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Abstract

Reliability analysis with multiple failure modes is needed because more than one failure mode exists in many engineering
applications. Kriging-based surrogate model is widely adopted for component reliability analysis because of its high com-
putational efficiency. Compared with Kriging-based component reliability analysis, selecting the sample points that affect
the system performance is more difficult than that of a single failure mode in system reliability analysis. Therefore, how to
select suitable sample points is a key problem in system reliability analysis. Meanwhile, reducing the number of calls to the
performance functions is challenging, especially for systems with time-consuming performance functions. In this paper,
an improved Kriging-based system reliability analysis approach is proposed based on the two strategies. In strategy 1, the
initial sample points are determined by considering only two different cases: (a) the candidate samples are selected from the
safe regions only for series systems; (b) the candidate samples are selected from the failure regions only for parallel systems.
Therefore, samples having little contributions to the composite performance function are avoided. In strategy 2, the sample
points determined in strategy 1 will be further optimized by interpolating. From comparisons with three reported methods
in numerical examples, the efficiency and accuracy of the proposed method are illustrated.

Keywords System reliability analysis - Kriging - Series system - Parallel system - Failure probability

1 Introduction in real engineering applications, SRA under multiple failure
modes is needed.
Structural reliability analysis (SRA) aims to estimate the In SRA, the failure probability P; is defined as
failure probability of a component or a system consider-
ing various uncertainties, such as geometric parameters and P, = / FOo)dx, 1)
F

material properties. It plays an important role in ensuring the
quality of the product. As a result, it has received consider-
able attention in many fields, including electric vehicles [1],
bridges [2], robots [3], etc. In general, SRA can be divided
into two categories: component reliability analysis and sys-
tem reliability analysis. Because multiple failure modes exist

where F refers to the failure region when the response value
of performance function G(x) is less than 0 (G(x) <0), and
f(x) is the joint probability density function of the random
variables. Generally, P; cannot be directly estimated by the
integral in Eq. (1), because the form of G(x) is often com-
plex and highly nonlinear. To address this problem, many
reliability methods are reported. The Monte Carlo Simula-
54 Ning-Cong Xiao tion (MCS) with large sample size is a classical one to pro-
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the MCS is not appropriate if implicit performance func-
tions are involved, because numerous simulations such as
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(SVM) [5], response surface method (RSM) [6], polyno-
mial chaos expansion (PCE) [7], artificial neural networks
(ANN) [8, 9], hybrid models [10], extended support vec-
tor regression(X-SVR) [11], and Kriging [12-20]. Among
them, Kriging-based SRA has received more attention as it
has excellent characteristics: exact interpolation and a local
index of uncertainty on the prediction [12].

Many Kriging-based methods have been reported in
component reliability analysis (CRAS) in recent years.
Echard [12] reported an active learning reliability method
combining Kriging and MCS (AK-MCS), and AK-MCS
is a competitive method in CRAS; subsequently, several
other approaches are reported to improve the AK-MCS,
please see Refs [13, 14, 16] for detail. However, system
reliability analysis (SRAS) is more difficult than CRAS,
because it involves multiple failure modes. As a result,
existing Kriging-based CRAS methods, in general, can-
not be directly applied to SRAS efficiently. Fauriat [15]
extended the AK-MCS method for system reliability;
then, a useful and competitive method for system reli-
ability analysis, i.e., AK-SYS, was reported. Based on
the AK-SYS, Yun [21] refined learning function U and
proposed an improved adaptive Kriging model for SRAS.
Yang [16] reported an active learning Kriging model
with a truncated candidate region for SRAS. Xiao [22]
reported an adaptive Kriging-based efficient reliability
method for structural systems with multiple failure modes
and mixed variables. Gong [23] reported an important
sampling-based system reliability analysis of corroding
pipelines considering multiple failure modes. Perrin [32]
reported an active learning surrogate model for the con-
ception of systems with multiple failure modes. These
aforementioned works are useful for SRAS. However, the
applicability of them is generally lower than the AK-SYS
because the latter is very easy to implement. In AK-SYS,
the key idea is to construct a composite performance
to select new sample points. However, some samples,
which have very little contributions to the construction
of composite performance function, may be selected and
added to the design of experiments (DoE) [24] during
the process. These useless samples may increase the
number of calls to the performance and, thus, increase
computation time. Because the highly applicability of
AK-SYS, an improved system reliability analysis method
is proposed based on AK-SYS in this paper. First, a new
sampling-based strategy is employed to determine the
initial candidate sample points; sample points in safe
regions are considered for series systems, whereas in
failure regions are for parallel systems. Then, the initial
candidate sample points are further optimized in strat-
egy 2 by interpolating. Based on these two strategies, an
improved Kriging-based approach for system reliability
analysis with multiple failure modes is proposed based
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on AK-SYS; it is termed as IK-SRA. Finally, an effective
composite performance function is constructed by the
proposed method; it requires generally fewer function
calls compared with AK-SYS to achieve almost the same
accuracy level.

The rest of the paper is organized as follows. Sec-
tion 2 gives a brief review of Kriging and the system
reliability analysis. Section 3 gives details of proposed
method. Five numerical examples are analyzed in Sect. 4
to show the proposed method. Finally, the conclusion is
summarized in Sect. 5.

2 Basic theory
2.1 Kriging theory

Kriging is one of the most used estimators for interpola-
tion of spatial data [25-27]. There are several types of
Kriging models, such as ordinary Kriging, simple Krig-
ing, universal Kriging, indicator Kriging, and co-Kriging
[28]. The most commonly used one is ordinary Kriging,
such as in references [12, 29-31]. In this paper, the ordi-
nary Kriging method is selected. Kriging possesses two
main interesting characteristics: exact interpolation, and
a local index of uncertainty on the prediction. The Krig-
ing model consists of two main parts: a linear regression
model and a stochastic process, which is defined as fol-
lows [33]:

Gex) = fT@x)p + Z(x), )

where f(x) = [f;(x),/, (), ... ,jj)(x)]T is the vector of basic
functions and f is the vector of the regression coefficients,
and Z(x) is a stationary Gaussian process with zero mean.
The covariance between any two experimental sample points
is defined as follows:

Cov(Z(x)), Z(x})) = 6°R(x;,x;), i.j = 1,2,...,N, 3)

where 67 is the process variance and R(x;, xj) is the Gaussian
correlation function [34]. Gaussian correlation function is
adopted in this study and is defined as follows [35]:

n 2
R(x;, x;) = exp <_ thl 0, >’ 4)

where n is the dimensionality number of the random vector
x.0, is the correlation parameter, and x;, x;, are the 7th com-
ponents of vectors x; and x;, respectively [36]. In this study,
the regression part of the Kriging model is constant. Then,
the parameters f and ¢ can be computed by [37]

Xit = Xjt

f=FR'F)'FTR'G, 3)
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# = (G~ FPYR™ G~ Fp), © {x (g0 < O}:{x oy Emax g0 < 0},

where F is a vector of f(x) and G is the vector of the = (13)

response obtained at each random input variable. R is the »

correlation matrix, i.e., {x : g < O}: {x P dEefmjin 5 < O}.
R, ) R a) . (14)

R = : - : . @)
R(xy,xp) -+ R(xy,xy)

The correlation parameter 6, can be calculated using
the maximum likelihood estimation:

6 = arg min(det R)"62. 8)

According to the Gaussian regression theory, G(x) fol-
lows a normal distribution G(x) ~ N He(x), o-é( x) |, with

the following expressions:

He@®) =T @)+ r" @R (G - Fp), )
0 F ] [f@

2 _ 2

olX) =0 —[fT(x)rT(x)][ P R] r(x)], (10)

where T (x) = [R(x,x,), ..., R(x,xy)]” is a vector containing
the covariance between x and each experimental sample.

