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A B S T R A C T   

Due to the dependency of viscoelastic materials on the input frequency, amplitude, and temperature, the 
effectiveness of a viscoelastic damper changes depending on loading and environmental conditions. Generally, 
this is neglected in the seismic design of structures with viscoelastic dampers due to the complexity in mathe-
matical modeling and nonlinear analysis. This study developed a kriging model for predicting mechanical 
properties of a viscoelastic damper based on experimental data, and applies it to fragility analysis of a case study 
structure retrofitted with viscoelastic dampers. Fuzzy analysis was carried out to investigate the effectiveness of 
the damper in uncertain conditions, including both stochastic and informal uncertainties. The results showed 
that the proposed analytical scheme can adequately simulate the seismic performance of the viscoelastic damper 
with uncertain parameters, and that even under the worst combination of the VED mechanical properties, the 
probability of reaching all limit states was greatly reduced after installation of the VEDs.   

1. Introduction 

In recent years various passive energy dissipation devices have been 
introduced to dissipate earthquake-induced vibration energy and alle-
viate structural responses [1]. They are classified as displacement- 
dependent and velocity-dependent devices in ASCE41 [2]. One of the 
velocity-dependent devices is the viscoelastic damper (VED) which 
shows sensitivity to the loading and environmental conditions such as 
amplitude, frequency of excitation, and temperature [3]. Accordingly, 
any change in compositions of viscoelastic (VE) material requires a 
comprehensive experimental study under various conditions to imple-
ment it as passive energy dissipation devices. 

Many studies have developed deterministic frameworks in modeling 
of viscoelastic dampers and their application to seismic design of 
structures. For example, Christopoulos and Montgomery [4] evaluated 
seismic performance of high-rise building retrofitted with viscoelastic 
coupling dampers. Xu et al. [5] proposed a multi-molecular-chain model 
of viscoelastic dampers with 8 parameters, which can consider the effect 
of temperature, frequency and displacement amplitude. Recently, some 
studies have applied classical probabilistic analysis to evaluate the 
effectiveness of VEDs while all input variables have constant probabi-
listic values [3,6]. However, seismic retrofit of structures using VEDs is 
often associated with significant uncertainty arising from a lack of 
knowledge on material properties and analysis modeling. For instance, 
mechanical properties of VE material are often modeled using a fixed 

frequency, and the inherent frequency-dependency is neglected [3,7–9]. 
Moreover, even in the classical probabilistic approach, the obtained 
probabilistic distribution parameters for the VED are doubtful for 
various reasons, such as limitations in experimental facility and insuf-
ficient number of test samples. There is also uncertainty of environ-
mental conditions and earthquakes. 

The fuzzy analysis, which considers the lack of knowledge in 
modeling and analysis, is more desirable when there is a lack of suffi-
cient samples and the accuracy of probabilistic parameters is not guar-
anteed [10]. In addition, there is a need for estimation of mechanical 
properties of viscoelastic dampers during a probabilistic analysis. For 
example, the regression model suggested by Kasai et al.[11] requires 
many experimental data of the VE material; however, due to limitations 
in available data, development of a model to estimate the mechanical 
properties of VE material is quite difficult. 

This paper developed an analytical model for the storage and loss 
moduli of a VED using the kriging model based on test results. The 
kriging model is known to be a powerful tool when there is a limited 
number of experimental data [12]. In this study the accuracy of the 
kriging model was validated by comparing the results with those of 
other well-known meta models such as neural network and support 
vector machine. Then, the fuzzy analysis was carried out on a four-story 
steel office building located on site class D soil in downtown Los Angeles 
to assess the effectiveness of the damper. Finally fuzzy fragility analysis 
was performed to evaluate the effectiveness of the VED on the failure 
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probability of the model structure. 

2. Viscoelastic damper considered 

The mechanical properties of viscoelastic material generally show 
frequency and temperature dependency [5], which is a disadvantage for 
its application to seismic retrofit of structures. ASCE 41–16 [2] recom-
mends a series of tests for finding out the mechanical properties of a 
velocity-dependent seismic retrofit device. The test results, however, 
generally show large variability depending on loading and environ-
mental conditions. 

