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A B S T R A C T   

Even though the soil-structure interaction (SSI) has been investigated for long, less attention has been paid to the 
probabilistic framework. The present study used a fuzzy probabilistic approach to evaluate the effect of SSI on 
the nonlinear behavior of a soft-first-story structure with uncertain soil types. Sensitivity analysis was carried out 
to identify the relative importance of uncertainty parameters on the structural responses of the model structure. 
The analysis results showed that consideration of SSI in structures with relatively weak soil conditions could 
enhance the probability of irreparable damages in the structures. It was also observed that the variations in the 
weight density and shear wave velocity of soil were the most influential parameters in the structural responses.   

1. Introduction 

The first story of low-rise residential buildings with a soft first-story 
is generally comprised of columns to provide wide-open space, and the 
upper stories are mainly constructed with reinforced concrete (RC) shear 
walls or masonry walls to divide the space into many apartment units 
[1–3]. Many such buildings have asymmetric structural plan because of 
the core walls located far from the geometric center, making the soft- 
first-story buildings highly vulnerable to earthquake loads [4,5]. 

The recent Pohang Earthquake in Korea (2017) proved that the low- 
rise soft-first-story buildings are highly prone to severe damage even 
under minor earthquakes [6]. Fig. 1(a) shows the typical configuration 
of the low-rise soft-first-story residential buildings in Korea, and Fig. 1 
(b) depicts the common damage in the first story columns that occurred 
during the Pohang earthquake. It was observed that shear failure of 
columns was the most typical failure mechanism in the soft-first-story 
buildings in the Pohang area. Most studies on the soft-first-story build-
ings are mainly devoted to proposing retrofit techniques against the 
shear failure of columns [1,7–9]. 

The effect of soil-structure interaction on the seismic behavior of 
structures has been extensively studied. Most studies have investigated 
the effects of SSI on structural responses based on a deterministic 
framework [10–12]. Recently, some studies have applied the classical 
probabilistic framework to evaluate the effects of SSI. Moghaddasi et al. 
[10] carried out a study on the soil-structure systems excited with the 
limited number of natural ground motions in the statistical view. They 

showed that SSI might have positive or negative effects on the structural 
response. Mirzaie et al. [11] investigated the effect of SSI on inelastic 
structural responses using a probabilistic framework. Khosravikia et al. 
[12] studied the application of soil-structure interaction provisions of 
the current seismic design codes by employing the probabilistic frame-
work developed in Mirzaie et al. [11]. These studies have used the 
classical probabilistic framework, and all input variables have constant 
probability values [13]. 

In general, the geotechnical problems in practice are often associated 
with significant uncertainty arising from the lack of knowledge. Beer 
et al. [14] showed that probabilistic analysis in geotechnical engineering 
could be problematic due to the lack of knowledge, and the required 
information for mathematical statistics is often not available in suffi-
cient quantity and quality. Besides, the choice of a particular probabi-
listic model also involves subjective decisions with different conditions. 
The probabilistic models of uncertainty parameters are questionable if 
the lack of knowledge is significant. 

The fuzzy random analysis is a hybrid simulation technique for un-
certainty evaluation, where the randomness, imprecision, and lack of 
knowledge in the input values can be explicitly defined before the 
analysis. For instance, Tombari and Stefanini [15] used a hybrid fuzzy- 
random one-dimensional site response analysis method that considers 
probability models for the seismic input and fuzzy intervals for dealing 
with soil uncertainties. Marano et al. [16] suggested a methodology to 
describe a ground motion model to obtain a fuzzy version of the classical 
stochastic response spectrum evaluation of linear systems. This 
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methodology considers the credibility of the parameters involved, and 
the structural parameters are also considered to be fuzzy in order to 
properly take into account the level of approximation that affects their 
determinations. Provenzano [17] also employed a fuzzy-neural network 
approach to forecast the behavior of structures constructed on soils with 
less cohesion. Recently the efficiency of a passive energy dissipation 
device in uncertain situations was investigated using a fuzzy random 
analysis of a soft first-story building using meta-models [18]. 

