmes i=1 =) )

where Nycs is the number of MCS samples and I;(x)) is the
estimated system failure state at the ith sample point with
I,(x")) = 1 indicating failure and I;(x)) = 0 indicating
safe. The value of I,(x(")) is obtained based on the surrogate
model predictions at x”). Due to the uncertainty in the surrogate
model predictions, there may be error in the value of I;(x?)).
The error of I;(x(!)) will result in the error in the system failure
probability estimate, p;.

In the EGRA and AK-MCS methods, the stopping criteria
have been defined as U > 2 and EFF < 0.001. These stopping
criteria are defined from a single sample perspective not from
the reliability analysis perspective as been discussed in Hu
and Mahadevan (2015a). That a sample cannot satisfy U >
2 or EFF < 0.001 does not mean that the reliability analysis
accuracy cannot satisfy our requirement. In this paper, a new
stopping criterion is defined from the system reliability anal-
ysis perspective based on the partitioning of MCS samples. A
similar idea has been used in Hu and Mahadevan (2015a).
The basic idea of the sampling partition is to assume that
the error of system reliability analysis mainly comes from
the group of samples that have a high probability of making
an error in the value of I,(x(). Based on this idea, we parti-
tion the MCS samples into two groups, namely, group 1 sam-
ples [where the probability of making an error on the value of
1,(x") is low] and group 2 samples (the remaining samples).
After the partition, Eq. (28) is rewritten as

1 Ngi R ) Ng R )
= (Z L)+ qu<x<-’>)>, 29)

7 Nmcs \ =1 =

where N and Ny, are the number of samples in group 1 and
group 2, respectively.

We can then use the following convergence criterion to es-
timate the potential failure probability estimate error (Hu &
Mahadevan, 2015a)

max |Nf2 B N;}'
e = max 2Ll oq00% b, (30)
N;z E[0, Nea] Nfl + Ivfz

where £ is the maximum potential percentage error of the

system failure probability estimate, and Ny; and Ny, are the

(Sec. 3.2.1)

Training Points,

SVD [ | SVD-Kriging | |
(Sec. 3.2.2)

x' and g'

Individual Surrogate Models |-"U'T(x)|——l

SVD

U L n

e Egs. (26)- | | & (x)and
27 o, (X)

Fig. 2. General procedure of the proposed composite surrogate modeling.

https://doi.org/10.1017/5089006041700004X Published online by Cambridge University Press


https://doi.org/10.1017/S089006041700004X

150

number of samples corresponding to I (x()) =1 among
group 1 and group 2, respectively.

In Hu and Mahadevan (2015a), the sample partition is
achieved through U (x(i)). This kind of partition, however,
is not applicable to system failure probability estimate as there
are multiple components in a system and the failure state of a
system is affected by the system topology. In order to over-
come this challenge, we propose a new partition method to
make the percentage error estimate possible.

Based on the mean and standard deviation of the predic-
tion, we first define the failure indicator and safe indicator
for component i as follows

1w = { g

where g;(x) is the mean prediction from the assembled surro-
gate model and

if :(x) < 0

otherwise ’ @1

IL(x) =1 - T(x). (32)
We also define a sign indicator for component i as

if Uy, (x) > 2

otherwise ’ (33)

sign 1,

ew-{

where U, (x) = [2i(x)|/0,,(x) and I,#"(x) = 1, indicating

that the probability of making an error on the value of igj (x)

or I’;,(x) is low. Otherwise, the probability of making an error
is high.

Note that the above definitions are at the component
level. In order to get the indicators at the system level,
Boolean functions need to be defined according to the sys-
tem topology. For a series system with m components, the
indicator that the system is failed and the probability of
making an error on the failure state of the system is low
is given by

Ifall E 151gn (34)

The indicator that the system is safe and the probability of
making an error is low is given by

]bdfe H ]ﬂlgﬂ s (35)

If I™l(x) > 0 or I5(x) > 0, it means that the probability
of making an error on the value of I;(x) is low (i.e., this sample
belongs to group 1). Otherwise, sample x belongs to group 2.

Similarly, for a parallel system with m components, we
have

Itall H Iblg" (36)
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Iﬂafe Z I“gn & (37)

For a combined series and parallel system, /%!(x) and
I5(x) can be defined according to the system topology
based on Eqs. (34) through (37). For example, for acombined
system given in Figure 3, I™!(x) and I3 (x) can be defined as

Ifall H Iﬁlgn H Isugn (38)

15 (x (le‘g“ . )(Z[“g“ . > (39)

Based on the same principle, fs(x) is computed using compo-

nent-level indicator i{i (x) for a series and parallel system as
below

=3 I(x). (40)
i=1
for a series system
x) = [[Ex. @1
i=1

for a parallel system.
For the combined system given in Figure 3, we have

H +H x).