Generally, both g (x) and aé(x) can be evaluated by MAT-
LAB toolbox DACE [34].

2.2 System reliability analysis

In this study, both parallel and series systems are con-
sidered. The failure probability of the parallel and series
systems are defined as

k k
P, =P e <03 = P{nl)_alxg,-(x) < o}, )
i=1 -

and

k k
Pr o = P{ U g0 < 0} = P{r}lilngi(x) < 0}, (12)
i=1

respectively, where k is the number of failure modes, and
g;(x) is the performance function of the corresponding ith
failure mode.

One of the most classical ways to address system reli-
ability problems by surrogate models is to convert multi-
ple performance functions into a single composite perfor-
mance function. In general, the composite performance
functions of parallel and series systems can be, respec-
tively, expressed with performance function as follows:

3 The proposed method based on AK-SYS

In this study, to illustrate the effectiveness of the pro-
posed method, it is compared with the classical methods
AK-SYS and ALK-TCR. Herein, the two methods are
briefly reviewed. Then, the two strategies of the pro-
posed method are described in detail. Finally, the sum-
mary of the proposed method is given.

3.1 Review of AK-SYS and ALK-TCR

AK-SYS is an adaptation of the classical method AK-
MCS for system reliability analysis [15]. Three differ-
ent strategies were reported in AK-SYS: Component
approach, composite model approach and composite
criterion approach.

The composite criterion approach is more efficient
than others, as shown in AK-SYS [15]. The brief intro-
duction for the third one is made herein. In this approach,
surrogate models are no longer updated simultaneously,
whereas just one surrogate model is updated based on the
active learning function. The active learning function is
defined as

|85

Osx)

Ug(x?) = (15)

where g is the response of performance function and o,

is the standard deviation from Kriging model; s refers to
the target sample points and the following are the details to
determine these sample points:

For parallel systems,

k
Sj; = arg {r?:alxgj(xi)}, i=1,2,..,N, (16)

where k is the number of failure modes. Similarly, for series
systems, it is given as follows,

k
sj!izarg{r}lzipgj(xi)},iz1,2,...,N, (17)

where s can be described as the following matrix:
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s=| 0 e s e e (18) f. Judging the convergence criterion. If satisfied, pro-
= 0 )
p s ! L ceed to (h), else to (g);
k=t =l KoL g. Updating the DoE and corresponding surrogate
St Skie T Sk
> ol » kXN

Then, the best added sample point can be determined
by

x;; < arg {n]nln Uu} (19)

The processes of AK-SYS can be described as follows
[15]:

a. Generating N samples based on MCS, and selecting
N, samples by Latin Hypercube Sampling (LHS),
x;,i=1,...,N,. Then, the initial DoE is generated
by (x;, g,‘,,‘(xi));

b. Constructing the initial Kriging models of each fail-
ure modes, respectively. These constructed Kriging
models are denoted as Mj,j =1,2,...,k, and k is the
number of failure modes;

c. Determining the composite failure mode of each sam-
ple by Egs. (16) or (17) to obtain M, ;;

d. Estimating the learning function values of all samples
by Eq. (15);

5 E Failure region

2,(x)=0
Safe region

Fig. 1 A series system with three components [16]

B1 A; Bf;

W

Fig.2 A series system with three failure modes
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model M;. And go to (¢);
h. Estimating system probability failure wamm.

However, AK-SYS fails to rightly identify the insignif-
icant component if the values of component performance
functions exist large numerical difference. Therefore,
Yang [16] reported a system reliability analysis method
through active learning Kriging model with truncated
candidate region, it is termed as ALK-TCR. The basic
idea of ALK-TCR is to pay little attention to the insig-
nificant components in the design space.

In ALK-TCR, a truncated candidate region was pro-
posed to identify the unimportant components, such as
the arc O,C, O,B, O,E, and O,D, and making the sam-
pling near the important component, such as arc AO,O,F,
as shown in the Fig. 1.

The adaptive truncating region is defined as [16]

The failure region

The safe region

WV

Fig.3 The limit state of a composite performance function in a series
system

Fig.4 A parallel system with three failure modes
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B,

A;

The failure
region

The safe region

W

Fig.5 The limit state of a composite performance function in a paral-
lel system

Limit state function

Fig.6 The distance from the initial candidate sample point to the
sample points on the other side of limit state function

k—1 p
T, = Tirus U Tp, (20)
i=1 i=k+1

where T = {x|ufg(x) < —éoé(x) }is for a series system. For

a parallel system, T = {x’u;(x) > 5a;(x) }

3.2 The proposed method

In this section, two strategies are introduced in detail.
In strategy 1, based on the U learning function, a sam-
pling strategy is proposed for series and parallel systems,
respectively. To avoid selecting samples that have little
contributions to the construction of composite perfor-
mance function, Strategy 2 is used to further optimize
the initial candidate samples.

3.2.1 Strategy 1: determining the initial candidate sample
points.

A series system with three failure modes is shown in
Fig. 2. The composite performance function g, can be
obtained through Eq. (14). Therefore, the arc A,0,0,B5
is on the limit state of the composite performance func-
tion. As shown in Fig. 3, the failure and safe regions are
divided by the arc A;0,0,B;. To yield accurate failure
probability, it is important to have accurate composite
performance function. In other words, the surrogate mod-
els should be accurate compared with arc A;0,0,B;. Fur-
thermore, surrogate models in other regions such as: arc
0,A,, OB, O,A;, and O,B, are not required accurately

A B;

The failure region

) O

The safe region

The failure region /

N
7, 7
0 ~—-"0>-~

° X,; The safe region

\ The failure region //

NN

The safe gegion
X8

\ The failure region

~
7 7
N0~ -70)

The safe region .

Fig. 7 The process of the proposed method for a series system
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\ /
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\
\
\ e
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~
s -
N 01\\—’ 0,
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because the samples in these regions are always less than
0.

