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Abstract
Ambient excitations applied to structures may lead to non-stationary vibration responses. In such circumstances, it may
be difficult or improper to extract meaningful and significant damage features through methods that mainly rely on the
stationarity of data. This article proposes a new hybrid algorithm for feature extraction as a combination of a new adaptive signal decomposition method called improved complete ensemble empirical mode decomposition with adaptive
noise and autoregressive moving average model. The major contribution of this algorithm is to address the important
issue of feature extraction under ambient vibration and non-stationary signals. The improved complete ensemble empirical mode decomposition with adaptive noise method is an improvement on the well-known ensemble empirical mode
decomposition technique by removing redundant intrinsic mode functions. In addition, a novel automatic approach is
presented to select the most relevant intrinsic mode functions to damage based on the intrinsic mode function energy
level. Fitting an autoregressive moving average model to each selected intrinsic mode function, the model residuals are
extracted as the damage-sensitive features. The main limitation is that such features are high-dimensional multivariate
time series data, which may make a difficult and time-consuming decision-making process for damage localization.
Multivariate distance correlation methods are introduced to cope with this drawback and locate structural damage using
the multivariate residual sets of the normal and damaged conditions. The accuracy and robustness of the proposed
methods are validated by a numerical shear-building model and an experimental benchmark structure. The effects of
sampling frequency and time duration are evaluated as well. Results demonstrate the effectiveness and capability of the
proposed methods to extract sufficient and reliable features, identify damage location, and quantify damage severity
under ambient excitations and non-stationary signals.
Keywords
Structural health monitoring, damage localization, ambient vibration, non-stationary signal, adaptive time–frequency data
analysis, time series modeling, multivariate distance correlation

Introduction
Structural damage detection and integrity assessment of
civil, mechanical, and aerospace engineering systems
have received significant attention in recent decades due
to reducing maintenance costs, improving dynamic performance, and increasing structural safety. Structural
health monitoring (SHM) aims at assessing the health
and integrity of engineering systems for damage detection, localization, and quantification using in-service
response data measured by sensors.1 The central focus
of SHM is on vibration-based methods under the fact

that any adverse changes in a structure caused by damage will lead to significant influences on the vibration
responses.2 For this reason, a majority of SHM studies
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have been conducted on the vibration-based methods
due to their feasibility and applicability. In general,
these methods are classified as data-driven and modeldriven approaches. A data-driven method only uses
excitation forces and/or vibration responses without
any elaborate finite element modeling, mandatory
model updating, and vibration data transformation into
frequency or modal domains available in most of the
model-driven algorithms.3 In such circumstances, the
use of data-driven approaches prevails as a more feasible option.
The fundamental principles of these approaches rely
on extracting meaningful and significant damage features from measured vibration signals and statistical
decision-making for feature classification.4 Feature
extraction based on signal processing is a key element
of the data-driven methods because irrelevant dynamic
patterns will lead to unreliable decision-making even
under rigorous statistical techniques.5 Conventional
signal processing methods in time and frequency
domains are limited to analyzing stationary vibration
data. Their serious drawback is an inability to analyze
non-stationary signals.6 Due to recent advances in sensor technology and dynamic testing, most of the civil
engineering structures are normally excited by the
ambient vibrations such as wind, traffic, and human
activity. Under such excitation sources, it is possible to
acquire non-stationary vibration responses as slowly
trends or seasonality variants from seemingly innocuous variations in the environment of structures and
deliberate operational changes.7,8
An efficient way of analyzing the non-stationary signals is to use adaptive time–frequency data analysis
methods. For the first time, Huang et al.9 proposed
empirical mode decomposition (EMD) technique,
which is capable of decomposing a signal into some
oscillation modes named as intrinsic mode functions
(IMFs). Even though EMD is a beneficial method for
analyzing stationary, non-stationary, and transient signals, it suffers from a serious drawback named as mode
mixing. In order to alleviate this shortcoming, Wu and
Huang10 developed ensemble EMD (EEMD) method
by adding white noise to the original signal and calculating the means of IMFs repeatedly. A comprehensive
overview of adaptive time–frequency methods on
vibration-based applications can be found in Lei et al.11
The applicability of the EMD and EEMD methods to
SHM problems is available in feature extraction,12–14
early damage detection,15–18 and damage localization.19–21
Despite many uses of EEMD in vibration-based
problems, it contains residual noise from the reconstructed signal obtained from the sum of IMFs and
final trend. Furthermore, it produces redundant modes
due to different realizations of signal plus noise, which
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makes difficult the final averaging process. Recently,
improved complete EEMD with adaptive noise
(ICEEMDAN) method has been proposed to deal with
these disadvantages.22 On this basis, this study aims to
investigate the applicability of this new signal decomposition method to vibration-based SHM problems
concerning the process of feature extraction.
Apart from the nature of vibration signals, which
may be either stationary or non-stationary, the major
and challenging issue is to extract damage-sensitive features from vibration time-domain responses under
unknown and unmeasurable ambient excitations. This
is because the direct use of vibration signals or even
IMFs may not be sufficiently informative. In such circumstances, one of the efficient and influential ways is
to model the vibration responses by parametric time
series models such as autoregressive (AR),23–25 autoregressive with eXogenous input (ARX),26 autoregressive
moving average (ARMA),27,28 and a two-stage linear
AR–ARX model.29 On the other hand, the process of
feature extraction based on time series modeling consists of coefficient-based and residual-based algorithms.30 For the first one, the model coefficients
associated with the normal and current states of the
structure are used as the damage-sensitive features,
whereas the residual-based algorithm exploits randomly residual sequences of time series models as the
damage patterns. Although the coefficient-based algorithm is a widely used and well-known approach, the
great advantage of using the model residuals is to prevent the processes of order determination and parameter estimation for the current state of the structure.31
In connection with using the residual sequences as
randomly high-dimensional time series data, a question
arises how to use them in the statistical decision-making
procedure for damage localization. A common way is
to apply dimensionality reduction techniques and map
high-dimensional features onto a new space.32,33 As an
alternative approach, one can use robust and effective
similarity-based methods for high-dimensional time
series representations.34 The rationale behind such
methods stems from the expectation that they are
directly able to measure the similarity or discrepancy
between time series data in an efficient way without any
concern about the loss of underlying information.
Moreover, these methods are simultaneously able to
reduce the dimension of features and make a decision
for feature classification.
The major objective of this article is to propose a
new hybrid algorithm for feature extraction as a combination of the ICEEMDAN method and ARMA model
under unmeasurable ambient excitations and nonstationary vibration signals. At first, these signals are
derived from the ICEEMDAN method to convert into
stationary IMFs. A novel automatic approach is then
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Table 1. The algorithm of EMD.
Step no.