Based on the defined /7 (x) and I3 (x), the sample indices
of the group 1 samples are obtained as

In; = arg {I"(x')>0o0r C(x') >0}. (42

i=1.2,... Nycs

Once the indices of the group 1 samples are available, the in-
dices of the group 2 samples (In,) are obtained as well. We then
have Ny and Ny, easily, which are the lengths of In; and Iny,
respectively. With In; and In,, we can also obtain Ny, and Ny,
using Eqgs. (40) and (41), or the Boolean function defined ac-
cording to the system topology and thus the potential percentage
error of the system failure probability estimate can be evaluated
using Eq. (30). If the percentage error of the analysis satisfies
our requirement (say, 5%), we estimate the system failure prob-
ability using the surrogate model and Eq. (28). Otherwise, the

|4 |

Fig. 3. An example of a combined system.
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surrogate model needs to be refined. In the following section,
we discuss the refinement of the surrogate model by choosing
training points based on a learning function.

3.4. Refinement of the surrogate models

In current adaptive Kriging surrogate modeling methods for
reliability analysis, learning functions are usually defined to
select new training points. The learning functions given in
Egs. (7) and (8) have also been extended to system reliability
analysis of parallel and series systems as given in Egs. (11)
and (12) (Bichon et al., 2011; Fauriat & Gayton, 2014). Ap-
plication of the extended EFF and U functions, however, is
limited to series and parallel systems. In this section, we de-
fine a new learning function for the surrogate modeling
method proposed in Section 3.2, and the proposed learning
function is applicable to general systems.

We define the new learning function based on the same
principle of the U function (Echard et al., 2011). The learning
function estimates the probability of making an error on the
value of is(x). Because the prediction of the composite surro-
gate model G, (x) is a random variable, /;(x) is also a random
variable. Define the learning function as P,(X), the new train-
ing point is identified as

x" = argmax{P,(x)}. (43)
xeX

If I,(x) = 1, the probability of making an error is 1 — Pr
{I,(x) = 1}, where Pr{-} stands for probability. If I,(x) =
0, the probability of making an error is Pr{/;(x) = 1}. We
therefore have the learning function as

1-Pr{L(x) =1}, ifl(x)=1
Pe(x) = {Pr{ls(x) =1}, otherwise “4)

It can be seen from the above equation that the most critical
part is the computation of Pr{/;(x) = 1} by considering the
surrogate model prediction uncertainty. In order to estimate
Pr{l;(x) = 1}, we first analyze the statistical properties of
G,,/.(x), i=1,2,...,m.

For a given x, the prediction of component i from the com-
posite surrogate model is a normal random variable given by
Gy, (x) ~ N(gi(x), 03 (x)). Depending on the value of Fj(x)
given in Eq. (26), G,,(x) may come from the SVD-based
Kriging or individual Kriging. According to Eq. (22), G,,(x)
and Gpj (x), Vi,j = 1,2, ...,m, are correlated normal random
variables if both of them come from the SVD-based
Kriging model. We therefore have the covariance between
Gy, (x) and Gy, (x), Vi,j = 1,2, ..., mas

— E(G),(x))E(Gy,(x)), ifFi(x)=1landF;(x)=1, (45)
0, otherwise

E(Gy,(x)G), (x)
|
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where 3_;; is an element of the covariance matrix >_ and E(-) is
expectation.
From Eq. (22), we also have

G () = iy + X A0 ()

and

r

+ > H(x)ve( ),

k=1

GI’/ (X) = flg,-
where vy () is the jth element of vi, Vk = 1,2, ..., r. Substi-
tuting G, (x) and G, (x) into Eq. (45) and after simplification,
we have

Z _ kél o, (X ve(i)v(j), if Fi(x) =1 and F;(x) = 1 46
i 0, otherwise

For a given x, we therefore have a multivariate normal distri-
bution as G,(x) =[G, (x),Gp, (X),...,G,,, (X)| ~N(&(x), 20),
where g(x) is given in Eq. (27) from the composite surrogate
model. Based on the multivariate normal distribution,
Pr{l(x) = 1} is computed for a parallel system as

