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Abstract: Full-scale dome structures have numerous sources of aleatoric uncertainty that are irreducible due to their 

intrinsic nature. When using the finite element method (FEM) to quantify the effects of these sources on structural 

dynamic performance, a large-scale numerical simulation of dome structure is required. To reduce the heavy 

computational burden, a surrogate model for a dome structure is constructed to solve this problem in this paper. The 

dynamic global sensitivity of elastic and elastoplastic structures is analyzed in the uncertainty quantification 

framework using fully quantitative variance- and distribution-based methods through the surrogate model, which 

takes into account the main sources of uncertainty related to the dome structure that have an important influence on 

structural performance. The effects of variables on structural performance indicators are quantified using sthe 

ensitivity index values of different performance states. Finally, the effects of sample sizes and correlation functions 

on the accuracy of the surrogate model, and the effects of surrogate accuracy and failure probability on sensitivity 

index values are discussed. The results show that the surrogate modelling has a high computational efficiency and 

acceptable accuracy in the uncertainty quantification of large-scale structures under earthquakes when compared to 

conventional FEM.  
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1. Introduction 

There are numerous uncertainties in engineering structures, which mainly include [1, 2]: (1) the shape 
of the real structure is not completely consistent with the design due to human errors in the construction 
process; (2) the members may have an initial small deformation due to manufacturing errors; (3) the real 
material properties may differ slightly with that used in the design; (4) the idealized loading in the 
numerical modelling is used to roughly represent the real loading; and (5) the damping characteristics 
that affect structural dynamic behaviour are difficult to quantify with certainty in dynamic cases. These 
sources of uncertainty are either aleatoric or epistemic. The effects of some uncertainties on structural 
performance have been considered indirectly in current specifications and a deterministic analysis 
strategy is adopted in the uncertainty quantification. As these uncertainties are random variables in nature, 
they cannot be explicitly characterized in the results. Quantifying their possible effects on structural 
performance is necessary as they are not yet fully understood. 
  This paper focuses on aleatoric uncertainty. The probability theory is an excellent tool to describe 
characteristics of aleatoric sources of uncertainty by means of probability density functions (PDFs). For 
stochastic structural modelling , two techniques are now used: completely random modelling [1, 2] and 
globally random modelling [3]. The former needs more complex modelling procedures, whereas the latter 
is a more efficient way to evaluate the performance of a structure with uncertainties since each variable 
is taken into account for the entire structure. To quantify the effects of the sources of uncertainty on the 
structural performance, the global sensitivity analysis (GSA) plays a critical role, and the globally 
random modelling method for sensitivity analysis is suitable.  



The GSA has been used for the model simplification, importance ranking, risk reduction, and data 
process management recently [4]. The applications of the GSA for engineering structures can be 
summarized as [5-8]: (1) understanding the input-output relationship to explore causalities; (2) 
determining the contribution of variables to the results for reducing the potential uncertainty; (3) 
identifying important variables for the dimensionality reduction; and (4) support the decision-making to 
guide future designs. 

There are several methods to conduct the GSA, including [9] the derivative-based, variance-based, 
distribution-based, and regression-based approaches. In the last decade, the variance-based approach for 
GSA has received more attention in the field of civil engineering. Using the variance-based method, 
Nariman et al. [10] assessed the effects of variables on the tensile damage and stability of a tunnel 
structure subjected to earthquakes. Zoutat et al. [11] used the variance-based method to determine the 
contribution of variables to the lateral displacement of a frame structure. Menz and Dubreuil [12] 
developed a method for quantifying the sensitivity of failure probability to the variables in the framework 
for variance-based analysis. To quantitatively analyse the effects of variables on the results, Zhang et al. 
[13] performed an analytical derivation of global sensitivity for models with variables based on the 
variances of variables, indicating that the analytical solution could be used in practice. Javidan and Kim 
[14] validated the efficiency of the variance-based GSA for fuzzy structural systems. Other developments 
for GSA can be found in the literature [15-17]. However, it has been reported [18] that in GSA, 
distribution-based techniques may be more robust than variance-based techniques when the sensitivity 
is described by the differences of the output distributions rather than just variances only. By combining 
variance-based and distribution-based approaches, Baroni and Francke [19] developed an effective 
strategy for GSA. From the above studies, the computational burden for the GSA of complex structures 
is enormous. It limited their practical applications, particularly for nonlinear structures. 

The meta-learning method, one of the fastest-growing research areas in machine learning, has been 
used to reduce the computing burden in GSA. Wei et al. [20] developed a GSA method based on the 
Karhunen-Loeve (KL) expansion, and the method was used to identify the contribution of the variables 
to the structural reliability. Ni et al. [21] presented a sensitivity analysis and uncertainty quantification 
for the natural frequencies and dynamic responses of a bridge structure based on the polynomial chaos 
expansion (PCE). Another popular method for quantifying uncertainty in design optimization [22] and 
model updating [23] is the Kriging model. To choose parameters in stochastic model updating, Yuan et 
al. [24] integrated the Kriging surrogate model with GSA. Wan and Ni [25] investigated the effect of 
variables on the dynamic demands of a time-varying structure system using an analytical Gaussian 
regression model. Amini et al. [26] investigated the superiority of the polynomial chaos Kriging (PCK) 
metamodel in quantifying the uncertainty of dam structures over other conventional methods. It is still a 
big challenge to use the meta-learning method for cases with complex structures and excitations. 