Description

1
2
3
4
5
6
7

Set r0 = x(t) as the signal residue at k = 0
Find all local minima and maxima of the original signal x(t)
Interpolate between minima and maxima by cubic spline lines to obtain the lower and upper envelops (emin and emax)
Compute the average of envelops e = (emin + emax )=2
Calculate the IMF candidate ck + 1 = rk  e
If ck + 1 is an IMF, save it and compute the residue rk + 1 = rk 2 ck
Continue until the final residue rk satisfies some predefined stopping criteria

EMD: empirical mode decomposition; IMF: intrinsic mode function.

proposed to choose the most relevant IMFs to damage
based on the IMF energy level and a mode participation factor (MPF). Applying an ARMA model to each
selected IMF, the model residuals are extracted as the
high-dimensional multivariate damage-sensitive features. Sample distance correlation (SDC) and modified
distance correlation (MDC) methods are presented to
address the main limitation of using such features and
identify the location of damage. The major advantage
of these methods is to measure the similarity between
high-dimensional multivariate data sets and give a scalar distance quantity. The accuracy and robustness of
the proposed methods are verified by a numerical
shear-building model along with an experimental
benchmark structure. A comparative study is also performed to compare the ICEEMDAN and EEMD
methods. The effects of sampling frequency and time
duration are evaluated as well. The results demonstrate
that the proposed feature extraction method has a great
ability to extract the significant and meaningful information from non-stationary and/or stationary vibration signals attributable to the ambient excitation.
Furthermore, it will be perceived that the proposed distance correlation methods can influentially locate damage by dealing with the limitation of applying the
randomly high-dimensional features.

Adaptive time–frequency data analysis
methods
EMD
The fundamental principle of EMD relies on the
decomposition of a signal into IMFs (a set of complete
and almost orthogonal components), which are
arranged from high to low frequencies based on local
characteristic time scales. Each IMF appears a natural
vibration mode embedded in the signal and serves as a
basis function determined by the signal itself. Given the
original signal x(t), the EMD algorithm decomposes it
into n IMFs as follows

x(t) =

n
X

ci (t) + rn (t)

ð1Þ

i=1

where ci(t) and rn(t) are the ith IMF and the residual
(trend) of the original signal, respectively. Each IMF
should satisfy two conditions including (1) the numbers
of extreme and zero-crossings should differ by not more
than one and (2) the mean value of envelop defined by
the maxima and minima at any given time should be 0.
For the sake of convenience and clarification, the EMD
algorithm is summarized in Table 1.

EEMD
The EEMD method exploits a uniformly distributed
white noise signal with a limited amplitude of the original signal along with an ensemble number to overcome
the mode-mixing problem and reconstruct IMFs better
than EMD.10,11 Since the white noise is added throughout the entire signal decomposition process, no missing
scales are present leading to the elimination of mode
mixing. By adding the zero mean unit variance white
noise w(t) to the original signal, one can write
xj (t) = x(t) + wj (t),

j = 1, 2, . . . , NE

ð2Þ

where xj(t) is the noise-added signal and NE denotes
the number of ensembles or trails. In fact, this scalar
amount refers to the number of times that the white
noise is added to the signal. On this basis, the addednoise signal can be decomposed into a series of IMFs
in the EEMD method with the aid of EMD algorithm
as follows
xj (t) =

nj
X

ci, j (t) + rnj (t),

j = 1, 2, . . . , NE

ð3Þ

i=1

In equation (3), ci,j(t) represents the ith IMF of the
jth ensemble, rnj (t) is the residual of jth ensemble, and nj
denotes the IMFs’ number of the jth ensemble. By
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Table 2. The algorithm of EEMD.
Step no.

Description

1

Initialize the number of ensembles (NE) and the amplitude of white noise (An).
Please observe section ‘‘Selection of noise amplitude and ensemble number.’’
Generate a zero mean unit variance white noise w(t) by the initialized amplitude and add it to the original signal.
Decompose the noise-added signal into n IMFs ci,j using the EMD algorithm as summarized in Table 1.
If j \ NE, then return to Step 2 with j = j + 1. Once again, repeat Steps 2 and 3 using a new white noise.
Calculate the ensemble mean ^ci (t) of the NE trails for each IMF based on equation (4)
Apply the mean ^ci (t) of each of the ^n IMFs as the final IMFs.

2
3
4
5
6

EEMD: ensemble empirical mode decomposition; EMD: empirical mode decomposition; IMF: intrinsic mode function.

calculating the average of IMFs in all trails, the final
IMF ^c(t) obtained by the EEMD algorithm is given by
NE
P

^ci (t) =

 


ri (t) = L ri1 (t) + Mi wj (t)

ci, j (t)

j=1

NE

For i = 3,..., n, the ith residue is computed as
follows

,

i = 1, 2, . . . , ^
n

ð4Þ

where ^
n = min (n1 , n1 , . . . , nNE ). The algorithm of
EEMD method is summarized in Table 2.

ICEEMDAN
In the EEMD algorithm, each noise-added signal is
independently decomposed from the other ensembles
leading to an individual residue for each of them at
each step without any connection between the different
ensembles. Under such circumstances, the EEMD algorithm suffers from some disadvantages such as an
incomplete decomposition process and different redundant modes.22 Taking into account these drawbacks,
the ICEEMDAN method is described here to extract
adequate IMFs. Before discussing the method, let Mi(.)
and L(.) be the operators that produce the ith mode
and the local mean of the signal, respectively (the average of the upper and lower envelops of the signal interpolated by cubic splines) in the EMD algorithm.
Furthermore, let hi be the action of averaging throughout the ensembles. With these definitions, the
ICEEMDAN method initially calculates the local mean
of NE ensemble, xj(t) = x(t) + M1(wj(t)), to obtain
the first residue and IMF as follows
 

r1 (t) = L xj (t)

ð5Þ

c1 (t) = x(t)  r1 (t)

ð6Þ

In the second step, the residue is estimated as the
average of the local means of the ensembles
r1(t) + M2(wj(t)) to define the second mode in the following form
 


c2 (t) = r1 (t)  r2 (t) = r1 (t)  L r1 (t) + M2 wj (t)
ð7Þ

ð8Þ

Eventually, the ith mode is given by
ci (t) = ri1 (t)  ri (t)

ð9Þ

The above-mentioned algorithm makes the
ICEEMDAN method superior to the EMD and
EEMD techniques due to dealing with the mode mixing, avoiding redundant or spurious modes, and
decreasing the amount of noise available in the IMFs.
For more details about this method, the reader can
refer to Colominas et al.22

Selection of noise amplitude and ensemble number
The performance of each noise-assisted signal decomposition method (e.g. EEMD, ICEEMDAN) depends
strongly on choosing an accurate noise amplitude (An)
and a sufficient ensemble number.35 In most cases,
these values are obtained from trial and error or empirical equations. For instance, Wu and Huang10 provided
a relationship among the ensemble number, the noise
amplitude, and the standard deviation of error as
follows
ln se +

An
2

 ln NE = 0

ð10Þ

where se represents the standard deviation of error
between the original signal and the corresponding
IMF. They recommended that the amplitude of the
added white noise is approximately 0.2 of the standard
deviation of the original signal and the value of ensemble number is a few hundreds. However, this approach
is not always useful for signal processing in various
applications, because the noise amplitude is of paramount importance to the performance of the noiseassisted signal decomposition methods. A very low
value of An will not introduce adequate changes in the
extremes of the decomposed signal. In contrast, the
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selection of a very high noise amplitude will result in
redundant IMFs.35 In order to have an efficient choice
of An, one can introduce relative root-mean-square of
error (RRMSE) method35 as follows
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
uP
m
u
ðx(k)  cmax (k)Þ2
u
uk = 1
RRMSE = u P
m
t
ðx(k)  xÞ2