The present study uses the fuzzy random analysis to overcome the 
lack of information and evaluate the effect of SSI on the nonlinear 
behavior of the soft-first-story structures. More specifically, the fuzzy 
probabilistic framework, analytical modeling of the soft-first-story 
building, soil-structure interaction model, the ground motion model, 
and site effect on input earthquakes are explained in detail. The analyses 
are conducted for a soil-structure system with relatively weak soil types. 
The results are reported in terms of maximum inter-story drift ratio and 
fuzzy fragility. Furthermore, sensitivity analysis is carried out to identify 
the importance of the uncertainty parameters on the structural re-
sponses of the soft-first-story structures considering soil-structure 
interaction. 

2. Fuzzy probabilistic analysis framework 

In this section, general knowledge of fuzzy probabilistic analysis 
applied in this study is briefly explained. A fuzzy set Ã can be defined as: 

Ã = {(x, μA(x)|x ∈ X} (1)  

where X denotes a fundamental set, x are the elements of this set, and 
μA(x) is the membership function of the fuzzy set Ã (see Fig. 2(a)). The 
membership 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(Ã): 

S
(

Ã
)
= {x ∈ X|μA(x) > 0} (3) 

In a convex fuzzy set, the membership function decreases mono-
tonically on each side of the maximum value. Accordingly, a fuzzy 
number ãz can be defined as a convex normalized fuzzy set with a 
continuous membership function in which one of the elements has a 
functional value of 1. The element with the functional value of 1 is the 
mean value of the fuzzy number ̃az. A fuzzy triangular number (see Fig. 2 
(b)) with linear membership function can be defined by the following 

notation: 

ãz =< x1, x2, x3 > (4)  

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. 
The α-level set is a crisp set from the fuzzy set Ã and subset of the support 

S
(

Ã
)

. All elements of the α-level set have membership function greater 

than or equal to αk and can be defined as: 

Aαk = {x ∈ X|μA(x) ≥ αk} (5) 

For an uncertainty level αk, the intervals 
[
xαk ,l, xαk ,r

]
can be specified 

for the considered parameter, where xαk ,l and xαk ,r are the lower and 
upper bounds of the α-level set, respectively. The following notations 
can represent these bounds: 

xαk ,l = min[x ∈ X|μA(x) ≥ αk] (6)  

xαk ,r = max[x ∈ X|μA(x) ≥ αk] (7) 

The α-level approach represents uncertainty or imprecision of pa-
rameters for different uncertainty levels by using the fuzzy set theory 
and membership functions, and considers uncertain parameters to be a 
fuzzy number. In this study, a triangular membership function is 
selected to approximate the membership function. The triangular fuzzy 
number for ∀α ∈ (0, 1] and x1 < x2 < x3 and the intervals for a specific 
α-level set can be characterized as: 

f (x; x1, x2, x3) = max[min
(

x − x1

x2 − x1
,

x − x2

x3 − x2

)

, 0] (8)  

Aαk =
[
xαk ,l, xαk ,r

]
= [(x2 − x1)*α + x1, x3 − (x3 − x2)*α] (9) 

The fuzzy random analysis is an alternative approach to the tradi-
tional Monte Carlo simulation, and deals with uncertainty in the simu-
lation by using the fuzzy set theory [19,20]. The fuzzy random analysis 
uses probability density functions (PDFs) to treat with the variability in 
the random variables and fuzzy numbers for the parameters of these 
random variables. This technique shows results as a series of cumulative 
density function (CDF) of the output parameter y [21]. The output y can 
be defined as; 

y = F(x1,⋯, xm, x̃1,⋯, x̃n− m) (10)  

where x1,⋯, xm are randomness variables and characterized by proba-
bility distribution, x̃1,⋯, x̃n− m are fuzziness variables and represent 

Fig. 1. Soft first-story residential building in Korea: (a) Common configuration; (b) Shear failure of the column (Image by the corresponding author).  
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membership function or the possibility distributions. Fig. 3 depicts fuzzy 
PDF of parameter x, membership function on the specific value of x’, and 
fuzzy CDF of parameter x, where μ = 0 corresponds to the maximum 
degree of informal uncertainty and μ = 1 to the minimum degree of 
uncertainty. 