Similarly, a parallel system with three failure modes is
shown in Fig. 4. The composite performance function can
be obtained through Eq. (13). It is easy to know that the
arc A;0,B, divides space into failure and safe regions,
as shown in Fig. 5. To yield accurate failure probability,
it is important to have accurate composite performance
function. In other words, the surrogate models should be
accurate compared with arc A;0,B,. Furthermore, sur-
rogate models in other regions such as: arc A,0,, A,B,,
and B;0, are not required accurately because the samples
in these regions are always greater than 0.

For a series system, the composite performance func-
tion can be described as

k
<Q%&<O
i=

gcomp = k ’ (21)
>QQ&>0

where k is the number of failure modes. For a series system,
the values of all performance functions are greater than 0
in the safe regions; whereas in the failure regions, at least
one is less than 0. To reduce the computational burden, the
surrogate model of each component in the failure region is
not required to accurately constructed because most of them
have almost no contributions to the failure probability. Thus,
the safe regions are considered for selecting samples for
series systems. Then, an improved learning function based
on AK-SYS is proposed as follows:

. oo (D
min US(x(t)) — |§s(x )| ,
25()
s.t{x|g, () N g () N g(x) >0}, i=1,2,...,N.

(22)

For a parallel system, the composite performance
function can be given by

k
<Qq&<0
i=

8comp = . (23)

>~

>Q%&>0
i=

For a parallel system, the values of all performance
functions are less than O in the failure regions; whereas
in the safe regions, at least one is greater than 0. As
aforementioned discussions, the failure regions are con-
sidered for selecting samples for parallel system. Simi-
larly, an improved learning function based on AK-SYS
is proposed for parallel systems as follows:

. Py (i)
min Ug(x?) = —Iis(x ) ,
25Dy
s.t{x|g () N g () N gu(x) <0},i=1,2,...,N.

(24)

3.2.2 Strategy 2: optimizing the initial candidate samples

Based on strategy 1, an initial candidate sample point
is identified. However, it may not be the best candidate
sample point because its U function value is not the

Fig.8 The process of the proposed method for a parallel system

The failure
region
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Fig.9 Flowchart of the proposed method

global minimum according to Eq. (15). Therefore, the  the failure region. The sample point X, can be determined
candidate sample points determined by strategy 1 need by the following:
to be further optimized.

Herein, strategy 2 is proposed to further optimize the can-
didate sample points by interpolation. In strategy 2, one of
the sample points is determined by strategy 1, and is called
X,; as shown in Fig. 6. The other sample is determined by
the shortest distance between X; and the samples that are St { ¢(X) - g(X,) <0
residing in the counterpart regions of the limit state function; 3g,(x,) < 0,3g,(x,) <0,...,3g(x;) <0’
this sample point is denoted as X|,, as shown in Fig. 6. For (25)
each performance function, at least one sample point is in

arg {min(D(X,)) }
Xl

DX =

i=12,...,N,

@ Springer
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where d is the dimension of the variables, and X; is the sam-
ple point that has the opposite response sign to the sample
point X,;; D is the distance between sample points X; and
X ;. Then, N, sample points are interpolated between these
two sample points X,;, X,,. Finally, the next best sample
point is determined by the learning function U. Mathemati-
cally, the strategy can be expressed as follows

minUX,), ¢ = 1.2.... NN, + LN, +2
q

(26)
stX, =X (1 -0+ X,,0<1<1,

where X, is the random interpolated sample point between
sample points X,; and X,,, and the number of interpolations
is N,. Then, the next best sample point can be determined
by the minimum U value from these N,+ 2 samples. In this
study, N, is set as 100.

The processes of abovementioned two strategies for
series systems with three failure modes are shown in
Fig. 7. First, the safe region is selected according to Eq.
(21), as shown in the Part 1 of Fig. 7. Then, the ini-
tial best sample point X,; and the corresponding per-
formance function are determined according to Eq. (22)
in the selected safe region, as shown in the Part 2 of
Fig. 7. Finally, optimizing the initial best sample point by
interpolation between sample points X;; and X,, where
X, is determined according to Eq. (25), is shown in the
Part 3 of Fig. 7. Similarly, the processes of the proposed
method for a parallel system are shown in Fig. 8.

3.3 Summary of the proposed method

The flowchart of the proposed method is shown in Fig. 9,
and the main steps are structured as follows:

Step 1: Generating N samples based on the distribu-
tions of variables; Defining the initial DoE as the train-
ing points, the same number of initial training sam-
ples is used for the proposed method, AK-SYS and
ALK-TCR. Latin hypercube sampling (LHS) method
is adopted to generate these samples, and the lower
bound and the upper bound of LHS are determined by
{minﬁi 1xi,max§i 1xi}, respectively;

Step 2: Constructing the Kriging model of each failure
mode and predicting the responses and variances of
these N samples using the constructed Kriging models;
Step 3: Determining the initial best sample point
through Eq. (15);

Step 4: Determining the sampling regions. The failure
regions are selected for parallel systems through Eq.
(23), and the safe region for series systems through Eq.

(21);

@ Springer

Step 5: Judging the regions where the initial best sam-
ple points are located. If the sample points meet the
requirements according to Eqgs. (22) or (24), proceed
to step 6; otherwise, remove this sample point and go
back to step 3.

Step 6: Optimizing the initial sample points. First,
determining the sample point X, according to Eq. (25).
Then, N, samples will be interpolated between these
two sample points X,; and X,,, and determining the next
best sample point from the N,+ 2 samples by Eq. (26);
Step 7: Judging the convergence. If U <2, proceed to
step 8; otherwise, predicting the response of the current
best sample point and go back to step 2;

Step 8: Computing the failure probability.

4 . :
3 -
23
2 - .
1 Bl e N e -
S The - D& TN The
x O i failure! N I failure
*.,, tegion S -~ M= 7 region,
A et N e 4
2t 4
3F
- | ; I ! .
-4 3 2 1 0 1 2 3 4
X

Fig. 10 The composite performance function of the numerical exam-
ple 1

35%
? I AK-SYS,0=1
I AK-SYS,a=1000
I ALK-TCR,a=1

10, L
30% [ ALK-TCR,a=1000

25.7%

25% [

20% [

13%

15%

11.2%
11.3%

10%

5% [

Percentage Improvement in Efficiency

0%

Fig. 11 The percentage improvement in efficiency in example 1
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4 Validation and comparison
with numerical examples

In this section, five numerical examples are studied,
including two parallel systems and three series systems.
Examples 1 and 2 are used to illustrate the efficiency
and high accuracy of the proposed method; example 3 is
used to illustrate the robustness of the proposed method
for a parallel system with disconnected failure regions;
example 4 is used to illustrate the effectiveness of the
proposed method for moderate dimensions. The last
example is used to illustrate the applicability of the pro-
posed method to engineering problems with implicit per-
formance functions. The reliability results estimated by
MCS is regarded as the benchmark, and the results esti-
mated by AK-SYS, ALK-TCR and the proposed method
are compared.

