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In this study, wavelet-based damage-sensitive features are employed to derive the seismic fragility functions/curves for reinforced
concrete moment-resisting frames. Two diferent wavelet transform functions, namely, Bior3.3 and Morlet mother wavelet
families, were applied to absolute acceleration time histories of building frames to extract the wavelet-based and refned wavelet-
based damage-sensitive features (i.e., DSF and rDSF). Te accuracy of seismic assessments and certainty in predicting structural
behavior strongly depend on the specifc optimal intensity measures selected, reliability of wavelet-based damage-sensitive
features, and some such intensity measures as PGA, PGV, PGD, Sa, and Sdi as the conventionally utilized measures to detect the
damage state of a structure. Tese measures were examined against their statistical properties of efciency, practicality, pro-
fciency, coefcient of determination, and sufciency to select the appropriate optimal intensity measures, which were then used to
drive the fragility curves disclosing the failure or other damage states of interest. For the purposes of this study, three diferent
concrete moment-resisting frames with four-, eight-, and twelve-story building frames were adopted for implementing the
proposed approach. Te fndings demonstrate that the wavelet-based damage-sensitive features (DSFs/rDSF) simultaneously
satisfy all the statistical properties cited above.Tis is evidenced by the low variance and dispersions observed in the frame damage
state predictions by the fragility functions derived from the wavelet-based DSF when compared with those derived from the
classical fragility analyses such as spectral acceleration at the frst mode period of the structure. A fnal aspect of the study concerns
the superior performance and efciency of the fragility curves derived by the Bior3.3 wavelet-based DSF over those derived from
Morlet wavelet-based DSF.

1. Introduction

Earthquakes with their calamitous consequences are
recognized as one of the most tragic natural disasters that
are not only unpredictable but highly destructive with
high casualties and death tolls. Te human and fnancial
losses associated with earthquake events, as well as their
frequent incidences have encouraged civil engineers to
focus concerted eforts on mitigating the associated risks
and hazards. Tese eforts have generally led to studies
focused on risk assessment and seismic response of
buildings using a wide variety of analytical, numerical,

and experimental methods to identify key parameters
contributing to such earthquake-induced risks and haz-
ards in structural systems [1–9]. To this end, building
codes and guidelines have been developed to ensure
maximum structural safety by enforcing constraints in the
design and maintenance of structures. An outstanding
outcome of such endeavors in the last few years is the
performance-based earthquake engineering (PBEE) de-
sign approach [10–15]. In PBEE, the seismic vulnerability
assessment of structures is accomplished by quantitating
damage probability under diferent levels of potential
earthquake events [16, 17].
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While the probability of incidence of a specifc damage
state (DS) versus selected engineering demand parameters
(EDP) is dealt with in the PBEE framework to support the
structural design decisions in accordance with the desired
performance objectives, the structural health monitoring
(SHM) and diferent damage diagnosis methods focus on the
detection of invisible damages or hidden defciencies in the
diferent structural elements to be extracted from structural
responses during the normal operation of a structure
[5, 18, 19]. In this regard, fragility functions can be employed
in SHM to categorize the damage state (DS) in a structure or
utilized in PBEE as a forecasting tool of structural perfor-
mance [20–22].

Te present study introduces a novel approach that
draws on the wavelet-based damage-sensitive feature (DSF)
as a measure of the seismic performance of structures to
develop fragility functions for classifying and/or predicting
structural damages. To extract the wavelet-based DSF, the
foor levels’ absolute acceleration responses of the structures
during a ground motion excitation were collected. Te
structural responses were then calculated via nonlinear
incremental dynamic analysis (IDA) that comprises
a number of earthquake excitations scaled to various in-
tensities and applied to a structure [23, 24]. Te damage
states of the structure were then determined after the
maximum story drift ratio (SDR) for each story was found
[25–27]. Tis was followed by the extraction and refnement
of the acceleration responses of the models before the
wavelet transform could be employed to calculate the en-
ergies of wavelet coefcients [25, 27–34]. Although this
method is less intuitive, it is claimed to be reliable and
computationally efcient [27, 35, 36].

Some prestigious studies have been recently reported on
the application of wavelet-based DSF not only for damage
diagnosis in steel moment-resisting and steel-braced frames
[26, 27, 32, 34, 36–40] but also for the development of
fragility functions/curves for steel frames [22, 38, 41, 42].
However, the efectiveness of DSF in association with the
wavelet transformmethod with respect to SHM and PBEE of
concrete moment-resisting frames (MRFs) remains yet to be
investigated. In other words, the scope of the literature on
wavelet-based DSF has been limited only to damage di-
agnosis in steel structures, with no due heed paid to concrete
structures. To fll this gap, the present study aims to employ
a novel framework that combines the features of SHM and
PBEE to develop fragility functions for concreteMRFs using
two diferent mother wavelet families and wavelet-based
DSF. Te proposed framework was initially introduced by
Noh et al. [38] and further developed by Yazdanpanah et al.
[41, 42] and Mohebi et al. [43]. As accurate seismic as-
sessments and reliable structural performance predictions
strongly depend on the optimal intensity measures (IMs)
selected, eforts are made in this study to examine their
reliability against certain statistical properties of wavelet-
based DSF and some conventional intensity measures
commonly used to diagnose the damage state (DS) of
a structure.

For the purposes of this study, three diferent concrete
MRFs of four-, eight-, and twelve-story building frames were

selected to implement the proposed approach. Furthermore,
the refned wavelet-based damage-sensitive feature (rDSF)
was used to capture the higher-mode contributions of
midrise and high-rise buildings. To formulate the damage
states, diferent seismic ground motion records were sub-
sequently exploited to extract absolute acceleration re-
sponses of concrete MRFs via IDA. Using the fragility
functions thus obtained, the probability of the incidence of
a specifc damage state (DS) was determined. Te results of
this study are presented in relevant charts and tables that can
be easily used by practical engineers.

2. Methodology

Following Nair and Kiremidjian [32] and Nair et al. [44],
numerous studies have been conducted over the years to-
ward the successful application of the wavelet transform,
particularly in its continuous form. Te capabilities of the
wavelet transform and the associated wavelet-based DSF in
capturing nonstationary characteristics of earthquake events
and structural responses make it one of the most favorable
methods of widespread use in SHM. It has been shown that
diferent CWT functions and observations of acceleration
responses of structures subjected to earthquake ground
motions can be employed to determine the instantaneous
properties of structures [45–48]. Furthermore, wavelet-
based DSF and rDSF as defned by CWT of acceleration
signals have been developed with the help of signal pro-
cessing techniques.

In this study, a new framework based on wavelet-based
DSF and rDSF is introduced for the development of fragility
functions for reinforced concrete MRFs subjected to dif-
ferent earthquake ground motions. DSF and rDSF measure
alterations in wavelet energy at the undamaged structure’s
natural frequency as damage develops. It has been shown
that the conventional wavelet-based DSF yields better esti-
mations of the damage state (DS) in low-rise buildings while
the counterpart rDSF is more appropriate to capture the
higher-mode contributions in midrise and high-rise
buildings [36, 39, 40, 49, 50]. To illustrate the perfor-
mance of the wavelet-based DSFs as damage indicators,
absolute acceleration measurements were correlated and
compared with story drift ratios (SDRs), and damage states
were estimated based on the maximum story drift ratios of
the frames.

