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A B S T R A C T   

Consideration of uncertainties involved in the structural design of buildings is important for ensuring safety 
against earthquake load. However, optimum design of structures considering uncertainties requires a significant 
amount of computational effort, which makes it difficult to apply in practice. The current study proposes a 
framework to provide an optimal distribution of energy dissipation devices in building structures with various 
uncertainties using meta-model techniques. The uncertainties involved in the design parameters are modeled as 
fuzzy variables, and the optimum seismic retrofit design of a structure is carried out using steel-slit dampers to 
satisfy a given limit state. The polynomial chaos expansion (PCE) and PCE-Kriging models are selected for un-
certainty quantification and seismic performance evaluation of fuzzy structural systems. The analysis results 
show that the developed meta models are accurate in comparison with the conventional seismic performance 
evaluation techniques, and are especially useful in the optimum seismic retrofit design of structures with 
inherent uncertainties.   

1. Introduction 

In today’s environment with limited resources, buildings are 
designed methodically for maximum efficiency. Various optimization 
processes are routinely implemented to maximize structural perfor-
mance at the lowest possible cost. While algorithmic advancements and 
the availability of low-cost computing power enable analytical tech-
niques to become increasingly precise, it is not always possible to 
accurately determine the design parameters necessary to define a 
structural system due to the system’s inherent unpredictability. Those 
uncertainties, regardless of their nature, must be accounted for in the 
design phase since they affect the accuracy of computational models 
and, ultimately, the safety of the building. Within the probabilistic 
framework, various optimization techniques under uncertainty strate-
gies have been applied [1,2]. When there is insufficient data and the 
accuracy of probabilistic parameters cannot be guaranteed, fuzzy anal-
ysis accounting for a lack of data in modeling and analysis is preferred 
[3]. 

The high cost of computation is a well-known drawback of structural 
optimization techniques. When the goal function is based on the prop-
agation of uncertainty through a computer model, this problem is 
exacerbated. These days surrogate modeling based on machine learning 

is frequently employed in the fields of uncertainty quantification and 
design optimization. For repeated evaluation, a surrogate model is a 
low-cost approximation of a physical model. Kriging, also referred to as 
Gaussian process modeling, is one of the most extensively applied ma-
chine learning techniques to engineering challenges [4,5]. 

In recent years, research and development of structural protection 
systems against earthquakes have made remarkable strides [6,7]. 
Particularly, various energy dissipation devices have been utilized for 
decades as a cost-effective method of reducing the risk of building 
structures [8]. They can absorb and diffuse seismic input energy and 
prevent damage or collapse of structures [9]. By arranging the devices in 
a way that facilitates replacement, broken elements can be fixed or 
replaced with minimal effort and expense, resulting in fewer disruptions 
to human habitation [10]. 

Design optimization is a decision-making process that seeks to 
identify the optimal combination of design variables in order to lower 
total cost while meeting specified performance objectives [11,12]. 
Reliability-based design optimization (RBDO) includes uncertainty in 
the optimization procedure [13], and is required to anticipate seismic 
responses of structures with insufficient structural information. How-
ever, the application of RBDO is still limited to academic domains, 
despite its appealing performance. This is mostly because it needs 
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computationally demanding stochastic simulations that are not feasible 
in practice [12]. 

Recently various meta-models have been widely used in solving 
structural problems. For example, García-Macías and Filippo [14] 
employed a surrogate model-based Bayesian model updating (BMU) 
method for the purpose of automatically identifying damage to massive 
structures. It was established that the implementation of a high-fidelity 
surrogate model with an adaptive Markov Chain Monte Carlo (MCMC) 
algorithm overcomes the computing challenges associated with 
Bayesian inference utilizing intensive numerical models. Dutta [15] 
provided a strategy for employing meta-model techniques to lower the 
computing costs in optimization issues with uncertainty. The proposed 
metamodel-based approach for optimization under uncertainty of a 244 
member large-scale tower has been found to deliver noticeably quicker 
and more precise results. 

The physics-driven approaches, such as time history analysis (THA) 
and the capacity spectrum method, determine structural responses by 
creating a structural mechanics model, whereas the data-driven 
methods, such as machine learning, gather data and then create surro-
gate models to forecast structural responses. Machine learning is now 
routinely utilized in the construction industry to anticipate future out-
comes [16]. To approximate earthquake-induced reactions and dam-
ages, various machine learning approaches have been used such as long 
short-term memory (LSTM), convolutional neural networks (CNN), and 
artificial neural networks (ANN) [17,18]. 

The present work intends to develop an effective optimum retrofit 
design technique for existing building structural systems with various 
uncertainties in design parameters using meta-models. The goal is to find 
out optimum story-wise distribution of steel slit dampers in an existing 
framed structure, which can satisfy a predefined performance limit state 
using a minimum amount of the slit dampers. The uncertainties involved 
in soil conditions (shear wave velocity and soil weight density), earth-
quakes (fault type, closest distance to the ruptured area, and moment 
magnitude), and the structure (yield strength, elastic modulus, and 
mass) are considered in this study. Basic theories on fuzzy analysis, 
reliability based optimum design, meta-model technique using poly-
nomial chaos expansion, and kriging model are briefly explained first, 
and then the developed fuzzy reliability based optimum design pro-
cedure is applied to an 8-story steel framed structure for verification. 
The steel slit damper, which is a widely used seismic energy dissipation 
device for building structures, is applied for optimum seismic retrofit 
design of the case study structure. 

2. Fuzzy modeling of uncertainty 

A fuzzy modelling of a design variable with uncertainty in the opti-
mum seismic retrofit design is briefly presented in this section. Readers 
are referred to previous research on fuzzy randomness for more infor-
mation [19]. A fuzzy set Ã for an uncertain variable × can be defined as. 