Fig. 1 shows the components of the viscoelastic damper used in this 
research, and the dimensions of the specimens manufactured for the 
cyclic loading tests are shown in Fig. 2. The specimen consists of three 
main steel plates and two layers of circular viscoelastic material pads 
with the diameter of 450 mm, which are placed between the three steel 
plates. The VED pads are produced in two different thicknesses of 22 mm 
and 17 mm. The thicknesses of the internal and external steel plates are 
15 mm and 25 mm, respectively. The material is made of high damping 
thermoplastic elastomer, which has the chemical compositions of nat-
ural rubber (34.0%), damping agents, synthetic rubber, liquid rubber, 
and carbon black (58.0%), and antioxidant and vulcanizing agent 
(8.0%). Even though this compositions of the VE material used in this 
study may not be the ideal ones for viscoelastic dampers, they proved to 
be cost effective and stable against changes in environmental conditions 
as commercial viscoelastic dampers for building structures. A series of 
cyclic loading tests were conducted inside of an extreme temperature 
chamber in Seoul National University with the dimensions of 12 m × 5 
m × 3 m (L × W × H) which is sufficient for tests of full scale viscoelastic 
damper specimens. The schematic configuration of the chamber, test 
setup, and the installed damper are depicted in Fig. 3. The dynamic 
actuator has the capacity of 5000 kN, stroke of 300 mm, and maximum 
frequency of 5 Hz. The chamber can control temperature in the range of 
− 60 ◦C to 60 ◦C with the control speed of 1 ◦C /min and 0.5 ◦C /min, 
respectively, for temperature rising and falling. 

To fully characterize the mechanical characteristics of the damper, 
the test program consists of various loading frequencies, amplitudes, and 
temperatures. Table 1 summarizes the amplitude and frequency of the 
cyclic loading applied to the specimens. The applied amplitude ranged 
from 5 mm to 60 mm; at 5 mm amplitude the loading frequency up to 3 
Hz was possible; however, at 60 mm amplitude, cyclic loading test could 
be conducted only at 0.1 Hz frequency due to the limitation of the dy-
namic actuator. Total of 63 tests (21 loading conditions at each tem-
perature) were conducted at three temperature conditions; − 25 ◦C, 
20 ◦C, and 45 ◦C to observe the mechanical properties of the damper 
under different conditions. The manufacture of the dampers and the 
detailed test results are described in other report. 

The storage and loss moduli of the damper obtained from the cyclic 
loading tests under different conditions are depicted in Figs. 4 and 5, 

respectively. It can be observed that the moduli generally decrease as the 
loading amplitude increases, and increase as the loading frequency in-
creases. However, the values are much scattered depending on the 
loading amplitude, frequency, and temperature. In addition, there are 
lack or data in the large amplitude and large frequency due to functional 
limitation of the dynamic actuator for tests of full size VED. 

3. Kriging model 

The test results of the VEDs show that there are variations of the 
mechanical properties depending on the loading conditions such as 
frequency, amplitude, and temperature. The variation and uncertainty 
associated with the input parameters can be considered in the output 
results using fuzzy analysis. To perform fuzzy analysis of a structure 
retrofitted with VEDs having uncertain parameters, stochastic models 
for the viscoelastic dampers are needed. In the current study, the kriging 
model was used to represent the storage and loss moduli in different 
temperature, strain amplitude, and frequency conditions. Kriging is a 
statistical interpolation method that relies on Gaussian processes to 
interpolate a wide range of complicated functions. It has been exten-
sively implemented in geo-statistics, and recently in machine learning 
applications supporting noisy data. In this paper, the kriging model was 
used to construct a surrogate model given the test results as inputs and 
the storage and loss moduli as outputs. The kriging model can be defined 
as [12] 

Y
K(x) =

∑N

j=1
βj

(
θ̂
)

fj(x)+ σ2Z
(

x;R
(

θ̂
))