Te combined framework of SHM and PBEE is imple-
mented via the followingmain computational steps. Initially,
the absolute acceleration responses of the models subjected
to diferent earthquake ground motions are extracted using
nonlinear incremental dynamic analysis. Te second step
involves the derivation of the damage-sensitive features
(DSFs and rDSFs) using wavelet coefcients of acceleration
signals. Tis is followed in the third step by the development
of a prediction model and classifcation of damage states
through constructing fragility functions. Once these steps
are completed, correlations are established among the fra-
gility functions, damage states, engineering demand pa-
rameters (EDPs), and intensity measures (IMs) of the seismic
ground motion. Figure 1 depicts the abovementioned steps
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while their descriptions will be provided in the following
subsections.

2.1. Extracting Acceleration Responses of the Models via
Nonlinear Incremental Dynamic Analysis (IDA). Te pro-
cedure for conducting IDA includes subjecting a structure
model to a number of ground motions of various intensities
adopted from the PEER ground motions database, per-
forming the analysis, and generating the intended structural
responses in the processing stage [23, 24].

In this study, the seismic behavior of reinforcedconcrete
MRFs under various earthquake ground motions was ana-
lyzed using IDA. For this purpose, 2D numerical models of
the structures were generated in the OpenSees software. By

compiling the responses of the structural models through the
nonlinear incremental dynamic analysis, the foor levels’
absolute acceleration responses of the structures were
extracted. In this study, a normalization procedure as shown
in the following equation was utilized before applying the
wavelet transformation to the input signal to use the time-
history acceleration responses [27, 32]. Tis procedure in-
volves the subtraction of the mean value mean (fi(t)) from
the absolute acceleration response of fi (t) and dividing the
resulting value (numerator) by the root mean square RMS
(fi(t)) value (denominator).

fi(t)norm �
fi(t) − mean fi(t)( 

RMS fi(t)( 
, i � 1, . . . , N, (1)
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Figure 1: Schematic illustration of the proposed framework for the development of fragility curves.
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where the number of data points denotes the absolute ac-
celeration response of fi (t) with N. Subtracting the time-
history acceleration responses from the mean value ofsets
the diferent initial conditions of the data collection process.
In addition, the efects of diferent loading intensities were
reduced by dividing the value of the calculated nominator by
the RMS value (i.e., the denominator).

2.2. Derivation of Damage-Sensitive Features (DSFs and
rDSFs) Using Wavelet Coefcients of Acceleration Signals.
In this step, the absolute acceleration responses recorded for
each story level in the previous step were introduced into the
MATLAB software, and the wavelet transform was
employed to calculate the matrix of wavelet coefcients. In
the classical application of CWT, the wavelet scale and shift
are denoted by a and b, respectively. Since wavelets are
localized waves with fnite time durations, the application of
the CWT represents time-varying characteristics of the input
acceleration responses. In other words, CWT provides the
time sum of the entire input signal multiplied by a form of
the scaled and transferred mother wavelet. Tis process
produces a wavelet coefcient that is a function of scale and
time. Tere are eight steps to make the continuous wavelet
transform which are listed as follows:

(1) A mother wavelet function is utilized for calculating
the wavelet transform.

(2) Te chosen wavelet, along with the specifed scale
parameter, is applied to the beginning of the target
signal.

(3) Te similarity between the wavelet function and the
signal is assessed. In this step, the wavelet coefcients
are calculated.

(4) Te wavelet function is then shifted to the right
(continuing along the signal) while maintaining the
same scale parameter.

(5) Steps 3 and 4 are iterated until reaching the end of
the signal’s time domain.

(6) Te scale parameter value is incremented, shifting
towards the start of the signal. During this process,
the wavelet function widens until it approaches zero.

(7) Steps 2–6 are repeated to cover all scales.
(8) Te results of the calculations are organized into

a matrix containing wavelet coefcients.

Te steps mentioned enable fnding the continuous
wavelet coefcients. Wavelet analysis magnifes minor signal
changes, signifcantly.

Te previous study by the authors showed that the
optimal wavelet family of the concrete MRFs was Bior3.3,
leading to more accurate damage estimates. Tus, the
wavelet coefcients are determined by selecting Bior3.3 as
the mother wavelet. Once the wave with the same scale is
transferred to the end of the signal, the procedure for cal-
culating the wavelet coefcients should be repeated, and all
the previous steps should be performed anew when a given
scale is changed. In this way, the continuous wavelet co-
efcients are determined at the end of these steps. Since

damages change the original form of the acceleration signal,
the wavelet analysis method can be used for SHM. Te
continuous wavelet coefcient is mathematically expressed
as follows [51]:

Wf(a, b) � 
∞

−∞
f(t)

1
��
a

√ ψ∗
t − b

a
 dt, (2)

where ψ denotes the mother wavelet and ∗ characterizes
a complex conjugate used to compute the wavelet co-
efcients of Wf(a, b) [51]. Moreover, f(t) is the time-
history acceleration response with the wavelet parameters
a and b denoting the wavelet scale and shift, respectively.

Nair and Kiremidjian [32] were the frst to introduce
Escale(a), which represents the wavelet energy at a specifc
scale (Escale(a)). It shows the distribution of vibration energy
in the acceleration response across diferent scales. Once, the
wavelet coefcients are determined, the wavelet coefcient
energy at scale a can be computed for each output signal.Te
energy of the wavelet coefcient is given by the following
equation [32]:

Escale(a) � 
K

b�1
|Wf(a, b)|

2
, (3)

where the term K denotes the number of data points in the
signal and |.| represents the absolute value of Wf(a, b).

Te square of the absolute of the wavelet coefcients is
called the scalogram, referred to as wavelet energy at scale
a and time-shift at scale b. Tus, Escale(a) is the sum of all
the wavelet energies over time at scale a. To express
the relationship for scale a in a discrete time-series accel-
eration response, the central mother wavelet frequency (Fc),
sampling frequency (Fs), natural frequency of the un-
damaged structure (Fn), and the sampling time (Δt) are
correlated with each other as the following form of equation
(4) [41]:

a � fs

Fc

fn

,

fs �
1
∆t

.

(4)

Te centfrq function calculates and returns the center
frequency (Fc in Hz) of any arbitrary wavelet family by
specifying the wavelet name usingMATLAB software. Using
the mathematical relations for wavelet coefcient energy,
wavelet-based DSF and rDSF can be determined from
wavelet energies to predict damage states in structures.

DSF monitors changes in wavelet energy at the un-
damaged structure’s natural frequency during the pro-
gression of damage. Noh et al. [38] introducedDSF based on
a CWT algorithm. Te mathematical relation for the DSF
based on a CWT is expressed as follows:

DSF �
Escale(a)

Etot
, (5)

where Escale(a), as defned by Nair and Kiremidjian [32], is
the wavelet energy at scale a over time. To calculate Etot, the
wavelet energies at scales a (related to the frst natural
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frequency of the undamaged structure) and 2a (correspond
to half of that) should be added up with each other. Hence,
the total energy can be written as

Etot � Escale(a) + Escale(2a). (6)

In equation (5), the numerator represents the wavelet
energy at a specifc scale related to the frst natural frequency
of the structure. Tis term captures the dominant response
of the undamaged structure. Te denominator includes
additional terms to calculate the total wavelet energy (Etot).
However, it is important to note that this additional term in
the case of undamaged structure has negligible contributions
compared to the main term in the numerator. As structural
damage progresses, the dominant scale of acceleration re-
sponse shifts, leading to a decrease in the DSF value by
increasing the contribution of additional terms of the de-
nominator of equation (5). Terefore, in the normalized
form of DSF, this value varies between 0 and 1, i.e.,
0≤DSF≤ 1.