Ã = {(x, μA(x)|x ∈ X} (1) 

where X is a fundamental set and x denotes the elements of this set. 
μA(x) is the membership function of the fuzzy set Ã as shown in Fig. 1(a). 
The membership function relates each x ∈ X to a real number in the 
range [0,1]. A crisp set in which all elements of a fuzzy set have mem-
bership values greater than zero is the support S(Ã): 

S
(

Ã
)
= {x ∈ X|μA(x) > 0} (2) 

A fuzzy number ̃az can be explained as a convex normalized fuzzy set 
with continuous membership function in which one of the elements has 
functional value of 1. The element with functional value of 1 is the mean 
value of the fuzzy number ãz. A fuzzy triangular number with a linear 
membership function can be specified using the following notation: 

ãz =< x1, x2, x3 > (3) 

where x1 and x3 correspond to the smallest and the largest values of 
the support and x2 is a value in which membership function is equal to 

1.0. The α-level set is a subset of the support S
(

Ã
)

and generates a crisp 

set from the fuzzy set Ã. In the sake of simplicity, the study used a tri-
angle membership function (Fig. 1(b)). To execute the fuzzy analysis, a 
finite number of α-levels between 0 and 1 are specified, and then each 
α-level is given as follows: 

α =
[
α1, α2,⋯, αi,⋯, αN] (4) 

Optimization methods can be used to achieve the least and maximum 
values of the output for each α-level. α-level can be repeated for a 
number of iterations to acquire the boundary intervals. Each interval Aαk 

directly relates to a random variable, and each set of α-level can be 
formed as [3]: 

xαk ,r = xαk ,L +RAND( )*
(
xαk ,R− xαk ,L

)
(5) 

where RAND( ) is a function that involves selecting a number within 
0 and 1. The fuzzy random variable set XT can be expressed in the 
following form, taking into account the boundary intervals and gener-
ated random variables for each α-level: 

XT =
{

xαk ,l, xαk ,i, xαk ,r
}

(6)  

3. Reliability based design optimization (RBDO) 

The objective of structural design optimization is to reduce a given 
cost while maintaining performance within predetermined safety stan-
dards [20]. In the presence of uncertainties affecting their design pa-
rameters or operational conditions, deterministic systems can function 
outside of their normal range [21]. However uncertainties are typically 
disregarded or implicitly accounted for when semi-probabilistic design 
methods such as the partial safety factor approach are utilized [22]. 

Fig. 1. Fuzzy representation of a variable: (a) Fuzzy set Ã, support set S(Ã), and α-level set Aαk ; (b) Fuzzy triangular number ãz.  
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Frequently, reliability-based design optimization (RBDO) is applied to 
explicitly include uncertainties in the design of structures [23]. RBDO 
can be classed as an approximation-based or simulation-based approach, 
depending on the technology utilized for reliability analysis. Traditional 
RBDO approaches include the reliability index method (RIA), the per-
formance measure approach (PMA), the sequential optimization and 
reliability assessment (SORA), and the single loop approach (SLA) [24]. 
In its broadest sense, however, this research focuses on directly 
addressing the RBDO problem as opposed to using approximation 
techniques. 

The objective of a reliability-based design optimization is to reduce 
the system’s cost while adhering to pre-determined constraints that take 
into account various uncertainties. The problem can be described as 
follows in general terms: 

d* =
argmin

d ∈ D
c(d) Subject to

:

{
fj(d) ≤ 0, j = {1,⋯, s}

P(gk(X(d),Z ) ≤ 0 ) ≤ Pfk, k = {1,⋯, n} (7) 

where × and z are realizations of the random variables X and Z, 
respectively. The former is a set of random variables indexed on the 
design variables that may represent manufacturing tolerances, whereas 
the latter is a set of random variables indexed on the design variables 
that may represent manufacturing tolerances, such as the loading. The 
cost function c is minimized in this case with respect to the design 
variables D⊂RMd . Soft constraints fj, j = {1, ⋯, s}, often known as 
constraint functions, are simple functions that limit the design space. 
Hard constraints gk, k = {1, ⋯, n}, on the other hand, are limit-state 

Fig. 2. Flowchart of the framework used in this study.  
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functions that specify the system’s performance. They are usually based 
on a computational model that specifies how well a system works. The 
probabilistic requirements of RBDO demand that the failure probability 
should be less than a specific threshold, P. 

The framework utilized in this investigation is depicted in Fig. 2. It 
comprises four steps: initialization, surrogate modeling, reliability 
analysis, and optimization. The surrogate modeling is the core of the 
framework, and the basic concept is to replace any difficult-to-evaluate 
black-box function with an analytical function that is simple to evaluate. 
Diverse surrogate modeling techniques, such as Gaussian process 
modeling or Kriging, polynomial chaos expansions, support vector ma-
chines, artificial neural network, etc., are available today based on 
various assumptions. Each of these surrogate models has a structure and 
parameters that must be calibrated using a learning algorithm and a 
limited data set, often known as the experimental design or training set: 
D = {

(
Xi,Yi), i = 1,⋯,N} where Xi is an input of the computational 

model M and Yi = M (Xi) is the associated response. 
In this study, a surrogate model was constructed in an augmented 

space that includes both random or deterministic design factors and 
environmental variables. The purpose of the augmented space consid-
ered here is to define a confidence region over which the surrogate 
model will be evaluated in order to reduce extrapolation, or the evalu-
ation of the surrogate model far from current training points. It is 
comprised of a tensor product of confidence regions established for 
design parameters and environmental variables. For the former, we 
simply expand the deterministic bounds on the design parameters d(i) in 
each dimension in order to minimize the likelihood of sampling outside 
of this area for designs near to the boundaries to an acceptable level. Let 
us represent these probabilities by αd−i and αd+

i 
respectively for the lower 

and upper bounds in each dimension i = {1, ⋯, Md}. The related 
augmented space in the i-th dimension has the following bounds: 

x−i = F− 1
Xi |d−i

(
αd−i

)
, x+i = F− 1

Xi |d+i

(
1 − αd+i

)
(8) 

where F− 1
Xi |d−i 

and F− 1
Xi |d+i 

are respectively the inverse cumulative dis-

tribution functions (CDF) of the random variables associated to the 
lower and upper bounds of d(i), denoted by d−

i and d+
i . Ultimately, the 

design confidence region is produced through tensorization: 

X =
∏Md

i=1

[
x−i , x

+
i

]
(9) 

For an environmental variable, the marginal confidence region is 
obtained by defining a symmetric bounded area, with respect to the 
probability content, around its mean value. By specifying the preceding 
probability by αz, the marginal confidence region can be calculated as 
follows: 

z−i = F− 1
Zi

(αzi

2

)
, z+i = F− 1

Zi

(
1 −

αzi

2

)
(10) 

where F− 1
Zi 

is the inverse CDF associated with the environmental 
variable Zi. The associated confidence region is: 

Z =
∏Mz

i=1

[
z−i , z

+
i

]
(11) 

The augmented space follows a tensor product of the marginal con-
fidence regions, i.e.: 

W = X × Z (12) 