(1)  

where Y K(x) is the model output, fj(x) is the known regression func-

tions, and βj

(
θ̂
)

is the unknown regression coefficients. In fact, 
∑N

j=1βj

(
θ̂
)

fj(x) denotes the mean value of the Gaussian process con-

sisting of N arbitrary functions 
{

fj, j = 1,⋯,N
}

and corresponding co-

efficients 
{

βj, j = 1,⋯,N
}

. σ2 is the variance of the Gaussian process, 

and Z(x;R
(

θ̂
)
) denotes a Gaussian process in which mean is zero and 

variance is a unit value. R
(

θ̂
)

is the correlation function, for which an 

ellipsoidal function is chosen in this study. The parameter θ̂ can be 
obtained from the following optimization problem: 

θ̂ =
argminJ(θ)

θ ∈ D θ
(2)  

where J(θ) is an objective function which depends on the selection of 
estimation approach. In the current study, experimental inputs x are the 
strain amplitude, loading frequency, and temperature, and the corre-
sponding model responses y are the storage and loss moduli of the 
damper. The kriging model Y K(x) enables the prediction of outputs or 
responses y for a new point x based on the Gaussian process. Finally, the 
noise response can be defined as 

y = Y
K
(x)+ ε (3)  

where ε is the noise following a zero mean Gaussian distribution. The 
readers are referred to Santner et al. [12] and Marelli et al. [13] for more 
information on the kriging model. 

This study employed the cross validation method as an estimation 
approach, which splits the whole data set into a number of mutually 
exhaustive subsets and obtains each subset of cross-validated prediction 
by estimating the model using all the subsets except for the corre-
sponding subset. Besides, the regression functions fj(x) for the storage 
and loss moduli are linear. In this study, the kriging model was trained 
and validated using different replications of the experimental data set. In 
each replication, a training set, which is 80% of the input data, was Fig. 1. Components of the viscoelastic damper considered in this study.  
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randomly sampled from the whole experimental data set, and the 
remaining 20% of the input data was used for the validation. The size of 
the training set in each replication is the same. 

Table 2 summarizes the kriging model parameters obtained based on 
the test data to predict the storage and loss moduli. The storage and the 

loss moduli generated by the kriging models are expressed as response 
surfaces over the whole range of test conditions in Figs. 6 and 7, 
respectively, along with the data points obtained from the tests. It can be 
observed that most of the data points lie on the surface predicted by the 
kriging model. 

To validate the accuracy of the kriging model, its performance was 
compared with those of other machine learning techniques such as 
neural network and support vector machines (SVR) in regression. The 
neural network is a robust method of generating nonlinear regression 
models utilizing large training sets between input and output parameters 
[14]. This study trained a feedforward, fully connected neural network 
composed of an input layer, two hidden layers, and an output layer for 
regression of the test data. The ReLU (Rectified Linear Unit) activation 
function was applied to the two hidden layers for efficient training of the 
network based on the previous research [15]. The layer size of 30 out-
puts in the first fully connected layer and 10 outputs in the second fully 
connected layer was obtained by trial and error, which showed the best 
performance and minimum root-mean-square error (RMSE). The 

Fig. 2. Dimensions of the viscoelastic damper: (a) Outer plate; (b) Inner plate.  

Fig. 3. Test setup for the VED: (a) Schematic of the extreme temperature chamber; (b) Viscoelastic damper specimen.  

Table 1 
Amplitude and frequency of the cyclic loading tests.  

Amplitude (mm) Frequency (Hz) 

5 0.1, 0.5, 1, 1.5, 3 
10 0.1, 0.5, 1, 1.5 
15 0.1, 0.5, 1 
20 0.1, 0.5 
25 0.1, 0.5 
35 0.1, 0.5 
45 0.1, 0.5 
60 0.1  
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limited-memory Broyden-Fletcher-Goldfarb-Shanno quasi-Newton 
optimization algorithm (LBFGS) was used for minimizing the loss 
function [16]. The Support Vector Machines (SVM) are a class of crucial 
supervised learning algorithms that are implemented in various subject 
fields such as finance, computer networks, and fault detection [17,18]. 
This paper employed SVM in its regression model, often referred to as a 
support vector regression (SVR). The main steps in SVR are generating a 
vector mapping from the input space to a feature space using kernels, 
constructing a separating hyper-plane in the feature space, and modi-
fying a loss function. More details of the SVM method can be found in 
Kromanis and Kripakaran [19]. This study used the ε-insensitive loss 
function and the Gaussian kernel, which are generally used in SVR [18]. 
The Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm was used to 
obtain the optimal values of the hyper-parameters such as the penalty 
term C, insensitive tube width ε, and kernel parameters, which are 
summarized in Table. 3. 