In previous studies, the statistical sensitivity analysis, including GSA, is performed directly in large-
scale dome systems using sampling methods. Taking into account the uncertain sources in the large-scale 
single-layer dome, Zhang et al. [1, 2] used the Monte Carlo sampling (MCS) method to construct a 
sensitivity analysis of the structural seismic performance based on the variance of structural demands. 
Xian et al. [27] performed a stochastic sensitivity analysis for structures with viscous dampers during 
earthquakes using Monte Carlo simulation. Because the collapse behaviour of double-layer dome 
structures varies depending on random factors, Vaezi Vazna and Zarrin [28] carried out the sensitivity 
analysis and used the First-Order-Second-Moment (FOSM) method to assess the importance of uncertain 
parameters. Using an MCS method and a Gaussian process metamodel, Wan and Ren [29] proposed a 



GSA method for solving parameter selection problems for an arch bridge. All the above, the finite 
element model was used and the computational burden is a challenge for practical applications. Recently, 
Sun and Dias [30] used a sparse PCE to build a surrogate model for performing the GSA of seismic 
deformation of a soil tunnel.  

In previous studies, the finite element method was mostly used in GSA of large-scale structures, the 
computational efficiency is low, and the GSA is for elastic structures. This study extends to elastoplastic 
structures subjected to complex stochastic excitations using an efficient regression-Kriging surrogate 
model method. The variance- and distribution-based approaches are used to quantify the importance of 
several variables. The effects of some key factors on the accuracy of the surrogate model and sensitivity 
index values are also discussed in this paper. 
2. Surrogate modelling and GSA method for structures 
2.1 Surrogate modelling 

A surrogate model of a structure can be represented mathematically as 
𝒚" = 𝜑(𝒙; [𝒙𝒕, 𝒚𝒕])                              (1) 

where 𝒙 ∈ Â" represents the 𝑛 input variables, 𝒙𝒕 ∈ Â#×" is the training input vector, 𝒚𝒕 ∈ Â# is 
the training output vector, 𝒚" is the prediction for the true value vector 𝒚, and 𝜑(·) is the surrogate 
model constructed using 𝒙𝒕 and 𝒚𝒕. To construct the surrogate model of a structure, training samples 
[𝒙𝒕, 𝒚𝒕]  must be obtained using physics-based methods such as the finite element method. After 
constructing the surrogate model,	 𝒚 can be quickly estimated for a continuous spatial field using this 
surrogate model, allowing the uncertainty quantification and GSA to be carried out efficiently. 
  The regression-Kriging (RK) method [31], a hybrid interpolation technique, is introduced in this paper 
to construct the mapping function of a structure with variables obeying normal distributions because it 
can well describe the global and local characteristics of the sample data and is easily implemented to 
reduce the computational burden. 

According to the RK model, the output 𝑦 can be written as,  
𝑦=∑ 𝛽%

&
%'( 𝑓%(𝑥) + 𝜖(𝑥)                              (2) 

where 𝛽%  and 𝑓𝒊(𝑥)  are the ith regression coefficient and regression function, respectively, 
∑ 𝛽%
&
%'( 𝑓%(𝑥) represents global approximations for	 𝑦	 and can be estimated using a quadratic model to 

improve regression accuracy, and 𝜖(𝑥)  reflects the local deviations of 𝑦 , which is defined as a 
stochastic process with a mean of zero and a variance of 𝜎*. The covariance matrix of 𝜖(𝑥) is written 
as 

𝑐𝑜𝑣;𝜖(𝑥%), 𝜖<𝑥+=> = 𝜎*𝐑[𝑅<𝜃; 𝑥% , 𝑥+=]                       (3) 
where 𝑅(·) is the correlation function,	 𝜃 is a parameter, and 𝐑 ∈ Â#×# is the correlation function 
matrix. There are some correlation functions available, including the exponential, Gaussian, Matérn 
linear, and Matérn cubic functions. The Gaussian correlation function is the most commonly used, 

𝑅<𝜃; 𝑥% , 𝑥+= = ∏exp	(−𝜃,(𝑥%, − 𝑥+,)*) , ∀𝜃, ∈ Â-                (4) 
where 𝜃, is the kth unknown to be determined. Here the Matérn 3/2 correlation function is used for the 
surrogate modelling of elastoplastic structures and the correlation function is expressed as [32] 

𝑅<𝜃; 𝑥% , 𝑥+= = ∏(1 + √3𝜃,K𝑥%, − 𝑥+,K)exp	(−√3𝜃,K𝑥%, − 𝑥+,K) , ∀𝜃, ∈ Â-        (5) 
Assuming that the known sample points are denoted as [𝒔#, 	𝒀#] and 𝒔 follows the standard normal 

distribution. According to the RK model, the prediction 𝑦N(𝒖) for an untried sample set 𝒖 can be 
written as [31], 

𝑦N(𝒖) = 𝛽∗ + 𝑟(𝒖)/𝑅0𝟏(	𝒀 − 𝒇𝛽∗)                        (6) 
where 𝛽∗  is a constant, 𝑟(𝒖)  is the vector of correlation values between 𝒖  and 𝒔 , 𝐑  is the 



correlation function matrix of the known sample vector 𝒔, and 𝒇 is the regression function vector. 𝛽∗ 
can be calculated using the following formula, 

𝛽∗ = (𝒇/𝑅0(𝒇)0𝟏𝒇/𝑅0(𝒀                            (7) 
and the estimated variance is written as,  

𝜎∗* = (
#
(	𝒀 − 𝒇𝛽∗)/𝑅0𝟏(	𝒀 − 𝒇𝛽∗)                        (8) 

The optimum estimate for 𝜃, can be obtained by maximizing the likelihood estimate,  

𝑙𝑛(𝐿) ≈ #2"34∗"5-2"|7|
*

	                             (9) 

More information is available in the literature [31].  
  A surrogate model is constructed using the method described above. Given the high nonlinearity in 
structures, the prediction performance of surrogate models should be evaluated using an error metric 
(𝑄*), 

