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Abstract: To ensure the safety and reliability of systems subjected to random
excitations such as earthquakes and strong winds, it is crucial to efficiently identify
the dominant failure modes of these systems. However, existing methods often exhibit
low efficiency in exploring the parameter space and rely on cumbersome procedures
for classifying sample failure modes, leading to prohibitively high computational
costs that severely limit their applicability in engineering practice. To address these
issues, this paper proposes a novel method that efficiently determines the
failure-mode category of each parameter space sample point under random excitations
by extending operator norm theory towards non-Gaussian excitations, and using it to
perform systematic classification. Furthermore, an improved constrained boundary
sampling strategy is developed, enabling the sampling process not only to refine the

boundaries between different failure modes but also to detect potential failure modes
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that may arise in sparsely sampled regions. Finally, a support vector machine is
employed to separate the sample points belonging to different failure categories,
thereby obtaining the boundaries between failure modes. The effectiveness and
accuracy of the proposed approach are demonstrated through four representative
numerical examples, which show that the method can reliably and efficiently identify
the dominant failure modes under random excitations.
Keywords: Stochastic systems; Failure modes; Operator norm; Support vector
machine; Parameter space
1.Introduction

Dynamical systems frequently encounter uncertainties related to materials,
geometry, boundary conditions, and external loads. Under stochastic excitations, such
as earthquakes or strong winds, these systems exhibit random responses that may
exceed performance thresholds, potentially triggering first excursion failure events.
When evaluating the first excursion probability of complex systems, the failure
boundary typically arises from multiple mechanisms rather than from a single
performance criterion. These failure pathways are typically high-dimensional,
temporally correlated, and implicitly defined, posing major challenges for reliability
modeling [1]. Thus, efficient identification of dominant failure modes is crucial for
improving the accuracy and tractability of dynamic reliability analysis.

Traditional failure mode analysis has relied on simulating structural evolution or
constructing failure trees based on component thresholds, often assuming that

progressive collapse is initiated by the first failed element [2—4]. While intuitive, these
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methods are limited to simple systems with few components. Probabilistic approaches
integrate uncertainty into the generation of likely failure sequences [5—7], but they
require extensive sampling and become computationally prohibitive for complex
systems. Given the combinatorial explosion of possible failure modes-especially in
redundant structures-full enumeration is generally infeasible. Recent advances
incorporate optimization algorithms [8], surrogate models [9—-11], and machine
learning [12—-14] to accelerate the search for dominant failure modes. However,
surrogate-based methods often struggle with the curse of dimensionality,
interdependent failure mechanisms, and high modeling costs [15]. To address this,
selective searching techniques have been developed [16,17], which decouple failure
mode identification from reliability evaluation and enable efficient exploration of the
failure space without redundant computations. These methods have been applied to
large-scale systems such as truss bridges [18] and offshore platforms [19]. For
instance, Jiang et al. [20,21] have proposed a multi-response surface approach that
combines support vector machines and adaptive sampling to accurately reconstruct
complex failure boundaries.

Despite significant progress in the dominant failure mode identification (DFMI)
in static systems, research on DFMI for stochastic systems under random excitation
remains relatively limited [22]. This is because static systems can identify system
failure surfaces based on safe-failure samples, while dynamic systems involve
multiple interacting failure mode boundaries, making it difficult for existing adaptive

parameter space methods to simultaneously meet the requirements of global
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exploration and boundary refinement. In addition, the state of sampling points in the
parameter space of static systems can be obtained through deterministic analysis,
whereas sampling points in the parameter space of dynamic systems must account for
the effects of external stochastic excitations, which requires evaluation through
dynamic reliability analysis [23]. Existing methods, often with insufficient
consideration of uncertainties in system parameters, analyze the system’s dominant
failure modes solely from the perspective of excitation randomness [24,25];
alternatively, techniques such as multi-peak line sampling [26] and improved
probability density evolution [27] are coupled with parameter space search processes
to identify the dominant failure modes of the system, resulting in computational
inefficiency. Recently, Faes and Valdebenito et al. [28,29] proposed a theoretical
framework based on operator norms, providing an effective decoupling method for
design optimization [30,31] based on structural dynamic reliability under Gaussian
excitation and imprecise probabilistic dynamic reliability analysis [32,33]. The
operator norm serves as a proxy for the stretching of input load vectors, eliminating
the need for complex probabilistic analysis, thus presenting significant advantages in
computational efficiency, albeit limited to linearly elastic dynamic systems under
Gaussian excitation, as well as mildly non-linear systems under Gaussian excitation
[34,35].

To achieve efficient identification of the dominant failure modes of dynamic
stochastic systems under random excitation, this study first extends the operator norm

framework based on a parametric translation model, extending the operator norm
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theory from Gaussian excitation to more general non-Gaussian random excitation.
Based on the extension of the operator norm framework, the failure category of each
sample point in the parameter space is determined, and support vector machines are
subsequently employed for classification, resulting in the initial delineation of failure
mode boundaries in the system parameter space. Furthermore, an adaptive sampling
scheme is developed that integrates boundary-constrained sampling and space-filling
strategies to efficiently explore the parameter space, capture samples from all failure
categories, and achieve high-precision classification. Specifically, the problem of
identifying the dominant failure modes in dynamic stochastic systems is reformulated
as the systematic searching, identification, and partitioning of failure-category sample
points in the parameter space. The main contributions and novelties of this study are
summarized as follows:

(1) A coupled framework is proposed that integrates a deterministic proxy index
(the operator norm) with adaptive space exploration. By decoupling probabilistic
analysis from failure mode identification in stochastic dynamical systems, the
framework addresses the challenges posed by the coupling between excitation
randomness and parametric uncertainty.

(2) An extension of the operator norm framework is proposed as the fundamental
basis for determining the failure category of sample points in the parameter space.
This framework can identify failure modes for each sampling point in the parameter
space without requiring probabilistic analysis, thereby addressing the computational

inefficiency of probability assessment for parameter space samples.
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(3) An adaptive sampling method is proposed that combines boundary
constraints with space-filling strategies, enabling efficient exploration of samples
corresponding to different failure modes in the parameter space and refining the
accuracy of failure mode boundary delineation, thereby significantly improving
sampling efficiency.

This work extends selective search techniques from static systems to dynamic
systems by introducing the extension of the operator norm framework and adaptive
sampling algorithms, aiming to identify the dominant failure modes in different
regions of the parameter space and represent these modes through iso-probability
surfaces of adjacent failure modes, as shown in Fig. 1. For some structures, there may
be thousands of potential failure modes. By identifying a system’ s dominant failure
modes, one can systematically enumerate plausible failure scenarios for reliability
analysis [36-38] and conduct reliability-based design optimization [39,40] that targets
the failure modes most likely to occur, rather than considering all potential failure
modes in the reliability analysis and design process. In other words, the proposed
method aims to screen out the dominant failure modes from a large set of potential
modes, thereby supporting subsequent system reliability assessment and design
optimization. The structure of this paper is as follows: Section 2 describes the process
of determining failure categories for sample points in the parameter space based on
the extension of the operator norm framework; Section 3 introduces the parameter
space sample point searching strategy based on boundary-constrained and

space-filling adaptive sampling; Section 4 demonstrates the efficiency and accuracy
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of the proposed methods through three representative numerical examples; and

Section 5 presents the conclusions and outlines future research directions.
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Fig. 1. Distribution of dominant failure modes in dynamical systems

2 Determination of sample point failure categories based on operator norm
framework

In the parameter space of static systems, the characteristics of each sampling
point can be determined through a deterministic structural analysis. For this situation,
an equivalent reconstruction of the failure boundary of static systems can be achieved
by identifying limit-state sampling points and fitting multiple response surfaces
[41,42]. However, under random excitation, the response of each parameter sample
point becomes a time-dependent stochastic process. In this case, the occurrence of
failure is determined by whether the maximum response throughout the entire
vibration process exceeds a safety boundary. Based on the first excursion criterion, the

failure equation of the structure is expressed as Eq. (1):
Zdynamic = b - max(n(t)) (l)

where ¢ denotes time; b denotes the structural safety boundary (typically a fixed value
in engineering practice), and 77(f) is the dynamic response of the structure. If the

maximum response exceeds the safety boundary, the system is considered to have
7
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failed. The failure probability Prcan be expressed as:
P, =P(3t€[0,T]:|n(t) > b) )

The stochastic process is defined over a duration 7 and is represented at discrete
time instants #=(k-1)At, k=1, ..., nr, where At is the time step and nr is the total
number of time instants considered. The dynamic response of the system is governed
by the equations of motion. For a multi-degree-of-freedom system, the equations of

motion can be expressed as follows:
Mii(t) + Cu(t) + Ku(t) = pf(¢) 3)

where M, C and K represent the mass, damping, and stiffness matrices of dimension
np X np each; np is the number of degrees-of-freedom of the system. The vector £
that couples the stochastic load f{f) with the degrees-of-freedom of the system has
dimension np x 1, and (f), u(f) and u(f) denote the acceleration, velocity and
displacement vectors, each of dimension np x 1. In the presence of random excitation
A(?), the system’s dynamic response 77;(f) can be calculated using the time-domain

convolution integral method:

n(@) = f@h -t i=12,...n 4)

where /; denotes the system's response to an impulse excitation, commonly referred to
as the impulse response function; » is the number of structural failure modes that are
considered. For different failure modes, each sample point in the system's parameter
space is associated with a corresponding failure probability. The failure mode with the
highest failure probability at a sample point is identified as its dominant failure mode.

2.1 Failure mode identification of sample points based on failure probability

analysis.
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The failure probability of sample points within the parameter space under
different failure modes can be obtained using analytical methods or numerical
simulation methods. For example, using Monte Carlo sampling (MCS), the

calculation method for failure probability can be expressed as:

1 max|ul.(t)|2bl. .
I, = ,i=12,...n (5)
0 else
1 Nyc
P=——>1,i=12,...,n 6
N2 ©)

where Nyc denotes the number of Monte Carlo samples, which is generally set to at
least 103 to ensure sufficient accuracy. If the direct probability integration method
(DPIM) is used to calculate the failure probability, the number of samples can be
reduced and the computation efficiency can be improved [43,44]. The failure
probability can then be expressed as:

I,max{Y'(X,7)} > b, 0<

HI.(X)Z{ <t<t,i=12,..,n (7)

0,else

N DPIM

P (t)=Pr{ ﬂ Yi(X,0)eQ)}= Pr{Y‘;X eQ,}= z p(X)H (X), i=12,..,n (g)
0<r<t il

where X denotes the random input vector introduced by the system at the initial
moment #=fy; Y represents the corresponding random output vector. Here, Nppmm
denotes the number of representative points (typically chosen between 500 and 1000),
p:(X) is the assigned probability of each representative point, and €2, represents
the safe domain of the system, and Yoo = 101515{|Y (X,7) |} )

For N parameter samples in the parameter space, the failure probabilities under n

distinct failure modes are evaluated, respectively. The failure mode corresponding to

the maximum failure probability is considered the dominant failure mode of the



192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

current sample point, as shown in Table 1.