Hwang and Lignos [34] discovered that considering the
wavelet energies corresponding to the building’s frst three
natural frequencies is generally sufcient to capture higher-
mode efects on its seismic response. Assuming well-
separated natural frequencies, the second-mode and
third-mode frequencies were estimated at 3f1 and 5f1,
respectively [36]. By analyzing the logarithmic diference in
acceleration response power distribution, Hwang and Lignos
[39] observed a shift in power distribution at the second and

third modes to 2f1 and 4.5f1 and developed the rDSF using
the following equation:

rDSF �


3
i�1Escale fi( )

Etot
. (7)

It is worth noting that Hwang and Lignos [39] proposed
the second-mode and third-mode frequencies of steel frames
as multiples of the frst natural frequency, i.e., f2 � 2f1 and
f3 � 4.5f1. In addition, it is worthwhile to mention that the
fundamental principles governing the dynamic behavior of
structures, such as modal frequencies and mode shapes, are
inherently infuenced by the material properties of the
structure and its overall geometry. Terefore, using fre-
quency characteristics developed for steel frames, namely
f2 � 2f1 and f3 � 4.5f1, may lead to approximate solutions
for reinforced concrete MRFs. Te calculation of higher-
mode frequencies for diferent structures and correlating
these frequencies with the frst natural frequency requires
signifcant time and efort, which is beyond the scope of this
study and could be considered for future investigations.
Consequently, the calculation procedure for rDSF aligns
with the fndings of Hwang and Lignos [39]. Readers should
be aware of the potential limitations of this study and in-
terpret the results accordingly. Taking into account the
magnitude associated with 0.5f1, 2f1, and 4.5f1, Escale(a),
the overall energy of the wavelet, Etot, is adjusted in the
following manner:

Etot � Escale f1( ) + Escale f2( ) + Escale f3( ) + Escale 0.5×f1( ) + Escale 2×f1( ) + Escale 4.5×f1( )

� Escale f1( ) + Escale 3×f1( ) + Escale 5×f1( ) + Escale 0.5×f1( ) + Escale 2×f1( ) + Escale 4.5×f1( ).
(8)

Similarly, in equation (7), the numerator sums the
wavelet energies at frequencies corresponding to the frst
three natural frequencies of the structure. Tese terms
capture higher-mode efects on seismic response. Te
denominator accounts for the total wavelet energy at all
considered frequencies. Despite including additional
terms, the dominant contributions of the energies of
wavelet corresponding to the undamaged state of
structure come from the main terms in the numerator
related to the frst three natural frequencies. As damage
increases, the rDSF value decreases, refecting changes in
the structural response due to evolving damage states.
Hence, in the normalized form of rDSF, this value varies
between 0 and 1, i.e., 0 ≤ rDSF ≤ 1. Based on the nor-
malization approach and the dominance of key terms in
the numerator of DSF and rDSF calculations, both ratios
can reach unity (1) in the limit state, indicating no
damage in the structure. In addition, by progressing the
damage states and increasing the contribution of addi-
tional terms of Etot, DSF/rDSF can relatively reach zero
representing a severe damage state. In view of the
abovementioned considerations, the wavelet-based

damage-sensitive features (DSFs and rDSFs) were
extracted from the absolute acceleration data for each
foor of a structural system.

2.3. Selection of Optimal Intensity Measures in Probabilistic
Seismic Demand Models. Diferent probabilistic seismic
demand models (PSDM) have been developed to specify the
conditional probability relationships among engineering
demand parameters (EDPs) exceeding predefned values
(DSi, which can be mainly in the form of either maximum or
residual demand) subjected to various seismic intensity
measures (IMs). Following the pioneering studies of Shome
[52] and Cornell et al. [53], some studies proposed condi-
tional seismic demands using the lognormal distribution
function (Cornell [54], Tothong and Luco [55, 56], Padgett
et al. [57], Wang et al. [58], Khosravikia and Clayton [59],
Babaei et al. [60], and Li et al. [61]. Herein, we draw upon
Cornell et al. [53] who may be consulted for more detailed
explanations.

Te probabilistic seismic demand model in the log-
normal distribution form can be expressed as follows:

Structural Control and Health Monitoring 5



P[D≥d|IM] � 1 −Φ
ln(d) − ln SD( 

βD|IM

 , (9)

where D characterizes the random variable for structural
demand analysis and d represents a threshold (i.e., a specifc
value) of the structural demand level interested in calcu-
lating the probability of exceedance. Te standard normal
cumulative distribution function, the median value of the
structural demand in terms of seismic intensity, and the
logarithmic standard deviation of the demand conditioned
on IM are represented by Φ(.), SD, and βD|IM, respectively.
Te following equation shows the correlation between
median structural demand (SD) and intensity measure (IM)
[57, 58]:

ln SD(  � B. ln(IM) + ln(A), (10)

where A and B are linear correlation coefcients defned as
the width from the origin and the slope of the line,
respectively.

Te linear data regression is generated by conducting
time-history analyses on the structural models subjected to
a given number of seismic earthquake ground motions (N).
Subsequently, both the regression parameters and the log-
arithmic standard deviation term (namely, βD|IM) are esti-
mated from the plot of peak demands versus ground motion
intensity. Te conditional form of the standard deviation of
the regression can be written as shown in the following
equation [57, 58]:

βD|IM �

�����������������

 ln di(  − ln SD( ( 
2

N − 2



. (11)

One advantage of using an appropriate IM is the more
precise evaluations of seismic performance obtained without
the need to go through a detailed ground motion record se-
lection process prior to the nonlinear dynamic structural an-
alyses involved in probabilistic seismic demand analysis
(PSDA). However, reasonably selected seismic IMs are crucial
for improving the capability of PSDMs in capturing structural
seismic responses. It is worth noting that the probabilistic
functions of tremor demand express the relationship between
maximum responses and intensity parameters. Terefore, the
accuracy of seismic assessment and certainty in structural
performance prediction both strongly depend on the optimal
intensity measures (IMs) selected. Among all the intensity
parameters, the most optimal ones are those that enjoy better
relationships with the response parameter and a higher ca-
pability for predicting the exact damage level.

Due to the concepts inherent to PBEE, the selection of an
optimal intensity parameter enhances the reliability of an-
alytical results. Furthermore, a number of characteristic IMs
reported in the literature should be examined to ensure that
optimal IMs are selected for assessing structural perfor-
mance via PSDA. Based on the statistical properties and
PSDM formulations, diferent well-known characteristic
measures including efciency, practicality, profciency, co-
efcient of determination, and sufciency have been proposed
in the literature for assessing the adequacy of the seismic IMs

[55, 57, 58, 62–68]. For the thoroughness and consistency of
the present research, the aforementioned statistical quan-
tities will be briefy introduced below.