𝑄* = 1 − ∑ (:#0:;#)"
$
#%&

= (:#0:>)"
$
#%&

                          (10) 

where 𝑘 is the sample size, and 𝑦N% and 𝑦W are the prediction and mean of 𝑦%, respectively. The closer 
the value of 𝑄* is to 1, the better the regression effect and the prediction accuracy of the surrogate model. 
When the value of 𝑄* exceeds 0.8, the surrogate model is usually appropriate for GSA. The mean square 
error 𝑀𝑆𝐸 is another metric for assessing the accuracy of the surrogate model,  

𝑀𝑆𝐸 = ∑ (:#0:;#)"
$
#%&

,
                            (11) 

2.2 GSA methods 
The output 𝑦N(𝒙) can be obtained after the sample set of 𝒙 has been determined using the Latin 

hypercube samping (LHS) method. 𝑦N(𝒙) can be written as, 
𝑦N(𝒙) = 𝑦N? +∑ 𝑦N%(𝑥%)"

%'( +∑ 𝑦N%+(𝑥% , 𝑥+)(@%A+@" +⋯+ 𝑦N(*…"(𝑥(, 𝑥*, … , 𝑥")        (12) 
where 𝑦N? is the mean value of 𝑦N(𝒙), and 𝑦N%(𝑥%), 𝑦N%+(𝑥% , 𝑥+), and 𝑦N(*…"(𝑥(, 𝑥*, … , 𝑥") represent the 
first-order, second-order, and high-order components, respectively. Due to the orthogonality, the 
unconditional variance of 𝑦N(𝒙) can be decomposed as, 

𝑉(𝑦N) = ∑ 𝑉%% +∑ 𝑉%+ +⋯+ 𝑉(*…"(@%A+@"                      (13) 
where 𝑉% is the contribution to the variance of 𝑦N(𝒙) of single variable 𝑥%, 𝑉%+ is the contribution of the 
interactions between 𝑥%  and 𝑥+ , and 𝑉(*…"  is the high-order contribution. Here, 𝑉%  and 𝑉%+  can be 
written as [7, 33], 

^
𝑉% = 𝑉[𝔼(𝒚"|𝑥%)]

𝑉%+ = 𝑉;𝔼<𝒚"K𝑥% , 𝑥+=> − 𝑉[𝔼(𝒚"|𝑥%)] − 𝑉[𝔼(𝒚"|𝑥+)]
                 (14) 

Thus, the decomposition of sensitivity indices can be expressed as, 
1 = ∑ 𝑆%% + ∑ 𝑆%+ +⋯+ 𝑆(*…"(@%A+@"                      (15) 

where 𝑆% = 𝑉% 𝑉(𝑦N)⁄  is the first-order sensitivity index, and 𝑆%+ = 𝑉%+ 𝑉(𝑦N)⁄  is the second-order 
sensitivity index. The total sensitivity index can be written as [34],  

𝑆/% = 1 − C~#[𝔼(𝒚G|H~#)]
C(𝒚G)

                             (16) 

where 𝔼(𝒚"|𝑥~%) is the mean value of 𝒚" when keeping all parameters but 𝑥% fixed, and 𝑉~%[𝔼(𝒚"|𝑥~%)] 
is its variance. 
The total-order index of a variable reflects the effects of this variable and its interactions with all other 
variables on the output [34], while the first-order index of the variable evaluates the main effect of the 



variable on the output, and the second-order index evaluates the interactive effect between two variables, 
and so forth. The difference of 𝑆/% − 𝑆% represents the degree of the interactions between the variable 𝑥% 
and the other variables. The higher-order coupling effects are not discussed in this paper because the index 
values are small. 

Another GSA method that has attracted the attention of researchers recently is based on probability 
distributions, including probability distributions based on the variables and probability distributions based 
on the outputs. In engineering structures, the structural failure function 𝐺(𝑿) is commonly expressed as, 

𝐺(𝒙) = 𝐷? − |𝐴%|#KH                             (17) 
where 𝐷? and |𝐴%|#KH are the critical value and the maximum demand of the 𝑖LM sampling structure, 
respectively. Once 𝐷? is defined, it is obvious that the values of 𝐺(𝒙) may be divided into two subsets: 
𝐺(𝒙) ≤ 0 and 𝐺(𝒙) > 0. The effect of a variable on the output can be determined by comparing the 
difference between the unconditional PDF 𝑓H#(𝑥%) and the conditional PDF 𝑓H#(𝑥%|𝐹𝑎𝑖𝑙𝑢𝑟𝑒) in the 
sample set of variables. As a result, the index 𝑆% of the variable is defined as [35], 

 𝑆% =
(
*∫K𝑓H#(𝑥%) − 𝑓H#(𝑥%|𝐹𝑎𝑖𝑙𝑢𝑟𝑒)K 𝑑𝑥%                     (18) 

𝑆% represents the first-order global sensitivity index, whose value ranges from 0 to 1. The high value of 
𝑆% shows that the variable 𝑥% has a great effect on structural failure. Since it may directly estimate the 
importance ranking of variables [35, 36], only this index is discussed in the distribution-based method. 
It should be noted that, due to different theoretical viewpoints, the variance-based method and the 
distribution-based method are numerically incomparable; however, the importance ranking of variables 
provided by the two is comparable. 