To perform the fuzzy random 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 ] (11) 

The minimum and maximum possible values of the output are ob-
tained for each α-level of the parameter by running the model. The 
corresponding membership function (fuzziness) are constructed using 
the obtained information. For each α-level, optimization methods can be 
performed to obtain the minimum and maximum values of the output. 
For a number of iterations α-level can be repeated and the boundary 
intervals are obtained. The random variable corresponding to each in-
terval Aαk and each set of α-level can be generated as [20]: 

xαk ,r = xαk ,l +RAND( )*(xαk ,r − xαk ,l) (12)  

where RAND( ) is a function to produce random number based on the 
uniform probability distribution function between 0 and 1. By consid-
ering the boundary intervals and generated random variables for each 
α-level, the fuzzy random variable set XT can be defined as: 

XT = {xαk ,l, xαk ,i, xαk ,r} (13)  

3. Modeling approach 

3.1. Soil-structure interaction model 

The analytical models of the soil-structure interaction problems can 

be categorized as the finite-element approaches, the macro-model for-
mulations, and the Winkler-based approaches [22–26]. The finite- 
element approaches consider the soil medium as a semi-infinite and 
isotropic or anisotropic medium consisting of soil-layers and compacted 
particles with inter-granular forces. Even though these approaches are 
considered to be more realistic, they require extensive computational 
effort. The macro-model simulates the foundation behavior by lumping 
soil-structure interaction as a single plasticity-based element. The 
Winkler-based approaches may employ one-dimensional spring ele-
ments combined with two or three-dimensional soil elements to simulate 
the soil-structure interface’s overall behavior [27]. The Winkler-based 
approaches have inherent simplicity in application and computational 
efficiency. In this study, the modified beam on the nonlinear Winkler 
foundation (BNWF) approach is employed to implement the soil- 
foundation-structure interaction effects. This approach considers the 
foundation as a segmented elastic beam element connected to the 
ground with a limited number of springs that simulate the soil- 
foundation interaction effect. Raychowdhuri [27] showed that the 
BNWF approach predicts nonlinear soil-structure interaction in an 
acceptable accuracy and developed the ShallowFoudaionGen command 
in the OpenSees framework based on the BNWF approach. The devel-
oped command in the OpenSees framework employs three material 
types to simulate soil-structure interaction, which are QzSimple1, 
PxSimple1, and TzSimple1. They are groups of springs in series repre-
senting the far-field and near-field behavior of the soil-structure systems 
as depicted in Fig. 4 (a). 

The plastic springs take into account permanent displacements 
associated with the near-field behavior, and the dashpots in the far-field 
elastic component consider the radiation damping. There is also a gap 
component composed of a drag and a closure spring in QzSimple1 and 
PxSimple1 to consider the soil-foundation separation. Further 

Fig. 2. Representation of a fuzzy variable: (a) Fuzzy set Ã, support set S(Ã), and α-level set Aαk ; (b) Fuzzy triangular number ãz.  

Fig. 3. Fuzzy probabilistic variable; (a) Fuzzy PDF of parameter x; (b) membership function; (c) Fuzzy CDF of parameter x.  
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information about the BNWF approach can be found in other literature 
[27,28]. The ShallowFoudaionGen command generates a vertical array of 
springs with assigned QzSimple1 material to simulate the vertical ca-
pacity and rocking of the foundation. To account for passive pressure of 
the soil around the foundation and sliding resistance of the soil under-
neath the foundation, the command implements springs with the 
assigned PxSimple1 material and TzSimple1 material, respectively. 
Fig. 4(b) shows the distribution and type of springs for a foundation. 

3.2. Ground motion model 

An in-depth reliability analysis needs a nonlinear time history 
analysis of a precise structural model. Therefore, a model is needed that 
generates a ground motion to perform such analysis. To perform random 
analysis using natural earthquake records, a suite of records is required 
to select a ground-motion out of it. Therefore, this discrete nature of the 
ground motion records violates the differentiability rule of the proba-
bility models. Besides, even the large suite of ground motions cannot 
cover the whole sample space. To overcome these problems, artificial 
ground motion models are required to conduct an in-depth random 
analysis. Yamamoto and Baker [29] and Rezaeian and Der Kiureghian 
[30] proposed models to generate the random artificial ground motions. 
In the present study, the model proposed by Rezaeian and Der Kiur-
eghian [30] is used to consider both epistemic and aleatory uncertainties 
of the ground motions. Based on this model, an acceleration time his-
tory, x(t), which is the response of a linear filter with time-varying pa-
rameters to a Gaussian white noise, can be defined as: 

x(t) = q
(
t, αg

)
*

1
σh(t)