Any optimization algorithm such as non-dominated sorting genetic 
algorithm (NSGA-II) [25] or covariance matrix adaptation- evolution 
scheme (CMA-ES) [26] may be seamlessly put into the framework. It was 
noted that, among the evolutionary algorithms, a CMA-ES-based method 
outperformed a genetic algorithm [27]; however this observation may 
be invalidated for other problems. In general, one must differentiate 

between ’global’ and ’local’ search techniques. In the former, the 
complete design space is investigated by sampling points in accordance 
with an algorithm-specific method. It is anticipated that this sampling 
process will gravitate towards the area that has the best chance of 
containing the ideal solution. The former begins with a guess, whereas 
the latter uses some local knowledge of the cost function to build a series 
of improved designs. The latter is anticipated to converge to a local 
minimizer, which cannot be the global one until certain requirements 
are met. While typically costing more than local optimizers, global al-
gorithms have inherent mechanisms that boost the likelihood of reach-
ing the global optimizer. The hybrid method known as the covariance 
matrix adaptation-evolution scheme (CMA-ES) benefits from both global 
and local optimizers. The (1 + 1)-CMA-ES method is a modification of 
the covariance matrix adaptation–evolution strategy (CMA-ES) created 
by Igel et al. [28]. In this form, each parent produces exactly one 
offspring, and the covariance matrix is modified to encourage sampling 
in directions that enhance the objective function. In this study the (1 +
1)-CMA-ES method was applied to perform the optimum seismic retrofit 
design of the case study structure in Section 6. 

4. Meta-model techniques for seismic performance evaluation 

4.1. Polynomial chaos expansions (PCE) 

As the reliability-based optimization analysis generally involves 
significant computational effort, this study used surrogate models to 
reduce the computational costs. Polynomial chaos expansions (PCE) are 
a robust meta-modeling technique that tries to provide a practical esti-
mation of a computational model through its spectral representation on 
a suitable polynomial function basis. This section provides an overview 
of the significant theories and literatures on this topic. 

Consider the probability space (Ω; F ;P ), where Ω represents the 
event space including σ-algebra F and the probability measure P . 
Random variables are represented with capital letters X(ω) : Ω → D X⊂R 

whereas their respective realizations are marked with lowercase letters. 
Random vectors (X = {X1,⋯,XM}

T) and their realizations (x =

{x1,⋯, xM}
T) are expressed by bold faced capital and lower case letters, 

respectively. Consider a system in this context whose behavior is rep-
resented by a computational model M that maps the M− dimensional 
input parameter space to the 1-dimensional output space, i.e., M : x ∈

D X⊂RM→y ∈ R where x = {x1,⋯, xM}
T. Assuming that the input vec-

tor x is subject to unpredictability, a probabilistic framework is intro-
duced. The input vector is represented by a random vector with a 
particular joint probability density function due to its uncertainty (PDF). 
For the sake of simplicity, the components are considered to be inde-
pendent throughout the work. Therefore the joint PDF can be expressed 
as the product of the marginal PDFs marked by fXi , i = 1; …; M. Note that 
the scenario of dependent input variables can be dealt with relative ease 
by employing an isoprobabilistic transform, such as the Nataf or Rose-
nblatt transform, beforehand. The model’s output is a random variable Y 
created by propagating the uncertainty of the input X through the 
computational model M . 

Y = M (X) (21) 

The polynomial chaos expansion of M (X) is thus defined as follow: 

Y ≡ M (X) =
∑

α∈NM

aαψα(X) (22) 

where {aα,α ∈ NM} represents the coefficients of multivariate 
orthonormal polynomials ψα(X) consistent with the distribution of the 
random vector input. X represents the multi-index, while M represents 
the number of input variables. The joint probability density function is 
the product of the margins fXi given that the components of X are in-
dependent. Then, a functional inner product is defined for each marginal 
PDF. 
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〈ϕ1,ϕ2〉i =

∫

Di

ϕ1(x) ϕ2(x) fXi (x)dx (23) 

for any pair of functions {ϕi,ϕ2} for which an integral exists. For 
each variable I = 1; …; M, an orthonormal polynomial basis satisfying 
the following conditions can be constructed: 
〈

Pi
j, Pi

k

〉
=

∫

Di

Pi
j(x) Pi

k(x) fXi (x)dx = δjk (24) 

where Pi
j; Pi

k are the two potential univariate polynomials in the i-th 
variable, D i denotes the support of the random variable Xi, and δjk de-
notes the Kronecker delta which is equal to 1 when j = k and equal to 
0 otherwise. Then, by multiplying the numerous polynomials in each 
input variable, the univariate polynomials in Eq. (2) are transformed 
into the multivariate polynomials: 

ψα(X) =
∏M

i=1
ψi

αi
(Xi) (25) 

where ψ i
αi 

denotes the polynomial of degree αi in the i-th variable. 
Polynomial chaos expansion (PCE) involves interpolating the compu-
tational model with an infinite series of polynomials as demonstrated by 
Eq (2). In practice handling infinite series is not possible, hence a 
truncation strategy is required. This truncation approach relates to a set 
of multi-indices α ∈ A ⊂NM that closely resemble the system’s response 
in terms of an error measure: 

Y ≈ YPCE=

def

M
PCE

(X) =
∑

α ∈ A

aαψα(X) (26) 

A truncation set A can be selected a priori in a number of ways. A 
frequent and straightforward method is limiting the total degree of 
polynomials to the maximum value p. The degree of polynomials as a 
whole is defined by. 

|α| =
∑M

i=1
αi (27) 

In this instance, the set of multi-indices is indicated as A
M,p =

{α ∈ NM: |α| ≤ p}, where p is the maximum degree of all polynomials 
taken together. Cardinality of the set A is as follows: 

⃒
⃒A M,p⃒⃒ =

(M + p)!
M!p!

(28) 

This cardinality increases polynomially as M and p increase. Such a 
truncation approach results in untraceable difficulties if the response is 
extremely nonlinear in its input parameters (requiring a big p) and/or if 
the size of the input vector X is enormous (for example, M > 10). This 
issue is known as the “high dimensionality.”. 

4.2. Polynomial chaos expansion – Kriging (PCK) 

Kriging is distinguished by its ability to interpolate local differences 
in the output of a computational model based on the surrounding 
experimental design points [29,30]. Polynomial chaos expansions (PCE) 
are utilized to approximate the global behavior of M using a collection of 
orthogonal polynomials. Polynomial-Chaos-Kriging (PC-Kriging) com-
bines these two different meta-modeling techniques and their properties. 
It captures the global behavior of the computational model with the set 
of orthogonal polynomials in the trend of a universal Kriging model and 
the local variability with the Gaussian process by combining the two 
methods. The PC-Kriging meta-model can be represented as follows, 
using the standard notation for truncated polynomial chaos expansions: 

M (x) ≈ M
(PCK)

(x) =
∑

α∈A

aαψα(x)+ σ2Z(x) (29) 

where A is the index set of the orthonormal polynomials and 

∑
α∈A aαψα(x) is the weighted sum of orthonormal polynomials 

describing the mean value of the Gaussian process. Z(x) denotes a sta-
tionary Gaussian process with zero mean and unit variance that is 
characterized by an autocorrelation function and parameterized by a set 
of hyper-parameters θ̂. 