ð11Þ

k=1

where cmax is the main IMF that has the highest correlation with the original signal. Furthermore, x and m
represent the mean and the number of data samples of
the original signal, respectively. If the value of RRMSE
becomes small, the selected IMF is close to the original
signal with the availability of white noise. This means
that cmax not only contains the main component of the
original signal but also includes the noise and/or
the other irrelevant signal components. On this basis,
the difference between the original signal and the
selected IMF becomes small implying an inappropriate
decomposition process. On the contrary, a high value
of RRMSE indicates that the signal is separated from the
noise and the other irrelevant signal components. To
put it another way, this RRMSE value confirms a proper
decomposition result so that the selected IMF consists
of the main signal component. It is worth remarking
that the amplitude of the added white noise is related
to the original signal and expressed as
An = Ln s x

ð12Þ

modeling is a statistical tool that is intended to fit a
mathematical model to time series data for interpretation, feature extraction, and forecasting.36 Time-invariant linear polynomial representations are well-known
and widely used time series models in SHM applications,23–30 which are suitable for linear and stationary
time series. Generally, a time-invariant polynomial
model consists of input, output, and error terms, which
are equivalent to eXogenous (X), AR, and moving average (MA), respectively. The combinations of these
terms generate diverse time-invariant linear representations such as ARX, ARMA, ARMAX, and
ARARX.37
When the input data are unmeasurable and
unknown resulting from the ambient excitations, the
SHM strategy becomes an output-only process in the
sense that the only responses of structures are available
for time series modeling. Under such circumstances, it
is preferable to apply AR and ARMA models, since
they only require the output data or structural
responses for modeling.38 However, because the structural vibrations responses caused by unmeasurable and
unknown ambient vibration are ARMA processes,39
the ARMA model provides better conditions compared
to the AR representation. Assuming that y(t) is a vibration time-domain response or an IMF extracted from
the ICEEMDAN method, the ARMA model is
expressed as
y(t) =

p
X
i=1

ui y(t  i) +

q
X

cj e(t  j) + e(t)

ð13Þ

j=1

where sx is the standard deviation of the original signal
and Ln denotes the noise level of the added white noise.
Since sx is usually constant, the selection of amplitude
noise is equivalent to choosing the noise level Ln.
Once the noise amplitude has been obtained, it is
necessary to determine a sufficient ensemble number.
Note that this process may contain two major limitations. First, the selection of a large ensemble amount
will lead to a higher computational cost. Second, a
small number of NE will not enable the noise-assisted
signal decomposition methods to cancel out the noise
remaining in each IMF.35 Regarding the optimal selection of An, the signal-to-noise ratio (SNR) can be
applied to determine the appropriate ensemble number.
This process is based on fixing the optimal noise amplitude and increasing the ensemble number until the
change in the value of SNR relatively becomes small.

where p and q represent the orders of AR and MA
terms, respectively.F = [u1, ..., up] and C = [c1, ...,
cq] are the vectors of AR and MA coefficients, respectively, and e(t) denotes the residual of ARMA model at
time t.
The model adequacy and accuracy depend on choosing sufficient orders. An adequate order is one that
enables the model to extract uncorrelated (independent)
residuals; otherwise, the order should be improved.36,39
Considering the equality of AR and MA orders
(p = q), one can determine them by checking the
uncorrelatedness of the ARMA model residuals
through Ljung–Box Q-test. For this reason, the iterative order determination algorithm presented in the
authors’ recent article30 is applied to choose the sufficient and robust orders for the ARMA model.

Time series modeling by ARMA

A new feature extraction method

A time series is a sequence of values at a time interval
measured as stationary or non-stationary, deterministic
or random, and linear or nonlinear. Time series

A novel automatic IMF selection approach
Even though the ICEEMDAN method reduces the
number of redundant IMFs, it is significant to choose
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relevant IMFs to structural changes caused by damage.
In general, the first few IMFs contain the highfrequency components of the original signal that are
more sensitive to the local damage. Hence, it is better
to use such IMFs rather than the low-frequency components in damage identification. This is because these
components could not have physical meaning and
could be caused by the stop criteria set in the sifting
process.40 On the other hand, the choice of sensitive
IMFs is usually carried out by means of visual or experience criteria by the user. A novel automatic IMF
selection approach is proposed to select the most relevant IMFs based on their energy levels and a mathematical function named as mode participation factor.
The total energy (ET) of all IMFs is given by
ET =

n
X

Eci (t)

ð14Þ

i=1

where Eci (t) denotes the amount of energy contained in
the ith IMF, which can be expressed as
Eci (t) =

m
X

jci (k)j2

ð15Þ

vibration non-stationary signal is initially decomposed
into several stationary and linear IMFs by means of
the ICEEMDAN method. Among all modes, the most
relevant IMFs are selected based on the proposed automatic IMF selection approach.
The second stage is concerned with fitting an individual ARMA model to each selected IMF. In this
stage, time series modeling includes the model order
determination, parameter estimation, and residual
extraction. For the residual-based feature extraction
algorithm, the model orders and coefficients are
obtained from the normal (undamaged) condition of
the structure. The central idea behind this algorithm is
that the time series model used in the undamaged condition will no longer produce a good fit of the new data
obtained from the current state with potential damage.
In this case, the model residuals of the current (damaged) state increase.30
Given the orders (p and q) and coefficients (F and
C) of the ARMA representation in the normal condition, the model residuals associated with the undamaged and damaged states are extracted as randomly
high-dimensional feature sets in the following forms

k=1

Applying equations (14) and (15), the MPF of each
IMF is presented as follows
Ec
MPFi (%) = i 3100,
ET

uu i cu (t  i) +

i=1

q
X

!
cu j eu (t  j)

j=1

ð18Þ
i = 1, 2, . . . , n

ð16Þ

The central idea behind the proposed approach is to
select IMFs that the sum of their MPFs is more than a
predefined value (l). To achieve this goal, all obtained
MPFs should be arranged in descending order. As a
result, the optimal number of IMFs is automatically
obtained in the following form
n
X

eu (t) = cu (t) 

p
X

MPFi  l ! n = nopt

ð17Þ

ed (t) = cd (t) 

p
X
i=1

uu i cd (t  i) +

q
X

!
cu j ed (t  j)

j=1

ð19Þ

In these expressions, all parameters with subscripts u
and d refer to undamaged and damaged states, respectively. Furthermore, c denotes the IMF extracted from
the ICEEMDAN method and automatic IMF selection
approach.

i=1

It is significant to mention that the main idea of the
proposed IMF selection approach originates from
the theory of modal participation factor regarding the
structural dynamics and modal analysis41 (p. 497).
Inspired by this theory, one can define l = 90% to
choose the sufficient and optimal IMFs automatically.