∫ t

− ∞
h[t − τ, λ(τ) ]ω(τ)dτ (14)  

where q
(
t,αg

)
is the non-negative deterministic modulating function in 

which αg is a vector controlling the intensity, shape, and duration of the 
record. σh(t) is the standard deviation of integral process, and ω denotes 
the Gaussian white noise. h[t − τ, λ(τ) ] denotes the impulse response 
function of the filter, and λ(τ) vector consists of time-varying parame-
ters. The αg and λ(τ) vectors depend on six key parameters of the 
earthquake. These parameters are Arias intensity, Ia, effective duration 
of the motion, D5− 95, time and filter frequency at the middle of the 
strong motion phase, tmid and ωmid, the rate of the change of the filter 
frequency in time, ω’, and the filter damping, ζf . Finally, to ensure zero 
residual velocity and displacement for the ground motion and realistic 
spectral values at long periods, x(t) is passed through a high-pass filter. 

This model consists of the regression equations, calibrated against a 

large suite of past ground motion records, to predict the above-
mentioned six parameters. These equations are derived based on the site 
characteristics, which are the shear-wave velocity at the top 30 m of the 
site, the moment magnitude, the rupture distance, and the faulting 
mechanism. More details can be found in Rezaeian and Kiureghian [30]. 

3.3. Site effect model 

Past earthquakes show that the underlying soil layers may amplify 
the ground motions considerably, and the local conditions of the 
building site have a significant effect on the extent of resulting damage 
[31]. The amplification of ground motions is dependent on several pa-
rameters including the thickness, density, and stiffness of the subsurface 
layer. In this study, the one-dimensional Square-Root-Impedance (SRI) 
method is implemented to estimate the amplification function [32]. This 
method provides a simple way to approximate linear site amplification, 
which is not sensitive to the velocity model details [33]. Based on this 
method, the frequency (f) at each depth (z) can be obtained by the 
following equation: 

f =
Vs(f )

4z
(15)  

where Vs(f) is the average shear wave velocity at depth z calculated by. 

Vs(f ) = z(f )
[ ∫ z(f )

0

(
1

Vs(z)

)

dz
]− 1

(16)  

where Vs(z) is the shear wave velocity at depth z. The frequency- 
dependent amplification factor A(f) can be obtained by. 

A(f ) =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
ρscVsc

ρ(f )Vs(f )

√

(17)  

in which ρsc and ρ(f) are the weight density at source and the average 
weight density at depth z, respectively, and Vsc is the shear wave velocity 
at the source. The average weight density at depth z is given by. 

ρ(f ) = 1
z(f )

∫ z(f )

0
ρ(z)dz (18) 

In the current study, the amplification factor for a ground motion 
was estimated using the SRI method for various site classes in which the 
shear wave velocity at the top 30 m soil layer is <600 m/sec. Fig. 5 
depicts the amplification factors for the soil profiles with shear wave 

Fig. 4. Beam on nonlinear Winkler foundation (BNWF) approach: (a) QzSimple1, PxSimple1, and TxSimple1 material models; (b) Schematic representation of the 
BNWF model. 
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velocities of 163 m/sec and 489 m/sec. The obtained amplification 
factor was used to amplify the ground motion generated for the firm soil 
layer. Finally, the amplified ground motion is used to excite the soil- 
structure system and perform nonlinear time history analysis. 

For instance, Fig. 6(a) shows an example of an earthquake generated 
for the reverse fault type, moment magnitude of 7, distance rupture of 
25 km, and shear wave velocity of 650 m/sec. The original earthquake 
was amplified for the soil profiles with shear wave velocity of 163 m/sec 
and 489 m/sec. Fig. 6(b) and (c) depict the amplified original earth-
quake for the soil profiles with shear wave velocity of 163 m/sec and 
489 m/sec, respectively. As the amplification factor for the soil profile 
with shear wave velocity of 489 m/sec is close to 1.0, the amplification is 
not significant; while for the soil profile with shear wave velocity of 163 

m/sec the original earthquake record has been considerably amplified 
due to the soil effect. 