Table 1 Classification criteria based on failure probability

Sample ) . .
‘p Failure mode 1 . Failure mode n Categorical label
point
xl El })nl imax(Pl)
x2 P]2 Pn2 imax(Pz)
xN })IN oo PnN imax( PV )

where I, represents the failure mode number corresponding to the maximum
failure probability. Although failure mode identification can be obtained through
failure probability analysis, the process of calculating failure probabilities is coupled
with the sample point search process, leading to low efficiency in identifying the
dominant failure modes of stochastic systems under random excitations. Therefore,
the extension of the operator norm framework is proposed for evaluating the failure
categories of sample points.

2.2 Calculation process of operator norm framework (ONF)

Operator norms are mathematical constructs that are extensively employed to
quantify the magnitudes of linear operators. By systematically computing the
magnitude of the mapping provided by a linear or linearized system, the operator
norm can be employed as a proxy for failure probabilities in first excursion problems
[29]. For a discrete Gaussian process, the covariance of the discretized process is
denoted as matrix I' of dimension nr X nr and it is assumed for the sake of
simplicity that the mean of the process is zero. Following the above assumptions and

applying the Karhunen-Loeve expansion, the stochastic loading can be expressed as:

10
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f(&)=yA"E 9)

where fis a realization of the stochastic loading, which is an nr x 1 vector, whose k-th
component f; represents the loading at time #; ¥ and A represent the eigenvectors
and eigenvalues of the covariance matrix I" with dimensions of nrxng, and nxzxnxz
matrices, respectively; and & represents the realization of standard Gaussian random
variables, which is an ngrx1 vector; ngz is the number of terms retained for the
Karhunen-Lo¢ve expansion.

Given the discrete time representation considered in Eq(10), the different

responses of interest at different time instants can be calculated as:

(%8 = [ [0 Eh(x =0y, i=12,..n (10)

7,(%,E) = A,(DE, i=1,2,.m (11)
where 77, is a vector of dimension nr x 1 containing the discrete-time
representation of the i-th response along the duration 7 of the stochastic loading; and
A;i is a matrix of dimension nrxng; whose k-th row contains the discrete time
representation of the convolution integral in Eq. (11).
In the first excursion probability analysis, the key issue is whether the response
of interest exceeds the threshold levels b;, i=1,...,n within the duration 7 under random

excitation. Therefore, a normalized response function is defined as:

r(x,&) =] A(x)&|, (12)

where denotes the infinity norm; and A4 is a matrix that collects all

matrices A; associated with the calculation of the i-th response (see Eq. (4)),

normalized by their respective threshold levels. Under the assumption that the

thresholds fulfill the condition b; > 0; 1 =1,...,n, matrix 4 is defined as:

11
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b ' 4, (x)

A= Af ) (13)

b,'A,(x)

and its dimension is (nrur)*ngr. The definition of matrix 4 as shown in Eq. (13)
ensures that all responses are calculated in a dimensionless fashion. When considering

the first excursion problem, the operator norm associated with matrix 4 is typically

(2, )
chosen as a norm, which is formulated as follows:

I A(x) I, .= inf {c(x) 2 04| A& L < () 1§ 1]} (14)
The expression above implies that the stochastic load vector can be stretched by
matrix 4 by at most a factor of c; here, ¢ serves as a scaling factor, indicating that
matrix A does not amplify the norm of any vector ¢ beyond c times its original value.
Calculation of the (2,00)-operator norm, as given in Eq. (15) in this case equal to the

row of matrix 4 with the largest Euclidean norm, that is:

I ACe) ]I, ,= max (\/afk“i) (15)

i=l,...,n
where @, represents the row of matrix A4 associated with the calculation of the i-th
response at time instant #. The convolution integral can be approximated by taking
into account the discrete representation of the loading. Thus, the i-th response at time

instant # is equal to:

1; (tk’xﬂé) = Zk: . (tk —, )f (t,l,§)At = Zklllhi (tk - )(ifi///] L \Wzéz ]At (16)

=1 5=l

:aik(x)é’ izla"'an 9k: 1,--.9”7‘

where ¥, , represents the elements of the matrix ¥ at positions (/1,h); k=1,...,n;

denotes time steps of excitation; and the adjustment coefficient ¢ is given by

12
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€, =0.5 for /1=1 or k, otherwise € =1. The @; isarow vector of dimension nkz % 1
defined as:

k k
a, = [zAt W0 (tk -1 )l//lllz \/Z»---’ZN i (4 -1, )‘//1 o \//1;7 2
= =

k=1..,n.,i=1,.,n

ceesllpy

(17)

It is straightforward to verify that matrix A4; collects all row vectors @;

associated with the i-th response, that is:

4, )]

A (x) = a’é:(x) Ci=l..n (18)

0.0
Existing research has shown that, given a clearly defined single failure boundary

and response location, a mapping exists between the operator norm values obtained

through the aforementioned process and reliability indicators, thereby enabling the

operator norm to act as a proxy for the system failure probability under such clearly

defined failure boundaries [30].

2.3 Extension of the operator norm framework.

To broaden the applicability of the operator norm framework to stochastic
dynamic problems, particularly to the non-Gaussian random excitations commonly
encountered in engineering practice, this section introduces a treatment strategy based
on a parametric translation model [45]. Specifically, the target process is represented
as the image of a Gaussian process under a marginal-distribution transformation . Let
G(f) denote a zero-mean, unit-variance Gaussian process. The corresponding

translation process can then be written as

X0 = F@G0) = k(G 0), i=1,2,...d (19)

13
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Where @() is the standard normal cumulative distribution function, and
h()=F""(®()) is the transformation determined by the prescribed marginal
distribution. The i-th Gaussian image admits a parameterized representation, where n
denotes the truncation order of the expansion, or equivalently the number of retained
random variables, and d denotes the dimension of the process. Accordingly, G(?)
may be regarded as the Gaussian image corresponding to the non-Gaussian excitation
X(?). Based on this representation, the construction of a non-Gaussian process can be
carried out in two steps: first, a Gaussian process G"(f) is generated; second, the
target non-Gaussian process is obtained through the inverse distribution
transformation, thereby ensuring that the resulting process possesses the prescribed
marginal distribution.

On this basis, Grigoriu further derived the second-order statistical
characterization of the translation process [45]. Its covariance relationship can be

expressed as
Zg,‘ (ti _tj) = E[hi(Gi(n)(ti))hj (G;n)(tj ))]

= [ () @) £ e, v37 (2, ~ £, ) dudy (20)

Where Zz,(#,—1,) denotes the cross-covariance function between processes X;
and X, and (%, —1,) is the time lag between two instants. The variables u and v are
the real-valued integration variables in the bivariate integral, and (4, v;7;) denotes
the joint probability density function of two standard Gaussian variables with
correlation coefficient 7; (¢, —¢;) . When the marginal distributions are prescribed, the
covariance function of the translation process cannot be assigned independently in an

arbitrary manner; rather, it is determined by the correlation function of the underlying

14
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Gaussian process through the above bivariate Gaussian integral relation. In other
words, once the transformation function has been specified by the target marginal
distribution, the second-order statistics of the non-Gaussian process are governed by
the correlation structure of its Gaussian image process.

Therefore, the identification of the Gaussian image process corresponding to a
non-Gaussian excitation can be formulated as follows: given the marginal
distributions and covariance functions of the target non-Gaussian process, determine
the Gaussian correlation function that satisfies the above bivariate Gaussian integral
relationship. For a prescribed marginal distribution, the correspondence between the
correlation coefficient of a pair of standard bivariate Gaussian variables and that of
the transformed bivariate non-Gaussian variables can be computed in advance and
stored numerically. Subsequently, when the target correlation function of the
non-Gaussian process is given, the correlation function of the Gaussian image process
can be recovered pointwise with respect to the time lag according to this numerical
mapping.

It should be emphasized that the identified 7;(#, —%;,) must itself be a valid
correlation function. That is, the recovered Gaussian correlation structure must not
only satisfy the bivariate integral relation numerically, but also fulfill the basic
admissibility requirements of a correlation function, such as positive definiteness and
range constraints. If this condition is not met, a Gaussian image that exactly
reproduces the target statistical characteristics cannot be constructed in a strict sense;
in that case, only an approximately optimal Gaussian image in an appropriate sense

15
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can be sought. In such cases, especially for strongly non-Gaussian distributions with
pronounced PDF-PSDF incompatibility, the iterative Gaussian-PSDF updating
methodology proposed by Shields et al. may be employed to obtain a compatible
approximation [46].

After the Gaussian correlation function has been identified, samples of the
Gaussian process can be generated using its parameterized representation. For a

stationary Gaussian process, the spectral representation can be written as
1

Jn

and, accordingly, the following construction is adopted:

G (1) == DZ () +AZ" () 22)

Here, Z!”(t) denotes the truncated spectral expansion of the k-th auxiliary

2" (1) =—=(4;"] cos(vy")0) + By sin(v)1)) @1

Gaussian process; A and B!” are random coefficients; V"’ is the discrete
) ki ki s ki

frequency; A €[0,1] is the correlation parameter; and Z\”(¢) is the shared Gaussian
component. This construction is used to generate samples of a bivariate Gaussian
process with a prescribed correlation structure. The basic idea is to approximate the
target Gaussian process by a finite superposition of sine and cosine harmonic terms.
When the truncation order nn is sufficiently large, the resulting parameterized process
can closely approximate the target Gaussian process.