2.3.1. Efciency. Efciency is the most readily examined
metric in characterizing seismic IMs and refecting the
variations in structural demand generated for the given IMs.
To assess the efciency of diferent IMs, the main measure of
logarithmic standard deviation of the seismic demand (βD|
IM) and the auxiliary metric of the coefcient of de-
termination (R2) can be used. Te efciency can be quan-
tifed using βD|IM obtained from equation (11). An efcient
IM decreases the variations in the structural demand (less
dispersion/changes) generated for the given IMs. Conse-
quently, less dispersion can be observed about the estimated
median in the structural responses by a lower logarithmic
standard deviation of the seismic demand (i.e., βD|IM)
[57, 62, 64]. A careful examination of the literature on the
efciency metric reveals that the selected IM may be con-
sidered efcient if 0.1< βD|IM< 0.3.

Te auxiliary indicator, coefcient of determination
(R2), is another measure that can be used to evaluate how the
regression line in equation (10) correlates with the data. Te
coefcient of determination (R2) is always between
0≤R2 ≤1. A higher value of R2 confrms the efectiveness of
demand-IM pairs and less dispersion among the data
[58, 60, 69]. In addition, a higher R2 value signifes reduced
variability among the data, thus quantifying the efciency
characteristic. If the coefcient of determination (R2) is too
small, the selected IM is not sufciently efective, thus
relaxing the need for calculating the other statistical metrics
[60]. It should be noted that in determining efciency, the
value of βD|IM takes precedence over the value of R2. In other
words, the values of βD|IM are superior to R2, leading to the
determination of an efcient IM frst based on βD|IM, and
second based on R2.

2.3.2. Practicality. Practicality is a predictor of the de-
pendency of the engineering demand parameter (EDP) on
the IM investigated. Tis metric demonstrates the degree of
dependence such that if an intensity measure IM is not
practical, no direct correlation can be found between IM and
EDP. Te practicality indicator can be quantitated from the
slope of the regression line (B) between the demand pa-
rameter and the measure of earthquake intensity in the
logarithmic space, as shown in eqution (10). A practicality
value of the regression line (B) close to 0 demonstrates
a negligible correlation between IM and EDP, indicating an
impractical IM. In contrast, higher values indicate the ap-
plicability of the selected IM [57–59, 62, 64].

2.3.3. Profciency. Te composite profciency measure,
originally due to Padgett et al. [57], is a combination of the
efciency and practicality metrics. Tese authors found that
the efciency or practicality measures considered in-
dividually might lead either to biases in the balance among
the diferent factors involved or to inappropriate selection of
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an IM. It was also observed that a more profcient IM is
characterized by a lower dispersion, ζ, that refects the level
of uncertainty using a specifc IM in the analysis [57, 59, 61].
Te modifed dispersion, ζ, can be defned by substituting
equation (10) into equation (9), resulting in a simplifed
expression.

P[D≥ d|IM] � Φ
ln(IM) − ln(d) − ln(A)/B

βD|IM/B
 . (12)

By using this particular form of the PSDM equation, it
becomes easier to substitute regression coefcients and
determine the values of profciency or modifed dispersion as
follows:

ζ �
βD|IM

B
. (13)

Te value for ζ expressing the profciency measure is
a combination of the dispersion value expressing efciency
and the slope of the practicality regression line. Lower values
of ζ signify a more profcient IM, representing a lower
uncertainty in the demand model as a result of the IM
selected [57, 59, 61].

2.3.4. Sufciency. Te sufciency of an IM demonstrates its
appropriateness for use in PSDMs [57, 62, 65]. Te suf-
ciency discusses the conditionally statistical independence of
an IM to earthquake characteristics including earthquake
magnitude (M) and epicentral distance (R). Indeed, varia-
tions of ground motion magnitude and epicentral distance
of a sufcient IM should have only a negligible systematic
impact on the seismic engineering demand parameter se-
lected. Sufcient IMs would, therefore, result in the proper
estimation of the overall probability of exceedance in PSDA
[59, 60]. Tis metric, quantitated by the p value frst in-
troduced by Ang and Tang [70], can be determined via
regression analysis of the residuals between the actual
structural response and the predicted PSDM related to the
earthquake magnitude or epicentral distance (εd|IM) [71].
Te p value is a statistical measure used to assess the strength
of a variable or parameter against the null hypothesis. In
regression analysis, the p value indicates the probability of
observing the data or something more extreme if the null
hypothesis is true. A small pvalue of the linear regression of
the residuals on earthquake magnitude or epicentral dis-
tance represents the insufciency of a given IM, and the
chosen seismic intensity measure is inadequate in accurately
predicting the structural response. Meanwhile, the p value
might be related to the probability of rejecting the null
hypothesis in an analysis of variance leading to a coefcient
of regression equal to 0 [66]. In this regard, a small p value of
the linear regression of the residuals indicates a higher
statistical dependency, which again signifes an insufcient
IM [70–72] and implies that the IM does not capture all the
relevant information needed to predict the structural re-
sponse, efectively. Following Ang and Tang [70], Padgett
et al. [57], and Wang et al. [58], the widely used signifcance
level of 5% (p value� 0.05) was used in the present study;

this value is more common for most practical engineering
applications. Terefore, seismic IMs that render p values
below the threshold value will be considered to be in-
sufcient for reliably predicting the structural response.

2.4. Fragility Functions Developed Using DSF and rDSF.
Fragility functions reveal the probability of a structure to
undergo a collapse or other damage states of interest as
a function of seismic ground motion intensity measures
(IMs) [21, 52, 73–76]. For the present purposes, these
functions were developed using the wavelet-based DSF and
rDSF as damage classifcation models in order to determine
the conditional probability of a building being in, or ex-
ceeding, diferent damage states relative to the selected
threshold values of damage-sensitive features.

Damage states of buildings are classifed into diferent
categories based on the building height. According to the
HAZUS–MR5, reinforced concreteMRFs are denoted by the
symbol C1, and building frames are identifed as high-rise,
midrise, and low-rise, represented by H, M, and L, re-
spectively [77]. For instance, high-rise reinforced concrete
MRFs will be denoted by C1H. Tus, the four-story building
frame under consideration is represented by C1M, while the
other two frames belong to the category of C1H. Table 1
presents the building frame classifcation based on
HAZUS–MR5.

To classify the damage states of structures, absolute
acceleration measurements were correlated with the relevant
story drift ratios (SDRs), and the corresponding damage
states were estimated using the maximum story drift ratios
of the frames.Tus, a set of threshold SDR values as reported
in HAZUS–MR5 is specifed for each damage state (DSi); the
list is presented in Table 2 [77].

To develop fragility functions, four damage states,
termed slight, moderate, extensive, and complete depending
on the relevant structural failure, were defned for the
concrete MRF in terms of SDR at each story. Each damage
state (DSi) covers a range of SDR values reported in Table 2
and is rewritten as

Damage state �

DS0 if SDR0 ≤ SDR≤ SDR1,

DS1 if SDR1 ≤ SDR≤ SDR2,

:

DSn if SDRn ≤ SDR≤ SDRn+1,

⎧⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

(14)

where SDR is the story drift ratio and n is the number of
damage states. Application of the fragility functions and
the abovementioned defnitions of damage states
yields quantifed conditional probabilities for a structure
being in, or exceeding, diferent damage states relative
to the selected threshold values of damage-sensitive
features [38]. Hence, the fragility functions can be cal-
culated as

Gi(ds f) � Prob DS≥DSi | DSF � dsfj 

� Prob SDR≥ SDRi | DSF � dsfj ,
(15)

Structural Control and Health Monitoring 7



where, Gi(ds f) is the fragility function for damage state i
being in, or exceeding, the threshold value of dsfj.