The proposed hybrid algorithm
The proposed hybrid algorithm for feature extraction is
a two-stage algorithm by combining the ICEEMDAN
method and ARMA model. The main objective of this
algorithm is to extract the residuals of ARMA models
fitted to the selected IMFs. In the first stage, the

Feature classification for damage
localization
The correlation coefficient is an efficient statistical tool
for measuring independency as a linear relationship
between two random variables. In signal processing,
the correlation coefficient between two signals in time
or frequency domains measures their similarity or discrepancy. Although there are many applications of the
correlation coefficient to SHM,42–45 the great limitation
of using this statistical tool is that the random variables
(either vectors or matrices) should have the same
dimension. On the other hand, it is essential to use
methods that are efficiently and reliably capable of
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measuring the similarity between two randomly highdimensional multivariate data sets.
Having these issues into consideration, SDC and
MDC methods are presented to calculate the similarity
of the ARMA model residuals obtained from the
selected IMFs between the normal and damaged conditions. These methods characterize the correlation
between multivariate random variables in arbitrary
dimension. The distance correlation approaches are
analogous to product-moment correlation with the
exception of using Euclidean distances between sample
elements rather than sample statistical moments.46
Suppose that Ex 2 <m3nx and Ey 2 <m3ny represent
the ARMA model residuals for the normal and damaged conditions at a sensor location, respectively. These
are random matrices with the same observations (rows)
and different variables (columns), where nx ˜ ny. Note
that m denotes the number of time series samples, while
nx and ny are the optimal number of IMFs at each sensor location for the undamaged and damaged states,
respectively. In order to determine the similarity measures by the SDC and MDC methods, one should initially obtain covariance distances as characteristic
functions. For the SDC method, the sample covariance
distance between Ex and Ey is given by
D2cov (Ex , Ey ) =

m
1 X
Ai, j Bi, j
m2 i, j = 1

"
#
m
m
X
1
m X
 
 
A B 
A B
m(m  3) i, j = 1 i, j i, j m  2 i = 1 i, i i, i
ð24Þ

where

 !
8
Ex  Ex 
>
m
i
j 2
>
>
,
i 6¼ j
>
< m  1 Ai, j 
m
!
Ai, j =
m 
m
X
>

m
1X
>
>
Ex  Ex   1
kExk  Exz k2 , i = j
>
k
j 2
:m1 m
m2
k=1

k, z = 1

ð25Þ

and

Bi, j =



8

Ey Ey 
>
i
j 2
m
>
,
A

>
i,
j
< m1
m
>
>
m
>
: m1

1
m


m 
P


Eyk  Eyj   m12

k=1

2

i 6¼ j
!
m 

P
 Ey  E y  , i = j
k
z 2

k, z = 1

Considering these expressions, the MDC method is
formulated as
Dcov (Ex , Ey )
ﬃ
Rm (Ex , Ey ) = pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
Dcov (Ex , Ex )Dcov (Ey , Ey )

m 



1X
Ex  Ex 
Ai, j = Exi  Exj 2 
k
j 2
m k=1
m
1X

m
1 X

kExi  Exz k2 + 2
kExk  Exz k2
m z=1
m k, z = 1

ð21Þ


m 

1X




Bi, j = Eyi  Eyj  
Eyk  Eyj 
m k=1
2
2
m 
m 
X


1X
Ey  Ey  + 1
Ey  Ey 
i
z 2
k
z 2
2
m z=1
m k, z = 1

ð22Þ

In these equations, kk2 refers to the L2-norm or
Euclidean norm. Similarly, one can determine the sample covariance matrices D2cov (Ex , Ex ) and D2cov (Ey , Ey )
based on equation (20). As a result, the SDC expression
is presented as
D2cov (Ex , Ey )
ﬃ
Rs (Ex , Ey ) = pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
2
Dcov (Ex , Ex )D2cov (Ey , Ey )

Dcov (Ex , Ey ) =

ð26Þ
ð20Þ

in which



The motivation for improving the SDC method and
introducing the MDC approach is to deal with the measure independency of random samples when the dimensionality of matrices increases. The modification relies
on the development of sample covariance distance as
follows

ð23Þ

ð27Þ

Both Rs and Rm are scalar and take values in [0 1],
in which 0 implies the independency of random samples
and 1 otherwise. For the problems of damage detection, the SDC and MDC values close to 0 are representative of damage occurrence since these indicate that
there is no similarity or correlation between the residual matrices associated with the normal and damaged
conditions.44 To locate damage, one needs to calculate
Rs and Rm quantities between the residual matrices at
all sensors and define a damage localization vector
(DLV) for each of the SDC and MDC methods as
follows
DLV = ½ (Rs, m )1

(Rs, m )2

   (Rs, m )ns 

ð28Þ

where ns denotes the number of sensors mounted on
the structure of interest. One robust way to identify the
location of damage is to define a threshold limit. In this
article, the methodology proposed by Gul and Catbas47
based on the lower bound of 95% confidence interval is
applied to determine a reliable threshold value for damage localization.
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Figure 1. The simulated shear-building frame.

Table 3. Different model uncertainties in the test measurements of Case 1.
Test no.

Uncertainty level (%)

Description

1
2
3
4
5
6
7
8
9
10

0
2
22
22.5
2.5
3
23
1
21
1

Baseline condition
Mass of the first story (m1 = 1020 kg)
Mass of the third story (m3 = 980 kg)
Mass of the first and third stories (m1,3 = 975 kg)
Mass of the second and third stories (m2,3 = 1025 kg)
Mass of the second story (m2 = 1030 kg)
Mass of the first and second stories (m1,2 = 970 kg)
Stiffness of the third story (k3 = 20,200 kN/m)
Stiffness of the first story (k1 = 24,750 kN/m)
Stiffness of the second story (k2 = 25,250 kN/m)

A numerical shear-building frame
In the first validation example, a numerical three-story
shear-building frame subjected to non-stationary
ambient excitations is simulated to demonstrate the
accuracy and performance of the proposed methods.
The frame can be simplified as a 3-degree-of-freedom
(DOF) dynamic system as depicted in Figure 1.
Furthermore, it is assumed that each DOF is equipped
with a sensor to measure acceleration time histories.
Suppose that the mass of every story is
m1,2,3 = 1000 kg, and the lateral stiffness of the
first, second, and third stories are k1 = 25,000,
k2 = 25,000, and k3 = 20,000 kN/m, respectively.
The damping ratio is assumed 3% for all modes. The
undamaged natural frequencies of the simulated frame
are 6.78, 18.04, and 26.95 Hz for the first, second, and
third modes, respectively. Note that the main ideas of
the numerical simulation and sensor locations are
inspired by Zheng and Mita.23
The inter-story stiffness reduction ratio is considered
to simulate structural damage in different scenarios.23

Considering the healthy condition as Case 1, the stiffness of the first story is reduced by 5% and 10% for
the second and third damage scenarios (Case 2 and
Case 3), respectively. To evaluate the performance of
the proposed methods for multiple damages, in the
fourth damage scenario (Case 4), the stiffness reduction
ratios 20% and 10% are induced to the first and third
stories, respectively. Eventually, the fifth damage scenario (Case 5) incorporates the stiffness reduction ratios
40% and 30% in the first and third stories, respectively,
to simulate relatively large damage levels. For the undamaged state (Case 1), 10 test measurements with different model uncertainties are considered to simulate the
operational and environmental variability conditions48
as presented in Table 3.
For the simulation of ambient vibration, the numerical shear-building frame is subjected to non-stationary
excitation signals simulated as an additive model.49
This model is defined as the sum of a random stationary process and a deterministic time-varying function
as follows
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Figure 2. Different non-stationary ambient vibration signals applied to sensor 3: (a) Case 1, (b) Case 2, (c) Case 3, and (d) Case 4.

f (t) = G(t) + wn (t)

ð29Þ

where f(t) is the non-stationary ambient vibration signal
and wn(t) denotes the stationary white noise. In equation (29), G(t) represents the deterministic trend function used to describe the non-stationary process. This
function can be further approximated as49,50
G(t) = g  (ej1 t  ej2 t )