0 0 1
Pr{l;(x) = 1} :Lx) . 'L}om
<exp( 3 (8~ 80)" S (e - &) )

X dgl T dgm- (47)

For a series system, Pr{/;(x) = 1} is computed by

o0 o 1
Pr{[S(X) = ]} =1- JO o '.[0 (21T)m| Z|
1 n 71 ~
<exp( 3 e )" e —2x))
x dgy - - - dg,. (48)

For a combined system, the expression of the probability is
more complicated. However, analytically solving Eqgs. (47)
and (48) and expressions for general system is computation-
ally challenging, especially when the number of components
is high. In this paper, we therefore employ the sampling-based
method. We first generate Ngm, samples for G,(x) =
(G, (X),G)p,(X), ....Gp,(x)] based on N(g(x), >°) (Math-
works Inc., 1998). Let the generated samples be g;;, Vi = 1, 2,
s Nemus J= 1,2, ..., m. Pr{I;(x) = 1} can be easily esti-
mated by

Pr{l(x) = 1} ~—— > L(g), 49)

where I(g;) is the system failure indicator, which can be ob-
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tained using the Boolean functions defined in Section 3.3
[Egs. (40) and (41)].

Note that we do not need to get a very accurate estimate of
Pr{l;(x) = 1} because selection of two training points with
close probabilities of making an error will have similar ef-
fects on surrogate modeling. Therefore, Ngn; can be chosen
as Ngima = 1 x 10° or a smaller number. If we compute P, (x)
for all the MCS samples, we can then identify a new training
point using Eq. (43) during each iteration. However, the
number of samples from MCS may be very large, thus mak-
ing the identification of new training point computationally
very expensive. In order to solve this problem, we use the
sample partitioning method discussed in Section 3.3. We
compute P,(x) only for the group 2 samples because only
the group 2 samples have large probabilities of making a
classification error. This is another advantage of the sample
partitioning.

Once the new training point x* is identified using Eq. (43),
the system simulation is performed with the new training
point at the input setting. Based on the system simulation re-
sult, the surrogate model is reconstructed using the method
presented in Section 3.2. Then, the accuracy of the surrogate
model is checked using the stopping criterion proposed in
Section 3.3. This process continues until the stopping criter-
ion is satisfied.

The stopping criterion given in Eq. (30) is a conservative
error estimate of the system failure probability. For some
problems, even if the requirement given in Eq. (30) cannot
be satisfied, it is possible that the probability of making an er-
ror in the state of the system is very low for every individual
samples. To avoid this situation, we further define another
stopping criterion based on P,(x). The P,(x) criterion is de-
fined as

[P (%), In™] = max{P.(x)} < le — 4, 50)

where P (x) is the maximum probability of making an error
in the group 2 samples and In™ is the corresponding sample
index.

Until now, the proposed surrogate modeling method, the
stopping criterion, and the refinement method have been dis-
cussed. In the next section, we will provide a numerical im-
plementation of the proposed EKSA method.

3.5. Implementation procedure

In this section, we summarize the overall implementation pro-
cedure of the proposed EKSA method. Table 1 gives the de-
tailed numerical procedure of the proposed method.

4. NUMERICAL EXAMPLES

In this section, four examples featuring series, parallel, and
combined system configurations are used to demonstrate
the proposed EKSA method. In the first two examples, the
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proposed EKSA method is compared with the following three
methods:

1. MCS on the original (true) limit-state functions;

2. modeling of limit-state functions individually and up-
dating the surrogate models adaptively using ILS-CL,
discussed in Section 2.2.4; and

3. Constructing a CLS function for the system and updat-
ing the function adaptively using Eqgs. (7) and (8), dis-
cussed in Section 2.2.3.

In the third example, the proposed method is compared with
MCS and ILS method (Section 2.2.2) as neither the ILS-CL
method nor the CLS method can be directly applied to com-
bined systems. In the fourth example, the proposed method is
compared with MCS and the ILS-CL method. The trend func-
tion of the Kriging model is chosen as a constant function for
all the methods in the four examples. The convergence criter-
ion for AK-MCS and EGRA are chosen as U > 2 and EFF <
1x1073. The percentage error of system failure probability
analysis is computed by

o0 = 2~ Phvesl 109, 1)

P}, MCS

where p; stands for the system failure probability estimate
from a method (i.e., EKSA, ILS-CL, CLS, or ILS) and
Py mcs s the estimate from MCS.