Once Gaussian samples G.”(#) have been obtained, the parameterized
non-Gaussian process samples can be generated by substituting them into the

following mapping model:
X0 = F(®G (1) (23)
Through the above identification procedure, the Gaussian image corresponding

16
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to the target non-Gaussian excitation can be obtained. Fig. 2 illustrates the influence
of excitation transformation on the failure-risk assessment for different discrete design

points.

Original excitation
Gaussian image

—Original excitation
Gaussian image

Amplitude
Probability density

Time Excitation value

(a)Time-history curves (b)Statistical distribution plots
Fig. 2. Distribution of dominant failure modes in dynamical systems

Since the non-Gaussian excitation can be represented as the nonlinear
transformation of an underlying Gaussian image, and since its marginal distribution
and second-order statistical properties are ensured through distribution matching and
correlation-structure inversion, respectively, the identified Gaussian image can first be
analyzed within the operator-norm framework. As the operator norm framework is
used only to compare the failure risks associated with different failure modes, such a
monotonic transformation does not alter the original risk ranking of different failure

modes under the given excitation, as illustrated in Fig. 3.

—8—Original excitation,
||~ " -Gaussian image o

Failure probability
Operator norm

Discrete design combinations

Fig. 3. Distribution of dominant failure modes in dynamical systems
17
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To assess the effectiveness of the operator norm framework after transforming
the non-Gaussian excitation, the single-degree-of-freedom (SDOF) system presented
in Ref. [29] is adopted as the study object. Six typical forms of random excitation are
considered, including Gaussian, Lognormal, Laplace, Gamma, Weibull, and
Exponential distributions, which represent common cases such as symmetric, skewed,
and heavy-tailed distributions. Fig. 4 compares the time histories and histograms of

white-noise excitations with different distributions before and after transformation.
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Fig. 4. Time histories and histograms of white-noise excitations before and after
transformation

The original excitations are directly applied to the system to compute the
structural responses and evaluate the failure probability. Meanwhile, the operator
norm is computed for each sample in parallel, and the results are shown in Fig. 5. It
can be observed that, under Gaussian excitation, the operator norm exhibits a trend
that is largely consistent with the failure probability. In contrast, under non-Gaussian
excitations, the distribution of the operator norm shows pronounced dispersion and
unstable fluctuations, making it difficult to distinguish effectively between the failure
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365

366 norm distribution obtained by Gaussian image becomes significantly more stable.
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Furthermore, the operator norm is recomputed after the Gaussian image is input

into the system, and the results are shown in Fig. 6. It can be seen that the operator
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Samples with higher failure probabilities typically correspond to larger operator-norm
values, revealing a clearer and more consistent monotonic relationship between the
two.

2.4 Conditions for determining sample point failure modes based on the operator
norm framework.

It should be emphasized that the DFMI of a system using the above operator
norm framework is based on the following assumptions: (1) the system is linear, or its
response remains within the linear-elastic regime. For a nonlinear system, it should be
transformed into an equivalent linear system using an equivalent linearization method,
(2) the random excitation does not exhibit strong impulsive characteristics or
pronounced intermittency. For non-Gaussian excitations with strong impulsiveness or
pronounced intermittency, this method may be unable to determine an approximate
Gaussian image. In such cases, more advanced time-frequency analysis methods

should be employed to process the excitation.

Table 2. Classification criteria based on operator norm

Sampl . . .
AP Failure mode 1 Failure mode n ~ Categorical label
point
5! | A(x)) 1L, I A(x), IL., a1, )
2 | A(x); 1L, I 4(x); ., (Aol 2)
N | A(x)," L, I 4(x), L., 14", )

Based on the properties of the operator norm, evaluating the operator norms
associated with these failure modes is sufficient to identify, at the current sample point,

the dominant failure mode in a dynamical system with n potential failure modes (i.e.,
20
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the failure mode corresponding to the maximum operator norm value), as shown in
Table 2.

Clearly, the efficiency of identifying the dominant failure mode for each sample
point based on the extension of the operator norm framework is significantly higher
than that of failure-probability analysis, because each sample point requires only one
operator norm evaluation for a single random excitation, thereby decoupling the
sample-point search process from the iterative identification of the dominant failure
mode.

3. Constraint-boundary and space-filling-based adaptive sample generation
and failure mode region partitioning

In the parameter space of a stochastic dynamical system, different regions
correspond to distinct failure modes. The previous sections have introduced methods
for identifying the dominant failure mode at given sample points in this parameter
space. The remaining challenge is to efficiently explore the parameter space, generate
samples associated with each failure mode, and accurately classify them. To address
this problem, we propose an adaptive sampling strategy that combines
constraint-boundary sampling with space-filling sampling. Starting from uniformly
distributed initial samples, the method first approximates the locations of the
boundaries separating different failure modes. It then adaptively generates new
samples near these boundaries and in sparsely sampled regions of the parameter space,
iteratively refining the estimated boundaries of each failure mode, as illustrated in Fig.

7. The detailed analysis process is as follows:
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Fig. 7. Sample addition strategy based on constraint boundaries and space-filling

(1) Determination of parameter space range and generation of initial sample
points.

According to the confidence level required for the problem under study, the
confidence interval corresponding to each parameter dimension is taken as the range
of the parameter space. The generated hyper-rectangle defines the coverage of sample
generation and the construction of the system parameter space. For a dynamical
system with parameter dimensionality d, the initial sample set is generated using Latin
Hypercube Sampling, with a recommended initial sample size of N=40d. The
LHS-generated sampling matrix U €[0,1]" ensures that the interval [0,1] in each
dimension is uniformly partitioned into N subintervals. Each sample u,€[0,1]’
uniquely occupies one subinterval in each dimension, and the sampling location
within each subinterval is randomly drawn from a uniform distribution. These

1 [ d) T
samples u,=[u,",...,u",..u'"]

; j el are then mapped from the unit interval to the

physical parameter space. The range of the parameter space for system parameters can
be determined based on their probability distributions and corresponding confidence
intervals. In this study, a 99% confidence interval is considered. The initial sample set

can be expressed as:
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(i) (i)

@) _ @) (-
xj = Xin + u_j (xmax_ X min (24)

(2) Sample category recognition and initial classification.

After generating the initial sample points, operator-norm analysis is performed
on each point following the procedure described in Section 2.2, and failure categories
are assigned according to Table 2. Once categorical labels have been assigned to the

sample set 1= {i, i iN 3, il e{l,2,..,n}, the parameters are standardized to

max ? “max ? ***? “max max

have zero mean and unit variance to ensure consistent scaling and improve numerical
stability. This yields a set of normalized sample points together with their

corresponding categorical labels:

() (i)
xl _’le/ . R
T, Vi=L...,N;i=1,....d (25)

Xj

()
)Cj =

For samples of different categories, a support vector machine (SVM) is used for

classification, and the optimization problem is formulated as:

min (1/2)IIwl* +CX¢,

subject to i1, (W' (%) +b) 21-£,, £ 20 (26)

where C is a penalty parameter, &, is a slack variable allowing minor classification
errors, and @(x) is the implicit feature mapping. The radial basis function (RBF)
kernel is employed for this implicit mapping due to its strong capability in modeling
nonlinear decision boundaries, robustness against overfitting, and its wide

applicability in high-dimensional problems. The kernel function is given as:

K (x,.x, ) =exp(-llx, - x, I’/ (207) ) 27
where oy is the kernel width parameter, representing the spread of the radial basis
function. The penalty parameter is selected from {0.1, 1, 10, 100, 1000}, and the
kernel width is chosen from {0.01, 0.1, 1, 10, 100}. In total, 5 X 5 = 25 parameter
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combinations are evaluated using 5-fold cross-validation to compute the average
classification accuracy. The combination yielding the highest average accuracy is then
selected to train the final model. By applying Lagrange duality, the dual problem can

be derived as:

N N

N
1 i
max ¥ (a) = Zlaj —EZZajajzl{laxzfnaxK(xq,xp)
=

j=1 1=1

o (28)
subject to Zaﬂ}fm =0,0<¢a,<C
j=1
Under the optimal solution @, the classification decision function is:
N . .
f(xp):ZajiéaxK(xq,xp)+b (29)

J=1

Based on the SVM classifier, samples of different categories are partitioned into
different regions, and the initial boundary division is obtained using the initial
uniformly distributed samples.

(3) Adaptive addition of sample points and boundary update

To more accurately delineate the boundaries between failure modes and reduce
the risk of overlooking potential failures in certain regions of the parameter space, an
active sampling strategy is introduced. This strategy focuses on generating new
sample points both near the current classification boundaries and in regions that are
sparsely populated by existing samples. The boundary-constrained sampling
component is conceptually similar to AK-MCS, with the key difference that the
boundaries are identified using an SVM rather than a Kriging model [47,48]. In
contrast, the space-filling sampling component draws on the principles of Minimax
and Maximin distance designs, and is intended to explore regions that may contain

previously unidentified failure modes [49]. The procedure starts by randomly
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generating a set of candidate points within the parameter space, defined as:

Z=1{2,2y,...,2Zy

select

j,z€X (30)

where Neleet denotes the number of candidate points, recommended as Nseleei=10004d,
with d representing the number of uncertain parameters. All candidate points are then
normalized to ensure consistent scale. For each candidate point, the previously trained
SVM model is used to perform multi-class prediction, resulting in a confidence score

vector for class membership:

_TcD 2 (n)
s; =[s}",s; ,...,Sj”] (31)

where S;[) denotes the decision score for class i. The margin value m; is defined as:
M _ (@
m, :<Si =S ‘ (32)
A smaller margin indicates that the point is closer to the boundary between

different classes. Among all candidate points, the top New-1=10d points with the

smallest margins are selected to form the new sample set:
Z ot :{Zip---azizv,w,,} (33)

To avoid local over-concentration of new samples, a small perturbation is added

to each selected point:
21./_ :Zi/ t€, (34)

where €, is disturbance term drawn from N(0, x2/); k=0.01 is the perturbation scale,
and / is the identity matrix. The resulting perturbed set constitutes the final first new

sample set:

Xt S Zipseen Ziy

a t) (35)

In addition, to prevent the initial samples from failing to cover regions where
failure modes may occur, sparsely sampled regions of the space are explored using a

space-filling strategy. First, the minimum distance from each candidate point to the
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existing training set is defined as:

d_. (z,)=min
J x'ex;

z,~x]| (36)

Then, Nuew2=10d points with the maximum distance dnin are sequentially

selected as the second type of new sampling points, denoted as:
X ata-2 ={251>-~->§i1vw,2} (37)

By merging these two sets of new sample points, an updated sampling set is
obtained. These samples are then analyzed to identify their dominant failure modes
and are subsequently added to the training set for SVM model updating.