ð30Þ

By selecting the proper values of g, j1, and j2, it is
possible to describe a broad range of variety of nonstationary behaviors in reality. For this aim, the timevarying characteristics (j1 and j2) of the deterministic
trend function randomly take values less than 20.005.
Moreover, the scalar quantity (g) can be an arbitrary
choice between 30 and 50.49 The dynamic analysis by
the state-space method is conducted to acquire the
acceleration time-domain responses at all sensors.
Given a sampling frequency of 100 Hz and time interval of 0.01 s, the ambient excitations and acceleration
time histories are measured in a time window of 40 s.
In order to simulate realistic conditions, diverse nonstationary ambient excitations are applied to each
DOF of the undamaged and damaged states using

different non-stationary characteristics and variable
white noise amplitude. As a sample, Figure 2 illustrates
the non-stationary ambient vibration signals applied to
sensor 3 in Cases 1–4.
Once the acceleration time-domain responses have
been obtained, Kwiatkowski–Phillips–Schmidt–Shin
(KPSS) hypothesis test51 is used to evaluate the stationarity or non-stationarity of the acceleration time histories obtained from the non-stationary ambient
excitations. This test assesses the null hypothesis that a
univariate time series is trend stationary against the
alternative that it is a non-stationary unit root process.
In the KPSS test, the null hypothesis means that the
test statistic is less than a critical value (c-value) under
a significance level (a). In this case, one can argue that
the time series is stationary; otherwise, it conforms to a
non-stationary process. Considering 95% confidence
interval under 5% significance level, Figure 3 shows
the KPSS test statistics for the undamaged and damaged conditions. In this figure, the dashed lines depict
the c-values of the KPSS test, which correspond to
0.1460. It is apparent that the acceleration time histories in all cases are non-stationary since their KPSS
test statistics exceed the c-value.
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Figure 3. Non-stationarity assessment of the acceleration time histories by the KPSS hypothesis test: (a) Case 1 in all test
measurements and (b) Cases 1–5.

Signal decomposition and feature extraction
Based on the first stage of the proposed hybrid algorithm for feature extraction, the non-stationary vibration signals should initially be decomposed into several
IMFs by choosing an optimal noise amplitude and a
sufficient ensemble number for each signal. In order to
provide a comparative analysis, the process of signal
decomposition is carried out by the ICEEMDAN and
EEMD methods.
To select the optimal noise amplitude, three kinds of
the noise levels (Ln) are chosen to use in the
ICEEMDAN and EEMD algorithms and calculate
RRMSE values. For this process, the initial ensemble
number is set as a small amount (NE = 10) and a relatively large quantity is chosen as the initial noise level
(Ln = 2.5). In the first kind (2.5 ˜ Ln ˜ 0.1), the noise
level is decreased in step of 0.1. This means that when
the noise level is 0.1, the level of the added white noise
for the next signal decomposition should be 0.09. For
the second type (0.1 . Ln ˜ 0.01), the decreasing step
is 0.01. Finally, the third kind of the noise levels varies
0.01 . Ln ˜ 0.001, in which the decreasing step
becomes 0.001.
In order to choose an adequate NE, the process of signal decomposition is repeated by fixing the optimal noise
amplitude and examining several ensemble numbers such
as 10, 50, 100, 150, 200, 250, and 300. The most proper
ensemble number is one that the alteration in SNR values
relatively becomes small. As a sample, Figure 4 indicates
the optimal noise levels and ensemble numbers obtained
from the ICEEMDAN and EEMD methods for the
non-stationary signal of sensor 3 in the first test measurement of the undamaged condition. Moreover, Figures 5
and 6 show the final IMFs extracted from these

techniques at the same sensor and test measurement of
Case 1 using the selected An and NE.
The comparison of observations in Figures 5 and 6
obviously reveals that the number of IMFs obtained
from the ICEEMDAN method is fewer than the corresponding amount in the EEMD technique. This confirms the ability of the ICEEMDAN method to discard
the redundant IMFs. In the following, the automatic
IMF selection method is applied to choose the most relevant IMFs to damage by setting l = 90% based on
equation (17). In this regard, Figure 7 presents the
energy levels of all IMFs (the left plots) and their participation factors (the right plots) for Cases 1 (the upper
plots) and 3 (the lower plots) at the location of sensor
3. It is apparent that IMFs 1, 2, 3, and 5 of Case 1 (the
first test measurement) have 49%, 12%, 7%, and 26%
MPFs, respectively, for which the sum of their participation factors corresponds to 94%. In contrast, the
MPFs of the IMFs 1–3 in Case 3 are identical to 62%,
18%, and 10% so that the total MPF is identical to
90%. This process continues to determine the optimal
number of IMFs at all sensors of the undamaged and
damaged states as presented in Tables 4 and 5.
For the second stage of the hybrid algorithm, the
selected IMFs are initially arranged in descending order
based on their MPFs. Then, an individual ARMA
model is fitted to each mode. This process consists of
the determination of the model orders and estimation
of its coefficients for the healthy state. Using the iterative order determination method30 and considering 5%
significance limit, Table 6 gives the ARMA model
orders and the p-values of Ljung–Box Q-test for
the selected IMFs in the second test measurement of
Case 1.
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Figure 4. Selection of the optimal noise level (upper) and ensemble number (lower) for the ICEEMDAN (left) and EEMD (right)
methods at sensor 3 for the first test measurement of Case 1.

Figure 5. The IMFs extracted from the EEMD method for the non-stationary acceleration signal of sensor 3 in the first test
measurement of Case 1.

All the p-values of Ljung–Box Q-test in Table 6 are
greater than 0.05, which imply the sufficiency of the
ARMA model orders obtained from the iterative

process. Using the prediction error method37 for the
estimation of the model coefficients, the residuals of
ARMA models in the undamaged and damaged
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Figure 6. The IMFs extracted from the ICEEMDAN method for the non-stationary acceleration signal of sensor 3 in the first test
measurement of Case 1.

Figure 7. The energy levels of IMFs (left) gained by the ICEEMDAN method and their participation factors (right) at sensor 3: (a)
Case 1 and (b) Case 3.
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Table 4. Optimal IMF numbers (nopt) and their participation factors in all test measurements of Case 1.
Test no.

Sensor no.
1

1
2
3
4
5
6
7
8
9
10

2

3

IMF no.

MPF (%)

IMF no.

MPF (%)

IMF no.

MPF (%)

4
4
3
4
4
5
3
4
4
5

94
91
93
92
93
94
90
90
92
91

3
4
3
3
3
4
3
5
4
4

92
95
94
92
92
93
91
95
90
91

4
4
3
4
3
4
4
4
3
4

94
93
90
92
91
93
94
92
94
94

IMF: intrinsic mode function; MPF: mode participation factor.

Table 5. Optimal IMF numbers (nopt) and their participation factors of Cases 2–5.
Case no.

Sensor no.
1

2
3
4
5

2

3

IMF no.

MPF (%)

IMF no.

MPF (%)

IMF no.

MPF (%)

3
3
4
4

90
92
91
95

4
3
3
3

92
91
92
90

4
3
4
3

94
90
94
92

IMF: intrinsic mode function; MPF: mode participation factor.

Table 6. Determination of ARMA model orders in the second test measurement of Case 1.
IMF

Sensor no.
1

1
2
3
4

2

3

p and q

p-Value

p and q

p-Value

p and q

p-Value

5
8
5
6

0.1095
0.1168
0.0928
0.1404

4
6
9
8

0.0782
0.0880
0.1973
0.2022

7
10
6
7

0.1651
0.0893
0.1638
0.0741

IMF: intrinsic mode function; ARMA: autoregressive moving average.

conditions are extracted as the damage-sensitive features. It is significant to note that if the number of
selected IMFs in the damaged conditions is more than
the corresponding amount in the healthy state, it makes
an inconsistency in the process of feature extraction.
This is because there are no model specifications (i.e.
orders and coefficients) of the undamaged condition
for applying to the additional IMF in the damaged
state. A rational approach to dealing with this incompatibility is to neglect such IMF, which has the lowest

energy level among the selected IMFs. On the other
hand, the removal of this mode will not cause serious
problems in the feature extraction process.