4.1. A series system

A series system with eight limit state functions as given in
Eqgs. (52)—-(59) is employed as our first example. This exam-
ple is modified from (Schuermans & Van Gemert, 2005;
Echard et al., 2011).

g1 (X) =3+0.1(X; —X,)> — (XL\/;Q) (52)
©(X) =340.1(X; — X,)? +(XL\/;2), (53)

aX)=T7X +3) =52+ (X2 + (X +3))° +1, (54

ga(X) = 7(Xa + 1)> = 5(X; +2)°

+ (X 42+ (X2 + 1)°) 45, (55)
(X) = (X — X) + = (56)
85 = &1 2 \/E’
(X) = (% — X))+ 57)
86 = (A2 1 NG
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Set Cov_p; = 1 and xM®S = ¥
While Cov_p; > 0.05 do

Generate Nycs samples of x;, i = 1,2, .. ., Nucs and combine the new samples with xMCS
While £™ > 5% and P™ > 1 x 1072 do
Surrogate Modeling
Construct SVD-based Kriging surrogate model (Sect. 3.2.1 and 3.2.2)
(a) Perform SVD for g* using Eqgs. (14)—(19)
(b) Construct surrogate models [:Ij(X),j =1,2, ..., rusing Kriging surrogate model, x°, and results from SVD.

Construct individual surrogate models.

Obtain mean and standard deviation of surrogate model predictions from the SVD-based Kriging surrogate

model and individual surrogate models for all the samples in x

MCS

Choose the predictions and standard deviations and obtain the composite mean predictions

) = [&1(%), L), . ..
Stopping Criterion Checking
Compute the U values using Eq. (8).

, &m(x)] and standard deviations [0, (X), 04,(X), . . ., 0, (X)] (Sec. 3.2.3).

Identify the indices of the group-one sample and group-two sample using the method presented in Sec. 3.3.

Compute &"* using Eq. (30).
Identification of New Training Points

Compute the covariance matrix X using the method presented in Sec. 3.4.

Obtain P,(x) for the group-two sample.

Identify P, In™, and the new training point x* using Eq. (50).
Perform system simulation at the new training point and update x* and g°.

End While

Estimate p; using Eq. (28).

Compute Cov_py = /(1 = pP/P;/Nucs
End While
Obtain f);

e(X) =2(X; —3)> —4x2((X; — 3)> + X3)* + 1, (58)

gs(X) =2(X; +2)> —4(X, — 1)
+ (X +2+ (X - 1) +1, (59)

where X; and X, are independent standard normal variables.
The system failure probability is defined as

P = Pr{g 8i(X) < 0}. (60)

We first generate eight initial training points for X; and X,
in the interval [-4, 4]. We then perform system failure prob-
ability analysis using the ILS-CL and CLS methods using
AK-MCS and EGRA. Figures 4 and 5 show the comparisons
between the learned limit state and true limit state from the
ILS-CL and CLS methods, respectively. The results show
that the ILS-CL method is able to accurately learn the final
limit state functions, whereas the CLS method failed to learn
the CLS function due to the high nonlinearity.

We also performed system failure probability estimation
using the EKSA method. Figure 6 presents comparisons of
the learned CLS and the true limit state based on the final train-
ing points identified in the EKSA method. It shows that after
assembly, the learned limit state is closer to the true limit state
than both the SVD-Kriging and individual Kriging models.
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Table 2 gives the results comparison of different methods for
the series system example. In order to demonstrate the robust-
ness of the proposed method and account for the sampling
uncertainty, 40 runs of the EKSA and ILS-CL methods are per-
formed and the average results are reported. Because the CLS
method fails to model the highly nonlinear limit state as shown
in Figure 5, we only run the CLS method once. The results show
that the proposed EKSA method is more efficient (in terms of
number of function evaluations) than the ILS-CL and CLS
methods in order to achieve the same level of accuracy.

4.2. A parallel system

A parallel system with nine limit state functions as given in
Eqgs. (61) through (69) is used as our second example. There
are two standard normal variables X; and X, in each of the
limit-state functions.

g1(X) =4 -XiX,, 61)
2
2 (X) :6—%— X, — X, — 125, (62)
240.1(X; — X,)* + Xi+X)
g3(X) = min 4 V2 R (63)
N + (X1 —X») ?
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Fig. 4. Comparison of learned composite limit state using composite learning function and true composite limit state.
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Fig. 5. Comparison of learned composite limit state using composite limit state and true composite limit state.