(4) Failure Mode Boundary Iteration Stopping Criterion

To prevent excessive simulations and overfitting during active sampling, a
stopping criterion based on the stability of the decision boundary is introduced.
Specifically, at the end of each iteration, the current classifier is used to make
predictions on a pre-generated, fixed sample pool that is excluded from model
training. These predictions are then compared with those obtained in the previous
iteration. It is recommended to set the size of the fixed sample pool to Nies=10000d.

At each iteration, predictions on all points are obtained from both the previous

model [V and updated model ], creating a new prediction label set:

A AN (38)

where ,-(””) denotes the prediction of the model for the j-th evaluation point at the

ni-th iteration. The proportion of samples in the pool whose predicted labels change is

then computed and defined as the decision change rate, given by:

1 Na .
(n;) _ “(n;) “(n; )
Ab’;undary_ z ]I[l/ N lj ! ] (3 9)

test j=1
where [[¢] is the indicator function, which takes the value 1 if the prediction result
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has changed, and 0 otherwise. If the decision change rates in the most recent three
consecutive iterations are all below a preset threshold ¢, the decision boundary over
the global parameter space is considered to have essentially converged, with no
further significant variation. At this point, the iterative process is terminated. This
stopping criterion Af,zib,)ndmy <¢ does not rely on additional ground-truth labels;
instead, it characterizes the evolution of the decision boundary by monitoring the
stability of model predictions on the fixed sample pool, thereby effectively controlling
computational cost while maintaining classification accuracy. In the proposed method,

it is suggested to take ¢ as 0.02, which can be adjusted according to the actual

situation.
Anpt Adaptive addition of sample points
(System model and related — p by Eqs. (33 al;l(l 3}; P
parameters) y Egs. (33) (35)

Assign le cat y attributes
Determine the range of parameter ss@n&iﬁz}z;} ?lg:llo;:l “H utes
state space by Eq. (22) FAmpTE POTIR

v

Generate initial uniform sample
point set based on LHS

I

Assign sample category labels by
Eq. (15) and Table. 2

Training initial boundaries based
on SVM

|

Boundary update based on new
samples

()

boundary =

(Initial n=0)
set n=n+1

Output
(Dominant failure mode categories and
state space partitioning)

Fig. 8. Workflow of propose method.

In order to facilitate replication of the proposed method, Algorithm 1 provides
the corresponding pseudocode, where the procedure is abbreviated as adaptive
sampling (AS) in the example, and the overall computational workflow is illustrated
in Fig. 8.
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Algorithm 1: Dominant failure mode identification and parameter space partitioning

Input: Parameter dimension d, space range [x\) , x

Output: SVM classification model, sample size for each failure mode.

1.Generate initial sample points using Latin hypercube sampling.

2.Map the initial sample points to the physical parameter space.

3.Call the operator norm evaluation function to obtain sample features and labels.
4.Train a multi-class SVM model in the standardized parameter space.

5.Generate an unlabelled sample pool within the space range using LHS.

6.Use the current SVM model to predict the sample pool as a baseline prediction.
7.Adaptive sample generation and boundary iterative update:

7.1 Generate new samples along the current boundary and in sparsely sampled areas.

7.2 Calculate the operator norm for the new samples to obtain new labels.

7.3 Incorporate the new samples into the global sample set and retrain the SVM
model.

7.4 Evaluate the prediction differences between the old and new models on the fixed
sample pool

7.5 If the predicted change rate of the sample pool has been below the threshold in
the last 3 rounds, stop;

Else, save the current SVM model as the old model, and return to step 7.1.

8 End the iteration, count the number of each failure mode samples and output the
SVM model.

4.Examples
4.1 Example 1: Single-degree-of-freedom system with two uncertain parameters
under Gaussian excitation
A single-degree-of-freedom (SDOF) model is subjected to discrete Gaussian
white noise excitation characterized by a spectral intensity of So=5 X 10* m?%/s%, a
duration of 7=10 s, and a time step of 0.01 s. The system damping ratio is (=0.05. The

statistical properties of the uncertain parameters are summarized in Table 3.
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Table 3. Statistical distribution of uncertain parameters (Example 1)

Variable Distribution Type Mean Value Cov
m Lognormal 1x10* kg 0.1
k Lognormal 3x10° N/m 0.25
u(t
k ()
NN\
— m
| .
C
£ L

Fig. 9. Single-degree-of-freedom system

Fig. 9 shows the model of the single degree of freedom system, and the motion

equation of the system is given as follows:
mii(t)+cu(t)+ku(t)=ma(t) (40)

The objective is to perform dominant failure mode identification (DFMI) for the
system and to partition the parameter space into distinct failure regions accordingly. It
is assumed that the system is governed by displacement, velocity, and acceleration
during the vibration process, with corresponding threshold values of 510 m, 0.08
m/s, and 1.5 m/s?, respectively. Consequently, the limit state functions consist of the

following components:

Z,=0.005-max(u(#))=0 (41)
7,=0.08-max(u(#))=0 (42)
Z,=1.5-max(ii(¢))=0 (43)

According to the proposed methodological framework, the sampling range of the
parameter space is first determined, as shown in Table 4. All computations were
performed on a desktop computer with 32 GB of RAM and 12th Gen Intel(R)

Core(TM) 17-12700 CPU @ 2.10 GHz.

Table 4. Sampling ranges of statistical parameters
29



Variable Standard Deviation Sampling Range

m 0.1x10* [0.856, 1.168]x10*
0.75x106 [1.543, 5.487]x106
539 In this case study, the dimensionality of the parameter space is d=2. Therefore,

540 LHS is employed to generate N=80 initial samples. Based on the criteria for
541  determining dominant failure modes of sample points, the categorical labels of the
542 initial sample points are determined. The distribution of labeled sample points within
543 the parameter space is illustrated in Fig. 10, where the solid markers represent the
544  samples corresponding to the most probable failure mode under each system state.
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~ Failure mode 3

> Failure mode 1
Failure mode 2

6- + Failure mode 3 10°
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x10* Voo T — 3 x10° x10* Vg e 3 108
545 Mass 0.8 2 Stiffness Mass 08 2 Stiffness
546 (a)Sample labeling using ONF (b)Sample labeling using MCS
° Failure mode 1
Failure mode 2
100~ + Failure mode 3
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547 Mass 0.8 2 Stiffness
548 (c)Sample labeling using DPIM
549 Fig. 10. Sample classification results (Example 1)
550 It can be observed that the sample points for failure modes 1-3 are located in

551  different regions. By classifying these initial sample points of different categories

552 using SVM, the initial failure mode boundaries can be obtained. Subsequently,

30



553

554

555
556

557
558

559
560
561
562

563
564

565

566

iterative sample enrichment and boundary updating are performed based on the

proposed method, as shown in Fig. 11.

Initial boundary 3-th iteration Final boundary

(a) Adaptive iteration of boundaries based on AS-ONF
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(b) Adaptive iteration of boundaries based on AS-MCS
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(c) Adaptive iteration of boundaries based on AS-DPIM
Fig. 11. Boundary adaptive iteration process based on the proposed method
(Example 1)
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Fig. 12. Boundary variation rates during iterations (Example 1)

Fig. 12 presents the evolution of the decision boundaries and the corresponding

boundary variation rates for sample point identification based on MCS, DPIM, and
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ONF. The results indicate that the sample identification criterion based on ONF
converges faster. This difference can be attributed to the fact that the failure
probabilities of sample points near the failure mode boundaries are similar for
adjacent failure modes. The instability of the sampling method may lead to inaccurate
sample classifications, while the operator norm framework provides higher accuracy
in identifying the dominant failure modes of samples around the boundary regions.

To compare the efficiency and accuracy of the proposed sampling strategy, it is
further compared with Sparse Grid Sampling (SGS) [50] and Periodic Convolutional
Neural Networks (PeriodNet) [24]. The sparse grid is constructed using the Smolyak
interpolation method, which generates a hierarchical sequence of piecewise linear
interpolations. For any given one-dimensional node, an equidistant point grid is
generated based on the Clenshaw-Curtis quadrature rule. PeriodNet is a method that
combines signal processing with deep learning, which builds a periodic convolutional
neural network by inserting PeriodConv layers before the backbone network. The

spatial partition results of the comparison methods are shown in Figs 13 and 14.
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Fig. 13. Final boundaries based on SGS (Example 1)
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Fig. 14. Final boundaries based on PeriodNet (Example 1)

It can be seen that the results produced by the proposed method are essentially
consistent with those of existing methods. To verify the sampling situation in the
parameter space, 100,000 sample sets were randomly drawn within the parameter
space. MCS was used to evaluate the failure probabilities under different failure
modes and to identify the dominant failure mode. An SVM was then used to partition
the space, serving as the baseline ground-truth result (MCS). The results are shown in
Fig. 15. The Jaccard index was used to quantify the overlap between the regions
obtained by the proposed method and those of the baseline ground, yielding J=0.9994,
indicating that the proposed method produces results essentially consistent with the

actual situation.

x10*
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}
» 1.05
W)
£
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09
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Stiffness «10°
Fig. 15. Final boundaries based on 100,000 samples (Example 1)
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To quantitatively assess the spatial partitioning results, numerical integration was
performed on different failure regions to calculate the overall failure probability of the
system under all failure modes. The analysis results are shown in Table 5. Fig. 16
illustrates the computational efficiency of different methods, with the proposed
method achieving precise partitioning of different failure mode areas within the

parameter space while maintaining high computational efficiency.