4.1 Example 1 A parallel system with three failure
modes

A parallel system with three failure modes, g, g, and g;
is used [15, 16]. The performance functions are defined
as follows

g(0) = 8x2 — 82 + (a2 +x2)°
=20 -2~ (x +2])° @7)
g;(x) = a{Sx% — 83 — (x? +x§)2}

where x; and x, follow the standard normal distribu-
tion,X ~ N(0, 1), and « is a parameter that affects the value
of g;. In this paper, to illustrate the robustness of the pro-
posed method, the parameter a with two values @ = 1 and
a = 1000 is, respectively, considered.

Fig. 12 The boxes of three >~ N —
methods AK-SYS, ALK-TCR g’ 32 _ g 28 o ;
and the proposed method in '; 30 i _ ‘; : '
case 1 of example 1 = ‘ 3 .
o ; o 26
w5 28 _ 5 : T
o : o 24 : i
£ % T ' 2 L : ]
2 24| 5 2 22 = =
9] - )
= 22t - = 20
Method 1 Method 2 Method 3 Method 1 Method 2 Method 3

> - - o~ 0.2f - —

L 8y : > - ; 5

» = : :

R lil ] 0195f !

o 6 [ ' o . L

u— ‘ (@]

I I 5

3 L _ 2 019 . :

£ : =2 i :

2 2| - L

2 : 2 o0185f -

= oL . . - [ -

Method 1 Method 2 Method 3 Method 1 Method 2 Method 3
Tab|e11 Result of example 1, =1 Different methods
a =
MCS AK-SYS [15] ALK-TCR [16] IK-SRA

Ny of g, 1x10° 12427.6 (1.70) 12426.9 2.31) 12424.0(1.65)
N_s of & 1x10° 12426.0 (1.62) 12425.7 (1.66) 12423.5(1.64)
Nos of &3 1x10° 1246.6 (1.28) 124+6.0 (1.59) 12+ 1.6(0.99)
Total 3%x10° 96.2 94.6 85.1
P; (Cov) 0.1920 (0.65%) 0.1921 0.1933 0.1922
I3 - 0.05% 0.68% 0.10%
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To illustrate the effectiveness of the proposed method,
three different methods, i.e., MCS, AK-SYS, and ALK-
TCR, are compared. For the fair comparisons, the same
number of samples, i.e., 12 sample points, generated by
LHS is used and added to the initial DoE for AK-SYS,
ALK-TCR and the proposed method. The number of sam-
ples used for MCS is 1x10%, and the candidate samples
size is set as N = 1 x 10* in AK-SYS, ALK-TCR and the
proposed method. The result of MCS with Nycg = 1 X 10°
samples is a benchmark for comparisons. € is the abso-
lute value of the relative error, and € = |f’f - Pf| /P;. Cov

stands for the coefficients of variation.
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4 \
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1k |
><"\I 0r i
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0

™

= = = Surrogate model of g2
————— Surrogate model of g3
O Initial samples X

1

Fig. 13 The process of sampling in AK-SYS for & = 1in example 1

———

gl
g2
g3
A Added samples of g1
O  Added samples of g2 N 4 4
*  Added samples of g3 | N 4
--------- Surrogate model of g1
= = = Surrogate model of g2
----- Surrogate model of g3
O Initial samples X1

Fig. 15 The process of sampling in IK-SRA for & = 1in example 1
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The results obtained from different methods are listed
in Table 1. To reduce the uncertainty of results, all com-
pared methods are performed 20 times independently,
and the average results are reported. The box diagram is
used to show the distribution of results, as shown in
Fig. 12. Also, standard deviations are given to illustrate
the robustness of the method. N_, is the number of calls

calls
to the performance function. Based on Table 1, the N
of proposed method IK-SRA is 85.1, and is less than both
AK-SYS and ALK-TCR with 96.2 and 94.6, respectively.
Therefore, the proposed method is more efficient than
both in this example. Note that g; =0 does not contribute

to the composite performance function, as shown in

el T —
1

A

"~

S O

----------- Surrogate model of g1 .
= = = Surrogate model of g1 —~—~—
=—==-= Surrogate model of g3 |}
Added samples of g1 ‘\‘ !
Added samples of g2
Added samples of g3 -1 0 1 2 3 4
Initial samples X

N
~.
.
~—
|

>

O % 0

Fig. 14 The process of sampling in ALK-TCR for « = 1in example 1
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Fig. 16 The convergence processes of different methods for @ = 1 in
example 1
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Fig. 10. Therefore, evaluation on g5 =0 is useless for
reliability analysis. Meanwhile, from Table 1, it shows
that the failure probability estimated by the proposed
method is more accurate than ALK-TCR, however, the
relative error of AK-SYS is 0.05%, which is more accu-
rate than that of the proposed method. The proposed
method improves the efficiency of reliability analysis by
reducing the number of calls to performance functions,
as shown in Fig. 11, the percentage improvements in effi-
ciency (p = |Nm"5(III<-SRA) - Nc(,\“\(AK-SYIS/ALK-TCR) / Nwm(AK-SYlS/ALK-TCR))
are 13% and 11.2% compared with AK-SYS and ALK-
TCR, respectively (Fig. 12).

Figure 13 shows the limit state function of each failure
modes, the selected samples added to DoE, the selected
samples by each Kriging model in the whole update pro-
cess, and the constructed Kriging models of each failure

Method 1 Method 2 Method 3

mode by AK-SYS. Figure 14 shows that by ALK-TCR,
and Fig. 15 shows that by IK-SRA. The converging pro-
cesses of different methods are shown in Fig. 16, which
shows that the proposed method converges quickly and
achieves accurate results.

For a = 1000, reliability results computed by MCS,
AK-SYS, and ALT-TCR are listed in Table 2. Figure 17
shows the distributions of results estimated by each
method in 20 runs. It shows that the proposed method
IK-SRA is more effective than AK-SYS and ALK-TCR
because its N, is 84.2, whereas AK-SYS and ALK-
TCR are 105.8 and 93.7 in this case, g; =0 does not con-
tribute to the composite performance function, as shown
in Fig. 10. Table 2 shows that N ,;, on g3=0 is almost
zero in the proposed method, which improves compu-
tational efficiency in reliability analysis. The proposed
method improves the efficiency of reliability analysis by

Table 2 Result of example 1,

1000 a = 1000 Different methods
o=
MCS AK-SYS [15] ALK-TCR [16] IK-SRA

N5 of g4 1x10° 12+27.1 (2.22) 12+26.6 (2.87) 12+25.0 (2.28)
N5 of g5 1x10° 12+25.5(1.82) 12+25.1 (1.45) 124+23.0 (2.27)
Ny of g3 1x10° 12+17.2 (1.79) 12+46.0 (1.34) 12+0.2 (0.37)
Total 3x10° 105.8 93.7 84.2
P; (Cov) 0.1920 (0.65%) 0.1919 0.1925 0.1912
3 - 0.05% 0.26% 0.42%
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Fig. 18 The process of sampling in AK-SYS for « = 1000 in example
1
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Fig.20 The process of sampling in IK-SRA for & = 1000 in example
1

reducing the number of calls to performance functions,
as shown in Fig. 11, the percentage improvements in effi-
ciency are 25.7% and 11.3% compared with AK-SYS and
ALK-TCR, respectively.