Gu(X)=6—((X; =X, +1)* +5X, + 1),

X X
gs5(X) = 4cos (%) sin (%) -3,

g6(X) =4 — ((X]Xz + 1)2 + 4X2),

1(X) =2~ (Xi +X2)*/5 — (Xi — X2)*/4,

= 1(2) o)
)-

cos X sin X
3 8

(64)

(65)

(66)

(67)

(68)
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go(X) = ((1.5+X,)* +4)(1.5 + X,) /20
—sin(2.5(1.5 4+ X;)) — 3.

The system failure probability is defined as

! 9
pp =Pr{ 0 &i(X) <0},

(69)

(70)

Similar to example 1, we first perform system reliability anal-
ysis using the ILS-CL and CLS methods. Figures 7 and 8 show
the limit state comparisons of different methods (ILS-CL and

CLS).

Figure 9 gives the learned CLS function from the EKSA
method based on the identified training points form EKSA.
Similar conclusion can be obtained as example 1.
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Fig. 6. Comparison of learned composite limit state from the efficient Kriging surrogate modeling approach and true composite limit state.
SVD, singular value decomposition.

Table 2. Results comparison of the series system example

ILS-CL CLS
AK-MCS EGRA AK-MCS EGRA EKSA MCS
Pr 0.0812 0.0801 0.0420 0.0328 0.0828 0.0835
NOF 8 +44.78 8 +49.67 8 + 189 8 + 180 8 +24.03 1x10°
€ (%) 2.75 4.07 49.7 60.72 0.84 NA

Note: The number of function evaluations (NOF) is given as the number of initial training points + the number of added training
points.
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Table 3 gives the results comparison of different methods,
including the number of function evaluations, percentage er-
ror, and estimated system failure probability. Similar to exam-
ple 1, 40 runs of EKSA and ILS-CL methods are performed
to account for the sampling uncertainty, and the average re-
sults are reported. It shows that the EKSA method is more ac-
curate and efficient than the other methods.

4.3. A combined series and parallel system

A cantilever beam-bar system as shown in Figure 10 is adopted
from Song and Der Kiureghian (2003) and Wang et al. (2011)
as our third example. The reliability block diagram, which de-
fines the failure of the system, is also given in Figure 10.
The five limit state functions of this example are given as

g1(X) =S —5F/16, (71)

6
44
o
2
o
o o _0O
+ 4N
x'0
*
-2t +
&
Learned Composite Limit State +
-4 True Composite Limit State
+ Initial Training Points
O Added Training Points
-6 -4 -2 0 2 4

X!
(a) AK-MCS (AK-SYS)
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(X)) =M —LF, (72)
¢:(X) = M — 3LF/8, (73)
g(X) =M — LF/3, (74)
¢5(X) =M +2LS — LF, (75)

where g;(X) is the fracture of the brittle bar, g, (X) is the for-
mation of a hinge at the fixed point of the beam given the frac-
ture of the bar, g3(X) is the formation of a hinge, g4(X) is the
formation of another hinge at the midpoint of the beam given
the formation of a hinge at the fixed point, and gs(X) is the frac-
ture of the bar given the formation of a hinge at the fixed point.

Table 4 gives the random variables of the cantilever beam-
bar system. In this example, we first generate 10 initial train-
ing points. We then perform system reliability analysis using

6
4l
2
o
' 0 o
+ o
-2 +
o
+ o~
-4 Leamed Composite Limit State *
True Composite Limit State
+  Initial Training Points
6 O Added Training Points
-6 -4 -2 0 2 4 6
X!
(b) EGRA

Fig. 7. Comparison of learned composite limit state using composite learning function and true composite limit state.
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Fig. 8. Comparison of learned composite limit state using composite limit state and true composite limit state.
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Fig. 9. Comparison of learned composite limit state from the efficient Kriging surrogate modeling approach and true composite limit state.

the EKSA method, ILS method, and MCS. Table 5 gives the
results comparison of the combined system example. The re-
ported result of the EKSA method is the average result of 40
runs. It shows that the EKSA method is far more efficient than
the ILS method. This demonstrates the effectiveness of the
proposed EKSA method for general systems with combined
series and parallel systems.