4. Illustrative case study 

4.1. Probabilistic soil- structure model 

A five-story soft-first-story building was chosen as the case study 
building in order to assess the effect of soil-structure interaction on the 
seismic performance. Fig. 7 depicts the elevation, structural plan, and 
rebar details of the model structure. The structure is symmetric in both 
directions, and the bay width in the long and short directions is 7.2m and 
5.0m, respectively. The story height of the first story is 3.0 m, and the 
height of the other stories is 2.6 m. As depicted in Fig. 7, the upper 
stories are composed of RC shear walls, and the first story is composed of 
the beam and column moment frames. The gravity loads applied in the 
design of the building are 4.1kN/m2 as the dead load and 4.1kN/m2 as 
the live load. The nominal concrete compressive strength is 25MPa and 
the tensile strength of steel is 413 MPa. For structures with orthogonal 
seismic force-resisting systems, ASCE-7 [34] allows for two-dimensional 
models to represent the behavior of three-dimensional structures. 
Therefore, in this study, the exterior RC frame in the long direction was 
chosen for performing nonlinear time history analysis considering the 
soil-structure interaction effect. 

The case study soil-structure system was analytically modeled using 
OpenSees [35], and the fuzzy random model, the ground motion model, 
and the site effect model were programmed using MATLAB [36]. The 
beams and columns were modeled using the nonlinearBeamColumn ele-
ments with the fiber sections. The Concrete02 and the Steel02 materials 
were used to model the concrete and the reinforcing bars, respectively. 
The dispBeamColumnInt element was used to model the structural walls, 
which incorporates RC panel behavior into a macroscopic fiber-based 
model. Furthermore, the modified beam on the nonlinear Winkler 
foundation (BNWF) approach was employed to model the footings and 
the sub-ground. In the present study, the length, width, and thickness of 
the footings were considered to be 2m, 2m, and 0.8m, respectively. The 

Fig. 5. Amplification factors for the soil profiles with shear wave velocities of 
163 m/sec and 489 m/sec. 

Fig. 6. Amplification of an earthquake due to soil effect: (a) Original earthquake; (b) Amplified earthquake for Vsc = 163 m/sec; (c) Amplified earthquake for Vsc =

489 m/sec. 
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soil was assumed to be sand with radiation damping of 0.05, and void 
ratio of 0.56. Fig. 8 depicts the flowchart of this fuzzy probabilistic 
analysis process applied in this study. 

4.2. Uncertainty parameters 

Even though the parameter values used in the analysis were defined 
based on appropriate literature, it was assumed that they were still 
subjective due to the lack of enough information. The uncertainty pa-
rameters considered in this study are shown in Table 1, where the proper 
references for the variation of the parameters were also included. 

Except for the fault parameter which is a binary parameter, the 
remaining parameters were considered to be fuzzy probabilistic vari-
ables. It was assumed that four parameters follow the uniform proba-
bilistic distribution, and another four parameters follow the normal 
probabilistic distribution. The lower and upper bound of the uniform 
probability distribution, a and b, are fuzzified in such a way that they are 
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. 
Fig. 9 depicts the fuzzy variables a and b for the shear wave velocity and 
the weight density. 

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, 

and they were fuzzified in such way that the value at μ = 1 is equal to the 
mean shear wave velocity given in the design code [38]. The upper and 
lower bounds of the fuzzy variable were considered to be the mean plus 
minus one standard deviation of the shear wave velocity, which is also 
obtained from the same 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]. The fuzzy probability density function (PDF) of 
the shear wave velocity and the weight density parameters in this study 
are shown in Fig. 10. 

The closest distance to the rupture was considered between 10 km 
and 100 km with a uniform distribution based on the limitation of the 
ground motion model proposed by Rezaeian and Der Kiureghian [30]. 
The distance range is divided into 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, which are the median of the first and the third range, 
respectively. The fuzzy distribution at μ = 0 at the lower and the 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 
the third ranges. A similar approach was used to define fuzzy lower and 
upper bounds of the uniform distribution of the moment magnitude of 
the earthquake that was considered to be between 6.5 and 8.0 based on 
the limitation of the used ground motion model. 

The fuzzy standard deviation of the yield strength of the rebars was 
defined in such way that the CoV of the yield strength is equal to 0.05 at 

Fig. 7. Elevation, plan, and section detail of the model structure.  
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μ = 1, and varies between 0.035 and 0.065, at μ = 0 as recommended in 
the literature [37]. The fuzzy standard deviation of the nominal 
compressive strength of concrete was defined in such way that the CoV 
of the compressive strength is 0.15 at μ = 1 , and the CoV of fuzzy 
standard deviation varies between 0.15 and 0.18 at μ = 0. Based on the 
experimental data and assumptions given in the reference [42], the 
friction angle and Poisson’s ratio follow the normal distribution and 
only the mean value was fuzzified. The fuzzy cumulative distribution 
function (CDF) corresponding to the parameters are depicted in Fig. 11, 
where μ = 0 shows the maximum degree of informal uncertainty and μ 

= 1 shows the minimum degree of uncertainty. 