Figure 18 shows the limit state function of each failure
modes, the selected samples added to DoE, the selected
samples by each Kriging model in the whole update
process, the constructed Kriging models of each failure
mode by AK-SYS. Figure 19 shows that by ALK-TCR.
Figure 20 shows that by IK-SRA. The converging pro-
cesses of different methods are shown in Fig. 21, which
shows that the proposed method has the fast convergence
speed and high accuracy level.

@ Springer

4= — = Surrogate model of g2 [, 2l
N——— Surrogate model of g3
A Added samples of g1
-4 0O Added samples of g2 L . : L
*  Added samples of g3 [l 0 1 2 3 4
O Initial samples X

Fig. 19 The process of sampling in ALK-TCR for « = 1000 in exam-
ple 1
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Fig.21 The convergence processes of different methods for a = 1000
in example 1

4.2 Example 2 A series system with three failure
modes

A series system with three failure modes is studied in
example 2 [16]. The three failure models are defined as

g1 (x) = sin(2.45x,) — (x7 +3.9)(x, +2)/20
&) = 100sin(2.5x) — 507 +4H)(x, +0.5) . (28)
g3(x) = 1000sin(2.55x,) — 5(10x% + 41)(x, — 1)

in which variable x obeys uniform distribution: x; € [—4,4]
and x, € [-20,2]. Figure 22 shows the schematic of these
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Fig.22 A series system in example 2

three failure modes. The Fig. 22 shows that the failure prob-
ability is dependent on the first failure mode g,.

For a fair comparison, 12 sample points are selected
by LHS method and added to the initial DoE for all
compared methods. The number of samples used for
MCS is 1x10°, and the candidate samples size is set as
N =1x 10* for AK-SYS, ALK-TCR and the proposed
method. The results obtained from different methods are
listed in Table 3. Figure 23 shows the distributions of

results estimated by each method with 20 runs. Based
on Table 3, the N, of proposed method IK-SRA is
only 72.1, and is less than both AK-SYS and ALK-TCR
with109.9 and 92.8, respectively. Therefore, the proposed
method is more efficient than both in this example. Note
that g, =0 and g; =0 do not contribute to the composite
performance function, as shown in Fig. 22. Therefore,
evaluation on g, =0 and g;=0 is useless for reliability
analysis. Meanwhile, from Table 3, it shows that ALK-
TCR is slightly more accurate than the proposed method.
The proposed method improves the efficiency of reli-
ability analysis by reducing the number of calls to per-
formance functions, and the percentage improvements in
efficiency are 52.4% and 28.7% compared with AK-SYS
and ALK-TCR, respectively.

Figure 24 shows the limit state function of each failure
modes, the selected samples added to DoE, the selected
samples by each Kriging model in the whole update pro-
cess, and the constructed Kriging models of each failure
mode by AK-SYS. Figure 25 shows that by ALK-TCR,
and Fig. 26 shows that by IK-SRA. The converging pro-
cesses of different methods are shown in Fig. 27.

4.3 Example 3 A parallel system with disconnected
regions

This example is a parallel system with disconnected failure
regions [16], and its failure probability is defined as

Fig. ?3 The boxes results o c"\l 40 —
obtained by three methods o 45 o E’
AK-SYS, ALK-TCR and the "(;,' — ";)' '
proposed method in example 2 . : = 30 -
S oa0p f i -
© i — ' © 20 -
: | : |
35 3
g 5 10 -
c T c
(0] o : [0) —
Method 1 Method 2 Method 3 Method 1 Method 2 Method 3
™ N~
(o) - Q
e | z
0] : = 019 —
= _ H e} !
g 0 7 g — ; 5
"'6 E fust H . -
o) : . 2 0.185
5 ! : ot
£ : : = :
= S 018 ! i
o 2 : .
I-E 0 —_— = - -

Method 1 Method 2 Method 3

Method 1 Method 2 Method 3
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Table 3 Result of example 2

Different methods

MCS AK-SYS [15] ALK-TCR [16] IK-SRA
N_aus of g, 1%x10° 12+36.2 (3.60) 12+34.6 (2.14) 12+34.8 (3.89)
N_aus of g» 1%x10° 12+35.0 (4.41) 12+13.6 (3.65) 12+1.0 (1.19)
Neais of 83 1%x10° 12+42.7 (3.75) 12+8.6 (2.86) 124+0.3 (0.64)
Total 3%10° 109.9 92.8 72.1
P; (Cov) 0.1839 (0.67%) 0.1832 0.1837 0.1846
I3 - 0.38% 0.11% 0.38%

/A Added samples of g1
O Added samples of g2

15+ =======+== Surrogate model of g1 i
= = = Surrogate model of g2 | O
o O Initial samples
o]
.20 L L ot L I L 1
-4 -3 -2 1 0 1 2 3 4
X

Surrogate model of g1
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o~
=
-10 b
O
o}
o
.15 F |
o]
o
gl e Surrogate model of g3
g2 A Added samples of g1
-20 g3 O  Added samples of g2
R [ * 3 4
]

Surrogate model of g2

Initial samples

Fig. 25 The process of sampling in ALK-TCR in example 2
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Fig. 26 The process of sampling in IK-SRA in example 2
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Fig. 27 The convergence processes of different methods in example 2
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Fig. 28 A parallel system in example 3

Py =P{g,(x) <0Ng,y(x) <0ngsx) <0}, (29)

where the performance function of each failure mode is
defined as

81(0) = (4= 2.1x7 +x1/3)07 + 113, + (=4 + 4x))] +0.8

in this example. Note that g,=0 and g; =0 do not contribute
to the composite performance function, as shown in Fig. 28.
Therefore, evaluation on g,=0 and g;=0 is useless for reli-
ability analysis. Meanwhile, from Table 4, it also shows that
AK-SYS and ALK-TCR can obtain slightly more accurate
result than that of the proposed method. However, the pro-
posed method is more effective than both, and the percentage
improvements in efficiency are 71.4% and 23.6% compared
with AK-SYS and ALK-TCR, respectively (Fig. 29).