Te fragility functions derived from DSF and rDSF for
a structure can be calculated in either of the two ways: (1)
based on the individual story responses, or (2) for the entire
structure using the roof responses and the maximum SDR
among all the stories [38]. Pairs of DSF and SDR values
(DSFi and SDRi) were computed in the present study for the
acceleration responses at each foor based on the numerical
models of the structures being considered and the structural
damage diagnosis algorithm.

3. Problem Definition

Two-dimensional (2D) nonlinear representation models of
reinforced concrete MRFs with a special ductility value
subjected to the east-west (E-W) loading direction of dif-
ferent building frames, namely, four, eight, and twelve
stories were simulated in OpenSees software. It is worth
noting that the modeled frame has a space-frame system. To
assess the collapse performance of the abovementioned
MRFs, nonlinear analysis models were used with lumped
plasticity beams, column elements, and fnite joint shear
panel springs. Te model elements of the beam-column
plastic hinges were simulated as described by Ibarra [73]
and, further, implemented into OpenSees, following
Altoontash [78], to capture the important modes of
monotonic and cyclic deterioration. More detailed de-
scriptions of the simulation procedures may be found in the
studies of Haselton [74] and Haselton et al. [79]. Table 3 and
Figure 2 present the frame geometries and dimensions used
in this study. For a more in-depth explanation of the
modeling and design process, readers are encouraged to
scrutinize the infuential study of Haselton and Deierlein
(2008) [80]. Haselton and Deierlein (2008) presented
comprehensive structural modeling and design for special
reinforced concrete building frames with four, eight, and
twelve stories, identifed by building design IDs “1008, 1012,
and 1014,” respectively.

All of the abovementioned building frames were
designed by IBC 2003 [81], ASCE 7-02 [82], and ACI 318-02
[83]. Absolute acceleration responses were extracted at the
foors of concrete MRFs using incremental dynamic analysis
(IDA) to formulate the damage states. Te building frames

were subjected to the seismic earthquake ground motions
listed in Table 4 in the appendix.

To validate the proposed analytical method and the
calculation procedure, the frst mode period times of dif-
ferent reinforced concrete frames were compared with those
of Haselton and Deierlein [80] to fnd a good agreement
between them (Table 5). While the modeling approach was
inspired by Haselton and Deierlein (2008), the authors
acknowledge that there could be discrepancies in the as-
sumptions related to unit conversions (dimension, force,
and stress), and the accuracy of analysis used to determine
the frst mode period. However, the deviations observed in
the frst mode period between this study and those of
Haselton and Deierlein (2008) remain always less than 2.5%,
which falls within an acceptable range of variation.

After simulating the structural models of reinforced
concreteMRFs, the incremental dynamic analysis (IDA) was
performed to evaluate the corresponding maximum SDR of
each ground motion record and all the seismic ground
motion intensities up to the incidence of structural collapse
[53, 54]. It is worth mentioning that the intensity of each
ground motion record, Sa (T1), was incrementally scaled in
the IDA calculation procedure to reach the collapse state. To
this end, a threshold value of 0.1 was considered as the
maximum SDR [49, 84]. Te Hunt and Fill algorithm was
utilized to fnd the damage states of each structure through
IDA [77]. Figure 3 demonstrates the IDA curves of the 4, 8,
and 12 reinforced concrete MRFs studied.

4. Results and Discussion

4.1. Derivation of DSF Using Wavelet Coefcients of Accel-
eration Signals. Figure 4 demonstrates the variation of DSF
values based on the time-history responses of absolute ac-
celerations for diferent damage states at the roof level of the
4-story building frame subjected to 10 seismic ground
motions. It is worth mentioning that in Table 4, 20 ground
motion records were initially reported to develop fragility
curves using wavelet analysis. However, only the frst 10
ground motion records were depicted in Figure 4 for the
charts illustrating variations in DSF for each damaged state
of the 4-story building frame. Tis decision was made to
provide a clearer and more focused representation of the
variations in DSF for each damage state. Using all 20 records

Table 1: Building frame classifcation based on HAZUS–MR5 instructions [77].

Classifcation Type Stories
C1L

Description
Low-rise <4

C1M Midrise 4–7
C1H High-rise ≥8

Table 2: Determination of damage states based on story drift ratios [77].

Building properties Interstory drift at the threshold of damage state

Type
Height (inches) DS1 DS2 DS3 DS4

Roof Modal Slight Moderate Extensive Complete
C1M 600 450 0.0033 0.0067 0.0200 0.0530
C1H 1440 864 0.0025 0.0050 0.0150 0.0400
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might have led to overly complex and cluttered charts that
could be challenging to interpret. It can be seen in this fgure
that when the building frame is slightly damaged, the DSF
value is around 0.9. As the damage progresses in the building
frame, the DSF value gradually decreases, which indicates
that the energy shifts to a higher scale as the damage
progresses. With the increasing level of damage state, the
wavelet energy decreases at the scale of the frst natural
frequency of the undamaged frame. It is, therefore, rea-
sonable to claim that the damage at severe intensities of the
input ground motion is more likely to occur at DS4. Tis is
due to the fact that, according to the HAZUS–MR5, DS4 is
related to complete damage. Another observation is that the
variation rate of DSF during the transition from DS2 to DS3
is more signifcant than that of the preceding damage states
(sudden changes in DSF). It may, therefore, be concluded
that nonlinear damages progressively initiate in the building
frame at the end of DS2.

As already mentioned, the application of rDSF renders
more accurate estimates of damage states for high-rise
buildings. Hence, the results obtained for the eight- and
twelve-story reinforced concrete MRFs were reported in the
form of rDSF. To calculate rDSF, the sum of wavelet energies
(Escale(a)) at the scales corresponding to the frst three natural
frequencies were normalized by the sum of wavelet energies
(Escale(a)) at scales a1, 1/3a1, 1/5a1, 2a1, 0.5a1, and 1/4.5a1.
Te values of Escale(a) at scales a1, 1/3a1, and 1/5a1 were
found to have the highest wavelet energies among all the
scales. Tus, Escale(a) represents the proportion of wavelet
energy at these three scales and the shift of the energy to
higher scales as the damage progresses. Figures 5(a) and

5(b), respectively, illustrate the variation of rDSF values
based on the time-history responses of absolute acceleration
for each DS at the roof story of the eight- and twelve-story
building frames under 10 ground motions. Analogous to the
4-story building frame, only the frst 10 ground motion
records were included in Figure 5 to demonstrate the var-
iations in rDSF for each damage state and building frame. It
can be seen in Figure 5 that the rDSF values decrease as the
damage states increase and, furthermore, the damage at
severe intensities of the input ground motion is more likely
to occur at DS4. Tis is due to the fact that, as per
HAZUS–MR5, DS4 is related to complete damage. Signif-
icant changes in the values of rDSF can be seen with the
damage state (DS) progressing from DS2 to DS3.

4.2. Correlation between Story Drift Ratio and Damage-
Sensitive Features. Te scatter plots depicting the relation-
ship between DSF and maximum SDR values (DSFi and
SDRi) at each story level of the four-story RC-MRF as well as
that of wavelet-based DSF and maximum SDR among all the
stories are presented in Figure 6. It is worth mentioning that
the wavelet-based DSF was extracted from the absolute
acceleration responses recorded at each story level and that
SDRs were the corresponding maximum interstory drift
ratios of the four-storyMRF. Furthermore, it is important to
note that the frst 12 ground motion records with various
intensities of scaled earthquakes were utilized in generating
the scatter plots in Figure 6, resulting in a total of 102 data
points in each plot. Each plot represents data points with
increasing damage intensity, encompassing a broader range

Table 3: Representative building geometries and dimensions [80].