Building a PC-Kriging meta-model involves two steps: determining 
the ideal set of polynomials contained in the regression section and 
calibrating the correlation hyper-parameters and Kriging parameters. 
Sparse sets of polynomials are determined utilizing the Least-Angle- 
Regression (LAR) algorithm in conjunction with hyperbolic index sets. 
After the set of polynomials is fixed, the universal Kriging equations 
(Eqs. (30)-(33)) are used to evaluate the trend and correlation 
parameters. 

Given a value for the autocorrelation hyper-parameters θ̂, it is 
possible to calibrate the Kriging model parameters {β(θ̂), σ2

y(θ̂)} using 
an empirical best linear unbiased estimator (BLUE). The optimization 
results in an analytical expression in terms of θ̂: 

β(θ̂) =
(
FT R− 1F

)− 1FR− 1Y (30)  

σ2
y(θ̂) =

1
N
(Y − Fβ)T R− 1(Y − Fβ) (31) 

where Y = {Yi, i = 1,⋯,N} denote model responses of the exact 
computational model on the experimental design X = {Xi, i = 1,⋯,N}, 
Rij = R(

⃒
⃒Xi − Xj

⃒
⃒; θ̂) denotes the correlation matrix, and Fij = fj(Xi) de-

notes the information matrix. Recent advances have made it possible to 
identify the ideal correlation parameters using either a maximum- 
likelihood estimate (ML) or leave-one-out cross-validation (CV). The 
optimal parameters are determined by minimizing the following 
expression: 

θ̂ML = argminθ

[
1
N
(Y − Fβ)T R− 1(Y − Fβ)(detR)1/N

]

(32)  

θ̂CV = argminθ

[
YT R(θ)− 1diag

(
R(θ)− 1 )− 2

R(θ)− 1Y
]

(33) 

Generally ML is preferred to CV in well-defined situations, i.e., when 
the autocorrelation function of the computational model and the auto-
correlation function family of the meta-model are similar. The family of 
autocorrelation functions cannot be determined with accuracy for 
practical applications, assuming a black-box model. In this situation, CV 
should produce more reliable results than ML. 

Various combinations are possible between the PCE and Kriging 
frameworks; for instance, Sequential PC-Kriging (SPC-Kriging) and 
Optimal PC-Kriging (OPC-Kriging) (OPC-Kriging). Both approaches 
make use of the experimental design X, the associated response values Y 
derived from the computational model M (X), the description of the 
stochastic input variables (joint PDF fX), and the parametric formulation 
of the autocorrelation function R(

⃒
⃒Xi − Xj

⃒
⃒; θ̂). 

In this study the sequential PC-Kriging (SPC-Kriging) is utilized, 
where the set of polynomials and the Kriging meta-model are determined 
sequentially. This technique is based on the idea that the optimal set of 
polynomials discovered by the LAR algorithm in the context of pure PCE 
can be used directly as the optimal trend for universal Kriging. In the 
first stage, the optimal set of polynomials is calculated using the PCE 
framework: the truncation set A is discovered by performing the Least- 
Angle-Regression (LAR) approach as described by Blatman and Sudrett 
[31]. The multivariate orthonormal polynomials are then incorporated 
into a universal Kriging model. Equations (30) through (33) are utilized 
to calibrate the universal Kriging meta-model. At the conclusion of the 
procedure, the accuracy of the meta-model can be determined by the 
leave-one-out error given in Equation (34): 
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Err(K)

LOO =
1
N

∑N

i=1

(
Yi − μŷ ,(− i)

(
Xi)

)2
(34) 

where μ ŷ ,(− i)(X
i) denotes the prediction mean μ ŷ of the sample Xi by a 

Kriging meta-model according to the experimental design X(− i) = X/Xi, 

and Y = {Yi, i = 1,⋯,N} denotes the exact model response. 
Fig. 3 depicts the flow of the Sequential PC-Kriging (SPC-Kriging) 

method, where the required input data and the computational opera-
tions are depicted. Given a calibrated SPC-Kriging model, Equations (31) 
and (32) compute the response of additional input realizations (i.e., the 
prediction) (32). 

Fig. 3. Flowchart of the polynomial chaos expansion Kriging approach used in this study.  

Fig. 4. Configuration of the case study building: (a) Elevation view; (b) Structural plan.  

Fig. 5. Typical steel slit dampers used for seismic retrofit: (a) Configuration of a slit damper; (b) installation scheme.  
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5. Application of a meta-model in the RBDO of fuzzy structural 
systems 

Fuzzy random study of a structure subjected to earthquake ground 
motions requires a large number of nonlinear analyses and a consider-
able amount of time. It becomes significantly more complicated when 
optimization is included. In the seismic analysis, meta-model techniques 
are utilized to minimize calculation time to an acceptable level. In this 
study fuzzy random variables were used to conduct a fuzzy probabilistic 
analysis, and the meta-model was constructed utilizing the results of a 
time-history analysis of the model structure with varied damper ar-
rangements as input data. The developed meta-model was utilized to 
solve the optimization problem quickly. 

5.1. Structural model 

An eight-story steel office building located on site class D soil in 
downtown Los Angeles was chosen as the fuzzy structural system to be 
optimally retrofitted. The structure was already used and verified by 
Lignos and Krawinkler [32]. It was designed per AISC specification 
[33,34] with an importance factor of 1.0 and a risk category of II, using a 

special moment frame (SMF) at the perimeters as the lateral force 
resisting system. The interior gravity frame was developed with normal 
single-plate shear tab beam to column connections, and the W14x90 and 
W24x55 sections were allocated as gravity columns and beams, 
respectively. Fig. 4 shows the case study building’s elevation view and 
structural plan. The particular moment frame positioned in the East- 
West (EW) direction is the prototype frame in which the passive en-
ergy devices are placed. 