Figure 30 shows the limit state function of each failure
modes, the selected samples added to DoE, the selected
samples by each Kriging model in the whole update
process, the constructed Kriging models of each failure
mode by AK-SYS. Figure 31 shows that by ALK-TCR and
Fig. 32 shows that by IK-SRA. The converging processes
of different methods are shown in Fig. 33, which shows
that the proposed method achieves to true value more
quickly than others.

4.4 Example 4 A series system with 8 variables

In this case, a roof truss structure with three failure modes
is studied. Figure 34 shows the roof truss structure, it is a

() = 100(4 — 2.1x% +x* /3)x? + 100x,x, + 100(=4 + 4x2)x2 + 60 (30)
83(x) = 5004 — 2.1x7 +x* /3)x7 + 5001, + 500(—4 + 422)x3 + 250

where variables x; and x, follow a normal distribution,
X ~ N(0,0.3%). For a fair comparison, 12 sample points are
selected by LHS method and added to the initial DoE. The
number of samples used for MCS is 1x10°, and the candi-
date samples size is set as N = 1 X 10* for AK-SYS, ALK-
TCR and the proposed method in this case.

The results obtained from different methods are listed in
Table 4. Figure 29 shows the distributions of results esti-
mated by each method in 20 runs. Based on Table 4, the
N of proposed method IK-SRA is only 58.4, and is less

than both AK-SYS and ALK-TCR with 100.1 and 72.2.
Therefore, the proposed method is more efficient than both

series system with eight variables [21].

In this roof structure, the top beam and the compression
bars are made by concrete, and all the bottom beam and the
tension bars are made by steel. The distributed loads can
be transformed into points loads, P = gl/4. In this study,
three failure modes are considered: (1) In the first failure
mode, the vertical displacement A of node C is considered
as follows

gl (qP gl
An=L (L L)
c 2<2+2 31)

Table 4 Result of example 3

Different methods

MCS AK-SYS [15] ALK-TCR [16] IK-SRA
N 0f g, 1x10° 12+24.1 (3.07) 12+22.9 (4.76) 12+21.9 (2.88)
N 0f 2, 1x10° 12+21.7 (4.81) 12+7.0 (1.99) 12+0.4 (0.59)
Ny Of 25 1x10° 12+183 (3.97) 12+6.3 (2.49) 12+0.1 (0.22)
Total 3x10° 100.1 722 58.4
P; (Cov) 0.03329 (1.70%) 0.03316 0.03303 0.03384
€ - 0.39% 0.78% 1.65%
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and the failure will occurs when A, exceeds 3 cm. A,
denotes the sectional area of the concrete bars, and Ag
denotes the sectional area of the steel bars; E- denotes the
elastic modulus of the concrete bars, and E, denotes the elas-
tic modulus of the steel bars; / denotes a dimension size; (2)
In the second failure mode, the internal force of AD bar is
considered, which is derived as

N,p = —1.185¢l, 32)
1.5 T T T
g1
g2
o g3
1r A Added samples of g1
O Added samples of g2
*  Added samples of g3
05+ === Surrogate model of g1
= = = Surrogate model of g2
————— Surrogate model of g3
O Initial samples
><N or (¢]
05 O q
1F o b
15 | L | | |
1.5 -1 0.5 0 0.5 1 1.5

Fig.30 The process of sampling in AK-SYS in example 3
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and the failure occurs when N, exceeds the ultimate stress
of this bar, which is equal to f-A., where f denotes the
compressive strength of the AD bar; (3) In the third failure
mode, the internal force of EC bar is considered, which is
derived as

Nge = 0.75¢1, (33)

and the failure occurs when Ng exceeds the ultimate stress
of this bar, which is equal to feAg, where fg denotes the

T o
g2
g3
T S swesssenens Surrogate model of g1
= = = Surrogate model of g2
————— Surrogate model of g3
05 A Added samples of g1
0O Added samples of g2
*  Added samples of g3
O Initial samples
o~ L
% 0 @]
0.5 o 1
1r o 1
1.5 L - L 1 L
-1.5 -1 0.5 0 0.5 1 1.5

Fig.31 The process of sampling in ALK-TCR in example 3
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Fig.33 The convergence processes of different methods in example 3

tensile strength of the EC bar. Therefore, the three failure
models are defined as follows:

g? (381  1.13
=0.03- 1+ ,
& 2 <ACEC * ASES> (34)
g =fcAc — 1.185¢l, (35)
83 =JfsAg — 0.754l, (36)

A B

IO O O O T T e

12

12

’7% 33?2731 L0222 ] : i

0251 , 0.251 A
T T 1

* T

Fig. 34 The schematic diagram of roof truss structure

where the eight input variables g, [, Ag, Ap, Eg, E(, fsand f
are all assumed to be lognormal variables, and their distribu-
tion parameters are shown in Table 5.

As this roof structure is a series system, the failure
probability is formulated as follows:

Py =Prob[g, <0Ug, <0Ug; <0 (37)

The same number of samples, i.e., 32 samples, gener-
ated by LHS are used and added to the initial DoE for AK-
SYS, ALK-TCR and the proposed method. The number of
samples used for MCS is 7x1 0°, and the candidate samples
size is set as N = 2 x 10° in AK-SYS, ALK-TCR and the
proposed method.

The results obtained from different methods are listed in
Table 6. Figure 35 shows the distributions of results esti-
mated by each method in 20 runs. Based on Table 6, the
N_y1s of proposed method IK-SRA is only 114.0, and is less
than both AK-SYS and ALK-TCR with 120.4 and 125.1,
respectively. The proposed method significantly improves
the efficiency of reliability analysis by reducing the num-
ber of calls to performance functions, and the percentage
improvements in efficiency are 5.6% and 9.7% compared
with AK-SYS and ALK-TCR, respectively. Therefore,
the proposed method is more efficient than both in this
example. Table 6 also shows that the proposed method
can obtain an accurate result. The converging processes
of different methods are shown in Fig. 36, which shows
that the proposed method converges quickly and achieves
accurate results.

