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This work introduces the Importance Line Sampling (ILS) technique for estimating the first excursion probability in 

linear dynamic systems subjected to Gaussian loading. The proposed method addresses the problem of estimating low 

failure probabilities, for which the failure domain is defined in a high-dimensional stochastic space. The linearity of the 

loading-response relationship results in a specific geometry of the failure domain, consisting of thousands of partially 

overlapping hyperplanes. This geometric information is exploited to combine multiple coordinate systems with an 

importance sampling density within the Line Sampling framework, thereby guiding the exploration of the stochastic 

space toward the most relevant failure regions. In this way, the failure domain is explored along lines perpendicular to 

the hyperplanes, resulting in a highly efficient estimator. The effectiveness of the method is demonstrated through a 

large-scale example, in which the proposed estimator is compared with different methods from the literature and is shown 

to be the most efficient among the methods considered. 

Keywords: First excursion probability, linear structure, Gaussian load, Line Sampling, Importance Sampling. 

 

1 Introduction 

Accurate estimation of the first excursion probability remains a central challenge in stochastic dynamics (Schüeller 

and Pradlwarter 2007). This probability quantifies whether a response of interest, such as displacement, exceeds a 

prescribed threshold within a given time interval under stochastic excitation. In engineering applications, the problem 

is often formulated in a high-dimensional stochastic space, and closed-form solutions are generally not available. 

However, specialized simulation methods have been developed to address this issue and reduce the computational cost 

associated with multiple dynamic analyses (Koutsourelakis et al. 2004). 

A relevant class of problems arises when the loading is modeled as a Gaussian process and the system response 

depends linearly on it. This setting is encountered in practical applications where serviceability requirements (Honfi 

2012) must be satisfied or vibration levels must remain within prescribed limits. Such characteristics have been 

exploited by several methods in the literature (Der Kiureghian 2000, Au and Beck 2001, Misraji et al. 2020, 

Valdebenito et al. 2021) to construct estimators of the first excursion probability. For this class of problems, the special 

structure of the failure domain allows the sampling procedure to focus directly on the regions that are most relevant 

for probability estimation, resulting in efficient estimators. Even so, the problem remains computationally demanding, 

especially when large-scale models are considered. 

To address this issue, this work proposes a novel technique called Importance Line Sampling for estimating the 

first excursion probability of dynamic linear systems subjected to Gaussian loading. The method combines multiple 

coordinate systems with an importance sampling density (Au and Beck 2001) within the Line Sampling 

(Koutsourelakis et al. 2004) framework, enabling a targeted exploration of the failure domain. This leads to a highly 

efficient estimator for low failure probabilities, of the order of 10−3. The method is illustrated through a large-scale 

finite element example and its performance is compared with similar techniques from the literature. 

 

2 Problem Statement 

2.1    Gaussian Loading 

The stochastic loading acting on a system is modeled as a discrete Gaussian process of duration 𝑇, sampled at 𝑛𝑇 time 

instants with time step Δ𝑡 , where the 𝑘-th time instant is given by 𝑡𝑘 = (𝑘 − 1)Δ𝑡, 𝑘 = 1, … , 𝑛𝑇 . The loading is 

represented by a Karhunen-Loève expansion (see, e.g., Stefanou 2009) as: 

𝑝(𝑡𝑘, 𝒛) = 𝜇𝑘 + 𝝍𝑘
𝑇𝒛, (1) 

where 𝑝(𝑡𝑘 , 𝒛) denotes the load at time 𝑡𝑘, 𝒛 is a realization of the standard Gaussian vector 𝒁 ∈ ℝ𝑛𝐾𝐿×1 with joint 

probability function 𝑓𝒁(𝒛), 𝑛𝐾𝐿  is the truncation order of the expansion (𝑛𝐾𝐿 ≤ 𝑛𝑇), 𝜇𝑘  is the mean value of the 

stochastic process at time 𝑡𝑘  (assumed to be zero), and 𝝍𝑘
𝑇 ∈ ℝ𝑛𝐾𝐿×1  contains the covariance information of the 