The OpenSees (Open System for Earthquake Engineering Simulation) 
framework [35] was used to analyze the prototype frame during the 
primary fuzzy random analysis. The beams and columns were modelled 
using the elasticBeamColumn element, which has two flexural springs 
on both ends. The flexural springs were modelled using the zeroLength 
element to mimic plastic hinges. To characterize the decrease in strength 
and stiffness of the steel parts during cyclic loading, the modified Ibara- 
Medina-Krawinkler model was used for the springs. To represent the 
backbone curves of steel elements in the modified Ibara-Medina- 
Krawinkler model, some parameters are required. According to Lignos 
and Krawinkler, these parameters can be estimated using empirical 
formulae based on calibrated experimental data [34]. With only one 
rotational spring, a parallelogram model was used to represent the panel 
zone. To mimic p-delta effects, a fictitious column was attached to the 
frame model with axially rigid truss members. This column has zero 
rotational stiffness, and a vertical load equal to half of the building’s 
seismic gravity load minus the tributary load was supplied to it. The 
damping matrix was constructed using the Rayleigh damping with a 2% 
critical damping ratio in the first and the third modes. The model 
structure turned out to have insufficient seismic load-resisting capability 
when subjected to the seismic load specified for the LA area and needs 
retrofit. 

5.2. Ground motion model 

A series of nonlinear time history analysis of a structural model using 
a suite of earthquake records are required for an in-depth reliability 
study. To this end, Yamamoto and Baker [36] and Rezaeian and Der 
Kiureghian [37] proposed models to generate random artificial ground 
motions. In the current study, the model developed by Rezaeian and Der 
Kiureghian [37] was used to account for both epistemic and aleatory 
uncertainties involved in earthquake ground motions. In the model, an 
acceleration time history, x(t), which is the response of a linear filter 
with time-varying parameters to Gaussian white noise, can be charac-
terized as follows: 

x(t) = q
(
t,αg

)
*

1
σh(t)

∫ t

− ∞
h[t − τ, λ(τ) ]ω(τ)dτ (14) 

where q
(
t,αg

)
is a non-negative deterministic modulating function 

and αg is a vector that controls the record’s intensity, shape, and dura-
tion. σh(t) is the integral process’s standard deviation, and signifies 

Fig. 6. OpenSees simulation of the slit damper with three strips under har-
monic loading. 

Table 1 
Uncertainty parameters considered in the seismic analysis.  

Symbol Description Distribution Type [reference] Input parameters 

Vs30 Shear wave velocity at the building site Continuous Uniform [38,39] a=<143.9,163,182.1> b=<386.5,489,591.5>
γ Soil weight density (kN/m3) Continuous Uniform [40] a=<15.06,16.5,17.94> b=<19.63,20.5,21.37>
F Fault type Binary [38] 0 for strike-slip faults 1 for reverse faults 
Rrup Closest distance to the ruptured area Continuous Uniform 

[38] 

a=<16.33,25,33.67> b=<76.33,85,93.67>

ME Moment magnitude of the earthquake Continuous Uniform 

[38] 

a=<6.61,6.75,6.89> b=<7.61,7.75,7.89>

fy Yield strength of steel (MPa) Continuous Lognormal [41] Mean=<371,413,454> σ = < 14.5,20.7,26.9>
E Elastic modulus (MPa) Continuous Lognormal [42] Mean=< 1.9,2.0,2.1 >× 105MPa σ = < 57,60,63>
Mf Mass factor Continuous Normal [42] Mean=< 0.9,1.0,1.1 > C.O.V = 10% 
α Degree of informal uncertainty Continuous Uniform [0,1]  
Nslit Number of slits per floor Discrete Uniform {0,10}   
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Gaussian white noise. The filter’s impulse response function is denoted 
by h[t − τ, λ(τ) ], and the λ(τ) vector contains time-varying parameters. 
The αg and λ(τ) vectors are based on the six earthquake characteristics 
such as: Arias intensity, Ia, effective motion duration, D5− 95, time and 
filter frequency in the middle of the strong motion phase, tmid and ωmid, 
the rate of change of the filter frequency in time, ω’, and the filter 
damping, ζf . Ultimately, x(t) is sent through a high-pass filter to ensure 
minimal residual velocity and displacement for the ground motion and 
reasonable spectrum values over long periods. This model utilizes 
regression equations to forecast the six parameters stated above, which 
have been calibrated against a huge set of historical ground motion data, 
including the shear-wave velocity, moment magnitude, rupture dis-
tance, and the faulting mechanism. 

5.3. Seismic retrofit devices used 

The energy dissipation device used for seismic retrofit of the model 
structure is the steel slit damper, which dissipates seismic energy by 
repeated yielding of steel slit columns [28]. Fig. 5(a) depicts the typical 
configuration of the slit dampers with three slit columns. It is made up of 
a steel plate with a number of slits cut out of it. The slit columns or strips 
are trapezoidal from the middle to the end, so that they have the smallest 
width in the middle and the largest width at the end. The slit dampers 
can be mounted on top of an inverted-V brace rigidly attached to the 
bottom of the upper story beam as shown in Fig. 5(b). They will yield 
and dissipate seismic energy when large inter-story drift occurs due to 
earthquakes. 

The average tensile yield stress of steel used in the analysis is 316.5 

Fig. 7. Flowchart of the fuzzy probabilistic framework used in this work.  
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N/mm2, and the modulus of elasticity is 206.1 kN/mm2. The in-plane 
stiffness of each steel slit damper exposed to horizontal shear force is 
24 kN/mm and can be calculated assuming that the narrow strips’ ends 
are fully restricted from rotation. The yield force of the slit damper with 
a single strip is 50 kN, and the yield force of the damper increases 
proportionally to the number of strips. SteelMPF, which is the well- 
known uniaxial constitutive nonlinear hysteretic material model for 
steel with isotropic strain hardening effects, was used to simulate the 
device’s nonlinear behavior in OpenSees. The strain hardening ratio was 
considered to be 0.01 in both tension and compression. It was assumed 
that the initial values for the curvature parameter and the curvature 
degradation parameter were 12.5 and 0.875, respectively. Fig. 6 dis-
plays the hysteretic behavior of the slit damper depicted in Fig. 5 with 
three steel strips when subjected to a harmonic load. 

5.4. Uncertainty parameters considered 

There are various sources of uncertainties involved in the seismic 
loads and structures. Table 1 lists the uncertainty parameters and their 
variations that were considered in this investigation along with the 
relevant references. 

The parameters, with the exception of the fault parameter, which is a 
binary parameter, were considered as fuzzy probabilistic variables. Five 
parameters are supposed to follow a continuous uniform probabilistic 
distribution; two are expected to follow a continuous lognormal distri-

bution; one follows a continuous normal distribution, and one is 
assumed to follow a discrete uniform probabilistic distribution. The 
lower and upper bounds of the uniform probability distribution, a and b, 
were fuzzified in such a way that they varied between plus and minus 
one standard deviation. This means that the probability density function 
of the uniform distribution, which is 1

b− a, also changes depending on the 
variation of the fuzzy variables a and b. 