Fig. 8 and Fig. 9 compare the predictions of the kriging, neural 
network, and SVR models at the validation set points against the actual 

test values for the storage and loss moduli in five replications. It can be 
observed in Fig. 8 that most of the predicted vs. true (test) points of the 
kriging model lie on or very close to the diagonal line, while the 
predicted-test points of the neural network and the SVR models are 
slightly more scattered. This is more conspicuous in the case of the loss 
modulus as can be observed in Fig. 9. 

The performances of the models were quantified by the root-mean- 
square error (RMSE) score presented in Table 4. It can be observed 
that the RSME scores of the kriging model are minimum for both storage 
and loss moduli, which implies that the kriging model shows the best 
performance among the meta models compared. Therefore, based on the 
predicted vs. test plots and the RSME scores, the kriging model was 
applied in predicting the loss and storage moduli of the considered 
viscoelastic material. However, it should be noted that, as the above 
conclusion was made based on a few trials of parameter sets, the neural 
network and SVR model may produce better results if more intensive 
investigation of the network parameters is carried out. In this study no 
further study was carried out because the kriging model produced 
satisfactory results with the small number of samples available. 

Once the kriging models for the loss and storage moduli of the VED 
are developed based on the input parameters such as temperature, 
displacement, and loading frequency, the stiffness and damping prop-
erties of the damper for any arbitrary loading condition can be pre-
dicted. Then the behavior (force–displacement relationship) of the 
viscoelastic damper can be easily simulated using the Kelvin-Voigt 
model which consists of a linear spring (stiffness is obtained from the 
storage modulus) and a linear dashpot (damping constant is obtained 
from the loss modulus) connected in parallel. 

The comparison of the hysteresis curves obtained from the 

Fig. 4. Storage modulus of the VED obtained from loading tests with different conditions: (a) Shear strain amplitude; (b) Frequency.  

Fig. 5. Loss modulus obtained from loading tests with different conditions: (a) Shear strain amplitude; (b) Frequency.  

Table 2 
Kriging model parameters for the storage and loss moduli  

Storage modulus (G’)  β  [1.4967, 0.1036, 0.0774, − 0.4673] 
θ  [4.586, 7.525, 5.728] 

σ2  0.6547  

Loss modulus (G˝)  β  [0.1713, − 0.013, 0.0063, − 0.0432] 
θ  [0.1131, 5.7108, 8.901] 

σ2  0.0183  
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experiment and simulation using the kriging model are depicted in 
Fig. 10. The curves were obtained at two frequencies of 0.1 Hz and 0.5 
Hz, two amplitudes of 10 mm and 15 mm, and temperatures of 20 ◦C, 
45 ◦C, and − 25 ◦C . The figure shows that the simulation using the 
kriging model can properly represent the behavior of the viscoelastic 
damper in different loading conditions. Such results would be difficult to 
get if a single mean or a representative value of the storage or the loss 
modulus is used as is commonly done in practice. 

4. Fuzzy analysis framewrok 

The fuzzy analysis employs the fuzzy set theory to deal with uncer-
tainty in the simulation [10,20]. In this section a fuzzy analysis pro-
cedure applied in civil engineering is briefly described [20]. A fuzzy set 
A can be defined as 

A = {(x, μA(x)|x ∈ X} (4)  

where X is a fundamental set and x denotes the elements of this set. μA(x)
is the membership function of the fuzzy set A (Fig. 11(a)). The mem-
bership function is normalized and continuous, and maps each x ∈ X to a 
real number in the range [0, 1]. A crisp set in which all elements of a 
fuzzy set have membership values greater than zero is the support S(A): 

S
(

A
)
= {x ∈ X|μA(x) > 0} (5) 

A fuzzy number az can be denoted 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 az. The following notation can express a fuzzy 
triangular number (Fig. 11(b)) with linear membership function: 

az =< x1, x2, x3 > (6)  