Damage localization and quantification
For the problem of damage localization, the residual
sets at each sensor of the healthy (Ex) and damaged (Ey)
states are matrices with 4000 observations (data samples) and different variables implying the optimal
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Figure 8. Damage localization in the simulated frame by the SDC (upper) and MDC (lower) methods: (a) Case 2, (b) Case 3, (c)
Case 4, and (d) Case 5.
DL: damaged location; UDL: undamaged location.

number of IMFs. In order to determine threshold limits47 for locating damage based on the SDC and MDC
methods, 5% random noise is separately added to the
data sets of 10 test measurements of the undamaged
state as described in Table 3. In the following, the
changes in Rs and Rm are computed using the residual
sets of these test measurements and repeated 100 times
for each test measurement independently. Considering
all tests, one can obtain two sets of 1000 values of Rs
and Rm. Using the lower bound of 95% confidence
interval, the threshold values for the SDC and MDC
methods are identical to 0.9757 and 0.9789, respectively.
To identify damage, 5% random white noise is also
added to the data sets of each damaged condition.
Then, Rs and Rm quantities are calculated using Ex of
each test measurement of Case 1 and Ey of Cases 2–5.
On this basis, one can determine 1000 values of Rs and
Rm at each sensor location. By computing the mean of
these amounts for each sensor, DLV can be obtained
based on equation (28) for locating the structural damages. Figure 8 illustrates the results of damage localization in all damaged scenarios (Cases 2–5).
As can be observed in Figure 8, all damaged areas
(damage location (DL)) in the simulated shear-building
frame are situated under the threshold limits. For
example, from Figure 8(a) and (b), it appears that the
first story, which has been equipped with sensor 1, is
the location of damage. Moreover, the results of Cases
4 and 5 clearly show that the first and third stories are
the damaged areas. According to the observations in
Figure 8, one can conclude that the sensor location in
DLV associated with the Rs and Rm quantities less than
the threshold values is identified as the DL; otherwise,

it is an undamaged area (undamaged location (UDL)).
As another conclusion, it can be observed that the
SDC and MDC methods are efficiently able to locate
the single and multiple damage scenarios with different
severity levels.
Although both the SDC and MDC methods can
accurately identify the DLs, it would be very appropriate to evaluate their performance for damage quantification. For this purpose, the Rs and Rm quantities of
Cases 2–5 at the damaged areas (the first and third stories) are depicted in Figure 9.
Based on the observations of this figure, one can
realize that the highest damage severity produced by
the 40% stiffness reduction ratio at the first story of
Case 5 has the smallest Rs and Rm quantities. On the
contrary, the lowest damage level associated with the
5% stiffness reduction factor at the first story of Case 2
indicates the largest distance correlation values.
Moreover, it can be seen that the amounts of Rs and
Rm gradually decrease with increasing the level of damage severity. Although both the SDC and MDC methods are generally able to estimate the damage quantity,
there are some errors in the results of SDC. For
instance, the Rs value for the 20% stiffness reduction
ratio at the first story of Case 4 is less than the corresponding value in the 30% stiffness reduction factor in
Case 5. This means that the fourth damage scenario
incorrectly leads to a more damage severity compared
to the fifth damage case. In addition, the Rs values concerning the 20% and 40% stiffness reduction factors
are very near together. By comparing Figure 9(a) and
(b), it can be concluded that MDC provides the more
accurate results of damage quantification than SDC.
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Figure 9. Damage quantification at the damaged areas of the simulated frame: (a) SDC and (b) MDC.

Table 7. Effect of sampling frequency on damage localization in Case 5 based on the MDC method.
Sampling frequency

50
100
500
1000

Threshold

Sensor no.

0.9780
0.9789
0.9808
0.9801

1

2

3

0.9487
0.8552
0.8548
0.8545

0.9849
0.9873
0.9897
0.9910

0.9858 (II)
0.8701
0.8705
0.8688

MDC: modified distance correlation.

Table 8. Effect of time duration on damage localization in Case 5 based on the MDC method.
Time duration

20
40
100
200

Threshold

0.9795
0.9789
0.9811
0.9825

Sensor no.
1

2

3

0.9055
0.8552
0.8625
0.8629

0.9676 (I)
0.9873
0.9903
0.9901

0.9339
0.8701
0.8697
0.8730

MDC: modified distance correlation.

Effects of sampling frequency and time duration
The sampling frequency and time duration are key elements in data acquisition, signal processing, and
vibration-based applications.52,53 Different sampling
frequencies and time duration are adopted to assess
their influences on the results of damage localization.
To achieve this aim, the process of damage localization
in Case 5 based on the MDC method is implemented
using 50, 500, and 1000 Hz sampling frequencies. In
this condition, the time duration is set as 40 s.

Subsequently, this process is repeated for the time
duration of 20, 100, and 200 s under 100 Hz sampling
frequency. The results of these sampling frequencies
and time duration are presented in Tables 7 and 8,
respectively, where ‘‘I’’ and ‘‘II’’ denote the false positive (Type I error) and false negative (Type II error) in
bold type, respectively.
Based on the obtained information in Table 7, it is
clear that the use of 50 Hz sampling frequency does
not lead to a reliable and accurate damage localization
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Figure 10. (a) The four-story steel structure of the IASC–ASCE SHM benchmark problem. (b) Sensor numbers and locations.8

due to the false-negative or Type II error at sensor 3.
In contrast, the sampling frequencies of 100, 500, and
1000 Hz approximately have the same and accurate
results. In addition, the distance correlation quantities
in Table 8 demonstrate that the time duration of 40,
100, and 200 s provides the correct and reliable results
of damage identification, whereas the time duration of
20 s suffers from a false-positive or Type I error.

Application to the experimental Phase II
of the IASC–ASCE benchmark problem
For further validation, the experimental data sets of
the IASC–ASCE benchmark structure (Phase II)54 are
used to verify the robustness and reliability of the proposed methods. It was a four-story laboratory steel
structure constructed from 2-bay 3 2-bay steel frame
in scale-model with 2.5 m 3 2.5 m in plan and 3.6 m
in tall as shown in Figure 10(a). The structure was
mounted on a concrete slab outside of the laboratory
to simulate typical ambient vibration conditions. The
members were hot-rolled grade 300W steel with the
nominal yield stress 300 MPa. The columns and floor
beams were constructed by B100 3 9 and S75 3 11
sections, respectively. In each bay, the bracing system

consisted of two 12.7-mm-diameter threaded steel rods
placed in parallel along the diagonal. To make the mass
distribution reasonably realistic, one floor slab was
placed in each bay per floor including four 1000-kg
slabs at each of the first, second, and third levels and
four 750-kg slabs on the fourth floor.
The structure was subjected to ambient vibrations
including excitations present from the environment due
to the wind, pedestrians, and traffic. The vibration
time-domain signals were acquired by 15 accelerometers
with 5 V/g sensitivity distributed on the four stories and
the base of the structure as shown in Figure 10(b). The
FBA accelerometers were located on the east and west
frames to measure the acceleration time histories in the
north–south (N–S) direction (along the strong axis).
The EPI accelerometers were installed near the center
column of the structure to measure the acceleration
responses in the east–west (E–W) direction (along the
weak axis).
Different damage scenarios in two general patterns
are considered to evaluate the efficiency and reliability
of the proposed methods. In the first damage pattern,
the structural damage was simulated by the removal of
bracing systems, for which the undamaged condition is
the fully braced structure. In the second pattern, some
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Table 9. Damage patterns and cases of the IASC–ASCE benchmark structure.
Pattern no.