Gaussian process. Note that this formulation readily allows the definition of stochastic excitations such as white noise 

and filtered white noise, the latter for instance through a Clough–Penzien filter (see Zerva 2009). 
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2.2    Structural System 

The equation of motion of a linear elastic, classically damped dynamic system (Chopra 1995) is given by:  

𝑴𝒙̈(𝑡, 𝒛) + 𝑪𝒙̇(𝑡, 𝒛) + 𝑲𝒙(𝑡, 𝒛) = 𝒈𝑝(𝑡, 𝒛), 𝑡 ∈ [0, 𝑇], (2) 

where 𝒙, 𝒙̇ and 𝒙̈ denote the displacement, velocity and acceleration vectors, respectively, all of dimension 𝑛𝐷 × 1, 

with 𝑛𝐷 being the number of degrees of freedom of the system. The mass, damping, and stiffness matrices, 𝑴, 𝑪, and 

𝑲, are of dimension 𝑛𝐷 × 𝑛𝐷, whereas the loading-coupling vector 𝒈 has dimension 𝑛𝐷 × 1. 

The solution of Eq. (2) allows defining a set of 𝑛𝜂 responses of interest denoted by 𝜂𝑖(𝑡, 𝒛), 𝑖 = 1, … , 𝑛𝜂, which 

may represent, for instance, displacements, accelerations, or internal stresses. Due to the linearity of the system, each 

response of interest can be calculated using the convolution integral, as: 

𝜂𝑖(𝑡, 𝒛) = ∫ ℎ𝑖(𝑡 − 𝜏)𝑝(𝜏, 𝒛)𝑑𝜏, 𝑖 = 1, … , 𝑛𝜂,
𝑡

0

 (3) 

where ℎ𝑖  denotes the unit impulse function of the 𝑖-th response of interest, which can be obtained through modal 

analysis (Chopra 1995).  

The discretized definition of the Gaussian loading in Eq. (1) allows the numerical integration of Eq. (3). The 

response of interest can then be written as follows: 

𝜂𝑖(𝑡𝑘, 𝒛) = 𝒂𝑖,𝑘
𝑇𝒛, (4) 

where 𝒂𝑖,𝑘 ∈ ℝ𝑛𝐾𝐿 is the discretized convolution of the unit impulse response function and the deterministic part of 

the Gaussian loading, expressed as: 

𝒂𝑖,𝑘 = ∑ Δ𝑡𝜖𝑚ℎ𝑖(𝑡𝑘 − 𝑡𝑚)𝝍𝑚,
𝑘

𝑚=1
 

(5) 

with 𝜖𝑚 chosen according to the adopted integration rule; for the trapezoidal rule, 𝜖𝑚 = 1/2 for 𝑚 = 1 or 𝑚 = 𝑘, and 

𝜖𝑚 = 1 otherwise. 

 

2.3    First Excursion Probability 

The design requirements are defined for each response of interest through the vector 𝒃 ∈ ℝ𝑛𝜂, whose 𝑖-th element, 𝑏𝑖 , 
𝑖 = 1, … , 𝑛𝜂,  represents the exceedance limit associated with the response of interest 𝜂𝑖 . Thus, the performance 

function indicates whether the response of interest exceeds the corresponding exceedance limit at any time instant, and 

is given by: 

𝑔(𝒛) = 1 − max
𝑖=1,…,𝑛𝜂

( max
𝑘=1,…,𝑛𝑇

(
|𝜂𝑖(𝑡𝑘, 𝒛)|

𝑏𝑖

)), (6) 

where |∙| corresponds to absolute value, 𝑔(𝒛) ≤ 0 indicates that the exceedance condition is met, whereas 𝑔(𝒛) > 0 

indicates that it is not. The corresponding failure domain in the probabilistic space is defined as 𝐹 = {𝒛: 𝑔(𝒛) ≤ 0}, 

and its indicator function 𝐼𝐹(𝐳) is equal to 1 if 𝐳 ∈ 𝐹, and 0 otherwise. In particular, the failure domain is composed 

of elementary failure domains 𝐹𝑖,𝑘, each associated with the exceedance of the 𝑖-th response at the 𝑘-th time instant. 