5. Fuzzy random analysis results 

5.1. Maximum inter-story drift 

In this section, the fuzzy random analysis results of the model 
structure with and without SSI are presented to observe the effects of 
soil-structure interaction on the seismic response. Total of 8,000 
nonlinear time history analyses were performed using the artificial 

Fig. 8. Flowchart of the fuzzy probabilistic framework.  
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earthquakes generated in section 3.2 based on the uncertainty param-
eters. In the case of the structure with a fixed base, the soil effect was 
considered only by the amplification of the input ground motion due to 
the soil effect. The analysis was performed for the intervals between μ =
0 and 1.0 with a maximum of 100 samples per interval. The lognormal 
distribution was considered to obtain the variability of the maximum 
inter-story drift ratios (MIDR). 

Fig. 12 compares the fuzzy CDF of the maximum inter-story drift 
ratios for the model structure with fixed and flexible foundations. It can 
be observed that the SSI effect generally increases the maximum inter- 
story drift ratio. For instance, at μ = 1, where the degree of informal 
uncertainty is minimum, the median (CDF = 0.5) of the inter-story drift 
ratio for the fixed and the flexible base condition is 1.7% and 1.9%, 
respectively. At μ = 1 the results of the model structure with fixed and 

Table 1 
Uncertainty parameters considered in the analysis.  

Symbol Description Distribution [reference] Input parameters 

Vs30 Shear wave velocity at the building site (m/s) Uniform [37,38] a=<143.9,163,182.1> b=<386.5,489,591.5>
γ Weight density (kN/m3) Uniform [39] a=<15.06,16.5,17.94> b=<19.63,20.5,21.37>
F Fault type (Unitless) Binary [37] 1 for strike-slip faults 0 for reverse faults 
Rrup Closest distance to the ruptured area (km) Uniform [37] a=<16.33,25,33.67> b=<76.33,85,93.67>
M Moment magnitude of the earthquake Uniform [37] a=<6.61,6.75,6.89> b=<7.61,7.75,7.89>
fy Reinforced yield strength (MPa) Normal [40] Mean=<371,413,454> σ = < 14.5,20.7,26.9>
fc Concrete compressive strength (MPa) Normal [41] Mean=<22.5,25,27.5> σ = < 3.75,4,4.5>
φ’ Friction angle (◦) Normal [42] Mean=< 38,40,42 > C.O.V = 3% 
v Poisson’s ratio Normal [42] Mean=< 0.3,0.4,0.5 > C.O.V = 16%  

Fig. 9. Fuzzy lower and upper bounds of a uniform probabilistic distribution: (a) Shear wave velocity; (b) Weight density.  

Fig. 10. Fuzzy PDF of uniform probabilistic distribution: (a) shear wave velocity; (b) weight density.  
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flexible foundations show slight difference, while at μ = 0, where the 
degree of informal uncertainty is maximum, the difference in the results 
is more obvious. It can be observed that in the model with a flexible base 
the maximum inter-story drift is more widely distributed due to the 
larger informal uncertainty. 

Fig. 13 presents the fuzzy mean MIDR for the model structure with 
fixed and flexible foundations. The results at μ = 0 show that the SSI 
considerably increases the mean MIDR in the first story as well as the 
above stories; conversely, the results at μ = 1 show a slight increase in 
the mean MIDR for all stories. For instance, at μ = 0 the mean MIDR at 
the first story for the fixed and the flexible base condition is 2.7% and 
3.6%, respectively. The results obtained in this section implies that the 
neglection of the informal uncertainties involved in the sub-soil prop-
erties may lead to non-conservative estimation of the seismic perfor-
mance of the soft first-story structures. 