@ Springer
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Table5 The distribution parameters of all the variables of the roof
truss structure

Variables Description Distribution Mean Coefficient
of variability
g (N/m) Uniform load Lognormal 20,000 0.07
[ (m) Length Lognormal 12 0.01
Ag (m?) Cross-sectional Lognormal 9.82X 10 0.06
area
Ac (m?) Cross-sectional Lognormal 0.04 0.12
area
Eg (N/m?) Elastic modulus Lognormal 2Xx 10" 0.06
E. (N/m?) Elastic modulus Lognormal 3% 10" 0.06

Method 1 Method 2 Method 3

4.5 Example 5 A planar truss structure with 7 nodes

A planar truss structure with 7 nodes [38], shown in Fig. 37,
is selected as the engineering problem. This is a series sys-
tem with 4 random variables. Where the fixed hinge support
is at node 1 and the sliding hinge support is at node 4. The
vertical loads F,, F,, and F; in the -y direction are applied
for nodes 5, 6 and 7, respectively. Figure 38 shows the defor-
mation of the truss structure after the application of load.
The Young’s modulus of truss structure is 2x 10° Mpa, i.e.,
E=2x10°Mpa. A is the cross-sectional area. The geometric
size of bars is shown in Fig. 37. The corresponding statisti-

fs(N/m?)  Tensile strength Lognormal  3.35x 108 0.12 cal properties of these random variables are given in Table 7.
fo(N/m? Compressive ~ Lognormal 1.34x107 0.18 The actual horizontal deflection of nodes 2, 4 and 6 can
strength be expressed as A,, A,, A, and are calculated using the
FEM. They should satisfy the constraint A, < 0.0254 mm,
Table 6 Result of example 4 Different methods
MCS AK-SYS [15] ALK-TCR [16] IK-SRA
N of g, 7%10° 32+0.1 (0.22) 3240 (0) 3240 (0)
Ny, of g5 7%x10° 32+21.9 (2.83) 32+24.0 (2.74) 32+16.8 (2.53)
N of g3 7%10° 32+2.4(1.73) 32+5.1(1.80) 324 1.2 (0.59)
Total 2.1x10° 120.4 125.1 114.0
P; (Cov) 0.003331 (2.07%) 0.003337 0.003376 0.003350
I3 - 0.18% 1.35% 0.57%
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Fig.36 The convergence process of different methods in example 4

30

A, £0.0935 mm, Ay < 0.0468 mm. Therefore, the perfor-

mance functions can be established:

gI(AﬁF]’F25F3) = 0-0254— AZ;
&(A, F, Fy, F3) = 0.0935 — A,;
gS(A, F[,Fz, F3) = 0.0468 — AG'

(38)

5 6 7
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8‘. 2 '3
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| |

Il Il |
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[

Fig. 37 A planar truss structure with 7 nodes (length unit: mm)
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Fig. 38 The deformation of the truss after the application of load

For a fair comparison, 12 samples are selected and added
to the initial DoE. The result of MCS with Nycg = 1 X 10°
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Table 7 The distribution parameters of all the variables of the planar
truss structure

Variables  Description Distribution ~ Mean Stand
devia-
tion

A (mm?) Cross-sectional area  Normal 4,532 50

F, (N) Load Normal 10,000 50

F, (N) Load Normal 10,000 50

F5 (N) Load Normal 10,000 50

0.028 . " : - - e CALKTCR
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0.027 -ll AK?SP;(;DOSS metho
0026 ! Mo
: |
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S 0024 1
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Fig.40 The convergence process of different methods in example 5

samples is a benchmark for comparisons. The number of
samples used for MCS is 1x10°, and the candidate sam-
ples size is set as N = 1 x 10° for AK-SYS, ALK-TCR and
the proposed method. The results obtained from different
methods are listed in Table 8. Figure 39 is the result for dif-
ferent method with20 runs. Based on Table 8, the function
calls of proposed method IK-SRA is only 52.9, which is

less than both AK-SYS and ALK-TCR with 66.5 and 83.1.
The proposed method is more effective than others, and
the percentage improvements in efficiency are 25.7% and
57.1% compared with AK-SYS and ALK-TCR, respectively.
Table 8 shows that the proposed method can obtain the accu-
rate result. The converging processes of different methods
are shown in Fig. 40.

5 Conclusion

In this study, a new system reliability analysis method with
two strategies is proposed. Selecting the candidate samples
that have little contributions to the failure probability during
the process of reliability analysis will increase the comput-
ing burden. To address this problem, the proposed method
has two strategies. In strategy 1, a new sampling-based cri-
terion is developed to avoid selecting these useless samples;
for series systems, the safe regions are selected; for paral-
lel systems, the failure regions are selected. In strategy 2,
the initial best sample point will be further optimized by
interpolating. Finally, the next best sample point is obtained
based on the learning function.

Five numerical examples are investigated to illustrate
the proposed method IK-SRA. The results showed that the
N, of IK-SRA is generally a bit smaller than that of AK-
SYS and ALK-TCR, while maintaining high accuracy for
both series and parallel systems. Moreover, the proposed
method is also effective for systems with disconnected fail-
ure regions. In general, the proposed is more effective than
both AK-SYS and ALK-TCR, whereas almost the same
accuracy level is achieved. Furthermore, it has high appli-
cability because it is easy to implement. Therefore, the pro-
posed method is optimal when the accuracy requirements
are met. However, the proposed method may need further
refinement if the accuracy requirement is particularly high.
In addition, the proposed method is difficult to use for small
probability and high-dimensional problems; these are our
future work.

Table 8 Result of example 5

Different methods

MCS AK-SYS [15] ALK-TCR [16] IK-SRA

Ny 0f g, 1x10° 12+24.6 (2.54) 12+23.8 (2.17) 12+15.8 (1.80)
Ny 0f 2, 1x10° 12+5.5(5.07) 12+21.6 (6.56) 12+1.0 (0.94)
Ny Of 24 1x10° 12+0.4 (0.81) 12+1.7 (1.90) 12+0.1 (0.22)
Total 3x10° 66.5 83.1 52.9

P; (Cov) 0.02404 (0.64%) 0.02426 0.02472 0.02425

€ - 0.92% 2.83% 0.87%

@ Springer



Engineering with Computers (2022) 38 (Suppl 3):51813-51833

51833

Acknowledgements This work was supported by the National Natural
Science Foundation of China (Grant Nos. 51975105 and 51537010),
and the Sichuan Science and Technology Program under Grant No.
2020YJ0030.

References

10.

11.

12.

13.

14.

15.

16.

17.

18.

Gandoman FH, Ahmadi A, Bossche PV, Mierlo JV, Omar N et al
(2019) Status and future perspectives of reliability assessment for
electric vehicles. Reliab Eng Syst Saf 183:1-16

Tu B, Fang Z, Dong Y, Frangopol DM (2017) Time-variant reli-
ability analysis of widened deteriorating prestressed concrete
bridges considering shrinkage and creep. Eng Struct 153:1-16
Zhang D, Han X (2020) Kinematic reliability analysis of robotic
manipulator”. ] Mech Des N Y 142(4):044502

Palacios JA, Ganesan R (2019) Reliability evaluation of carbonna-
notube-reinforced-polymer composites based on multiscale finite
element model. Compos Struct 229:111381

Zhao H, Li S, Ru Z (2017) Adaptive reliability analysis based on
a support vector machine and its application to rock engineering.
Appl Math Model 44:508-522

Guimaraes H, Matos JC, Henriques AA (2018) An innovative
adaptive sparse response surface method for structural reliability
analysis. Struct Saf 73:12-28

Marelli S, Sudret B (2018) An active-learning algorithm that
combines sparse polynomial chaos expansions and bootstrap for
structural reliability analysis. Struct Saf 75:67-74