Moreover, each elementary failure domain can be decomposed into its positive and negative parts, denoted by 𝐹𝑖,𝑘
+  and 

𝐹𝑖,𝑘
− , such that 𝐹𝑖,𝑘

+ ∪ 𝐹𝑖,𝑘
− = 𝐹𝑖,𝑘. Then, the probability of occurrence of 𝐹 is the so-called first excursion probability 

(Soong 1993):  

𝑝𝐹 = ∫ 𝐼𝐹(𝐳)𝑓𝒁(𝒛)𝑑𝒛
ℝ𝑛𝐾𝐿

. (7) 

 Note that, according to Eq. (6), the failure domain is composed of a total of 𝑛𝜂 × 𝑛𝑇 elementary failure domains, 

each of which corresponds to the event that the 𝑖-th response of interest exceeds its threshold at the 𝑘-th time instant. 

 

3 Importance Line Sampling 

The first excursion probability estimator proposed in this contribution is based on the concepts of classical Line 

Sampling and Importance Sampling. As discussed in Section 2.3, the failure domain is defined by the union of 

elementary failure domains in a high-dimensional space, each bounded by a hyperplane. Owing to the linearity of the 

problem, each elementary failure domain can be fully characterized by its design point and associated reliability index, 

which provide valuable information about its relevance to the failure probability. This information is used in two ways. 

First, it defines a mixture representation of the failure probability in terms of different coordinate systems, whose 

parallel axes are aligned with the directions of the corresponding design points. In this way, the same failure probability 

is reformulated in several rotated coordinate systems, each defined by a corresponding design point; this aspect is 
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discussed in Section 3.1. Second, it enables the construction of an importance sampling density associated with those 

coordinate systems, as discussed in Section 3.2. Based on these two definitions, the resulting estimator is presented in 

Section 3.3. 

 

3.1    Coordinate-system Mixture Formulation 

The first excursion probability in Eq. (7) can be evaluated using different coordinate-system definitions. This yields 

several equivalent representations of the same failure probability. Accordingly, 𝑝𝐹  can be written as the following 

weighted mixture: 

𝑝𝐹 = ∑ 𝜌𝑗𝑝𝐹
𝑗

𝑛𝑐

𝑗=1
, (8) 

where 𝑝𝐹
𝑗
 denotes the failure probability represented in the 𝑗-coordinate system, 𝜌𝑗 is the corresponding weight, and 

𝑛𝑐 is the number of coordinate systems considered, with ∑ 𝜌𝑗
𝑛𝑐
𝑗=1 = 1. Thus, the first excursion probability associated 

with the 𝑗-coordinate system can be written as: 

𝑝𝐹
𝑗

= ∫ ∫ 𝕀𝐹(𝑧𝑗
∥, 𝒛𝑗

⊥)𝑓𝒁(𝑧𝑗
∥, 𝒛𝑗

⊥)𝑑𝑧𝑗
∥

ℝ

𝑑𝒛𝑗
⊥

ℝ𝑛𝐾𝐿−1
, (9) 

where 𝑧𝑗
∥ ∈ ℝ and 𝒛𝑗

⊥ ∈ ℝ𝑛𝐾𝐿−1 are the coordinates of 𝒛 in the 𝑗-th coordinate system, with 𝑧𝑗
∥ corresponding to the 

direction normal to the 𝑗-th elementary failure domain and 𝒛𝑗
⊥ collecting the remaining orthogonal coordinates. In this 

work, each coordinate system is associated with one elementary failure domain 𝐹𝑖,𝑘. For convenience, these coordinate 

systems are re-indexed by a single index 𝑗, establishing a one-to-one correspondence between the pair (𝑖, 𝑘) and 𝑗. 