4.5. Vehicle side impact

A vehicle side-impact example given in Bichon et al. (2011)
is employed as our fourth example. In this example, the side-
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impact crash-worthiness of a vehicle is subjected to uncer-
tainty in the geometry and material properties of several
key components. It is a series system with 10 failure modes.
There are totally 11 random variables in this system. Because
we are using the same random variables (same distribution
types and distribution parameters) as those given in Bichon
et al. (2011), we direct interested readers to Bichon et al.
for detailed information of the random variables. We also
use the same limit state functions. Expressions of the 10 limit
state functions are also available in Bichon et al. From one
side-impact simulation, we can obtain the responses of the
10 limit state function. According to the result given in Bi-
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Table 3. Results comparison of the parallel system example
ILS-CL CLS
AK-SYS EGRA AK-MCS EGRA EKSA MCS
22 0.0122 0.0121 0.0114 0.0115 0.0123 0.0124
NOF 942230 9+ 32.63 9+ 101 9+ 157 9+ 15.39 1 x 107
e (%) 1.61 242 7.06 0.81 NA
N\
’, F T
/// M
Z
. L sl L 5|
g il |

Fig. 10. A cantilever beam-bar system.

chon et al., about 415 impact simulations need to be per-
formed to get an accurate estimate of the system failure prob-
ability. We then perform system reliability analysis using the
EKSA method, the ILS-CL (i.e., AK-MCS and EGRA)
method, and MCS. Table 6 gives the results comparison of
different methods. The results of the EKSA and ILS-CL
methods are the average results of 40 runs. Note that the
CLS method is not compared in this example because it is al-
ready shown in the first three examples that the CLS method
is much less efficient and accurate than the other methods.
The results show that the EKSA method is much more ac-
curate than the ILS-CL method and also more efficient. To
maintain a fair comparison, further analysis shows that the
ILS-CL method using AK-MCS requires (on average)
362.5 function evaluations to achieve the same accuracy level
(less than 5%) as the EKSA method. This further demon-
strates the effectiveness of the proposed EKSA method.

5. CONCLUSION

When surrogate modeling is used for system reliability anal-
ysis, we may model the system responses independently or
considering the correlations between system responses. In
this paper, we propose a SVD-based Kriging approach to ac-

Table 4. Random variables of the combined system

example

Variable Distribution Mean SD
L Normal 5 0.05
S Normal 700 300
M Normal 150 30
F Normal 50 10
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count for correlations between different system responses.
The SVD-based Kriging model, however, may only be accu-
rate in some input regions. In order to overcome this, this pa-
per proposes to combine the SVD-based Kriging with the
Kriging surrogate models of individual limit states.

Considering that currently used stopping criteria for surro-
gate modeling-based system reliability analysis are based on
individual samples, this paper proposes a new stopping criter-
ion directly from the perspective of the system reliability anal-
ysis estimate by partitioning the MCS samples into two
groups, based on the probability of making a classification
error. In addition, current learning functions for surrogate
modeling-based system reliability analysis are limited to ser-
ies and parallel systems. Therefore, we propose a generalized
surrogate model refinement strategy, which is applicable to
series, parallel, and combined systems. Three numerical ex-
amples demonstrate that the proposed EKSA method can sig-
nificantly improve both the efficiency and the accuracy of the
system reliability analysis significantly.

The proposed composite surrogate (combing SVD-Kriging
model and individual Kriging models) enables us to use the
advantages of both types of Kriging surrogate models during
the system reliability analysis. This dramatically increases the

Table 5. Results comparison of the combined system example

ILS
AK-MCS EGRA EKSA MCS
Py 0.004745 0.004745 0.0047 0.0048
NOF 10 + 353 10 + 461 10 +2.38 1x 107
e (%) 1.72 1.72 0.27 NA

Note: 353 = 66 + 72 + 78 + 84 + 53 includes the NOF for each limit
state function; 461 = 79 + 81 + 102 + 106 + 93.
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Table 6. Results comparison of the vehicle side impact system
example

ILS-CL
AK-MCS EGRA EKSA MCS
Py 0.1594 0.1558 0.1789 0.1781
NOF 50 4 106.15 50 4+ 111.67 50 4 82.53 1x10°
e (%) 10.50 12.52 0.45 NA

efficiency and accuracy of system reliability analysis. Be-
sides, the proposed method can be applied to not only general
combined series and parallel systems but also multidiscipli-
nary systems with complicated interactions and couplings.
The developed stopping criterion and learning function re-
move the limitations of current methods and make the pro-
posed method promising for systems with different config-
urations.

This work only considered aleatory uncertainty in the input
variables for system reliability analysis. Future studies need
include considering epistemic uncertainty in surrogate mod-
eling-based system reliability analysis, and extension of
the proposed method to time-dependent reliability analysis
problems.
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