Table 5. Failure mode identification and efficiency comparison (Example 1)

ONF- MCS DPIM- ONF MCS DPIM Period

Method AS -AS AS -SGS -SGS -SGS Net M5
Z) Z) VA VA Z) Z Z Zi
Identified (75 @D (72)  (298) (294) (299) (53)  (206683)
failure modes 2> 7> vz, 7> 7> 7> 72> 7>
(No. of 86) (128) (137) (134) (I137) (135) (55) (27391)
samples) Z3 Z3 Z3 Z3 Z3 Z3 /3 VA
(119)  (151) (151) (401) (402) (399) (92)  (45926)
No. of FMs 3 3 3 3 3 3 3 3
No. of
iteration > ! ! / / / / /
No. of
280 360 360 833 833 833 200 100000
samples
Runtime 38s 1.10h  342s 89s 2.21h 847s 243s  87.45h
S 241 241 2.40 241 2.40 2.38 241 2.41

ONF-AS (Proposed)

MCS-AS

DFIM-AS

ONF-5GS

MCS-SGS

DPIM-5GS

PeriodNet

MCS-MCS 314827 5

108

Runtime (seconds)

Fig. 16. Efficiency comparison of different methods (Example 1)
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To evaluate the data stability of the proposed method, a series of tests were
conducted with varying numbers of initial samples and newly added samples. A total
of 25 configurations were tested to analyze the number of iterations and
computational time, where the number of initial samples was selected from {10d, 20d,
40d, 60d, 100d}, and the number of added samples was selected from{5d, 10d, 20d,
30d, 50d}. The corresponding results in terms of iteration count and computational

time are presented in Fig. 17.

Number of iterations 14 Time (s)
200 8 7 6 13 200 943 989 157 1457 1977 220
3 12 3 200
2120 9 9 7 g1201 1034 115.6 129.8 192.0 234.9
& 1" 3 180
& 5
Z 80 9 8 7 10 '€ 80| 882 974 1290 1666 2349 160
k= G
g : ] 140
Q 5 Ke)
E 40 10 9 7 E 40 927 1149 1457 1908 2345
=z 8 = 120
20 10 8 » M 201 1034 1145 1453 1654 2330 i
g L |
10 20 40 60 100 10 20 40 60 100
Number of added samples Number of added samples
(a)Comparison of number of iterations (b)Comparison of runtime

Fig. 17. Data robustness under different sample sizes

The analysis results indicate that the proposed method's number of iterations and
total runtime are notably influenced by the number of newly added samples. As the
number of added samples per iteration increases, the total number of iterations
decreases accordingly, while the overall computational time increases significantly.
Therefore, adding a smaller number of samples per iteration, despite requiring more
iterations, can lead to improved computational efficiency. The recommended settings
for the initial and added sample sizes provide a reasonable balance between
convergence speed and computational cost.

4.2 Example 2: Three-story shear frame subject to stationary seismic excitation
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Example 2 investigates the seismic performance of the three-story shear-frame
model shown in Fig. 18 under stationary ground-motion excitation. The structure is
modeled with a constant damping ratio of {= 0.05. The input ground acceleration is
synthesized using a spectral-representation method driven by a random function [51],
where the spectral intensity is set to So=50.045x10"* m?/s>. The excitation duration is
T =15 s with a time increment of 0.01 s. Within the operator norm framework, the
seismic excitation is transformed into the standard Gaussian space following the
procedure described in Section 2.2. Since the operator norm cannot be directly applied
to the non-Gaussian case, no comparison is conducted, and only the transformed

excitation is used for analysis.

s

ks
n:

M k

ki

s o

Stationary seismic excitation
Fig. 18. Three-story shear-frame model

Structural safety is evaluated in terms of floor-level peak displacement, velocity,
and acceleration demands. For the three floors, the allowable displacement limits are
0.028 m, 0.034 m, and 0.036 m, respectively; the safety limits for velocity are 0.64
m/s, 0.66 m/s, and 0.66 m/s, respectively; and the safety limits for acceleration are 25
m/s*, 20 m/s*, and 15 m/s*, respectively. Exceedance of any demand limit is treated

as failure. Accordingly, nine limit-state functions are defined, as given below:
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0.034 | —| max(u,(¢)) |=0 (44)

A 0.028 max(u, (1))
0.036 max(u, (1))

Z,
Zy
Z, 0.64 max(u, (1))
Z, } 0.66 | —| max(u, () |=0 (45)
Z, 0.66 max(u, (¢))
Z, 25 max(i, (7))
{ZS =120 |—| max(ii,(¢)) | =0 (46)
Z, 15 max(ii, (1))

645 In this example, two scenarios are considered to investigate how the variability
646  of uncertain model parameters influences the resulting failure patterns (i.e., dominant
647  failure modes). Specifically, the coefficients of variation (COVs) of the uncertain
648  parameters are assigned at two levels to represent different degrees of uncertainty:

649  4.2.1 Case 1: Low-variability uncertain parameters

650 In this case, the mass and stiffness parameters are treated as uncertain but with
651  relatively small dispersion, and their coefficients of variation are summarized in Table
652 6. The proposed procedure is then applied to iteratively explore the parameter space

653  and delineate the corresponding failure-mode boundaries.

654 Table 6. Statistical distributions of parameters (Case 1)
Variable Distribution type Mean value CoV
mi Lognormal (1200-200(i-1)) kg 0.05
ki Lognormal (1200-200(i-1))*10°* N/m 0.10
655 Here, m; and &; denote the mass and stiffness of the i-th degree of freedom (i = 1,

656 2, 3), respectively. The iterative process is visualized in two dimensions through

657  principal component analysis (PCA) for dimensionality reduction [52]. The results of
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the adaptive sampling iterations under different criteria for determining the failure
category of sample points are shown in Fig. 19. It can be seen that, after completing
the adaptive iterative process under different criteria for determining the failure
category of sample points, the resulting final boundary models are essentially

consistent, and the corresponding boundary variation rates are shown in Fig. 20.

(a)AS-ONF (b)AS-MCS (c)AS-DPIM
Fig. 19. Final boundaries based on AS (Example 2, Case 1)

0.2
—o-AS-ONF
' —=-AS-MCS
0.15" —4-AS-DPIM
- - Change rate threshold

»

Boundary change rate
2 o
I3)1 N

Iteration
Fig. 20. Boundary variation rates during iterations (Case 1)

Finally, a probabilistic integration is performed to evaluate the overall system
reliability, and the results are compared with those obtained using SGS sampling and
PeriodNet, as summarized in Table 7.

In this case, a total of six failure modes {Z2, Z4, 76, 727, Z8, 79} are identified.

These results indicate that the sample selection strategy based on SGS may overlook
38
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certain potential failure modes, whereas the proposed method can more effectively

and adaptively explore the entire parameter space.

Table 7. Failure mode identification and efficiency comparison (Case 1)

ONF-AS MCS DPIM  ONF MCS DPIM  Period

Meth
ethod  poposed) -AS  -AS  -SGS  -SGS  -SGS  Net

Z1(0) Z1(0) Zi(0) Zi(0) Zi(0) Zi(0) Zi(0)
V4 V4 V4 VZ)
110y 2 (89) (1078)  (1054) (1115)
73 (0) Z30) Z3(0) Z3(0) Z3(0) Z3(0)  Z3(0)
Za Za Za Za Za Za
(369)  (334) (2575) (2505) (2458) (273)

7 (73) 7, (65)

Identified Z4(282)

failure
modes Zs(0)  Z5(0) Zs(0) Zs(0) Z(0)  Zs(0)  Zs(0)
(No. of Zs (1) Z6Z( 1) Zs(2) Z6Z(O) Z6Z(O) Z6Z(O) Zs (5)
samples 7 7 7 7
ples) 77 (60) (102) Z7(71) (536)  (531)  (584) 77 (65)
Z3 73 73 73 Z3 /3
Zs (601) (892) (770)  (3675) (3739) (3602) (737)
Z9 Z9 Z9
Z9 (63) Z9 (86) Zo(54) (340)  (375)  (445) Zy (55)
No. of FMs 6 6 6 5 5 5 6
No.of 7 1 9 / / / /
1teration
No. of
1080 1560 1320 8204 8204 8204 1200
samples
Runtime 408s 10.77h  3757s 2875s 64.64h 4.57h 1531s
S 2.36 2.36 2.34 2.38 2.37 2.38 2.36

4.2.2 Case 2: High-variability uncertain parameters

To examine the robustness of the proposed method under increased uncertainty, a
second scenario is considered in which the mass and stiffness parameters exhibit
larger coefficients of variation, as listed in Table 8. The iterative results, together with

the evolution of the boundary-change rate, are presented in Figs. 21 and 22.

Table 8. Statistical distribution of parameters (Case 2)

Variable Distribution Type Mean Value CoV

m; Lognormal (1200-200(i-1)) kg 0.10
ki Lognormal (1200-200(i-1))x10° N/m 0.20
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(a)AS-ONF

(b)AS-MCS

— N W A LN 0 O

(¢)AS-DPIM
Fig. 21. Final boundaries based on AS (Example 2, Case 2)
Table 9. Failure mode identification and efficiency comparison (Case 2)

Method  ONF-AS  MCS  DPIM  ONF  MCS  DPIM Period
% (Proposed) -AS  -AS  -SGS  -SGS  -SGS  Net
7\ Z1 Z1 7\ Z)
2125 Z(72) (126)  (1033) (1046) (1028) (155)
7> 7> Z> V4 V4) V4)
247 45y 88y (2391) (2139) (2139)  (321)
73 73 73
08 BEH BOY S0 ey sy 20
Identified Zs4 Z4 Z4 Zs4 Za Z4
) Z4 (465)
failure (791)  (501) (1616) (1747) (1758) (252)
modes Zs Zs Zs
Zs (2
(No. of D) Z60 ZO) g 153y 163y Z3Y
samples) Ze(5)  Zs(2QT) Ze(6) Zs(80) Zs(83) Zs(82) Zs(13)
7 Z; 7 7 7 7
Z (181) (371)  (194) (575) (744)  (736)  (107)
Zs Zs Zs Zs Zs Zs
Zs (489) (625)  (527) (1003) (896)  (952)  (130)
Zg Zg Z9 ZQ Z9 Z9
2> (181) (461)  (199) (801)  (813)  (833)  (121)
No. of FMs 9 9 9 9 9 9 9
No.of 1 22 12 / / / /
1teration
No. of
1560 2880 1680 8204 8204 8204 1200
samples
Runtime 476s  10.87h 4283s 2892s 64.37h  4.64h  1546s
B 1.91 191 192 190 191 191 191
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Fig. 22. Boundary variation rates during iterations ( Case 2)

The analysis results after iteration are shown in Table 9. In this case, a total of
nine failure modes {Z1, Z2, 73, Z4, 75, 76, Z7, 78, Z9} are identified. In this
situation, all failure modes need to be considered. Fig. 23 shows the comparison of

average computational efficiency of different methods in Example 2.