Accordingly, 𝑛𝑐 = 𝑛𝜂𝑛𝑇. To illustrate the different coordinate-system definitions, Fig. 1 shows three representative 

systems, for a case where 𝑛𝜂 = 1 and 𝑛𝐾𝐿 = 𝑛𝑇 = 3. In Fig. 1a, the coordinate system is oriented with respect to 𝐹1,1; 

Fig. 1b with respect to 𝐹2,1; and in Fig. 1c with respect to 𝐹3,1. 

Figure 1.  Three representative coordinate-system definitions for a case where 𝑛𝜂 = 1 and 𝑛𝐾𝐿 = 𝑛𝑇 = 3. 

 

3.2    Importance Sampling Density 

Based on the geometry of the failure domain and the concepts proposed by Au and Beck (2001), an importance 

sampling density is defined within the Line Sampling framework. Since this density is formulated in the standard 

Gaussian space, it can be equivalently expressed in any rotated coordinate system. In the 𝑗-th coordinate system, it is 

given by (Au and Beck 2001): 

𝑓𝒁
IS(𝒛) = 𝑓𝒁

IS,𝑗
(𝑧𝑗

∥, 𝒛𝑗
⊥) = ∑ ∑ 𝜔𝑖,𝑘𝑓(𝒛𝑗

⊥|𝐹𝑖,𝑘)𝑓(𝑧𝑗
∥)

𝑛𝑇

𝑘=1

𝑛𝜂

𝑖=1
, (10) 

where 𝜔𝑖,𝑘 is the weight assigned to the elementary failure domain 𝐹𝑖,𝑘. The weights are chosen proportional to the 

corresponding probabilities, that is: 

𝜔𝑖,𝑘 =
𝑃[𝐹𝑖,𝑘]

∑ ∑ 𝑃[𝐹𝑙,𝑚]
𝑛𝑇
𝑚=1

𝑛𝜂

𝑙=1

, (11) 

where 𝑃[∙] denotes probability of occurrence. 

 Therefore, within the Line Sampling framework, the importance sampling density in Eq. (10) defines a mixture 

over the elementary failure domains through the weights 𝜔𝑖,𝑘. Although Eq. (10) is expressed in the 𝑗-th coordinate 

system, the density itself does not depend on 𝑗; the index only identifies the rotated representation adopted for the 

parallel-perpendicular decomposition. Since the density is built from conditional distributions associated with failure 

events, it naturally assigns greater weight to the domains that are closer to the origin in the standard Gaussian space 

and therefore more relevant to the failure probability. 
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3.3    First Excursion Probability Estimator 

By combining Eqs. (8) and (9), the first excursion probability defined in Eq. (7) is represented as a weighted mixture 

over different coordinate systems. This representation can be further enriched by incorporating geometric information 

of the failure domain through the importance sampling density introduced in Eq. (10) of Section 3.2, resulting in: 

𝑝𝐹 = ∑ 𝜌𝑗 ∫ ∫ 𝕀𝐹(𝑧𝑗
∥, 𝒛𝑗

⊥)
𝑓𝒁(𝑧𝑗

∥, 𝒛𝑗
⊥)

𝑓𝒁
IS,𝑗

(𝑧𝑗
∥, 𝒛𝑗

⊥)
𝑓𝒁

IS,𝑗
(𝑧𝑗

∥, 𝒛𝑗
⊥)𝑑𝑧𝑗

∥

ℝ

𝑑𝒛𝑗
⊥

ℝ𝑛𝐾𝐿−1

𝑛𝑐

𝑗=1

. (12) 

Note that Eq. (12) involves the evaluation of an integral in a one-dimensional Gaussian space with respect to 𝑧𝑗
∥ and 

includes both a discrete and a continuous random variable. The discrete random variable corresponds to the selection 

of the coordinate system 𝑗, with probability mass function 𝜌𝑗, whereas the continuous random variable is the orthogonal 

component of the Gaussian vector in that coordinate system, that is, 𝐳𝑗
⊥. Since the importance sampling density can be 

expressed in any coordinate system, it is conveniently written here in terms of the 𝑗-th one; this does not imply any 

conditioning on 𝑗. Therefore, by simulating the discrete random variable associated with the probabilities 𝜌𝑗 and the 

continuous random variable 𝐳𝑗
⊥, the estimator of the first excursion probability using Importance Line Sampling is 

given by: 