Case no.

Status

Description

1

1
2
3
4
5

Healthy
Damaged
Damaged
Healthy
Damaged

6

Damaged

Fully braced condition
Removing all braces from floors 1–4 on the east side
Removing braces on floors 1 and 4 in one bay on the southeast corner
Removing all braces from the structure
Case 4 + loosened bolts on floors 1–4 at both ends of the beam
on the east face and north side
Case 4 + loosened bolts on floors 1 and 2 on the east face and north side

2

Figure 11. The non-stationary acceleration responses at sensor 15: (a) Case 1 and (b) Case 2.
Table 10. Identified natural frequencies and damping ratios gained by SSI-DATA.
Mode no.

Type

Natural frequencies (Hz)

Damping ratios (%)

1
2
3
4
5
6
7
8

Bending (E–W)
Bending (N–S)
Torsional
Bending (E–W)
Bending (N–S)
Torsional
Bending (E–W)
Bending (N–S)

7.49
7.46
14.49
19.89
21.01
22.69
25.49
28.31

0.86
0.74
0.15
0.00
0.04
0.38
0.09
0.25

bolts of the beam–column connections were loosened
to simulate small damage cases, for which the healthy
state is taken to be the fully unbraced structure. Table 9
describes the healthy and damaged conditions of the
first and second damage patterns. Note that Cases 1–6
in this table are equivalent to the test configurations 1,
2, 4, 7, 8, and 9 as mentioned in Dyke et al.54
Applying a sampling frequency of 200 Hz, the acceleration vibration signals were measured during 300 s
for the first damage pattern and 900 s for the second

pattern. As an example, Figure 11 displays the acceleration time histories of sensor 15 in Cases 1 and 2. Note
that the vibration data acquired from sensors 1–3
mounted on the base are not incorporated because they
do not provide relevant information about the dynamic
behavior of the structure.8 For more details about the
structure and damage cases, the reader can refer to
Dyke et al.54
In addition, Table 10 reports the identified natural
frequencies and damping ratios of Case 1 obtained
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Figure 12. Non-stationarity assessment of the acceleration time-domain responses by the KPSS hypothesis test: (a) Case 1, (b)
Case 2, (c) Case 3, (d) Case 4, (e) Case 5, and (f) Case 6.

from data-driven stochastic subspace identification
(SSI-DATA) technique.55 The estimated mode shapes
of this structure are also available in Alıcıoğlu and
Lusx.55
Similar to the numerical frame, the KPSS hypothesis
test is used to evaluate the nature of the acceleration
time-domain responses for all cases as shown in
Figure 12. In this figure, the dashed black lines depict
the c-values of the KPSS test by considering 5% significance limit, which corresponds to 0.1460.
As Figure 12(a) shows, a few acceleration vibration
signals are non-stationary and the other ones have
stationary behaviors. In contrast, it is clear from
Figure 12(b) to (f) that most of the acceleration
responses in Cases 2–6 conform to the non-stationary
processes. Under such conditions that the vibration signal may be either stationary or non-stationary, the
most appropriate way is to use the proposed hybrid

algorithm for feature extraction. Although this algorithm is normally suitable for non-stationary vibration
signals, there is no problem or limitation of using it for
stationary data.

Signal decomposition and feature extraction
The acceleration time-domain response of each sensor
is initially decomposed by the ICEEMDAN method to
extract IMFs. It is important to mention that this process is performed for all responses either stationary or
non-stationary. In a similar manner to the simulated
frame, the same noise levels and ensemble numbers are
used for the example of the IASC–ASCE structure. As
a sample, Figures 13 and 14 indicate the selections of
optimal Ln and appropriate NE based on the
ICEEMDAN method at sensor 15 of Cases 1 and 2 in
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Figure 13. Selection of the optimal noise levels based on the ICEEMDAN method at sensor 15: (a) Case 1, (b) Case 2, (c) Case 4,
and (d) Case 6.

the first damage pattern and Cases 4 and 6 for the second pattern.
Using all selected noise amplitudes and ensemble
numbers in the ICEEMDAN method, the final IMFs
of each acceleration response are extracted. For example, Figure 15 shows the extracted IMFs for the nonstationary vibration signal of sensor 15 in Case 1. In
order to compare the ICEEMDAN and EEMD methods, Figure 16 displays the number of IMFs extracted
from these techniques at all sensors of Cases 1 and 2 in
the first damage pattern and Cases 4 and 6 for the second pattern.
It is obvious from Figure 16 that the ICEEMDAN
method reduces the number of IMFs and avoids
extracting redundant modes. Thus, it makes a costefficient signal decomposition process compared to the
EEMD technique. Once all IMFs from the
ICEEMDAN methods have been extracted, the automatic mode selection approach is used to choose the
most relevant IMFs to damage. Figure 17 indicates the
IMF energy levels and their participation factors at
sensor 15 of Cases 1, 2, and 6.
In Figure 17(a), the first, second, and fourth IMFs
contain 10%, 51%, and 29% of participation factors,

respectively. The MPFs of the first three IMFs in
Figure 17(b) are identical to 24%, 40%, and 28%,
respectively. Eventually, as Figure 17(c) shows, the first,
second, third, and fourth IMFs have 28%, 15%, 32%,
and 16% MPFs, respectively. Considering l = 90%,
the above-mentioned IMFs are selected as the optimal
modes for ARMA modeling. Tables 11 and 12 give the
optimal numbers of IMFs (nopt) at all sensors of Cases
1–3 and 4–6, respectively.
For ARMA modeling, the selected IMFs are initially
arranged in descending order based on their energy levels. Subsequently, the model orders are determined by
the iterative order determination method in the healthy
states. Tables 13 and 14 present the orders of ARMA
models and p-values of Ljung–Box Q-test of Case 1.
The same procedure is carried out to determine the
model orders of Case 4.
The prediction error method is applied to estimate
the coefficients of ARMA models. Similar to the previous example, if the number of optimal IMFs in the
damaged cases is more than the corresponding number
in the undamaged conditions, as highlighted in bold
type in Tables 11 and 12, the additional IMFs are
neglected to incorporate them into the process of
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Figure 14. Selection of the appropriate ensemble numbers based on the ICEEMDAN method at sensor 15: (a) Case 1, (b) Case 2,
(c) Case 4, and (d) Case 6.