ONF-AS (Proposed)
MCS-AS

DPIM-AS

ONF-SGS
MCS-SGS 232218s

DPIM-SGS

PeriodNet

1 1 1 1

10’ 10° 108 10* 10®
Runtime (seconds)

Fig. 23. Efficiency comparison of different methods (Example 2)
4.2.3 Impact of parameter variability on failure modes and reliability.
From an engineering perspective, the uncertainties in this case mainly come from
the discretization of floor mass and lateral stiffness, reflecting “fluctuations in
dead/live loads during construction and service, added mass from non-structural

components, and equipment layout differences,” as well as “variations in material
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strength and elastic modulus, deviations in member sections and connection details,
and effective stiffness loss due to construction quality and aging.”

When parameter variability is relatively small (Case 1), the parameter space
changes only slightly, so failures tend to cluster in a few dominant, easily triggered
responses, yielding six failure modes. With higher variability (Case 2), the parameter
space expands and failure boundaries become more complex, requiring consideration
of all nine failure modes. As shown in Fig. 23, the proposed method demonstrates a
significant efficiency advantage. It can be applied to identify the primary failure
modes in practical engineering and provides valuable guidance for subsequent
reliability design and other related tasks.

Overall, greater variability increases both the number of failure modes and
engineering effort: more iterations are needed to characterize failure boundaries,
raising the computational cost of reliability assesement and risk decisions; meanwhile,
system failure probability increases and the reliability index S decreases. Controlling
parameter variability can therefore limit failure-mode proliferation and reduce system
failure risk at the source.

4.3 Example 3: Five mass points structural system with 21 uncertain parameters
under non-stationary seismic excitation

In Example 3, a five-mass-point structural system is investigated. The
configuration of the mass points and springs is illustrated in Fig. 24. The masses of
the five points are denoted as [m1,m2,m3,ma,ms], and the external loads applied to the

mass points are denoted by [F'1,F2,F3,F4,Fs]. The lateral coupling stiffnesses between
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adjacent mass points are represented by [ki,k2,k3.ka.ks,ke], whereas the stiffnesses
connecting the mass points to the ground are given by [k7,ks,ko,k10,k11]. The statistical

properties of all uncertain parameters are summarized in Table 10.

Table 10. Statistical distribution of parameters (Example 3)

Variable Distribution Type Mean Value CoV
m-ms Lognormal 2x10° kg 0.05
ki Lognormal 1.4x10° N/m 0.1
ko-ks Lognormal 1.0x10° N/m 0.08
ke Lognormal 1.2x10° N/m 0.1
kr-ki Lognormal 3.0x107 N/m 0.15
F1-Fs Normal 1000 kKN 0.12
F, F, F, I )
k, l k, l k, l, k, l ks l, ks
7 e T, N TR TR b AL LT 7z
e kg kg ko) keyy
/]
o LLH S

non-stationary seismic excitation

Fig. 24. Five-mass-point structural system model

The non-stationary seismic acceleration is also generated using a spectral
representation scheme based on a random function, with a spectral intensity
S0=50.045x10* m?/s®, a total duration 7 = 15 s, and a time step of 0.01 s. The

non-stationary process is modulated by the following function:

t2/0.8,0<¢<0.8
2(t)=11,08<¢<7.0 (47)
P G ORPENE )

During the vibration process, if the displacement of any mass point exceeds 0.07
m, the velocity exceeds 0.8 m/s, or the acceleration exceeds 10 m/s?, the system is

considered to have entered a failure state. In addition, a collision failure is deemed to
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occur if the relative displacement between any two adjacent mass points exceeds 0.1
m. The system includes a total of 19 limit state functions, with the specific safety

thresholds detailed as follows:

Z =0.07—max(u (t)) =0, i =1,2,3,4,5 48)
Z.,. =0.80 - max(i, () = 0,i = 1,2,3,4,5 49)
Zi+10 =10.0- max(ul (t)) = O, 1= 1, 2, 3, 4,5 (50)

Z.s =0.1—max(fu,,, (r) —u, (1)

)=0,i=12,3,4 (51)

Based on the proposed method, the iterative identification of fault pattern
boundaries is performed, and the final boundaries are visualized in two dimensions

through PCA dimensionality reduction, as shown in Fig. 25.

O—NW AU\

N A LV TN ~d OO ND bt bt e o et ot et e e et

(a)AS-ONF (b)AS-MCS (c)AS-DPIM
Fig. 25. Final boundaries based on AS (Example 3)

0.4
-o-AS-ONF
-*AS-MCS
0.3 —~4-AS-DPIM
- - ‘Change rate threshold

Boundary change rate
o "o
REN N

o

5 10 15 20 25 30
lteration

Fig. 26. Boundary variation rates during iterations (Example 3)

The iterative process based on the failure category determination criteria of
different sample points is shown in Fig. 26. The sample point determination criteria
based on the extension of the operator norm framework can achieve better accuracy in

sample classification, thus completing the iteration more efficiently. The analysis
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746  results of the proposed method and the comparison methods are shown in Table 11,
747  where the accuracy of failure mode recognition and spatial partitioning is verified by

748  the final system's failure probability.

749 Table 11. Failure mode identification and efficiency comparison (Example 3)
Method ONF-AS — MCS  DPIM ~ ONF  MCS  DPIM  Period
(Proposed) -AS -AS -SGS -SGS -SGS Net
7, (840) 2 790 A 2 Z1 7 (788)
! (1493) “! (2212)  (2955)  (3027) !
Z 7 7 7 7
2(1055)  (1876)  (1120) (2693) (3430) (3368) 227D
Z3 Z3 73 Z3 Z3
(35 0019)  (1185)  (2849) (3109) (3235 2 (342
Z4 Z4 Z4 Z4
Z4(1048) (1501) Z4 (915) (2199)  (3305)  (3239) Z4(843)
Zs Zs Zs Zs
Z(1009) (16000 BO80) 335 (3505 (3285 2924

Zs(87)  Zs(145) Zs(82) Zs(197) Zs(209) Zs(204)  Ze(53)
Z:84)  Z(113)  Z:(76) Z:(182) Z:(194) Z:(198) Z; (51)
Z:(89)  Zs(143) Zs(92) Zs(221) Zs(219) Zs(214)  Zs(55)
Identified 7 68)  7,(138) 2 (88) Z(212) Zo(183) Zo(186) 7o (48)

failure
Z1o Z10 Z10 Z10 Z1o
&%‘fisf 210 O4) (169)  (104)  (250)  (164)  (164) 0

samples) Z19) Zu(16) Zu(10) Zu(24) Zn(19) Zu(16) Zu(4)
Zo(13)  Zu(4l) Zu(28) Zu(67) Zn(42) Zn(42) Zn(11)
Zs(8)  Zin(l)  Zi(9)  Zi3(22) Zis(55) Zi3(59) Zis(15)
Z14 (12) Z14(25) Zu(17) Zis(4l) Zia(25) Zia(24)  Zi4(6)
Zis(8)  Zis(12)  Zis(9)  Zis(22) Zis(22) Zis2l)  Zis(5)

Zi6 Zi6 Zi6 Z16 Z16 Z16
Z26(643)  (101)  (690)  (1657)  (828)  (814) (211
717 (553) Z17 Z17 Z17 Z17 Z17 Z17
7 (1014)  (642)  (1542)  (754)  (759)  (198)
Zis (524) VAT VAT VAT VAT VAT VAT
8 (909) (572)  (1374)  (793) (799) (209)
Z19 Z19 Z19 VAT VAT
2G5 578y @81 (1s9)  (342) @46 20
No. of
NS 19 19 19 19 19 19 19
No. of 16 30 18 / / / /
1teration
No. of 7560 13440 8400 20160 20160 20160 4200
samples
Runtime 0.62h 942h  578h  1.64h  137.8h  157h  1.50h

b 247 247 247 2.49 248 248 247
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Fig. 27. Efficiency comparison of different methods (Example 3)

As the dimensionality of the system parameters increases, the time consumption
of the proposed method does not significantly increase, as shown in Fig. 27. This is
because the proposed method relies solely on sample point search and identification
for spatial partitioning, unlike grid sampling methods which suffer from the curse of
dimensionality as the dimensions increase. Therefore, the proposed method remains
accurate and effective when dealing with high-dimensional problems.

4.4 Example 4: Twelve-story braced steel frame under near-fault earthquake
excitation

The model of the twelve-story braced steel frame structure is shown in Figure 28.
The structural mass of each floor is uniformly taken as 25x10* kg. The standard story
height is 4.2 m, and the bay width is 6.0 m. The stiffness of the beam members is
assumed to be infinite, and the columns are made of HM-section steel, with a second
moment of area Ix = 137000 cm*. The damping ratio of the structure is uniformly set
to ¢(=0.05 to reflect the energy dissipation characteristics of conventional steel
structures. A pair of bidirectional diagonal cross braces is installed in the structure as

one bracing unit; a single bracing unit can provide the structure with an equivalent
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lateral stiffness of £ = 0.67x10%N/m. Uncertainty in the structural model arises from
the elastic modulus of the material and the non-structural mass. The elastic modulus
of steel is treated as a normally distributed random variable £, and the non-structural
mass on each floor is represented by a normally distributed random variable Mxs.
Based on the above parameters, the mass matrix of the structure is formed by
combining the structural mass and the non-structural mass, and the stiffness matrix is
obtained according to the bracing layout. Table 12 lists the probabilistic information
of the random variables associated with this structure.

Table 12 Statistical parameters of random variables

Distribution
Parameter Type Parameter Mean Value CoV
Type
Elastic modulus
E Normal 2.1 0.05
(x10'" Pa)
Non-structural mass Iy N 1 4539 0.05
orma . .
(x10*kg) N

Fig. 28. Model of a twelve-story braced steel frame structure
Failure of this structure may be caused by (i) exceeding the interstory drift ratio
limit at any story, (ii) excessive roof displacement, and (iii) excessive base shear.