Marugan AP, Chacon AMP, Marquez FPG (2019) Reliability
analysis of detecting false alarms that employ neural networks: a
real case study on wind turbines. Reliab Eng Syst Saf 191:106574
Zhang D, Zhang N, Ye N, Fang J, Han X (2020) Hybrid learning
algorithm of radial basis function networks for reliability analysis.
IEEE Trans Reliab. https://doi.org/10.1109/TR.2020.3001232
Wan L, Chen H, Ouyang L, Chen Y (2020) A new ensemble
modeling approach for reliability-based design optimization of
flexure-based bridge-type amplification mechanisms. Int J Adv
Manuf Technol 106(1-2):47-63

Feng J, Liu L, Wu D, Li G, Beer M, Gao W (2019) Dynamic
reliability analysis using the extended support vector regression
(X-SVR). Mech Syst Signal Process 126:368-391

Echard B, Gayton N, Lemaire M (2011) Ak-mcs: an active learn-
ing reliability method combining kriging and Monte Carlo simula-
tion. Struct Saf 33(2):145-154

Zhou CN, Xiao NC, Zuo MJ, Huang X (2020) Ak-pdf: an active
learning method combining kriging and probability density func-
tion for efficient reliability analysis. Proc Inst Mech Eng O J Risk
Reliab 234(3):536-549

Xiao NC, Zuo MJ, Zhou CN (2018) A new adaptive sequential
sampling method to construct surrogate models for efficient reli-
ability analysis. Reliab Eng Syst Saf 169:330-338

Fauriat W, Gayton N (2014) AK-SYS: an adaptation of the AK-MCS
method for system reliability. Reliab Eng Syst Saf 123:137-144
Yang X, Liu Y, Mi C, Tang C (2018) System reliability analysis
through active learning kriging model with truncated candidate
region. Reliab Eng Syst Saf 169:235-241

Jiang C, Qiu H, Yang Z, Chen L, Gao L, Li P (2019) A general
failure-pursuing sampling framework for surrogate-based reliabil-
ity analysis. Reliab Eng Syst Saf 183:47-59

Xiao M, Zhang J, Gao L (2020) A system active learning
Kriging method for system reliability-based design optimi-
zation with a multiple response model. Reliab Eng Syst Saf
199:106935

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

. YiJ, Zhou Q, Cheng Y, Liu J (2020) Efficient adaptive Krig-

ing-based reliability analysis combining new learning function
and error-based stopping criterion. Struct Multidiscipl Optim
62(5):2517-2536

Xiao NC, Zhan HY, Kai Y (2020) A new reliability method for
small failure probability problems by combining the adaptive
importance sampling and surrogate models. Comput Methods
Appl Mech Eng 372:113336

Yun W, Lu Z, Zhou Y, Jiang X (2019) Ak-sysi: an improved adap-
tive kriging model for system reliability analysis with multiple
failure modes by a refined u learning function. Struct Multidiscip
Optim 59(1):263-278

Xiao NC, Yuan K, Zhou CN (2020) Adaptive kriging-based efficient
reliability method for structural systems with multiple failure modes
and mixed variables. Comput Methods Appl Mech Eng 359:112649
Gong C, Zhou W (2018) Importance sampling-based system reli-
ability analysis of corroding pipelines considering multiple failure
modes. Reliab Eng Syst Saf 169:199-208

Fisher RA (1936) Design of experiments. Br Med J. https://doi.
org/10.1136/bm;j.1.3923.554-a

Matheron G (1963) Principles of geostatistics. Econ Geol
58(8):1246-1266

Krige DG (1951) A statistical approach to some basic mine valu-
ation problems on the Witwatersrand. J S Afr Inst Min Metall
52(6):119-139

Ki$ IM (2016) Comparison of Ordinary and Universal Kriging
interpolation techniques on a depth variable (a case of linear spa-
tial trend), case study of the Sandrovac Field. Rudarsko Geolosko
Naftni Zbornik. https://doi.org/10.17794/rgnzbornik.v31i2.3862
Oliver MA, Webster R (1990) Kriging: a method of interpola-
tion for geographical information systems. Int Geogr Inf Syst
4(3):313-332

Zhang J, Xiao M, Gao L, Fu J (2018) A novel projection outline
based active learning method and its combination with Kriging
metamodel for hybrid reliability analysis with random and interval
variables. Comput Methods Appl Mech Eng 341:32-52

Xiao M, Zhang J, Gao L, Lee S, Eshghi AT (2019) An efficient
Kriging-based subset simulation method for hybrid reliability
analysis under random and interval variables with small failure
probability. Struct Multidiscip Optim 59(6):2077-2092

Jiang C, Qiu HB, Li XK, Chen ZZ, Gao L, Li PG (2020) Itera-
tive reliable design space approach for efficient reliability-based
design optimization. Eng Comput 36(1):151-169

Perrin G (2016) Active learning surrogate models for the concep-
tion of systems with multiple failure modes. Reliab Eng Syst Saf
149:130-136

Sacks J, Schiller SB, Welch W (1989) Designs for computer
experiments. Technometrics 31(1):41-47

Lophaven SN, Nielsen HB, Sgndergaard J (2002) DACE—a mat-
lab kriging toolbox. Version 2.0

Kaymaz I (2005) Application of kriging method to structural reli-
ability problems. Struct Saf 27(2):133-151

Zhang L, Lu Z, Wang P (2015) Efficient structural reliability
analysis method based on advanced kriging model. Appl Math
Model 39(2):781-793

Jones DR, Schonlau M, Welch WJ (1998) Efficient global
optimization of expensive black-box functions. J Glob Optim
13(4):455-492

Cui JD, Shen XL (2018) The finite element method programming
and application. CHN Arch Bldg Press, Beijing

Publisher’s Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

@ Springer


https://doi.org/10.1109/TR.2020.3001232
https://doi.org/10.1136/bmj.1.3923.554-a
https://doi.org/10.1136/bmj.1.3923.554-a
https://doi.org/10.17794/rgnzbornik.v31i2.3862

	An improved Kriging-based approach for system reliability analysis with multiple failure modes
	Abstract
	1 Introduction
	2 Basic theory
	2.1 Kriging theory
	2.2 System reliability analysis

	3 The proposed method based on AK-SYS
	3.1 Review of AK-SYS and ALK-TCR​
	3.2 The proposed method
	3.2.1 Strategy 1: determining the initial candidate sample points.
	3.2.2 Strategy 2: optimizing the initial candidate samples

	3.3 Summary of the proposed method

	4 Validation and comparison with numerical examples
	4.1 Example 1 A parallel system with three failure modes
	4.2 Example 2 A series system with three failure modes
	4.3 Example 3 A parallel system with disconnected regions
	4.4 Example 4 A series system with 8 variables
	4.5 Example 5 A planar truss structure with 7 nodes

	5 Conclusion
	Acknowledgements 
	References