𝑝𝐹 =
1

𝑁
∑ ∫ 𝕀𝐹(𝑧𝑗𝑖

∥ , 𝒛𝑗𝑖

⊥,𝑖)
𝑓𝒁(𝑧𝑗𝑖

∥ , 𝒛𝑗𝑖

⊥,𝑖)

𝑓
𝒁

IS,𝑗𝑖 (𝑧𝑗𝑖

∥ , 𝒛𝑗𝑖

⊥,𝑖)
𝑑𝑧𝑗𝑖

∥

ℝ

𝑁

𝑖=1
, (13) 

where 𝑗𝑖 denotes the index of the coordinate system selected at the 𝑖-th simulation, with probability mass function 𝜌𝑗, 

𝑗 = 1, … , 𝑛𝑐, and 𝐳𝑗𝑖

⊥,𝑖
denotes the realization of the orthogonal component of the Gaussian vector in that coordinate 

system.  

 
Figure 2.  Two sample realizations of the explored line for a case where 𝑛𝜂 = 1 and 𝑛𝐾𝐿 = 𝑛𝑇 = 3. 

 

 The line explored through each simulation can be defined as ℓ𝑖 ≔ {(𝑧𝑗𝑖

∥,𝑖, 𝒛𝑗𝑖

⊥,𝑖): 𝑧𝑗𝑖

∥,𝑖 ∈ ℝ}. Therefore, the inner 

integral in Eq. (13) can be written as: 

Α(ℓ𝑖) = ∫ 𝕀𝐹(𝑧𝑗𝑖

∥ , 𝒛𝑗𝑖

⊥,𝑖)𝜙(𝑧𝑗𝑖

∥ )𝑑𝑧𝑗𝑖

∥,𝑖

ℓ𝑖

= Φ(𝑐min
−,𝑖 ) + Φ(−𝑐min

+,𝑖 ), (14) 

where 𝑐min
−,𝑖

 and −𝑐min
+,𝑖

 denote the intersection distances from the sampled point to the failure domain along ℓ𝑖, in the 

directions opposite and parallel to 𝑧𝑗𝑖

∥ , respectively. Note that, if ℓ𝑖 lies entirely in the failure domain, then Α(ℓ𝑖) = 1. 

The simulation process is schematically illustrated in Fig. 2. For each realization 𝑖, the importance sampling density 

generates a sample of the orthogonal component 𝐳𝑗𝑖

⊥,𝑖
, which defines the explored line ℓ𝑖  in the selected rotated 

coordinate system. The parallel component is then treated through the one-dimensional integral along this line. In panel 

a), the sample is generated with respect to 𝐹1,1, and the coordinate system is selected with respect to 𝐹3,1; in panel b), 

the sample is generated with respect to 𝐹3,1  and the coordinate system is selected with respect to 𝐹1,1 . The one-

dimensional contribution Α(ℓ𝑖), shown in pale blue, is then obtained from the segment of ℓ𝑖 lying in the failure domain, 

determined by the distances 𝑐min
−,𝑖

 and −𝑐min
+,𝑖

. 
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Writing the failure probability estimator in Eq. (13) as 𝑝𝐹 = 1/𝑁(∑ 𝑞𝑖
𝑁
𝑖=1 ), the corresponding coefficient of 

variation is given by: 

δ𝑝𝐹
=

1

𝑝𝐹

√
1

𝑁(𝑁 − 1)
∑ (𝑞𝑖 − 𝑝𝐹)2

𝑁

𝑖=1
. (15) 

 