Therefore, the structure has 14 potential failure modes. Exceedance of the interstory
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drift ratio limit at Stories 1-12 is defined as Z;-Zi», exceedance of the roof
displacement limit is defined as Zi3, and exceedance of the base shear limit is defined

as Z14. Specifically, the limit-state functions are given as follows:

0<06_ =1/50 (52)
A, < A;ﬂ;x =0.33m (53)
I/shear S I/SZZ:; = 225 X 107N (54)

To verify the applicability of the proposed method under typical non-Gaussian
excitation, a near-fault ground motion encountered in engineering practice is selected
as the load input. The near-fault ground motion is obtained by superposing a
pulse-like velocity component and a high-frequency velocity component [53]. A
Gabor wavelet function is used to construct the velocity pulse model, whose

mathematical expression is:

V (6) = PGV -exploy poy — (2] -cos(27r s~
)= CXPLOwpoy 4 NI, cos27 T ?) (55)

The amplitude of the velocity pulse is characterized by the peak ground velocity
(PGV), for which the regression model is:

In(PGV) =4.49 -0.14R (56)
where R=10 km is the fault distance; and ©,,,5 denotes the standard deviation of
the residual in the PGV regression model.

The remaining part of the nonstationary acceleration time history can be

synthesized based on the spectral representation method, expressed as:

N,
a,(t)= e(l)z S (w,) -[cos(w, )R, +sin(w,1)0; ] (57)
k=0
On this basis, the high-frequency acceleration time history is constructed using a
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modified Kanai—Tajimi spectrum model together with a nonstationary process
modulation function. The corresponding spectral density function and modulation

function are given by:

o 1+40°E |
S(w) = £ £ S 58
(@) a)4+a)}‘. (l—a)z/a);)2+4a)2a)§/§§ 0 (58)
0,<0
l—l‘o o
g(®) =1( - )ty Sttt +T (59)
e g 4t

In this example, the parameter values are @, =2.41rad/s, &, =2.47, @, =1.18rad/s

and So=3.03m?'s>. R, and O, are a pair of orthogonal random variables, which can

be generated from the basic random variable y using R, = \/5 cos(k;/+z) and
. T

Q, =2sin(ky + 7).

Finally, by superposing the high-frequency acceleration component and the pulse
acceleration component, the complete near-fault ground acceleration time history can
be obtained, expressed as a(?) =a, () +a, (7).

The probabilistic distribution characteristics of the parameters in the stochastic
model of near-fault ground motion are listed in Table 13. An example of the
synthesized near-fault acceleration time history generated based on this parameter set

is shown in Fig. 29.

(&)}

[ Acceleration PDF
2 ——Gaussian PDF

Acceleration (m/s?)
o

0 10 20 30 40 50 60 0
Time (s)

-4 2 0 2 4
Acceleration (m/sz)

Fig. 29. Acceleration time history and PDF of a near-fault earthquake
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814 Table. 13 Probability distributions of random variables used to synthesize
815 near-fault ground motions
Distribution
Parameter Type Parameter Mean Value CoV
Type
T, Normal 6.81 1.62
N, Lognormal 0.01 0.29
Pulse parameters T, Normal 22.32 6.41
@ Normal 3.06 1.71
O par Normal 0.00 0.25
T Normal 20.43 6.68
Envelope parameters o Lognormal 0.63 0.41
,Bg Lognormal -2.56 0.39
High-frequenc Uniform on
Shredueney y 0.00 /3
parameters [-m,7]
816 Based on the proposed method, an adaptive iterative strategy is employed to
817  generate sample points within the structural parameter space and to continuously
818  update the boundaries between failure modes. The results are shown in Fig. 30. In the
819  figure, the red region and the corresponding samples represent the failure mode
820  governed by roof displacement; the green region and samples represent the failure
821  mode governed by the maximum interstory drift ratio; and the purple region and
822  samples represent the failure mode governed by base shear.
%
ok
823 Initial boundary 9-th iteration Final boundary
824 Fig. 30 Distribution of failure modes in the parameter space of the braced steel
825 frame structure
826 As can be seen from Fig. 30, roof-displacement failure occupies a dominant
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position in the parameter space; when the uncertain structural parameters follow
Gaussian distributions, this failure mode is the most likely to occur. On the other hand,
it is noteworthy that the green region corresponding to maximum interstory drift ratio
failure exhibits two separated clusters. This is because, under different combinations
of parameters, the story at which the maximum interstory drift ratio occurs can change.
Specifically, the larger green region on the right corresponds to exceedance of the
interstory drift ratio at the second story, while the smaller green region on the left
corresponds to exceedance of the interstory drift ratio at the eighth story.

Given that the parameter space in this numerical example is two-dimensional,
Monte Carlo simulation (MCS) is used to randomly draw samples and partition them
as the ground-truth baseline, as shown in Fig. 31. It can be seen that the structure’s
actual failure mode is basically consistent with the dominant failure mode identified
by the proposed method. The Jaccard index was used to quantify the overlap between
the regions obtained by the proposed method and those of the baseline ground,
yielding J=0.9997, indicating that the proposed method produces results essentially
consistent with the actual situation in Example 4.The final analysis results obtained by
different methods are listed in Table 14.

Based on the analysis results of Example 4, the proposed method can efficiently
identify the dominant structural failure modes under non-Gaussian seismic excitation.
For this example, in subsequent system reliability assessment or design optimization,
roof displacement, base shear, and the interstory drift ratios at the 2nd and 8th stories

should be considered as the dominant failure modes.
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849 Table 14. Failure mode identification and efficiency comparison (Example 4)
MCS DPIM ONF MCS DPIM  Period
Method — ONF-AS " )g" A 8GS -GS -SGS  Net  MCS
Z1(0) Zi1(0) Z(0) Zi(0) Zi(0) Zi(0) Zi0) Zi(0)
7 (149) V2 V2 V2 V2 Z> V2 V2
2 (168)  (152)  (160)  (163) (161) (37) (18473)
Z3(0) Z;(0) Z3(0) Z(0) Z:(0) Z:(0) Z:(0)  Z(0)
Z4(0) Zs(0)  Z4(0)  Zs(0)  Zs(0) Zs(0) Zs(0)  Zs(0)
Zs5(0) Zs5(0) Zs5(0) Zs5(0) Zs5(0) Zs(0) Zs5(0) Zs5(0)
Zs (0) Zs (0)  Zs(0) Zs(0) Zs(0) Zs(0) Zs(0) Zs(0)
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5.Conclusion and outlook

This paper proposes a novel method for identifying the dominant failure modes
of stochastic systems under random excitation and partitioning the failure domains
within the parameter space. The identification process is divided into two main steps:
generating and recognizing sample points in the parameter space, and classifying
these points according to different failure mode categories, thereby determining the
regions corresponding to each failure mode. The main conclusions include the
following points:
(1) The failure mode category of sample points in the parameter space of a stochastic
system can be obtained through first excursion probability analysis. The probability
decoupling determination of failure mode category for sample points is achieved
through an extension of the operator norm framework, thereby efficiently enhancing
computational efficiency.
(2) Initial boundary partitioning of uniformly distributed sample points with different
failure modes is performed using SVM. Building upon this, new sample points are
adaptively generated both near the initial boundaries and in sparsely sampled regions
to iteratively update the failure mode boundaries. This enables comprehensive
exploration of the parameter space while providing accurate simulation of failure
mode boundaries.
(3) The proposed ONF-AS method identifies dominant failure modes and partitions
failure domains through parameter space search. Compared with sample point

selection methods such as sparse grid sampling, it can more accurately capture the
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boundaries of failure modes without missing those with small parameter space regions.
In relation to advanced machine learning methods such as PeriodNet, it demonstrates
higher computational efficiency while maintaining accuracy.

(4) The proposed method demonstrates high accuracy and efficiency even in
high-dimensional scenarios, as it only requires discrimination of sample points within
the parameter space and adaptively searches for important regions. Therefore, this
method shows promising potential in addressing practical engineering problems,
which are often high-dimensional and complex.

Overall, the proposed method can efficiently and robustly identify the dominant
failure modes in stochastic systems under random excitation, regardless of whether
the excitation is Gaussian or non-Gaussian, stationary or non-stationary. Based on the
results of the failure mode area division, the fault probability of high-dimensional
systems with complex failure modes can also be calculated using probabilistic space
numerical integration techniques. Additionally, this method can be further combined
with statistical linearization techniques to extend to the failure mode identification
problem of nonlinear systems or large engineering structures. After identifying the
dominant failure modes of the system using the proposed method, guidance for the
maintenance and reinforcement of critical parts can be provided, and the failure
modes with the highest occurrence probabilities can serve as key constraint objectives
for structural reliability design optimization.

Acknowledgment

54



895 This work was supported by the National Natural Science Foundation of China

896  (Grant No.52378126), and the German Research Foundation (Grant No. 527637016).

55



897

898

899

900

901

902

903

904

905

906

907

908

909

910

911

912

913

914

915

916

917

918

References

[1] Jiang Y, Zhang X, Beer M, et al. First excursion probability of dynamical systems:
A review on computational methods[J]. Mechanical Systems and Signal Processing,
2025, 232: 112751.

[2] Moses F. System reliability developments in structural engineering[J]. Structural
Safety, 1982, 1(1):3-13.

[3] Feng Y. Enumerating significant failure modes of a structural system by using
criterion methods[J]. Computers & Structures, 1988, 30(5): 1152-1157.

[4] Moses F. New directions and research needs in system reliability research[J].
Structural Safety, 1990, 7(2-4): 93-100.

[5] Melchers R E, Tang L. Dominant failure modes in stochastic structural systems[J].
Structural Safety, 1984, 2(2): 127-143.

[6] Murotsu Y, Okada H, Taguchi K, et al. Automatic generation of stochastically
dominant failure modes of frame structures[J]. Structural Safety, 1984, 2(1):17-25.

[7] Thoft-Christensen P, Murotsu Y. Application of structural systems reliability
theory[M]. Berlin: Springer, 1986.

[8] Bai B, Zhou C, Ye N. Application of multi-failure mode reliability-based particle
swarm optimization algorithm[J]. Computers & Industrial Engineering, 2021, 161:
107627.

[9] Wei P, Liu F, Tang C. Reliability and reliability-based importance analysis of
structural systems using multiple response Gaussian process model[J]. Reliability

Engineering & System Safety, 2018, 175: 183-195.