In this study, the upper and lower bound shear wave velocity a and b 
were determined corresponding to the soil type SE and SC, respectively. 
Based on the assumption that the probabilistic variables have uncer-
tainty, they are fuzzified in such a way that the value at μ = 1 is equal to 
the mean shear wave velocity given in the design code [39]. The upper 
and lower bounds of the fuzzy variable were considered to be the mean 
plus minus one standard deviation, which is also obtained from the same 
design code. A similar approach was used to define the fuzzy lower and 
upper bounds of the weight density of soil based on Bhatt and Bento 
[43]. 

Based on the Rezaeian and Der Kiureghian’s ground motion model, 
the closest distance to the rupture is estimated to be between 10 and 100 
km with a uniform distribution [37]. The distances are separated into 
three categories: 10–40 km, 40–70 km, and 70–100 km. The lower and 
upper bounds of the uniform probability distribution are 25 km and 85 
km, respectively. The fuzzy distribution at μ = 0 at the lower and upper 
bounds of the uniform probability distribution are the median values at 
μ = 1 plus minus 8.67 km, which is the standard deviation of the first and 

Fig. 8. Comparison of the MIDR obtained from the meta models and the time history analysis: (a) PCE model; (b) PCK model.  

Fig. 9. Prediction accuracy of the PCE and the PCK models: (a) root-mean-square error (RMSE); (b) mean-absolute error (MAE).  
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third ranges. A similar method is used to determine the fuzzy lower and 
upper bounds of the uniform distribution of the earthquake’s moment 
magnitude, which is between 6.5 and 8.0 considering that the analysis 
model structure used in this study is located in the LA area. 

The fuzzy standard deviation of the yield strength of the structural 
steel is defined in such a way that the CoV of the yield strength is equal to 
0.05 at μ = 1, and varies between 0.035 and 0.065 at μ = 0 as recom-
mended in the literature [41]. The mass factor is also assumed such that 
the mean is 1.0 at μ = 1 and varies between 0.9 and 1.1 at μ = 0 with 
CoV equals to 10%. In this study, the degree of informal uncertainty α is 
assumed to be a uniform probabilistic variable between 0 and 1. Besides, 

the number of slit strips per story is a probabilistic variable following a 
discrete uniform distribution between 0 and 10. 

5.5. Surrogate models for seismic analysis 

In this study, the polynomial chaos expansions (PCE) and the poly-
nomial chaos-kriging (PCK) models were trained and verified utilizing 
multiple replications of the analysis data set. The total number of data 
sets is 1000, which were collected using fuzzy random analysis using the 
parameters listed in Table 1. As stated previously, the case study 
structure was analytically modeled using the OpenSees [35], and the 
MATLAB [44] was used to design the fuzzy random model, the ground 
motion model, and the site effect model. The flowchart of the fuzzy 
probabilistic analysis procedure [45] is depicted in Fig. 7. 

The largest inter-story drift ratios at each story obtained from 
nonlinear time history analyses were used as structural responses. A 

Fig. 10. Convergence of the cost function (number of slit strips) in RBDO.  

Fig. 11. Convergence of the reliability index in RBDO.  

Fig. 12. Relative position of optimal solution in each story.  
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training set accounting for 80% of the input data was randomly selected 
from the entire experimental data set, and the remaining 20% of the 
input data was used for validation. In each replication, the training set 
has the same size. The data set was split into 80/20 based on the Pareto 
principle which is generally accepted in the field of business and 
technology. 

A probabilistic input model must be specified since PCE and PCK 
require the selection of a polynomial basis. The marginals of the 

probabilistic input model are characterized using the probabilistic dis-
tribution given in Table 1. The maximum polynomial degree of 5 was 
used in the meta model. In the case of the PCK, the covariance matrix 
adoption-evolution strategy (CMA-ES) was employed to find the best 
values for the kriging parameters. CMA-ES is a derandomized stochastic 
search approach that modifies a normal distribution’s covariance matrix 
so that the directions that have recently improved the objective function 
are more likely to be selected again in the following iterations. The least- 
angle regression (LARS), which is a high-dimensional data regression 
algorithm, was utilized to calculate the polynomial chaos coefficients of 
PCE and PCK. Projection and regression are the two most common non- 
intrusive methods for calculating polynomial chaos coefficients. For-
ward stepwise regression finds the feature that is most closely connected 
to the target at each step. Instead of continuing along the same feature 
when there are numerous features with equal correlation, it proceeds in 
an equiangular direction between the features [46]. 

In Fig. 8, the predictions of the maximum inter-story drift ratios 
obtained from the PCE and the PCK models for 200 earthquake records 
are compared to the time history analysis results at the validation set 
points. The model predictions vs. true points are mostly on or close to 
the diagonal line; however it can be noticed that the test points predicted 
by the PCE model are slightly more spread. The differences are quanti-
fied by the root-mean-square error (RMSE) and the mean-absolute error 
(MAE) scores depicted in Fig. 9. It can be observed that the RSME and 
MAE scores of the PCK model are smaller than those of the PCE model in 
all stories, which implies that the PCK model shows better performance 
compared to the PCE model in the prediction of the structural response. 
Therefore, based on the predicted vs. test plots and the RSME scores, the 
PCE model was selected for further study. 

6. Optimum distribution of the slit dampers in the fuzzy 
structural system 

In this section, the reliability based design optimization (RBDO) was 
conducted to find the minimum number of slit strips. The objective of 
the optimization is to find the optimum locations and minimum quantity 
of the slit dampers which satisfy the maximum inter-story drift ratio of 
1.5% with a failure probability of<10% (minimum reliability index of 
1.33 which is the inverse of the cumulative distribution function at that 
point) and a coefficient of variation of<5%. The uncertainty parameters 
presented in Table 1 were used as the environmental variables of the 
RBDO. The random search algorithm based optimization technique 
called ‘1 + 1 Covariance Matrix Adaptation-Evolution scheme’ ((1 + 1)- 
CMA-ES in short) [35] briefly described in Section 3 was used to perform 
the optimum seismic retrofit design. The algorithm is known to be one of 
the most powerful evolutionary algorithms for real-valued optimization. 
It builds a covariance matrix during the evolutionary process to detect a 
coordinate transformation in the search space and adapt the evolu-
tionary operators (mutations) to the new set of coordinates. In addition, 
the quantile-based formulation of the Monte Carlo simulation (MCS) 
was used to perform random analysis. The two-level approach is one of 
the most common techniques for solving the RBDO problem. It consists 
of nested loops where the outer loop explores the design space while the 
inner one computes the corresponding failure probability. 