The conditional PDF is non-parametrized and cannot be easily estimated using the existing 
parametrized density functions. The PDFs in this paper are estimated using the kernel smoothing method. 
The kernel-smoothed PDF is expressed as [37], 

𝑝̂(𝑥) = (
NM
∑ 𝐾O(

H0H#
M
)N

%'(                            (19) 

where 𝐾O(·), 𝑁, 𝑥%, and ℎ are the univariate kernels, sample size, 𝑖LM sample value, and bandwidth, 
respectively, and ∫𝐾O(𝑥)𝑑𝑥 = 1 . The kernel function 𝐾O(𝑥)  is a symmetric PDF. The optimal 
bandwidth is determined using the plug-in bandwidth selection method in this paper, and the fitting effect 
is controlled by the asymptotic mean integrated square error (AMISE) criterion. 
3. Validation 

The analysis strategy described above is developed in a Python development environment. To validate 
the methods, the Ishigami function from the literature [38] is used to investigate nonlinear problems, 

𝑓(𝑥) = 𝑠𝑖𝑛(𝑥() + 𝑎𝑠𝑖𝑛*(𝑥*) + 𝑏𝑥PQ𝑠𝑖𝑛	(𝑥()                  (20) 
where 𝑥% ∈ [−𝜋, 𝜋] for 𝑖 = 1, 2, 3. 𝑥( , 𝑥* , and 𝑥P  are independent and have a uniform marginal 
distribution. Furthermore, 𝑎 and 𝑏 are set to 7 and 0.1, respectively. The function is highly nonlinear 
and nonmonotonic. It also has a peculiar dependence on 𝑥P. The theoretical values of the first-order 
Sobol indices are as follows [39], 

𝑆( =
C&
C
, 𝑆* =

C"
C
, 𝑆P = 0	                           (21) 

where 𝑉 = (
*
+ K"

R
+ S"T(

(R
+ ST)

U
, 𝑉( =

(
*
y1 + 𝑏 T

)

U
z
*
, 𝑉* =

K"

R
, and 𝑉(,P = 𝑏*𝜋R R

**U
. The values of the 

total-order indices are expressed as [39], 

𝑆/( =
C&-C&,+

C
, 𝑆/* = 𝑆*, 𝑆/P =

C&,+
C

                        (22) 



 
Fig. 1 𝑄! values of the training and test sets 

The sample size is set to 1000 in the current analysis, with a training set of 700 samples used to assess 
statistical uncertainty and construct the surrogate model of the Ishigami function, and a test set of 300 
samples used to validate the surrogate model. Fig. 1 depicts the 𝑄* values of the training and test sets. 
Because the points are almost on the diagonal of the first quadrant, these values are very close to 1, 
indicating that the constructed surrogate model is excellent and has good predictability. 

Table 1 Sensitivity index values 

Index 𝑆" 𝑆# 𝑆! 𝑆$ 

Theoretical values  0.3139 0.4425 0.0 
Variance-based 0.3139 0.4426 0.0 

Distribution-based 0.5124 (1) 0.4201 (2) 0.2286 (3) 

Index 𝑆%" 𝑆%# 𝑆%! 𝑆%$ 

Theoretical values  0.5575 (1) 0.4425 (2) 0.2437 (3) 
Variance-based 0.5574 (1) 0.4426 (2) 0.2435 (3) 

The GSA for the Ishigami function is performed using variance-based and distribution-based methods 
based on this surrogate model. Table 1 lists the theoretical values, the values obtained using the two 
methods, and the importance ranking of the variables. The first-order and total-order Sobol index values 
in the variance-based method are found to be in good agreement with the theoretical values, and both 
methods provide the same results in terms of the importance ranking of the variables. 

The values in the samples are preprocessed using min-max normalization to improve the accuracy of 
the estimated index values in the distribution-based method. Fig. 2 depicts the histograms of the variables 
in the failure set, fitted conditional PDFs, and original PDFs. The fitted conditional PDFs using the kernel 
smoothing method agree well with the histograms and can describe the characteristics of the variables in 
the failure set.  

 
Fig. 2 Conditional PDFs and unconditional PDFs 

4. A large-scale single-layer dome 
4.1 Model 

A large-scale single-layer dome [40] with a span length of 121.5 m, a height of 24.2 m, and a span-
height ratio of 5:1 is shown in Fig. 3. 756 pipe members of the structure are regularly connected by 271 
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joints. The external diameter of each pipe member is 0.245 m, and the wall-thickness is 0.01 m. The 
yielding strength and strain-hardening ratio of the steel material are set at 345 MPa and 0.015, 
respectively. The elastic modulus is set to 2.06e11 Pa. According to the equivalence, the uniformly 
distributed roof mass is applied to each joint as a concentrated mass, and each joint has a mass of 9471 
kg. The joints at the base of the structure are completely fixed. 

 
Fig. 3 Structural model: (a) Axonometric view; (b) Elevation view 

The structural finite element model with variables is developed in the probabilistic framework with 
the OpenSees program, which is based on a command-driven format and parameterized modelling 
method. Each pipe member is modelled using a displacement-based beam-column element with a fibre 
cross-section model. In the circumferential and radial directions, the cross-section is divided into 20 
fibres and 3 fibres, respectively. As a result, the finite element model has 756 elements and 271 nodes. 
The Giuffré-Menegotto-Pinto model with isotropic strain hardening is used to model the elastoplastic 
stress-strain relationship of the steel material. The large-deformation effect is considered in the modelling 
because of the shape and size of the structure. The structural damping ratio is 0.02. To model the damping 
force in the structure, the Rayleigh damping model is used, with the circular frequencies of the two modes 
for determining the damping coefficients 𝛼 and 𝛽 and set to 0.667 and 3.0 times the structural first-
order circular frequency, respectively. Static analysis is performed before dynamic analysis. In 
comparison to previous studies, this study considers both geometric and material nonlinearity, making 
high-accuracy surrogate modelling difficult. 

Table 2 summarizes and lists the statistical characteristics of variables in the dome based on the related 
literature [1, 2, 29]. The structural failure function for single-layer domes can be expressed as [1], 

𝐺<𝒙(,…,𝒙"= = 𝐿/𝑛W − |𝐷%|#KH                         (23) 
where 𝒙(, … , 𝒙" are 𝑛 variables in the dome, 𝐿 is the span length, |𝐷%|#KH is the maximum vertical 
deformation (MVD) in the 𝑖LM  sampling dome during an earthquake, and 𝑛W  is a constant that is 
defined by the limit states. 