Number of stories First story height ft
(m)

Upper story height ft
(m) Number of spans Length of spans ft

(m)
4, 8, and 12 15 (4.57) 13 (3.96) 3 20 (6.09)

13 ft

13 ft

13 ft

15 ft
20 ft 20 ft 20 ft

(a)

13 ft

13 ft

13 ft

13 ft

13 ft

13 ft

13 ft

15 ft
20 ft 20 ft 20 ft

(b)

13 ft

13 ft

13 ft

13 ft

13 ft

13 ft

13 ft

13 ft

13 ft

13 ft

13 ft

15 ft
20 ft 20 ft 20 ft

(c)

Figure 2: Schematic illustration of the reinforced concrete moment-resisting frames with (a) four-, (b) eight-, and (c) twelve stories.
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of seismic responses beyond just the four previously men-
tioned damage states. Te correlation coefcients (ρ) of the
pair values for the diferent stories of the four-storyMRF are

written inside the diferent parts of Figure 6. It is seen that
the wavelet-basedDSFs of the frst story to the third story are
in good agreement with maximum SDR values, with

Table 5: Comparison of period times of the reinforced concrete moment-resisting frames.

No. of stories
First mode period (T1) (sec)

Haselton
and Deierlein [80] Current study

4 0.94 0.93
8 1.80 1.76
12 2.14 2.09
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Figure 3: Incremental dynamic analysis curves for (a) the 4-story, (b) 8-story, and (c) 12-story building frames.

1 2 3 4 5 6 7 8 9 10
0

0.2

0.4

0.6

0.8

1

D
S1

D
S2

D
S3

D
S4

D
SF

Record No.

Damage state

Figure 4: Variation of DSF at each damage state for the 4-story building frame.
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Figure 5: Variation of rDSF at each damage state for (a) the 8-story and (b) the 12-story building frames.
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Figure 6: Scatter plots of pairs of wavelet-based DSF and maximum SDR values for the 4-story MRF for (a) 1st, (b) 2nd, (c) 3rd, (d) 4th, and
(e) maximum values among all the stories.
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correlation coefcients established at around 0.7. Further-
more, the lowest correlation coefcient belongs to the last
story among all the stories of the four-story MRF, while the
best one among all the stories belongs to the pairs of wavelet-
based DSF at the roof and maximum SDR.

Te correlation coefcient of the pair values of wavelet-
based DSF and maximum SDRs for all the stories of the
eight- and twelve-storyMRFs are reported in Tables 6 and 7,
respectively. Clearly, there are good correlations established
between the values of SDRs and DSF. It can also be deduced
from these tables that, compared to the wavelet-based DSF,
the rDSF exhibits a better correlation coefcient with SDR.
Tis observation arises from the fact that higher-mode ef-
fects with rDSF for high-rise buildings better express the
overall behavior of the structures. Te reported DSF is,
therefore, strongly correlated with SDR and can be used for
accurate estimation of the damage state (DS) of the structure.

4.3. Selection of Optimal IntensityMeasures. Six diferent IM
candidates widely reported in the literature were examined
to identify the optimal IMs for probabilistic estimation of the
seismic demand in RC-MRF subjected to various earthquake
ground motions. Tese seismic IMs along with their def-
nitions and units are listed in Table 8.

Table 9 presents comparisons of the diferent IMs and
their corresponding characteristic values for a four-story
MRF. As already mentioned, an IM is efcient if its efciency
value (βD|IM) falls in the range of 0.1–0.3. As already
mentioned, the values of βD|IM are superior to R2, leading to
the determination of an efcient IM frst based on βD|IM, and
second based on R2. Terefore, an IM is efcient if its ef-
fciency value (βD|IM) falls in the range of 0.1–0.3, regardless
of how close the value of R2 is to one. However, a higher
value of R2 (0≤R2 ≤1) confrms the efectiveness of the
demand-IM and a lower dispersion among the data.
Moreover, a higher value of the regression line (B) reveals
the practicality of the selected IM. Te absolute value of the
parameter ζ expressing the profciency parameter should be
low enough to represent a more profcient IM. Te DSF is,
therefore, the optimal IM that can be used for the devel-
opment of accurate fragility functions.

To compare the optimal IM used in the current study and
Sa (T1, 2%) as one of the most well-known measures toward
estimation of the damage state (DS) of a structure in PBEE,
the regression lines of spectral acceleration of the frst period
(Sa) and the wavelet-based DSF are plotted in Figure 7. For
this purpose, the coefcient of determination (R2) was
calculated since it can be used to compare how well each of
these two measures estimates the SDR. It can be seen in
Figure 7 that the wavelet-based DSF has a higher value of R2

than does Sa (T1, 2%). Te higher efciency of the wavelet-
based DSF can be attributed to the advantage of the absolute
acceleration histories of MRF based on its nonlinear re-
sponse over that of the traditional Sa (T1, 2%) that is based
on the elastic behavior of MRF.

It may be inferred from Figure 7 and Table 9 that,
compared to the traditional Sa (T1, 2%), the wavelet-
based DSF can be exploited toward better estimation of

SDR with a smaller variance and lower dispersions, and
thus the DSF-based fragility functions can be more ef-
fective in predicting the damage state (DS) of a given
structure.

Table 6: Correlation coefcient of the pair values of DSF/rDSF and
maximum SDR values at diferent story levels for the 8-story MRF.

Story Correlation of (DSF and
SDR)

Correlation of (rDSF and
SDR)

1 −0.3653 −0.3982
2 −0.5758 −0.6474
3 −0.7099 −0.7669
4 −0.8665 −0.9012
5 −0.6956 −0.7850
6 −0.6224 −0.7232
7 −0.6541 −0.7509
8 −0.6330 −0.7103

Table 7: Correlation coefcient of the pair values of DSF/rDSF and
maximum SDR values at diferent story levels for the 12-storyMRF.

Story Correlation of DSF and
SDR

Correlation of rDSF and
SDR

1 −0.3330 −0.3918
2 −0.5038 −0.5835
3 −0.5867 −0.6734
4 −0.6389 −0.7061
5 −0.6928 −0.7667
6 −0.6315 −0.7109
7 −0.5939 −0.6639
8 −0.5971 −0.6595
9 −0.5668 −0.6510
10 −0.6999 −0.7328
11 −0.7575 −0.7529
12 −0.7620 −0.7734

Table 8: Intensity measures considered in the current study.

Intensity measure
(IM) Description Unit

Sa Spectral acceleration of the frst
period g

PGA Peak ground acceleration g
PGV Peak ground velocity cm/s
PGD Peak ground displacement cm
DSFs/rDSFs Damage-sensitive features —
Sdi Inelastic spectral displacement cm

Table 9: Comparisons of the characteristic values of diferent
intensity measures for the four-story MRF.