Fig. 10 shows the convergence of the cost function, which is the total 
number of slit columns needed to satisfy the given design objective, 
observed during the optimization process. It was observed that the 
optimization converged after 412 iterations and the optimum number of 
strips of the slit damper for retrofit of the model structure is 32.6. In 
addition, Fig. 11 shows the convergence of the reliability index during 
the optimization, where it can be observed that the constraint of the 
probability of exceeding the 1.5% inter-story drift<10% (minimum 
reliability index of 1.33) is generally satisfied. Fig. 12 shows a polygon 
with each vertex representing the upper bound of the number of slit 
strips, which is set to be 10. The center of the polygon represents the 
lower bounds, which is zero slit strip. The optimal number of slit strips in 

Fig. 13. Optimum number of slit columns installed in each story.  

Fig. 14. Maximum inter-story drifts of the retrofitted model structure with 
optimum number of slit dampers. 
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each story is indicated within the polygon. Their relative positions 
represent their distances to the physical bounds of the variable. It can be 
observed that the 6th, 5th, and 4th stories require a larger number of slit 
columns, while the 1st and the 8th stories require the least number of slit 
columns. The rounded optimal number of slit strips installed in each 
story is depicted in Fig. 13. 

To check the validity of the obtained optimum number of slit col-
umns, a fuzzy random analysis of the structure retrofitted with the 
optimal number of slit columns was carried out considering the uncer-
tainty parameters presented in Table 1. At the α level μ = 0, 100 sets of 
parameter combinations were made for the fuzzy analysis. In each set, 
parameter values were randomly selected within the boundaries given 
in Table 1. The model structure retrofitted with the slit dampers having 
100 different combinations of uncertainty parameters was analyzed 
using 100 MCS. Therefore, in the case of μ = 0, total of 10,000 nonlinear 
time history analyses of the retrofitted structure were carried out using 
different artificial earthquakes. Fig. 14 depicts the maximum inter-story 
drifts of the model structure with each curve averaged over each MCS 
results. The upper and lower bounds of the mean inter-story drift curves 
are plotted in the figure, including the 100 curves for μ = 0. It can be 
observed that in some results the inter-story drift ratios exceed the limit 
state of 1.5%, denoted as a dotted vertical line, but the mean values of 
the 100 curves are well below the limit state in every story. It was also 
observed that most stories show a probability of failure of less than the 
predefined threshold of 10%, except the 2nd and 3rd stories, which are 
13% and 16%. However, the mean failure probability is 6.37%, which 
proves that the derived optimum number of slit dampers is effective in 
reducing both the structural responses and the reliability index below 
the predefined limit states at the same time. 

The performance of the bare and retrofitted model were evaluated 

using the natural earthquakes chosen from the PEER NGA database [47]. 
The earthquakes are scaled to meet the design spectrum of LA area, 
which have the seismic coefficients of SDS = 1.408 and SD1 = 0.733. The 
uncertainty parameters are fixed at the centroid of the fuzzy variables, 
which means that fuzzy analysis is not carried out. The roof displace-
ment time histories of the model structure before and after the seismic 
retrofit subjected to the RSN 13-Kernel County and RSN141-Tabas 
earthquakes are presented in Fig. 15. It is noticeable that after seismic 
retrofit, the structure’s maximum and residual displacements are greatly 
reduced. For the RSN13-Kernel County and RSN141-Tabas earthquakes, 
the roof displacement was reduced from 9.4 cm to 6.5 cm and from 12.6 
cm to 6.2 cm, respectively, after the seismic retrofit. The hysteretic 
behavior of the slit damper installed in the second story subjected to the 
RSN 13, RSN 14, and RSN 141 earthquakes are depicted in Fig. 16, 
where it can be observed that the slit dampers exhibit steady hysteretic 
behavior and dissipate sufficient seismic energy as expected, resulting in 
significant decrease in lateral drifts. 

7. Summary 

The current work developed a stochastic regression model of a fuzzy 
structural system using the Polynomial-Chaos-Kriging (PCK) meta 
model considering various uncertain parameters. A reliability-based 
design optimization (RBDO) procedure was performed using the 
developed PCK model to determine the minimum number of slit 
dampers required to satisfy given inter-story drift and failure probability 
simultaneously. The total number of slit columns was considered as the 
cost function, and the maximum inter-story drift ratio of 1.5 % with the 
maximum failure probability of 10% was taken as a constraint of the 
optimum design. 

Fig. 15. Time history displacement of the bare and retrofitted structures at the roof level: (a) RSN13; (b) RSN141.  

Fig. 16. Hysteretic behavior of the damper installed in the second story subjected to earthquakes: (a) RSN 13; (b) RSN 14; (c) RSN 141.  
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The developed meta model turned out to be quite accurate and was 
easily employed by the fuzzy reliability-based optimization algorithm. 
The optimization process converged quickly, and the minimum number 
and location of the slit columns determined from the process turned out 
to satisfy the predefined limit state. The validity of the optimum design 
was confirmed by a fuzzy random analysis of the retrofitted structure 
considering the uncertainty of the parameters. It was confirmed that the 
optimum retrofit design was effective in decreasing both the structural 
response and the failure probability below given limit states 
simultaneously. 

Finally it needs to be stated that a better meta-model for the devel-
oped damper design procedure may be found by comparison study of 
more meta model techniques, which needs to be rigorously validated. As 
a minor deviation in meta-model may lead to significant deviation in 
optimization results, it may be possible to find better combination of the 
meta-model parameters by more intensive investigation. The 80%/20% 
division of the data set for training/validation, which was applied in this 
study, may be better optimized by more intensive sensitivity study. 
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[21] Valdebenito MA, Schuëller GI. A survey on approaches for reliability-based 
optimization. Struct Multidiscip Optim 2010;42:645–63. 

[22] Wu Y-T, Shin Y, Sues R, Cesare M. Safety-factor based approach for probability- 
based design optimization. In: 19th AIAA Appl. Aerodyn. Conf.; 2001. p. 1522. 

[23] Youn BD, Choi KK, Du L. Enriched performance measure approach for reliability- 
based design optimization. AIAA J 2005;43:874–84. 

[24] Moustapha M, Sudret B. Surrogate-assisted reliability-based design optimization: a 
survey and a unified modular framework. Struct Multidiscip Optim 2019;60: 
2157–76. 

[25] Golshan A, Gohari S, Ayob A. Multi–objective optimisation of electrical discharge 
machining of metal matrix composite Al/SiC using non–dominated sorting genetic 
algorithm. Int J Mechatronics Manuf Syst 2012;5:385–98. 