5.2. Fragility analysis 

In this study the fuzzy fragility analysis was performed to obtain the 
failure probability and gain a better insight into the effects of SSI on the 
soft-first-story structure. The fragility analysis was performed using the 
simple cloud analysis for the intervals between μ = 0 and 1. The simple 
cloud analysis employs a linear regression to assess structural fragility 
using the unscaled ground motions [44]. Based on this method, the 
cloud data are pairs of peak ground accelerationn Sa and its corre-
sponding 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

: 

Fig. 11. Fuzzy CDF of the parameters used in the analysis.  
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lnηDCRLS |Sa
(Sa) = lna+ b.ln(Sa) (19)  

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: 

βDCRLS |Sa
=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑N

i=1
(lnDCRLS,i − ln(a.Sb

a,i))
2
/(N − 2)

√

(20)  

where N is the number of records, and DCRLS,i and Sa,i are the cloud data 
of ith record in the set. 

Fig. 14 compares the fuzzy fragility curves of the model structure for 
the limit inter-story drift ratio of 2%. It can be observed that for the μ = 0 
and μ = 1 the collapse probability of the structure with the flexible base 
is larger than that of the structure with the fixed base. More specifically, 
at μ = 1, the probability of collapse for the structure with the flexible 
foundation is 97% when the PGA is 1.0 g while the probability of 
collapse for the structure with the fixed foundation is 77%. The results at 
μ = 0 also follows a similar pattern and show that the SSI increases the 
probability of collapse. For instance, the probability of collapse for the 

structure with the flexible foundation is almost 70% when the PGA is 
1.5 g while the probability of collapse for the structure with the fixed 
foundation is 63%. 

5.3. Sensitivity analysis 

To identify the influence of each uncertainty parameter on the 
structural responses of the soft-first-story structure, fuzzy random 
sensitivity analysis was carried out for the originals between μ = 0 and 
1.0. To obtain sensitivity of the outputs to a specific parameter, the fuzzy 
random analysis was performed in which the target parameter was 
varied in each μ and the other parameters were fixed at the centroid of 
the fuzzy number. The lower and upper bounds of the maximum inter- 
story drift ratio for each μ are depicted in Fig. 15 using the bar chart. 
It can be observed that the weight density and shear wave velocity of top 
30 m soil are the most influential parameters in the structural responses 
followed by compressive strength of concrete and soil friction angle. The 
analysis results show that the parameters associated with SSI affect the 
structural response most significantly, especially when the sub-ground 

Fig. 12. Fuzzy cumulative distribution of the maximum inter-story drift ratio: (a) Fixed base; (b) Flexible base.  

Fig. 13. Fuzzy average of the maximum inter-story drift ratio: (a) Fixed base; (b) Flexible base.  
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soil condition is relatively weak. 

6. Conclusions 

The present study used a fuzzy-probabilistic approach to evaluate the 
effect of SSI on the nonlinear behavior of a soft-first-story structure when 
sub-ground soil condition is irregular or unknown. The fuzzy probabi-
listic framework, analytical modeling methods of the soft-first-story 
building, soil-structure interaction, and site effect on earthquakes 
were explained in detail. The results were reported in terms of maximum 
inter-story drift ratio and fuzzy fragility analysis. Furthermore, the 
sensitivity analysis was used to identify the importance of the uncer-
tainty parameters on the structural responses of a soft-first story struc-
ture considering soil-structure interaction. 

The results show that, when the degree of informal uncertainty is 

minimum, the median of the maximum inter-story drift ratio increased 
slightly from 1.7% to 1.9% in case SSI was considered. However, at μ =

0, where the degree of informal uncertainty is maximum, the maximum 
inter-story drift ratio increased about 35 % when SSI was considered. 
The fragility analysis results show that when the degree of informal 
uncertainty is minimum the collapse probability of the structure with 
the flexible base is 97% at the PGA = 1.0 g, while the probability of 
collapse is 77% in the structure with fixed foundation at the same PGA. 
The fragility analysis results at μ = 0 also showed a similar pattern. The 
sensitivity analysis showed that the variations in the weight density and 
shear wave velocity of top 30 m soil layer were the most influential 
parameters in the structural responses. Based on the analysis results, it 
was concluded that the soil-structure interaction effects need to be 
considered in the seismic performance evaluation of the soft-first-story 
structures, which are vulnerable for seismic load due to their horizon-
tal and vertical asymmetry, to avoid inaccurate and non-conservative 
seismic performance evaluation. This also implies that more structural 
materials or retrofit devices are required for those structures to satisfy 
the performance limit state of the seismic design codes, especially when 
significant uncertainties are involved in the subsoil condition. 
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