Table 2 Variables for sensitivity analysis 

Variable (𝑿) Mean (𝝁)  Sd (𝝈) Bound Distribution 

Elastic modulus, 𝐸/Pa 𝜇=2.06𝑒11  0.05× 𝜇  

{𝜇 − 𝜎, 𝜇 + 𝜎} 𝑋!~𝑁𝑜𝑟𝑚(𝜇, σ) 

Yield strength, 𝑓"/Pa 𝜇 = 345𝑒6    0.05× 𝜇  

Strain-hardening ratio, 𝑏 𝜇 = 0.015 0.05× 𝜇  

Wall-thickness of the member, 𝑡#/m 𝜇 = 0.01 0.05× 𝜇 

Node load, 𝑁$/kg 𝜇 = 9471.0 0.1× 𝜇  

Damping ratio, x 𝝁 = 𝟎. 𝟎𝟐 0.3× 𝝁  

4.2 Ground motion records 
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  Ground motions are critical in structural dynamic analysis. The ground motions used in numerical 
modelling are currently based primarily on natural earthquake records obtained from strong ground 
motion databases such as the PEER Strong Ground Motion Databases. Natural ground motion records, 
on the other hand, differ in duration, time step, spectrum characteristic, peak acceleration, etc. An 
artificial way of generating ground motions is used to fully reflect the spectrum characteristics of all the 
chosen natural ground motions. Table 3 lists 10 typical far-field and near-field natural earthquake records 
from the PEER strong earthquake databases. Fig. 4 shows the spectra in three directions as well as their 
mean spectra (target spectra).  

Table 3 Natural earthquake records 

Event Station Year 
PGA 

x/(m/s2) y/(m/s2) z/(m/s2) 
Coalinga-01 Parkfield-Cholame 12W 1983 0.0436 0.0468 0.0219 

Imperial Valley-06 Compuertas 1979 0.1866 0.1471 0.0735 
Kobe, Japan Shin-Osaka 1995 0.225 0.2333 0.0635 

Kocaeli, Turkey Arcelik 1999 0.2101 0.1342 0.0828 
Landers Yermo Fire Station 1992 0.2445 0.1517 0.1359 

Loma Prieta Hollister-South & Pine 1989 0.3699 0.1787 0.1975 
Morgan Hill Capitola 1984 0.0988 0.1419 0.0449 

Northridge-01 Covina-W Badillo 1994 0.1047 0.0817 0.0438 
Superstition Hills-02 El Centro Imp. Co. Cent 1987 0.3573 0.2595 0.1276 

Westmorland Parachute Test Site 1981 0.2321 0.1489 0.1513 

 

 
Fig. 4 Spectra of 10 earthquake records and their mean spectra 

The following formula was proposed by Kaul [41] for converting the target response spectrum to the 
corresponding power spectral density, 

𝑆&(𝜔') = − x
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/0	(#23))
                         (24) 

where 𝑆X/(𝜔,)  is the target response spectrum, x  is the damping ratio, 𝑇Y  is the ground motion 
duration, and 𝑒 is the exceeding probability of the target response spectrum; typically, the value of 𝑒 
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is less than 15%. Furthermore, x and 𝑇Y are set to 2% and 20 s in this paper, respectively.  
The stationary Gaussian process 𝛼(𝑡) can be obtained using the trigonometric series method [42], 

𝛼(𝑡) = � 𝐶,cos(𝜔,𝑡 + 𝜑,)
N
,'(                        (25) 

where 𝐶, = �4𝑆H(𝜔,)𝛥𝜔 , 𝛥𝜔 = (𝜔Z −𝜔2)/𝑁 , 𝜔, = 𝜔2 + (𝑘 − 1/2)𝛥𝜔 , and 𝜑,  is the random 
phase angle uniformly distributed in (0, 2𝜋), and 𝜔Z and 𝜔2 are the upper and lower limit values of 
𝜔, respectively. 

To simulate the transient characteristics of ground motions, the envelope function 𝑓(𝑡) of intensity 
is used,  

𝑓(𝑡) = �
𝑡*/𝑡(*																										0 < 𝑡 ≤ 𝑡(
1																																			𝑡( < 𝑡 ≤ 𝑡*
exp[−𝑐Y(𝑡 − 𝑡*)]				𝑡* < 𝑡 ≤ 𝑇Y

                     (26) 

where 𝑐Y is the attenuation control factor, which ranges between 0.1 and 1.0, and 𝑡( and 𝑡* are the 
first and last moments of the smooth segment, respectively. In this paper, they are set to 2 s and 12 s to 
ensure that the large acceleration values are within this interval. The duration 𝑇Y is set to 20 s. The time-
history acceleration series is then obtained by combining 𝑓(𝑡) with the stationary Gaussian process 
𝛼(𝑡) [43], 

𝑥̈[(𝑡) = 𝑓(𝑡)𝛼(𝑡)                               (27) 
Finally, the target spectrum is used to iteratively adjust 𝐶, to obtain the final earthquake acceleration 
series, 

𝐶!,#$% = 𝐶!,#
𝑆𝛼𝑇(𝜔𝑘)
𝑆𝛼𝐶(𝜔𝑘)

, 𝑖 = 0,1, …                      (28) 

where 𝑆K^(𝜔,) is the response spectrum of the generated artificial ground motion. 
Based on the preceding process, Fig. 5 shows a group of randomly generated ground motions with 

peak accelerations of -2.04 𝑚/𝑠* , -1.50 𝑚/𝑠* , and 0.95 𝑚/𝑠*  in the X, Y, and Z directions, 
respectively. Only this group of ground motions is used in the GSA for the dome because it 
comprehensively reflects the statistical characteristics of the spectra of natural ground motions. 