4 Numerical Example 

The numerical example corresponds to a three-dimensional finite element model of a curved bridge with 10068 degrees 

of freedom, based on an example presented in Jensen et al. (2015). The bridge substructure comprises four columns 

with a diameter of 1.6 m and a height of 8 m. Each column is supported by four piles, 35 m in length and 0.6 m in 

diameter, with the pile–soil interaction modeled through translational stiffnesses in the 𝑥 and 𝑦 directions, varying 

linearly from 𝑘𝑠 = 112 MN/m at the deepest point of the pile to 0 MN/m at the ground level. The superstructure is 

modeled as a monolithic box girder curved in the 𝑥–𝑦 plane, with a total length of 119 m. It consists of five spans with 

lengths of 24 m, 20 m, 23 m, 25 m, and 27 m, respectively. The model is illustrated in Fig. 3, where a) shows a 

perspective view and b) a plan view. The bridge columns are denoted by 𝐶𝑘, 𝑘 = 1, … ,4. All elements in the model 

are assumed to be made of reinforced concrete, with a Young’s modulus of 𝐸 = 2.09 × 1010 N/m², Poisson ratio 𝜈 =
0.2 and density 𝜌 = 2500 kg/m³. Classical damping of 3% is assumed for all mode shapes. 

Figure 3.  Curved bridge finite element model. 

 

 The ground motion acting on the bridge is modeled as a discrete white noise with spectral intensity 𝑆 = 5 × 10−4 

m²/s³, and duration 𝑇 = 10 s, discretized into 1001 time instants with time step Δ𝑡 = 0.01 s. The excitation is applied 

at an angle of 45°, as shown in Fig. 3b. In addition, the white-noise process is passed through a Clough–Penzien filter  

(Zerva 2009) and modulated by the function 𝑚(𝑡), defined as: 

𝑚(𝑡) = {
(𝑡/5)2 0 ≤ 𝑡 ≤ 5 𝑠

1 5 𝑠 ≤ 𝑡 ≤ 6 𝑠

𝑒−(𝑡−6)2
𝑡 > 6 𝑠

 . (16) 

The structure is assumed to be initially at rest. Failure is defined as the exceedance of a column-drift threshold 

𝑏𝑖 = 0.02 m for all 𝑖 = 1, … , 𝑛𝜂, in either the 𝑥- or 𝑦-direction during the stochastic excitation. This is a challenging 

problem involving 8008 elementary failure domains, resulting from the time discretization into 1001 instants and the 

consideration of 8 responses of interest. In addition, the dynamic analysis is carried out using a truncation to 100 mode 

shapes to ensure an accurate representation of the response. The objective is the estimation of the first excursion 

probability using Importance Line Sampling (ILS), and to assess its efficiency relative to existing methods in the 

literature, namely the Domain Decomposition Method (DDM; Katafygiotis, 2006), Directional Importance Sampling 

(DIS; Misraji, 2020), and multidomain Line Sampling (mLS; Valdebenito, 2021). 

 
Table 1.  Number of dynamic analyses required by each method to attain a coefficient of variation of 10%. 

 

 DDM DIS mLS ILS 

Dynamic Analyses for  𝛿𝑝𝐹
= 10% 330 215 172 52 

 

The comparison in Fig. 4 is performed in terms of the number of dynamic analyses. This is relevant because DDM 

and DIS are directional-based methods, requiring only one dynamic response evaluation per sample, whereas mLS and 

ILS require two evaluations per sample, corresponding to the parallel and perpendicular responses. Under this measure 

of computational effort, Fig. 4a shows that all methods tend to stabilize around similar values of the first excursion 

probability, which is approximately 3.0 × 10−3, as the number of dynamic analyses increases. For validation purposes, 

crude Monte Carlo simulation (Fishman, 1996) with 𝑁 = 105 samples was also performed, yielding an estimate of 

approximately 3.0 × 10−3 with a coefficient of variation of about 6%, which is consistent with the values approached 
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by all considered methods in Fig. 4a. On the other hand, Fig. 4b reveals important differences in the coefficient of 

variation. In particular, for 50 dynamic analyses, ILS presents a coefficient of variation approximately 10% while the 

coefficient of variation of the other approaches ranges between 20% and 30%. Consistently, as summarized in Table 

1, ILS reaches a coefficient of variation of 10% with substantially lower computational effort than the other considered 

methods. In particular, the number of dynamic analyses required by ILS is reduced by factors of about 3.3, 4.1, and 

6.3 relative to mLS, DIS, and DDM, respectively. These results clearly show that ILS is significantly more efficient 

than the other considered methods. 