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 expresses a crisp set from the fuzzy set A and subset of the 

support S
(

A
)

. This study selected a triangular membership function for 

simplicity (Fig. 11(b)). To perform the fuzzy analysis, finite number of 
α-levels are chosen between 0 and 1, and then α-level can be defined as: 

α =
[
α1, α2,⋯, αi,⋯, αN] (7) 

For each α-level, optimization methods can be performed to obtain 
the minimum and maximum values of the output. For a number of it-
erations α-level can be repeated and the boundary intervals are ob-
tained. The random variable corresponds each interval Aαk and each set 
of α-level can be generated as [10]: 

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

)
(8)  

where RAND( ) is a function to produce random number between 0 and 
1. By considering the boundary intervals and generated random vari-

Fig. 6. Response surface of the kriging model for the storage modulus and the observed data points for different temperatures: (a) 20 ◦C; (b) 45 ◦C; (c) − 25 ◦C.  
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ables for each α-level, the fuzzy random variable set XT can be defined 
as: 

XT =
{

xαk ,l, xαk ,i, xαk ,r
}

(9)  

5. Design and seismic performance of the case study structure 

5.1. Structural details of the model structure 

To assess the effectiveness of the VED, a four-story steel office 
building located on site class D soil in downtown Los Angeles was chosen 
as the case study model. The structure was already used and verified by 
Lignos and Krawinkler [21]. It was designed in accordance with AISC 
specification [22,23] with the risk category of II, importance factor of 

1.0, and a special moment frame (SMF) at perimeters as the lateral force 
resisting system. The W14x90 and W24x55 sections were assigned as 
gravity columns and beams, respectively, and the interior gravity frame 
was designed with typical single-plate shear tab beam to column con-
nections. Fig. 12 depicts the elevation view and structural plan of the 
case study building. The prototype frame in which the VED are installed 
is the special moment frame located in the East-West (EW) direction. 

5.2. Analysis modeling 

The OpenSees (Open System for Earthquake Engineering Simulation) 
platform [24] was used to analyze the prototype frame. The elas-
ticBeamColumn element with two flexural springs on both ends was used 
to model the beams and columns. To represent plastic hinges the zer-
oLength element was used to model the flexural springs. The modified 
Ibara-Medina-Krawinkler model was implemented for the springs to 
describe the deterioration in strength and stiffness of the steel elements 
under cyclic loading. The modified Ibara-Medina-Krawinkler model re-
quires some parameters to represent the backbone curves of steel ele-
ments. These parameters can be calculated by the empirical equations 
based on calibrated experimental data according to Lignos and Kra-
winkler [24]. A parallelogram model was implemented to simulate the 
panel zone with one rotational spring. A fictitious column connected to 
the frame model with axially rigid truss elements was used to model P- 

Fig. 7. Response surface of the kriging model for the loss modulus and the observed data points for different temperatures: (a) 20 ◦C; (b) 45 ◦C; (c) − 25 ◦C.  

Table 3 
SVR model hyper-parameters for the storage and loss moduli  

Storage modulus (G’)  C  52.07 
ε  0.01226 
Kernel parameters [2.1118, 11.3364, 2.2898]  

Loss modulus (G˝)  C  3.01e3 
ε  0.00587 
Kernel parameters [2.62204, 6.2604, 3.5350]  
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delta effects. This type of column has zero rotational stiffness on each 
floor, and a vertical load equal to half of the seismic gravity load of the 
building minus the tributary load was applied to it. The Rayleigh 
damping ratio of 2% was assigned to the first and third modes. 

5.3. Seismic performance evaluation 

The seismic performance of the case study structure was obtained by 
nonlinear dynamic time history analysis using a suite of seven earth-
quake records chosen from the PEER NGA database [25] as recom-
mended in ASCE/SEI 41 [2]. The records were scaled to the MCE 
spectrum at stiff soil. Fig. 13 shows the MCE spectrum and the SRSS 
(square root sum of squares) spectra of the seven earthquake ground 
motions scaled to the MCE spectrum. 