 

Fig. 5 Reconstructed artificial earthquake ground motions 

4.3 Uncertainty quantification for structural performance states 
During earthquakes, the members of a lattice dome are subjected to large axial forces and bending 

moments. The members of the dome are in an elastic state when subjected to minor earthquakes. However, 
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during major earthquakes, some members may be in an elastoplastic state, while others may be in an 
elastic state. The proportion 𝑟& of elastoplastic members in the dome is defined to describe the structural 
performance state, 

𝑟& =
N0
N1

                                 (29) 

where 𝑁&  and 𝑁/  represent the number of elastoplastic members and total members, respectively. 
During an earthquake, 𝑁& is determined by the maximum mean strain of the cross-section in the middle 
of the member exceeding the yielding strain of the steel material. Two elastoplastic states are chosen by 
adjusting the scale factor of the ground motions. Fig. 6 depicts the quantified distributions of |𝐷%|#KH 
for the three performance states. The mean deformations of the sample domes are 0.0614 m, 0.297 m, 
and 0.5214 m, respectively. Because the mean deformation of 0.5214 m approaches 1/200 of the span 
length, which is considered the critical state of collapse in dome structures, the domes in elastoplastic 
state 2 are on the verge of collapsing. Fig. 7 shows the statistical properties of 𝑟&. It demonstrates that in 
the defined elastoplastic state 1, some members in almost every dome enter the elastoplastic state, and 
the mean and standard deviation of 𝑟&  are approximately 0.0223 and 0.0155, respectively. For the 
defined elastoplastic state 2, 𝑟& has a mean value of 0.1022 and a standard deviation of 0.0229. Here, 
the sample size is set to 4000, which is larger than that in elastoplastic state 1 due to the potentially higher 
nonlinearities in this state.  

 

 
Fig. 6 Three performance states 
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Fig. 7 Two defined elastoplastic states according to 𝑟4 

5. Global sensitivity analysis for the dome 
5.1 Accuracy of the surrogate model  

The accuracy of the surrogate models constructed using the RK method in three states is evaluated, as 
shown in Figs. 8-10. In the elastic state, the 𝑄* values for both the training and test sets are greater than 
0.95 using only 600 samples, the MSE values of the data are very small, and the regression model is 
excellent. The predicted values are in good agreement with the observed values according to the test set, 
because the mean value of error is only 1.26%. As a result, even though geometric nonlinearity exists in 
the elastic state, a high-accuracy surrogate model can be obtained with small sample size. 

For elastoplastic state 1,	 𝑄* values are greater than 0.9 for both the training and test sets, indicating 
that the structural nonlinearities reduce the predictability of the dynamic response when compared to the 
elastic structure. For elastoplastic state 2, 𝑄* value on the test set is close to 0.9, and it is extremely 
difficult to obtain a more accurate surrogate model in this case, which is close to structural collapse with 
high unpredictability. The mean errors in elastoplastic states 1 and 2 are 5.03% and 5.78%, respectively, 
which are acceptable in engineering analysis. As previously stated, surrogate models can be used in the 
structural GSA when the value of 𝑄* is greater than 0.8. 

  
Fig. 8 Assessing the accuracy of the surrogate model for the elastic structure 
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Fig. 9 Assessing the accuracy of the surrogate model for elastoplastic state 1 

 
Fig. 10 Assessing the accuracy of the surrogate model for elastoplastic state 2 

  Using the constructed RK surrogate models and the probabilistic distributions in Table 2, a resampling 
size of 10000 for the maximum demand are used for each future generation. According to Eqs. (14)-(16), 
the variance-based sensititivity indices are calculated. In the distribution-based method, the failure 
samples in generated 50000 samples of the maximum demand are needed to be determined according to 
Eq. (17). The kernel-smoothed PDFs of the unconditional samples and failure samples are obtained by 
fitting. The sensitivity index is calculated according to Eq. (18). All results are shown in the following 
sections. 
5.2 Elastic state 
  The sensitivity index values are estimated using variance- and distribution-based methods with the 
surrogate model for the elastic state, as shown in Figs. 11 and 12.  
•Variance-based sensitivity analysis 
Fig. 11(a) shows the estimated values of the first-order and total-order Sobol indices for the single 

variable using the variance-based method. According to the values, the damping ratio x has the greatest 
effect on the MVD of the structure in this state, followed by the node load 𝑁2, elastic modulus 𝐸, and 
wall-thickness 𝑡_ . Because their index values are close to zero, the yield strength 𝑓:  and strain-
hardening ratio 𝑏 have almost no effect on the MVD. It should be noticed that the values of the first-
order indices of the elastic modulus, wall-thickness of the member, and node load are significantly less 
than those of the total-order indices, indicating that they interact with other variables. 

A single variable may not have a significant effect on the target output of a dome, but in a nonlinear 
structure, it may have a significant effect through interactions with other variables. The interaction effects 
between variables are investigated in this paper, as illustrated in Fig. 11(b). The interaction of 𝑡_ on 𝑁2 
has the largest index value 𝑆%+  in all interactions, followed by the interaction of 𝐸  on 𝑁2 . Other 
interactions between variables do not affect the MVD due to the small index values. 