IM A B βD|IM ζ � βD|IM/B R2

PGD 6.8002 −0.4238 42.0383 −99.3818 0.3731
PGV 8.6203 −0.8033 56.7402 −70.5902 0.3442
PGA 4.8437 0.7212 0.8284 1.1474 0.4432
Sa 4.8841 0.7775 0.6931 0.8912 0.4281
DSF 4.6923 0.5751 0.2321 0.4032 0.5389
Sdi 5.6382 −0.0577 15.0107 −260.1390 0.0061
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Similar comparisons can be made among the charac-
teristic values of diferent intensity measures for eight- and
twelve-story MRFs. Tables 10 and 11 along with Figures 8
and 9 report the comparisons of diferent IMs and their
corresponding characteristic values for such MRFs, re-
spectively. Analogous to the case of the four-story MRF, the
wavelet-based DSF in its refned form (rDSF) is the most
satisfactory IM among the selected ones for eight- and
twelve-story MRFs. It may, therefore, be concluded that the
wavelet-based DSF and rDSF satisfy all the characteristic
metrics, as evidenced by the efciency values (βD|IM) in the
range of 0.1–0.3, appropriate coefcients of determination
(R2), high practicality regression line slopes (B), and low
profciency values (ζ). Hence, both the wavelet-based DSF
and rDSF can be regarded as optimal IMs for all types
of MRFs.

Table 12 reports the sufciency values of diferent IMs for
four-, eight- and twelve-storyMRFs. It is clear from Table 12
that the wavelet-based DSF and rDSF satisfy the sufciency
requirement for all the diferent cases. Terefore, the
wavelet-based DSF and rDSF were selected as the appro-
priate IMs from among those considered.

4.4. Development of Fragility Functions with DSF and rDSF.
Te procedure employs the roof absolute acceleration to
determine the wavelet-based DSF and rDSF. Te fndings of
the current study showed that both the wavelet-based DSF
and rDSF were the optimal IMs among the selected intensity
measures to map the fragility curves. Terefore, the fragility
curves obtained from the roof’s absolute acceleration re-
sponse can be accurately employed to evaluate the severity of
the structural damage. Te two mother wavelet families of
Morlet and Bior3.3 were used in this study for a compre-
hensive evaluation of the incidence probability of a specifc
damage state (DS) versus the wavelet-based DSF and rDSF.
As already mentioned, the present authors have shown that
the Bior3.3 wavelet family is superior to all other wavelet
families in terms of SHM of reinforced concrete MRFs and
that they render more accurate damage estimates.

Figure 10 compares the fragility curves for the four-story
MRFs depicted with Morlet and Bior3.3. Furthermore, the
probability distribution parameters of theMorlet and Bior3.3
curves are listed in Table 13. It is understood from Figure 10

and Table 13 that the fragility curves estimated by the
Bior3.3 wavelet-based DSF exhibit better performance and
higher efciency than those derived from the Morlet
wavelet-based DSF. Tis observation stems from the lower
median and standard deviation values of fragility curves
depicted by the Bior3.3 wavelet family. While the median
itself does not directly indicate the performance of the
fragility curves estimated by the Bior3.3 wavelet-based
DSF, it serves as a robust measure of central tendency
in the dataset. In the context of fragility curves, a lower
median value can suggest a more conservative estimate of
structural vulnerability at a given intensity level. On the
other hand, the standard deviation quantifes the spread or
variability of data points around the mean or median. A
lower standard deviation indicates that the data points are
closer to the average value, implying less variability and
greater consistency in the results. In the case of fragility
analysis, a lower standard deviation can signify more re-
liable and representative estimates of structural response
to seismic actions. When considering both the median and
standard deviation values together, a fragility curve with
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Figure 7: Regression lines of (a) Sa (T1, 2%) and (b) wavelet-based DSF versus SDR for the four-story MRF.

Table 10: Comparisons of the characteristic values of diferent
intensity measures for the eight-story MRF.

IM A B βD|IM ζ � βD|IM/B R2

PGD 6.6841 −0.8331 32.7809 −39.3522 0.7247
PGV 8.2432 −1.0112 68.5305 −67.7247 0.9102
PGA 3.12447 1.0555 0.9126 0.8635 0.5493
Sa 2.9032 0.9977 0.7035 0.7053 0.7920
rDSF 2.1978 1.9057 0.1542 0.0801 0.6565
Sdi 7.3366 −1.0071 29.6801 −29.4743 0.9176

Table 11: Comparisons of the characteristic values of diferent
intensity measures for the twelve-story MRF.

IM A B βD|IM ζ � βD|IM/B R2

PGD 6.8506 −0.8360 29.4607 −35.2395 0.7130
PGV 8.4045 −1.0212 64.5106 −63.1285 0.8961
PGA 3.3232 1.0591 0.9025 0.8511 0.5254
Sa 2.9381 0.9797 0.6771 0.6914 0.7507
rDSF 2.6766 1.7328 0.1422 0.0817 0.4601
Sdi 7.6071 −1.0031 33.3602 −33.2447 0.8742
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a lower median and standard deviation can be interpreted
as having more consistent and precise estimates of
structural vulnerability across diferent intensity levels.
Te combination of a lower median (indicating central
tendency) and a lower standard deviation (indicating
reduced variability) supports the conclusion that the
fragility curves based on the Bior3.3 wavelet ofer more
reliable and accurate assessments of structural fragility
compared to those derived from the Morlet wavelet. In
other words, the lower median and standard deviation
values imply that the fragility curves developed using the
Bior3.3 wavelet are more robust and less prone to vari-
ability or outliers, thereby improving the accuracy and
precision of the analysis.

Te fragility curves generated using wavelet-based rDSF
for high-rise buildings of eight- and twelve-story frames take
into account the efects of higher-mode contributions and
show a lower probability of damage than those derived from
wavelet-based DSF that consider only the efect of the frst
mode period. Terefore, the fragility curves derived from
wavelets-based rDSF are more capable of revealing building
performance. Tis superiority might be due to the better
correlation established between rDSF, rather than conven-
tional DSF, and maximum SDRs of high-rise buildings. Te
fragility curves for eight- and twelve-story frames are pre-
sented in Figures 11 and 12 and the parameters of their
probability distribution functions are reported in Tables 14
and 15. It is clearly seen that the fragility curves obtained via
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Figure 9: Regression lines of (a) Sa (T1, 2%) and (b) wavelet-based rDSF versus SDR for the twelve-story MRF.

Table 12: Comparisons of the sufciency values using p values for the four-, eight-, and twelve-story MRFs.

Intensity measure
4-story frame 8-story frame 12-story frame

P value
(M)

P value
(R)

P value
(M)

P value
(R)

P value
(M)

P value
(R)

PGD 0.0000 0.0083 0.0010 0.2220 0.0008 0.0868
PGV 0.0970 0.4112 0.0957 0.0241 0.3430 0.3738
PGA 0.6206 0.2972 0.0089 0.2162 0.0362 0.5145
Sa 0.1189 0.2129 0.3763 0.6418 0.0432 0.6347
DSF/rDSF 0.5399 0.9106 0.5871 0.2067 0.7517 0.7726
Sdi 0.0000 0.0186 0.0166 0.0215 0.6294 0.6452
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Figure 8: Regression lines of (a) Sa (T1, 2%) and (b) wavelet-based rDSF versus SDR for the eight-story MRF.
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Bior3.3 wavelet-based rDSF exhibit better performance and
higher efciency than those derived from theMorletwavelet-
based DSF and rDSF. Due to the lower median and standard
deviation values, the fragility curves depicted by the Bior3.3
wavelet family are more robust and less susceptible to
variations, ultimately leading to more accurate solutions.