Nonlinear dynamic time history analysis of the bare case study 
structure was carried out for each of the seven earthquake ground mo-
tions, and the maximum inter-story drift ratios for the seven earthquake 
records and their mean values are shown in Fig. 14(a). The analysis 
results show that the maximum average inter-story drift ratio is 3.0%, 
which is larger than the given target value of the maximum inter-story 
drift ratios of 2.0%. To enhance the seismic performance of the model 
structure, total of 14 VEDs were installed; four dampers at each of the 1st 
and the 2nd story, and three dampers at each of the 3rd and the 4th 

story. Following the design approach for VED commonly applied in 
practice, the storage and loss moduli were determined based on the 
fundamental frequency of the model structure and the room tempera-
ture of 20 ◦C. It can be observed in Fig. 14(b) that the mean maximum 
inter-story drift is reduced to about 2% of the story height after the 
seismic retrofit. According to the analysis results, the seismic retrofit 
using the VEDs turned out to satisfy the code-required limit state for 
inter-story drift (2% for MCE earthquakes). However, these results 
include uncertainties due to the variability in mechanical properties of 
the VEDs, and there is a need for quantifying the informal and stochastic 
uncertainties associated with the seismic responses. In the next section 
the worst and best possible performance of the installed VEDs were 
obtained using the fuzzy analysis for quantification of the associated 
uncertainties. 

6. Fuzzy analysis of the retrofitted structure 

6.1. Uncertainty parameters 

It was observed in the cyclic loading tests that the mechanical 
properties of the damper such as storage and loss moduli vary depending 
on the loading frequency, amplitude, and temperature. In this study, the 
fuzzy analysis was used to take into account the effect of the informal 

Fig. 8. Comparison of the storage modulus obtained from the test and the model prediction: (a) Kriging model; (b) Neural network model; and (c) SVR model.  
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uncertainty parameters of the VED on the seismic performance of the 
model structure. The fuzziness were explicitly defined prior to the 
analysis using membership functions. It was assumed that the input 
parameters of the developed kriging model are fuzzy triangular numbers 
which are determined based on the loading condition and the variation 
of the test data. Table 5 summarizes the uncertainty parameters used in 
the fuzzy analysis. 

The input frequency f1 was fuzzified in such a way that the value at 
μ = 1 is equal to the fundamental mode frequency of the structure. The 
upper and lower bounds of the fuzzy frequency were considered to be 
the plus minus 10% of the fundamental mode frequency. The upper and 
lower bounds of the fuzzy strain amplitude γ0 are between 0 and 200% 
which is equal to the maximum value applied in the cyclic loading tests. 
Besides, it was assumed that at μ = 1 the fuzzy strain amplitude is equal 

to 100%. It was assumed that the temperature T varies between − 25 ◦C 
to 45 ◦C at μ = 0 where the informal uncertainty is maximum. This fuzzy 
number was assumed to be 20 ◦C when the informal uncertainty is 
minimum. Fig. 15. depicts the fuzzy triangular numbers for the fre-
quency, strain amplitude, and temperature used in the response 
analysis. 

Fuzzy analysis of the retrofitted structure was carried out using the 
uncertainty parameters and the seven earthquake records scaled to the 
MCE design spectrum. At μ = 0, 150 sets of parameter combinations 
were made for the three fuzzy parameters (frequency, amplitude, and 
temperature). In each set, parameter values were randomly selected 
within the boundaries given in Table 5. The model structure retrofitted 
with the VEDs having 150 different combinations of mechanical prop-
erties was analyzed using the seven scaled earthquake records. There-
fore total of 1,050 time history analyses of the retrofitted structure were 
carried out for the case of μ = 0. Fig. 16 depicts the maximum inter-story 
drifts of the model structure with each curve averaged over the seven 
earthquake analysis results. 151 mean inter-story drift curves are plotted 
in the figure including 150 curves for μ = 0 and 1 curve for μ = 1. The 
middle value among the three fuzzy parameters shown in Table 5 was 
used in the analysis for μ = 1. It can be observed that the results for μ =

1 is similar to those of the conventional non-fuzzy analysis shown in 
Fig. 16(b). It also can be noticed that the maximum inter story drift ratio 

Fig. 9. Comparison of the loss modulus obtained from the test and the model prediction: (a) Kriging model; (b) Neural network model; and (c) SVR model.  