56



919

920

921

922

923

924

925

926

927

928

929

930

931

932

933

934

935

936

937

938

939

940

[10] Yun W, Lu Z, Zhou Y, et al. AK-SYSi: an improved adaptive Kriging model for
system reliability analysis with multiple failure modes by a refined U learning
function[J]. Structural and Multidisciplinary Optimization, 2019, 59: 263-278.

[11] Huang S, Zhang S, Liu L. A new active learning Kriging metamodel for
structural system reliability analysis with multiple failure modes[J]. Reliability
Engineering & System Safety, 2022, 228: 108761.

[12] Guan X, Xiang Z, Bao Y, et al. Structural dominant failure modes searching
method based on deep reinforcement learning[J]. Reliability Engineering & System
Safety, 2022, 219: 108258.

[13] Guan X, Sun H, Hou R, et al. A deep reinforcement learning method for
structural dominant failure modes searching based on self-play strategy[J]. Reliability
Engineering & System Safety, 2023, 233: 109093.

[14] Tian Y, Guan X, Sun H, et al. An adaptive structural dominant failure modes
searching method based on graph neural network[J]. Reliability Engineering &
System Safety, 2024, 243: 109841.

[15] Wan Z, Chen J, Tao W, et al. A feature mapping strategy of metamodelling for
nonlinear stochastic dynamical systems with low to high-dimensional input
uncertainties[J]. Mechanical Systems and Signal Processing, 2023, 184: 109656.

[16] Kim D S, Ok S Y, Song J, et al. System reliability analysis using dominant
failure modes identified by selective searching technique[J]. Reliability Engineering
& System Safety, 2013, 119: 316-331.

[17] Jiang Y, Zhao L, Beer M, et al. Dominant failure mode analysis using

57



941

942

943

944

945

946

947

948

949

950

951

952

953

954

955

956

957

958

959

960

961

962

representative samples obtained by multiple response surfaces method[J].
Probabilistic Engineering Mechanics, 2020, 59: 103005.

[18] Jiang Y, He Z, Zhou H, et al. A Probabilistic Decoupling Method for Failure
Mode Searching of Large[J]. China Journal of Highway and Transport, 2025, 1-15. (in
Chinese)

[19] Coccon M N, Song J, Ok S Y, et al. A new approach to system reliability
analysis of offshore structures using dominant failure modes identified by selective
searching technique[J]. KSCE Journal of Civil Engineering, 2017, 21(6): 2360-2372.
[20] Jiang Y, Luo J, Liao G, et al. An efficient method for generation of uniform
support vector and its application in structural failure function fitting[J]. Structural
Safety, 2015, 54: 1-9.

[21] Jiang Y, Zhao L, Beer M, et al. Multiple response surfaces method with
advanced classification of samples for structural failure function fitting[J]. Structural
Safety, 2017, 64: 87-97.

[22] Liu H, Liu L, Liu N. Risk evaluation approaches in failure mode and effects
analysis: A literature review[J]. Expert systems with applications, 2013, 40(2):
828-838.

[23] Leng Y, Fei Y, Jiang Y, et al. Fixed sampling distribution determination method
for structural reliability assessment with parameter uncertainty[J]. Applied
Mathematical Modelling, 2025: 116191.

[24] Li R, Wu J, Li Y, et al. PeriodNet: Noise-robust fault diagnosis method under

varying speed conditions[J]. IEEE Transactions on Neural Networks and Learning

58



963

964

965

966

967

968

969

970

971

972

973

974

975

976

977

978

979

980

981

982

983

984

Systems, 2023, 35(10): 14045-14059.

[25] Wei S, Wang D, Peng Z, et al. Variational nonlinear component decomposition
for fault diagnosis of planetary gearboxes under variable speed conditions[J].
Mechanical Systems and Signal Processing, 2022, 162: 108016.

[26] Valdebenito M A, Wei P, Song J, et al. Failure probability estimation of a class of
series systems by multidomain line sampling[J]. Reliability Engineering & System
Safety, 2021, 213: 107673.

[27] Feng D, Cao X, Beer M. An enhanced PDEM-based framework for reliability
analysis of structures considering multiple failure modes and limit states[J].
Probabilistic Engineering Mechanics, 2022, 70: 103367.

[28] Faes M G R, Valdebenito M A. Fully decoupled reliability-based design
optimization of structural systems subject to uncertain loads[J]. Computer Methods in
Applied Mechanics and Engineering, 2020, 371: 113313.

[29] Faes M G R, Valdebenito M A. Fully decoupled reliability-based optimization of
linear structures subject to Gaussian dynamic loading considering discrete design
variables[J]. Mechanical Systems and Signal Processing, 2021, 156: 107616.

[30] Jiang Y, Zhang X, Beer M, et al. An efficient method for reliability-based design
optimization of structures under random excitation by mapping between reliability
and operator norm[J]. Reliability Engineering & System Safety, 2024, 245: 109972.
[31] Weng L, Acevedo C H, Yang J, et al. An approximate decoupled reliability-based
design optimization method for efficient design exploration of linear structures under

random loads[J]. Computer Methods in Applied Mechanics and Engineering, 2024,

59



985

986

987

988

989

990

991

992

993

994

995

996

997

998

999

1000

1001

1002

1003

1004

1005

1006

432: 117312.

[32] Faes M G R, Valdebenito M A, Moens D, et al. Bounding the first excursion
probability of linear structures subjected to imprecise stochastic loading[J].
Computers & Structures, 2020, 239: 106320.

[33] Faes M G R, Valdebenito M A, Moens D, et al. Operator norm theory as an
efficient tool to propagate hybrid uncertainties and calculate imprecise probabilities[J].
Mechanical Systems and Signal Processing, 2021, 152: 107482.

[34] Ni P, Jerez D J, Fragkoulis V C, et al. Operator norm-based statistical
linearization to bound the first excursion probability of nonlinear structures subjected
to imprecise stochastic loading[J]. ASCE-ASME Journal of Risk and Uncertainty in
Engineering Systems, Part A: Civil Engineering, 2022, 8(1): 04021086.

[35] Jerez D J, Fragkoulis V C, Ni P, et al. Operator norm-based determination of
failure probability of nonlinear oscillators with fractional derivative elements subject
to imprecise stationary Gaussian loads[J]. Mechanical Systems and Signal Processing,
2024, 28: 111043.

[36] Feng K, Lu Z, Yang Y, et al. Novel Kriging based learning function for system
reliability analysis with correlated failure modes[J]. Reliability Engineering & System
Safety, 2023, 239:109529.

[37] Xu C, Yang Y, Wu H, et al. A new active learning method for system reliability
analysis with multiple failure modes[J]. Reliability Engineering & System Safety,
2023, 240: 109614.

[38] Huang S, Zhang S, Liu L. A new active learning Kriging metamodel for

60



1007

1008

1009

1010

1011

1012

1013

1014

1015

1016

1017

1018

1019

1020

1021

1022

1023

1024

1025

1026

1027

1028

structural system reliability analysis with multiple failure modes[J]. Reliability
Engineering & System Safety, 2022, 228: 108761.

[39] Yang J, Lyu M, Chen J, et, al. Structural design optimization under stochastic
excitations  considering  first-passage  probability  constraint based on
dimension-reduced probability density evolution equation[J]. Reliability Engineering
& System Safety, 2025, 264: 111378.

[40] Wang X, Shi Y, Meng Z, et, al. Uncertainty-oriented topology optimization of
dynamic structures considering hybrid uncertainty of probability and random field[J].
Reliability Engineering & System Safety, 2025, 256: 110744.

[41] Zhou H, Jiang Y, Adhikari S, et al. Comparisons of design methods for beam
string structure based on reliability and progressive collapse analysis[C]. Structures.
2021, 33: 2166-2176.

[42] Leng Y, Lu Z, Cai C, et al. Ring simulation: A novel simple and efficient
simulation method for structural reliability analysis[J]. Structural Safety, 2022, 96:
102182.

[43] Chen G, Yang D. Direct probability integral method for stochastic response
analysis of static and dynamic structural systems[J]. Computer Methods in Applied
Mechanics and Engineering, 2019, 357: 112612.

[44] Chen G, Yang D, Liu Y, et al. System reliability analyses of static and dynamic
structures via direct probability integral method[J]. Computer Methods in Applied
Mechanics and Engineering, 2022, 388: 114262.

[45] Grigoriu M. Parametric translation models for stationary non-Gaussian

61



1029

1030

1031

1032

1033

1034

1035

1036

1037

1038

1039

1040

1041

1042

1043

1044

1045

1046

1047

1048

1049

1050

processes and fields[J]. Journal of sound and vibration, 2007, 303: 428-439.

[46] Shields M, Deodatis G, Bocchini P. A simple and efficient methodology to
approximate a general non-Gaussian stationary stochastic process by a translation
process[J]. Probabilistic Engineering Mechanics, 2011, 26(4): 511-519.

[47] Echard B, Gayton N, Lemaire M. AK-MCS: an active learning reliability
method combining Kriging and Monte Carlo simulation[J]. Structural safety, 2011,
33(2): 145-154.

[48] Jiang Y, Xiao Y, Zhang X, An efficient algorithm for global searching of
representative points in reliability evaluation with adaptive Kriging model and direct
probability integral method[J]. Probabilistic Engineering Mechanics, 2026, 83:
103900.

[49] Johnson M, Moore L, Ylvisaker D. Minimax and maximin distance designs[J].
Journal of statistical planning and inference, 1990, 26(2): 131-148.

[50] Volker B, Erich N, Klaus R. High Dimensional Polynomial Interpolation on
Sparse Grids[J]. Advances in Computational Mathematics, 2000, 12: 273-288.

[51] Liu Z, Liu W, Peng Y. Random function based spectral representation of
stationary and non-stationary stochastic processes[J]. Probabilistic Engineering
Mechanics, 2016, 45: 115-126.

[52] Jolliffe I T. Principal component analysis. Springer Series in Statistics]M]. New
York: Springer, 2002.

[53] Zhou T, Li A Q. Stochastic modeling and synthesis of near-fault

forward-directivity ground motions[J]. KSCE Journal of Civil Engineering, 2020,

62


https://www.sciencedirect.com/author/7003647214/george-deodatis
https://www.sciencedirect.com/author/56002479100/paolo-bocchini
https://www.sciencedirect.com/journal/probabilistic-engineering-mechanics

1051

24(2): 483-498.

63



	Failure mode identification for dynamic stochastic