[26] Arnold DV, Hansen N. Active covariance matrix adaptation for the (1+ 1)-CMA-ES. 
In: Proc. 12th Annu. Conf. Genet. Evol. Comput.; 2010. p. 385–92. 

[27] Cai C, Jiang H. Performance comparisons of evolutionary algorithms for walking 
gait optimization. In: 2013 Int. Conf. Inf. Sci. Cloud Comput. Companion, IEEE; 
2013. p. 129–34. 

[28] Igel C, Suttorp T, Hansen N. A computational efficient covariance matrix update 
and a (1+ 1)-CMA for evolution strategies. In: Proc. 8th Annu. Conf. Genet. Evol. 
Comput.; 2006. p. 453–60. 

[29] Nasab MSE, Kim J. Fuzzy analysis of a viscoelastic damper in seismic retrofit of 
structures. Eng Struct 2022;250:113473. 

[30] Eskandari Nasab MS, Guo Y-Q, Kim J. Seismic retrofit of a soft first-story building 
using viscoelastic dampers considering inherent uncertainties. J Build Eng 2022; 
47:103866. 

[31] Blatman G, Sudret B. Adaptive sparse polynomial chaos expansion based on least 
angle regression. J Comput Phys 2011;230:2345–67. 

[32] Lignos DG, Krawinkler H. Deterioration modeling of steel components in support of 
collapse prediction of steel moment frames under earthquake loading. J Struct Eng 
2011;137:1291–302. https://doi.org/10.1061/(ASCE)ST.1943-541X.0000376. 

[33] AISC. Specification for structural steel buildings (ANSI/AISC 360-10). Chicago, IL; 
2010. 

[34] AISC. Seismic provisions for structural steel buildings (ANSI/AISC 341-10). 
Chicago, IL; 2010. 

[35] McKenna F, Fenves G, Scott S. Open system for earthquake engineering simulation 
2000. 

[36] Yamamoto Y, Baker JW. Stochastic model for earthquake ground motion using 
wavelet packets. Bull Seismol Soc Am 2013;103:3044–56. https://doi.org/ 
10.1785/0120120312. 

[37] Rezaeian S, Der Kiureghian A. Simulation of synthetic ground motions for specified 
earthquake and site characteristics. Earthq Eng Struct Dyn 2010;39:1155–80. 
https://doi.org/10.1002/eqe.997. 

[38] Aghababaei M, Mahsuli M. Detailed seismic risk analysis of buildings using 
structural reliability methods. Probabilistic Eng Mech 2018;53:23–38. https://doi. 
org/10.1016/J.PROBENGMECH.2018.04.001. 

[39] KBC AIK. Korean building code-structural. Seoul, Korea; 2016. 
[40] Comartin CD, Niewiarowski RW, Rojahn C. Seismic evaluation and retrofit of 

concrete buildings, vol. 1. State of California: Seismic Safety Commission; 1996. 
[41] Nowak AS, Szerszen MM. Calibration of design code for buildings (ACI 318): Part 

1-Statistical models for resistance. ACI Struct J 2003;100:377–82. 
[42] Raychowdhury P, Jindal S. Shallow foundation response variability due to soil and 

model parameter uncertainty. Front Struct Civ Eng 2014;8:237–51. https://doi. 
org/10.1007/s11709-014-0242-1. 

[43] Bhatt C, Bento R. Extension of the CSM-FEMA440 to plan-asymmetric real building 
structures. Earthq Eng Struct Dyn 2011;40:1263–82. https://doi.org/10.1002/ 
eqe.1087. 

[44] MathWorks I. MATLAB and statistics toolbox release 2018a. 2018. 
[45] Nasab MSE, Kim J. Fuzzy probabilistic evaluation of soil-structure interaction 

effects on the soft-first-story structures. Eng Struct 2022;262:114348. 
[46] Hansen N, Ostermeier A. Completely derandomized self-adaptation in evolution 

strategies. Evol Comput 2001;9:159–95. 
[47] Ancheta TD, Darragh RB, Stewart JP, Seyhan E, Silva WJ, Chiou BS-J, et al. NGA- 

West2 site database. Earthq Spectra 2014;30:989–1005. doi: 10.1193/ 
062913EQS180M. 

M.S.E. Nasab and J. Kim                                                                                                                                                                                                                     

http://refhub.elsevier.com/S0141-0296(22)01578-4/h0005
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0005
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0010
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0010
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0010
https://doi.org/10.1061/AJRUA6.0000902
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0020
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0020
https://doi.org/10.12989/sss.2019.23.3.227
https://doi.org/10.12989/sss.2019.23.3.227
https://doi.org/10.1016/j.engstruct.2010.05.023
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0040
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0040
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0045
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0045
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0045
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0050
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0050
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0050
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0055
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0055
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0060
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0060
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0060
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0065
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0065
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0070
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0070
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0070
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0080
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0080
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0085
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0085
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0085
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0090
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0090
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0090
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0095
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0095
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0100
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0100
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0100
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0105
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0105
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0115
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0115
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0120
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0120
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0120
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0125
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0125
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0125
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0145
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0145
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0150
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0150
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0150
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0155
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0155
https://doi.org/10.1061/(ASCE)ST.1943-541X.0000376
https://doi.org/10.1785/0120120312
https://doi.org/10.1785/0120120312
https://doi.org/10.1002/eqe.997
https://doi.org/10.1016/J.PROBENGMECH.2018.04.001
https://doi.org/10.1016/J.PROBENGMECH.2018.04.001
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0200
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0200
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0205
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0205
https://doi.org/10.1007/s11709-014-0242-1
https://doi.org/10.1007/s11709-014-0242-1
https://doi.org/10.1002/eqe.1087
https://doi.org/10.1002/eqe.1087
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0225
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0225
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0230
http://refhub.elsevier.com/S0141-0296(22)01578-4/h0230

	Reliability-based optimum distribution of seismic energy dissipation devices in fuzzy structural systems using meta-models
	1 Introduction
	2 Fuzzy modeling of uncertainty
	3 Reliability based design optimization (RBDO)
	4 Meta-model techniques for seismic performance evaluation
	4.1 Polynomial chaos expansions (PCE)
	4.2 Polynomial chaos expansion – Kriging (PCK)

	5 Application of a meta-model in the RBDO of fuzzy structural systems
	5.1 Structural model
	5.2 Ground motion model
	5.3 Seismic retrofit devices used
	5.4 Uncertainty parameters considered
	5.5 Surrogate models for seismic analysis

	6 Optimum distribution of the slit dampers in the fuzzy structural system
	7 Summary
	CRediT authorship contribution statement
	Declaration of Competing Interest
	Data availability
	Acknowledgement
	References