Table 4 
RMSE scores for the predictions of the meta models  

Characteristic Models 

Kriging Neural Network SVR 

Storage modulus  0.0504  0.0598  0.0698 
Loss modulus  0.0303  0.0565  0.0426  
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obtained from the fuzzy analysis for μ = 0 are within the maximum 
inter-story drift of 1.4% to 2.7%, mostly less than the drift ratio of 2%. 
This implies that, even after considering the variation of material pa-
rameters, there is very high possibility for the given design objective of 
the seismic retrofit to be satisfied. 

6.2. Fuzzy fragility analysis of the case study structure 

The fuzzy fragility analysis was performed to evaluate the effec-
tiveness of the VED on the failure probability of the model structure 
considering the uncertainties. The fragility analysis was carried out 
following the cloud analysis procedure [26], which is well explained in 

Fig. 10. Comparison of the force–displacement relationship of the damper obtained from the tests and the simulation using the kriging model: (a) 15 mm, 0.5 Hz, 
20 ◦C; (b) 15 mm, 0.1 Hz, − 25 ◦C; (c) 15 mm, 0.5 Hz, 45 ◦C; (d) 10 mm, 0.1 Hz, 20 ◦C. 

Fig. 11. (a) Fuzzy set A, support set S(A), and α-level set Aαk ; (b) Fuzzy triangular number az.  
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Miano et al. [27]. The fuzzy fragility analysis was conducted for 
different degree of informal uncertainty between μ = 0 and 1. The simple 
cloud analysis employs a linear regression and nonlinear time history 
analysis using the unscaled ground motions to evaluate structural 

fragility. Based on this method, the cloud data are pairs of peak ground 
acceleration, Sa, and its corresponding structural performance variable, 
DCRLS, for a set of records. The classic linear regression using the least 
squares was used to estimate the statistical properties of the cloud data 
in the natural logarithmic scale. In fact, a power-law curve was fitted to 
the cloud data in the arithmetic scale. The obtained curve provides 
prediction of the conditional median of DCRLS for a given level of Sa 
denoted as ηDCRLS |Sa

: 

lnηDCRLS |Sa
(Sa) = lna+ bln(Sa) (10)  

where lna and b are parameters of linear regression. The conditional 
logarithmic standard deviation of DCRLS given Sa, βDCRLS |Sa

, can be ob-
tained as 

Fig.12. Configuration of the case study building: (a) Elevation view; (b) Structural plan.  

Fig. 13. MCE spectrum and SRSS spectra of the seven earthquake ground 
motions used in the analysis. 

Fig. 14. Maximum interstory drifts of the model structure subjected to the seven scaled earthquakes: (a) Before retrofit; (b) After retrofit.  

Table 5 
Uncertainty parameters used in the fuzzy analysis  

Symbol Description Type Input values 

γ0  VE pad shear strain (%) Triangular fuzzy 
number 

<0, 100, 200>

T  Temperature (◦C) Triangular fuzzy 
number 

<-25, 20, 45>

f1  Fundamental mode 
frequency (Hz) 

Triangular fuzzy 
number 

<0.9, 1.0, 1.1>
× f1   
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βDCRLS |Sa
=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑P

i=1

(
lnDCRLS,i − ln

(
a.Sb

a,i

))2
/

(P − 2)

√
√
√
√ (11)  

where P is the number of records, and DCRLS,i and Sa,i are the cloud data 
of the ith record in the set of 70 strong ground-motion records selected 
from the NGA-West2 database. This suite of records cover a wide range 
of magnitudes between 5.5 and 7.9, and closest distance-to-ruptured 
area up to about 40 km. The spectral acceleration spectra for the 
selected suite of ground motion records are shown in Fig. 17. The 

earthquakes were recorded on the NEHRP Site classes C or D. Only one 
of the two horizontal components of each recording, with higher Sa at 
around 1.0 s, was selected. 