 
  Fig. 11 Variance-based sensitivity analysis of the elastic structure 
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•Distribution-based sensitivity analysis 

 
Fig. 12 Distribution-based sensitivity analysis of the elastic structure 

The estimated values of indices for the single variables using the distribution-based method are shown 
in Fig. 12. To determine the failure sample sets of variables, the structural failure should first be defined 
using Eq. (23). The parameter 𝑛W is set to 1800 in this case, and the failure probability of the structure 
is approximately 15.69%. According to the index values, the damping ratio x has the greatest effect on 
the failure among all variables for the elastic structure, followed by the node load 𝑁2, wall-thickness 𝑡_, 
and elastic modulus 𝐸 . Because their index values are so small, the yield strength 𝑓:  and strain-
hardening ratio 𝑏 do not affect structural failure. 
5.3 Elastoplastic state  
5.3.1 Elastoplastic state 1 
•Variance-based sensitivity analysis 
Fig. 13 depicts the estimated values of the first-order indices, total-order indices, and interaction effects 

using the variance-based method. In this state, the damping ratio x is still the variable that has the 
greatest effect on the MVD. The node load 𝑁2, elastic modulus 𝐸, and wall-thickness 𝑡_ come next. 
The yield strength 𝑓: and strain-hardening ratio 𝑏 have the least effects on MVD. According to the 
values of 𝑆%+, the interaction effects of many variables on MVD begin to increase in this state compared 
to the elastic state. The effects of 𝑡_ on 𝑁2 and 𝐸 on 𝑁2 remain more dominant than those of other 
interactions.  

 

Fig. 13 Variance-based sensitivity analysis for elastoplastic state 1 

  •Distribution-based sensitivity analysis 
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Fig. 14 Distribution-based sensitivity analysis for elastoplastic state 1 

The estimated index values using the distribution-based method are shown in Fig. 14, where the 
constant 𝑛W is set to 375, resulting in a failure probability of 31.48%. The following variables are ranked 
in order of importance: damping ratio x, node load 𝑁2, elastic modulus 𝐸, wall-thickness of the member 
𝑡_ , strain-hardening ratio 𝑏, and yield strength 𝑓: . The damping ratio and node load are still two 
variables with the greatest effect on structural failure, which is consistent with the conclusion obtained 
through the variance-based method. 
5.3.2 Elastoplastic state 2 
•Variance-based sensitivity analysis 
Fig. 15 shows the estimated index values under elastoplastic state 2 using the variance-based method. 

According to these values, the effects of the variables on the MVD are completely different from those 
in the first two structural states. Among all variables, the node load 𝑁2  is the most important. It is 
followed by the wall-thickness 𝑡_, damping ratio x, elastic modulus 𝐸, yield strength 𝑓:, and strain-
hardening ratio 𝑏. Despite its low index value, the yield strength 𝑓: has a greater effect on MVD in 
elastoplastic state 2 than on MVD in elastoplastic state 1. Simultaneously, it is found that the interaction 
of 𝑡_ on 𝑁2 are the most significant, indicating that when the dome enters a higher nonlinear state, the 
effect of this interaction on the MVD should be considered. 

 

Fig. 15 Variance-based sensitivity analysis for elastoplastic state 2 

•Distribution-based sensitivity analysis 
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Fig. 16 Distribution-based sensitivity analysis for elastoplastic state 2 

Fig. 16 shows the estimated index values using the distribution-based method. The constant 𝑛W is set 
to 200, resulting in a structural failure probability of 20.12%. The importance ranking of variables is as 
follows: node load 𝑁2, wall-thickness 𝑡_, elastic modulus 𝐸, damping ratio x, yield strength 𝑓:, and 
strain-hardening ratio 𝑏, which differs slightly from the importance ranking obtained by the variance-
based method. Because of its small value, the effect of the strain-hardening ratio 𝑏 on structural failure 
can be ignored. 
5.4 Identification of importance and characteristics of variables 

The parameter 𝑆&,% for the variable 𝒙% is defined to better quantify the effects of each variable on the 
structural performance in different states, 

𝑆&,% = 𝑆/% ∑ 𝑆/%%'"
%'(⁄                             (30) 

 
Fig. 17 𝑆&,% of each variable under three states 

Based on the previous results, Fig. 17 shows the index 𝑆&,% of each variable under three states using 
the variance-based method. Statistically, the elastic modulus 𝐸, wall-thickness 𝑡_, node load 𝑁2, and 
damping ratio x all play important roles in the structural performance for all three states, with the 
damping ratio x  and node load 𝑁2  dominating in the first two states. The following are the 
characteristics of the four variables affecting structural performance: 
•Elastic modulus 𝐸: the importance of this variable in structural performance increases slightly at first, 

then decreases significantly. 
  •Wall thickness 𝑡_: the importance of this variable increases slightly as the state transitions from 
elastic to elastoplastic. 
  •Node load 𝑁2: it is extremely important in a highly elastoplastic state. 
•Damping ratio x: the damping ratio plays a critical role in the elastic and slightly elastoplastic states.  

5.5 Time-history sensitivity analysis 
The sensitivity analysis presented above is based on the MVD (|𝐷%|#KH) in the structure. However, 
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there is a maximum vertical deformation at each time 𝑡 for the 𝑖LM sample structure, which is denoted 
as |𝑑%|#KH(𝑡), and this physical quantity is time-dependent during an earthquake. The sensitivity of 
|𝑑%|#KH(𝑡) to the variables is discussed in this work. The time-history GSA has not yet been investigated 
in previous studies. 

 

 
Fig. 18 Time-history sensitivity indices 

Fig. 18 shows the estimated values of the time-dependent first-order and total-order indices using the 
variance-based method. For all sample structures, these values are estimated from |𝑑%|#KH(𝑡) at each 
time 𝑡. Because constructing a large number of new surrogate models is a time-consuming task, each 
estimated index value is output in the intervals of 0.05 s to illustrate the evolution of indices. The total 
time is 20 s. 

Several interesting findings are summarized below: 
(1) Because of their large total-order index values, the damping ratio x , node load 𝑁2 , elastic 

modulus 𝐸, and wall-thickness 𝑡_ have noticeable effects on |𝑑%|#KH(𝑡) in the first two states, 
while other variables have little effect. The elastic modulus 𝐸 and wall-thickness 𝑡_ have the 
nearly identical effect on |𝑑%|#KH(𝑡). The values of the first-order indices of the node load 𝑁2, 
elastic modulus 𝐸, and wall-thickness 𝑡_ decrease over time, indicating that they interact with 
other variables. 