 

Figure 4.  Comparison of the considered methods as a function of the number of dynamic analyses. 

 

5 Conclusions 

This contribution has presented an Importance Line Sampling (ILS) approach for estimating the first excursion 

probability of a linear system subjected to Gaussian loading. The proposed method combines an importance sampling 

density that preserves the Line Sampling spirit with multiple coordinate systems within a unified framework. By 

exploiting the linearity of the system, the resulting estimator incorporates geometrical information from the Gaussian 

space. Comparisons with related methods show that ILS significantly improves efficiency and is effective for 

estimating low failure probabilities in high-dimensional Gaussian spaces. 

Future work includes sensitivity estimation, alternative weighting strategies for coordinate-system selection, and 

further refinement of the importance sampling density. These aspects are currently under investigation. 

 

Acknowledgments 
The authors gratefully acknowledge support from the State Key Laboratory of Disaster Reduction in Civil Engineering, Tongji 

University, under project SLDRCE24-02. 

 

References 

Au, S. K. and Beck, J. L., First Excursion Probabilities for Linear Systems by Very Efficient Importance Sampling, Probab. Eng. 

Mech., 16(3), 193-207, 2001. 

Chopra, A. K., Dynamics of Structures: Theory and Applications to Earthquake Engineering, Prentice Hall, 2012. 

Der Kiureghian, A., The Geometry of Random Vibrations and Solutions by FORM and SORM, Probab. Eng. Mech., 15(1), 81-90, 

2000. 

Fishman, G. S., Monte Carlo: Concepts, Algorithms, and Applications, Springer, 1996. 

Honfi, D., Mårtensson, A. and Thelandersson, S., Reliability of Beams According to Eurocodes in Serviceability Limit State, Engrg. 

Struct., 35, 48-54, 2012. 

Jensen, H. A., Mayorga, F. and Papadimitriou, C., Reliability Sensitivity Analysis of Stochastic Finite Element Models, Comput. 

Methods Appl. Mech. Engrg., 296, 327-351, 2015. 

Katafygiotis, L. and Cheung, S. H., Domain Decomposition Method for Calculating the Failure Probability of Linear Dynamic 

Systems Subjected to Gaussian Stochastic Loads, J. Engrg. Mech., 132(5), 475-486, 2006. 

Koutsourelakis, P. S., Pradlwarter, H. J. and Schuëller, G. I., Reliability of Structures in High Dimensions, Part I: Algorithms and 

Applications, Probab. Eng. Mech., 19(4), 409-417, 2004. 

Misraji, M. A., Valdebenito, M. A., Jensen, H. A. and Mayorga, C. F., Application of Directional Importance Sampling for 

Estimation of First Excursion Probabilities of Linear Structural Systems Subject to Stochastic Gaussian Loading, Mech. Syst. 

Signal Process., 139, 106621, 2020. 

Schuëller, G. I. and Pradlwarter, H. J., Benchmark Study on Reliability Estimation in Higher Dimensions of Structural Systems – 

An Overview, Struct. Saf., 29(3), 167-182, 2007. 

Soong, T. T. and Grigoriu, M., Random Vibration of Mechanical and Structural Systems, Prentice Hall, Englewood Cliffs, NJ, 1993. 

Stefanou, G., The Stochastic Finite Element Method: Past, Present and Future, Comput. Methods Appl. Mech. Engrg., 198(9-12), 

1031-1051, 2009. 

Valdebenito, M. A., Wei, P., Song, J., Beer, M. and Broggi, M., Failure Probability Estimation of a Class of Series Systems by 

Multidomain Line Sampling, Reliab. Engrg. Syst. Saf., 213, 107673, 2021. 

Zerva, A., Spatial Variation of Seismic Ground Motions: Modeling and Engineering Applications, CRC Press, 2016. 