Figure 13 shows incidence probabilities for diferent
damage states versus the wavelet-basedDSF and rDSF drawn
by the Bior3.3 wavelet family at the roof level of the four-,
eight-, and twelve-story building frames studied. Evidently,
the probability of slight damage is higher than any others at
specifc values of wavelet-based DSF and rDSF.
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Figure 10: Fragility curves of the four-storyMRF drawn via theMorlet and Bior3.3 at the diferent damage states of (a) DS1, (b) DS2, (c) DS3,
and (d) DS4.

Table 13: Comparisons of the probability distribution function parameters for the four-story MRFs derived via the Morlet and Bior3.3
mother wavelet families.

Intensity
measure

DS1 DS2 DS3 DS4

Median Standard
deviation Median Standard

deviation Median Standard
deviation Median Standard deviation

DSF-Morlet −3.4041 0.9778 −3.2682 0.9550 −1.5141 0.7694 −0.9494 0.4840
DSF-Bior3.3 −3.1024 0.7141 −2.5017 0.6438 −0.7293 0.3415 −0.6081 0.2491
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Figure 11: Fragility curves of the eight-story MRFs drawn via the Morlet and Bior3.3 at the diferent damage states of (a) DS1, (b) DS2,
(c) DS3, and (d) DS4.
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Figure 12: Continued.

Structural Control and Health Monitoring 17



rDSF Bior3.3
rDSF Morlet

DSF Bior3.3
DSF Morlet

0

0.2

0.4

0.6

0.8

1

1.2

Pr
ob

ab
ili

ty
 o

f c
ol

la
ps

e (
D

S>
D

S3
)

0.2 0.4 0.6 0.8 10
DSF

(c)

rDSF Bior3.3
rDSF Morlet

DSF Bior3.3
DSF Morlet

0

0.2

0.4

0.6

0.8

1

1.2

Pr
ob

ab
ili

ty
 o

f c
ol

la
ps

e (
D

S>
D

S4
)

0.5 10
DSF

(d)

Figure 12: Fragility curves of the twelve-story MRF drawn via the Morlet and Bior3.3 at the diferent damage states of (a) DS1, (b) DS2,
(c) DS3, and (d) DS4.

Table 14: Comparisons of the probability distribution function parameters of eight-storyMRFs derived via theMorlet and Bior3.3 mother
wavelet families.

Intensity
measure

DS1 DS2 DS3 DS4

Median Standard
deviation Median Standard

deviation Median Standard
deviation Median Standard deviation

DSF-Morlet −4.0512 1.4517 −3.8812 1.4701 −2.3112 0.9814 −0.8614 0.8001
DSF-Bior3.3 −2.5436 0.7447 −2.4397 0.7148 −1.1052 0.3965 −0.6252 0.2961
rDSF-Morlet −1.1708 0.4364 −1.1642 0.4265 −1.1715 0.3836 −0.7352 0.2485
rDSF-Bior3.3 −1.7321 0.3739 −1.6672 0.3634 −0.9204 0.2174 −0.6214 0.1357

Table 15: Comparisons of the probability distribution function parameters of the twelve-story MRFs derived via the Morlet and Bior3.3
mother wavelet families.

Intensity
measure

DS1 DS2 DS3 DS4

Median Standard
deviation Median Standard

deviation Median Standard
deviation Median Standard deviation

DSF-Morlet −3.8271 1.5625 −3.5891 1.3903 −2.3248 1.1206 −1.0694 0.9102
DSF-Bior3.3 −2.1858 0.8109 −1.8344 0.7390 −0.8086 0.4369 −0.6314 0.2598
rDSF-Morlet −1.1548 0.2863 −1.2114 0.2588 −1.0795 0.2983 −0.8739 0.2371
rDSF-Bior3.3 −0.2326 0.1309 −0.2737 0.1407 −0.6411 0.1846 −0.7515 0.1287
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Figure 13: Continued.
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5. Summary and Conclusions

In this study, a framework was introduced for the devel-
opment of fragility functions of reinforced concrete MRFs
subjected to diferent earthquake ground motions based on
the wavelet-based DSF and rDSF. To map the conditional
probability of being in, or exceeding diferent damage states,
the structural responses of the building frames were ex-
amined against selected threshold values of damage states.

Tree diferent concrete MRFs of four, eight, and twelve
stories were selected to develop their fragility curves. Fur-
thermore, two diferent wavelet-based damage-sensitive
features, namely, DSF and rDSF, were extracted from the
absolute acceleration responses of concrete MRFs using the
Bior3.3 and Morlet mother wavelet transform functions. As
the accuracy of seismic assessment and certainty in pre-
dicting structural performance strongly depend on the
optimal intensity measure (IM) selected, the reliability of the
wavelet-based damage-sensitive features and some other
intensity measures were examined against the statistical
metrics of efciency, practicality, profciency, coefcient of
determination, and sufciency. Te optimal IM was then
implemented to draw the relevant fragility curves. Te
following conclusions may be drawn from the comparisons
of the diferent outcomes observed:

(i) DSF and rDSF values gradually decline as damage
progresses in building frames; this indicates how
energy shifts to higher scales.

(ii) With rising damage state levels, the wavelet energy
diminishes at the scale of the frst natural frequency
of the undamaged frame and the damage pertinent
to severe intensities of the input ground motion is
more likely to occur at DS4. Tis is justifed by the
fact that DS4 is related to complete damage as
defned in HAZUS–MR5.

(iii) Te impressive variation rate and sudden changes
inDSF and rDSF fromDS2 toDS3 can be attributed
to the initiation of progressive nonlinear damages
at the end of DS2.

(iv) Te wavelet-based damage-sensitive features (DSF/
rDSF) are found to satisfy all the statistical criteria.
DSF/rDSF was found to be the optimal IMs among
the selected ones. Tis is evidenced by an efciency
value (βD|IM) recorded in the range of 0.1–0.3,
a high value of the coefcient of determination (R2),
and a high value of the regression line (B) revealing
their practicality as well as a low value of ζ
expressing their profciency.

(v) Te correlation coefcients of the pair values of
wavelet-based DSF and maximum SDRs’ values
confrm their consistency. For low-rise buildings, the
values obtained from the conventional DSF are in
good agreement with maximum SDRs. For high-rise
buildings, however, rDSF shows a better correlation
when compared with the conventional DSF.

(vi) In the case of high-rise buildings with eight- and
twelve-story frames, the fragility curves derived
from the wavelet-based rDSF that takes the efect of
higher-mode contributions into account show
a lower probability of damage than do those of
wavelet-based DSF that take into account only the
efect of the frst mode period. Te fragility curves
derived from the wavelet-based rDSF are, therefore,
better capable of revealing structural behavior. Tis
is attributed to the better correlation between rDSF,
rather than the conventional DSF, and maximum
SDRs of high-rise buildings.

(vii) Te results of the current study demonstrate the
superior performance and efciency of fragility
curves derived via the Bior3.3 wavelet-based DSF/
rDSF than those derived via the Morlet wavelet-
based DSF/rDSF.

Data Availability

All the data, models, or codes that support the fndings of
this paper are available from the corresponding author upon
reasonable request.
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Figure 13: Fragility curves of the (a) four-, (b) eight-, and (c) twelve-story building frames at the roof level drawn via Bior3.3.
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