(2) The index values of the damping ratio x increase over time in all three states, especially in 
elastoplastic state 1, indicating that this variable has a significant effect on |𝑑%|#KH(𝑡) in the later 
stages of the earthquake. This variable has no obvious interaction with other variables in the three 
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states because the first-order index values are close to the total-order index values. In elastoplastic 
state 2, the node load 𝑁2 has the most important effect on |𝑑%|#KH(𝑡). This variable contributes 
the most to structural deformation. 

6. Discussion 
6.1 Sensitivity of the surrogate model to sample size 

The construction of the surrogate model requires a certain number of samples. A large sample size 
imposes a significant computational burden, whereas a small sample size cannot fully reflect the 
relationship between input and output. This paper discusses the effect of sample size on the surrogate 
model using 𝑄* values from the training and test samples, as shown in Fig. 19. To better investigate the 
sensitivity of the surrogate model to sample size, the scale factor of ground motions is set to 1.0 in this 
case, and the structure remains elastic. 

According to Fig. 19, the 𝑄* value increases with sample size, indicating that the surrogate model is 
sensitive to sample size, particularly in the test set. When the sample size is greater than 400, the surrogate 
model performs better in terms of generalization. There are currently no effective criteria for determining 
sample size, which can only be defined by the convergence of statistical quantities. It can be observed 
that the RK has a good regression ability for the elastic structure when the sample size is larger than 400.  

 
Fig. 19 Sensitivity of the surrogate model to sample size 

6.2 A comparison of the accuracy of the surrogate model using different correlation functions 
In the RK method, the correlation function influences the accuracy of the surrogate model. Only using 

the Gaussian correlation function can obtain the surrogate model with the highest accuracy for elastic 
structures. In this paper, the Gaussian, Matérn 3/2, and Matérn 5/2 functions are compared in surrogate 
modelling for elastoplastic structures. Fig. 20 shows the 𝑄* values and mean errors of two surrogate 
models on the test sets for elastoplastic state 1. The results show that the Matérn 3/2 correlation function, 
when compared to the Gaussian correlation function, can improve the surrogate model to some extent, 
as the 𝑄* value increases from 0.9042 to 0.9207, the 𝑀𝑆𝐸 value decreases from 7.34e-4 to 4.27e-4, 
and the mean prediction error decreases from 5.57% to 5.03%. However, the Matérn 5/2 correlation 
function cannot improve the accuracy of the surrogate model. 
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Fig. 20 A comparison between the correlation functions 

6.3 Effect of the accuracy of the surrogate model on sensitivity index values  
  As previously stated, the accuracy of the surrogate model for GSA should be greater than 0.8. The 
effect of the accuracy of the surrogate model on sensitivity index values is investigated in this paper. 
Four surrogate models with different accuracy are compared in GSA, and their index values are shown 
in Fig. 21. The surrogate models with the 𝑄* values greater than 0.85 provide nearly identical index 
values, indicating that these values are stable when the 𝑄* values are greater than 0.85. The index values 
from the surrogate model with the 𝑄* value of 0.7110, on the other hand, differ from those of the other 
three models. It is important to note, however, that the same importance ranking for variables can be 
obtained using all four models, indicating that the importance ranking of variables is not sensitive to the 
accuracy of the surrogate model. 

 
Fig. 21 Effect of the accuracy of the surrogate model on sensitivity index values 

6.4 Effect of failure probabilities on distribution-based sensitivity indices 
  The conditional PDFs of variables must be determined in the distribution-based method based on a 
failure set. In Eq. (23), the parameter 𝑛W  should be assumed in advance. When the probability of 
structural failure is so low that the kernel smoothing technique cannot accurately fit the conditional PDFs 
of variables with small samples, the structural GSA may have low accuracy. The effect of failure 
probability on sensitivity index values is investigated. 

Fig. 22 shows the estimated index values of an elastic structure using the distribution-based method 
for different failure probabilities based on 𝑛W  values. Although 𝑃  has no obvious effect on the 
identification of the importance of variables in the failure probability range of 1.67%-33.22%, it does 
have a noticeable effect on the estimated index values, which decrease as the failure probability increases. 
Different failure probabilities result in different target functions (see Eq. (23)), the variables behave 
differently, and the index values do not remain constant in this case. 
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Fig. 22 Effect of the probability of failure on the sensitivity indices 
7. Conclusions 
  The global sensitivity analysis (GSA) plays a critical role in uncertainty quantification of a structure. 
The conventional finite element method leads to a heavy computational burden in quantifying the effects 
of sources of uncertainty on structural dynamic performance. In this paper, the regression-Kriging 
algorithm is used to construct a surrogate model for a large-scale dome structure subjected to earthquake 
ground motions, thus, the global dynamic behaviours of the nonlinear structure are investigated based on 
the variance- and distribution-based methods. The results show that the computational efficiency by the 
proposed method is significantly improved. According to the results, the following conclusions are 
obtained: 
(1) Among the sources of uncertainty related to structures, the damping ratio and roof load are the two 

most important variables affecting structural performance in both elastic and slightly elastoplastic 
structures. As the structural plasticity develops, the roof load, rather than damping, plays the most 
important role. In addition, according to the time-history sensitivity analysis, the index values of the 
roof load are generally maintained at a high level for three performance states.  

(2) The accuracy of the surrogate model is sensitive to the sample size required for the model 
construction and is affected to some extent by the correlation function used in the RK method. The 
high-accuracy surrogate model can provide stable sensitivity index values in the variance-based 
method, whereas the sensitivity index values in the distribution-based method depend on the 
selection of the failure probability. However, they do not affect the importance ranking of variables. 
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