Fig. 18 depicts the fuzzy fragility curves of the retrofitted structure 
for the immediate occupancy, life safety, and collapse prevention limit 
states, which are defined as the maximum inter-story drift ratio of 1%, 
2.5%, and 5%, respectively. The fragility curves of the bare structure are 
also plotted for comparison. For each combination of the uncertainty 
parameters, the kriging model was used to produce the corresponding 
storage and loss moduli of the VED. Total of 10,500 nonlinear dynamic 
analyses (150 fuzzy parameter sets analyzed with 70 earthquakes) of the 
retrofitted structure were carried out to draw the fuzzy fragility curves 
for uncertainty level μ = 0. It can be observed that for uncertainty level 
μ = 0 and μ = 1 the probability of reaching the limit states of the ret-
rofitted structure is less than that of the bare structure in all limit states. 
This implies that after the seismic retrofit using the VEDs, the safety of 
the model structure is enhanced. However, the effectiveness of the 
damper varies with the degree of informal uncertainty. More specif-
ically, in the retrofitted structure the probability of reaching the im-
mediate occupancy limit state at the spectral acceleration of 0.5 g is 18% 
at μ = 1, while at μ = 0, where the degree of uncertainty is the 
maximum, the probability varies between 11% and 77%. These values 
are significantly smaller than that of the bare frame, which is 98%. In the 
case of the life safety limit state at the spectral acceleration of 1.5 g, the 
probability of reaching the limit state at μ = 0 varies between 43% and 
89%. However, at μ = 1 where the informal uncertainty is zero, the 
probability is 59%. For the collapse prevention limit state at the spectral 
acceleration of 3.0 g, the probability of collapse of the retrofitted 
structure varies between 42% and 90% at the maximum uncertainty 
level of μ = 0. However even at the maximum uncertainty level of the 
VED properties, the probability of reaching every limit state of the ret-
rofitted structure is smaller than that of the bare frame. The fragility 
analysis results show that, even under the worst combination of the VED 
mechanical properties, the probability of reaching all limit states turned 
out to be smaller than that of the bare structure after installation of the 
VEDs. 

7. Conclusions 

This study developed a stochastic kriging model to precisely repre-
sent the mechanical properties of viscoelastic dampers based on cyclic 
loading test results, which are scattered depending on loading condi-
tions such as loading frequency, amplitude, and ambient temperature. 
The validity of the kriging model was investigated by comparing its 
model predictions with those of other machine learning techniques such 
as the neural network and the support vector machine regression. Fuzzy 
analysis of a four story case study structure retrofitted with the visco-
elastic dampers was carried out to quantify the effect of uncertainty 
associated with the viscoelastic dampers on the structural responses. 

Fig. 15. Fuzzy triangular numbers for the input parameters: (a) Frequency; (b) Strain amplitude; (c) Temperature.  

Fig. 16. Fuzzy maximum interstory drifts of the retrofitted structure.  

Fig. 17. Response spectra of the suite of ground-motion records used for 
cloud analysis. 
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It was observed that most the predicted vs. test data points for storage 
and loss moduli of the kriging model were on or close to the diagonal 
line, while those of the neural network and support vector machine 
models were more scattered especially in the case of the loss modulus. 
The root-mean-square error scores of the kriging model were smaller 
than those of the neural network and support vector machine for both 
storage and loss moduli, which validates the accuracy of the kriging 
model. The comparison of the hysteresis curves obtained from the 
experiment and the kriging model proved that the developed kriging 
model could properly predict the mechanical properties of the visco-
elastic damper in any loading condition. The fuzzy analysis of the case 
study structure using the seven scaled earthquakes showed that the 
maximum inter story drift ratio under the maximum uncertainty con-
dition were within the maximum inter-story of 1.4% to 2.7%, mostly less 
than the drift ratio of 2%. The fuzzy fragility results showed that in the 
retrofitted structure the probability of reaching the immediate occu-
pancy limit state at the spectral acceleration of 0.5 g was 18% at the 
minimum uncertainty condition, while at the maximum degree of un-
certainty the probability varied between 11% and 77%. These values 
were significantly smaller than that of the bare frame, which was 98%. 
Similar observation could be made in the other limit states. Therefore 
even under the worst combination of the VED mechanical properties, the 
probabilities of reaching all limit states turned out to be smaller than 

those of the bare structure after installation of the VEDs. 
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