Figure 15. The IMFs extracted from the ICEEMDAN method for the non-stationary vibration signal of sensor 15 in Case 1.
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Figure 16. Comparison of the number of IMFs extracted from the EEMD and ICEEMDAN methods: (a) Case 1, (b) Case 2, (c)
Case 4, and (d) Case 6.

feature extraction. As the other comparative study in
this article, Figure 18 compares the performance of features extracted from the SSI-DATA technique and
ARMA model for early damage detection in the first
damage pattern. For this aim, the first two natural frequencies in the strong axis (the N–S direction), as well
as the norm of ARMA residuals belonging to one IMF
with the highest energy level among all selected IMFs
for the FBA sensors, are used to carry out this comparative analysis.
The values in Figure 18 indicate the percentages of
relative errors between the natural frequencies and residual norms of the undamaged (Case 1) and damaged
(Cases 2 and 3) conditions. The observations in this figure demonstrate that both features succeed in detecting
damage. It is apparent from Figure 18(a) and (b) that
most of the reductions in the relative errors of natural
frequencies occur in Case 2 implying that it suffers more
from damage, whereas Case 3 indicates small reductions. The same conclusions are obtained from the analysis of early damage detection results via the ARMA

residual norms with a major difference that the increase
in the relative errors of the residual norms is the main
indicator of damage. Accordingly, one can observe in
Figure 18(c) that the residuals of ARMA model from
the only one IMF give the accurate results.

Damage localization and quantification
By extracting the model residuals in the healthy (Cases
1 and 4) and damaged (Cases 2 and 3 and 5 and 6)
states, the randomly high-dimensional multivariate sets
(Ex and Ey) are applied to the SDC and MDC methods
for locating damage in the IASC–ASCE structure.
These matrices include 60,000 (the first damage pattern)
and 180,000 (the second damage pattern) data samples
and different variables implying the number of optimal
IMFs. Before identifying the location of damage, it is
essential to define threshold limits47 for the SDC and
MDC methods under noisy conditions of the undamaged states so that the changes in Rs and Rm due to
the noise are separable from the changes caused by
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Figure 17. The energy levels of IMFs (left) and their participation factors (right) at sensor 15: (a) Case 1, (b) Case 2, and (c) Case 6.

damage. For this purpose, 5% random noise is separately added to the data sets of Cases 1 and 4. This process is repeated 100 times independently. Then, the
distance correlation amounts are computed using the
residual sets of undamaged conditions to obtain two
sets of 100 values of Rs and Rm for each of the

undamaged states. Applying the lower bound of 95%
confidence interval, the threshold values of both damage patterns based on the SDC and MDC methods are
determined as presented in Table 15. To locate damage,
5% random white noise is also added to the data sets of
each damaged condition. By repeating this procedure
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Table 11. Optimal numbers of IMFs (nopt) at all sensors of Cases 1–3.
Sensor no.

Structural status
Case 1

4
5
6
7
8
9
10
11
12
13
14
15

Case 2

Case 3

IMF no.

MPF (%)

IMF no.

MPF (%)

IMF no.

MPF (%)

3
3
4
4
3
4
4
3
3
3
4
3

93
92
93
92
90
95
93
91
93
91
90
90

2
4
3
3
2
3
3
3
4
3
3
3

92
93
92
92
90
91
93
94
96
93
93
92

3
3
2
3
2
3
4
4
3
4
3
3

92
90
91
93
91
92
95
92
91
94
92
90

IMF: intrinsic mode function; MPF: mode participation factor.

Table 12. Optimal numbers of IMFs (nopt) at all sensors of Cases 4–6.
Sensor no.

Structural status
Case 4

4
5
6
7
8
9
10
11
12
13
14
15

Case 5

Case 6

IMF no.

MPF (%)

IMF no.

MPF (%)

IMF no.

MPF (%)

4
5
4
5
5
5
5
4
4
5
5
5

93
91
92
95
93
92
90
93
94
92
94
95

3
4
3
5
5
5
3
5
5
5
5
4

91
93
93
93
91
92
90
91
95
94
91
90

3
4
5
3
4
4
5
3
4
4
5
4

94
91
94
92
90
91
92
90
91
92
93
91

IMF: intrinsic mode function; MPF: mode participation factor.

Table 13. The orders of ARMA models and p-values of Ljung–Box Q-test for sensors with nopt = 3 in Case 1.
Sensor no.

IMF no.
1

4
5
8
11
12
13
15

2

3

p and q

p-Value

p and q

p-Value

p and q

p-Value

19
16
20
17
24
21
19

0.1911
0.3758
0.2152
0.3189
0.1317
0.1761
0.1546

14
17
13
18
15
16
20

0.0781
0.1639
0.1357
0.2199
0.0678
0.2041
0.1002

20
22
17
20
19
17
22

0.1555
0.0979
0.1033
0.1814
0.1137
0.0751
0.0629

IMF: intrinsic mode function; ARMA: autoregressive moving average.
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Table 14. The orders of ARMA models and p-values of Ljung–Box Q-test for sensors with nopt = 4 in Case 1.
Sensor no.

IMF no.
1

6
7
9
10
14

2

3

4

p and q

p-Value

p and q

p-Value

p and q

p-Value

p and q

p-Value

20
18
17
23
14

0.1911
0.3758
0.2152
0.2687
0.0897

18
13
16
17
20

0.0646
0.1527
0.0765
0.1111
0.2099

14
17
19
15
20

0.1772
0.1255
0.1632
0.0908
0.1391

17
22
20
19
19

0.1357
0.3571
0.1227
0.1506
0.0587

IMF: intrinsic mode function; ARMA: autoregressive moving average.

Figure 18. Comparison of the performance of features extracted from the SSI-DATA technique and ARMA model for early
damage detection: (a) the first natural frequency, (b) the second natural frequency, and (c) the norm of ARMA residuals.

Table 15. Threshold values of the first and second damage
patterns.
Damage pattern

1
2

Method
SDC

MDC

0.9775
0.9787

0.9795
0.9790

SDC: sample distance correlation; MDC: modified distance correlation.

100 times, there are 100 sets of Ex and Ey at each sensor
location that lead to 100 sets of Rs and Rm values.
Eventually, the mean of these collections is calculated
to create DLV according to equation (28). The results
of damage localization for the first and second damage
patterns are shown in Figures 19 and 20, respectively.
In Figures 19(a) and (c) and 20(a) and (c) for Cases
2 and 5, the DLs are identified at the east side of floors
1–4, since the Rs and Rm values of the sensors 6, 9, 12,
and 15 are less than the threshold limits. Moreover, it
can be observed in Figure 19(b) and (d) that the

distance correlation amounts of sensors 6, 12, and 15
are under the threshold levels implying that the east
side of floors 1, 3, and 4 are the damaged areas in Case
3. Eventually, Figure 20(b) and (d) demonstrates that
the first and second floors at the east side of the IASC–
ASCE structure are the locations of damage in Case 6
resulting from the Rs and Rm quantities of sensors 6
and 9, which are less than the threshold levels. Such
observations confirm that both the SDC and MDC
methods along with the proposed feature extraction
approach are able to identify the DLs.
Figure 21 shows the results of damage quantification
at sensor 6 in all cases based on the SDC and MDC
methods. From this figure, one can observe that the
severity of damage in Case 2 is higher than the other
cases resulting from having the smallest Rs and Rm
quantities. This is reasonable because all braces of the
east side of the structure were removed in Case 2.
Moreover, it is seen that Rs and Rm values of Cases 5
and 6 are more than the other cases, which imply their
small severities. The comparison of Figure 21(a) and
(b) demonstrates that MDC is better than SDC due to
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Figure 19. Damage localization in the IASC–ASCE structure in the first damage pattern: (a) Case 2 by SDC, (b) Case 3 by SDC, (c)
Case 2 by MDC, and (d) Case 3 by MDC.

Figure 20. Damage localization in the IASC–ASCE structure in the second damage pattern: (a) Case 5 by SDC, (b) Case 6 by SDC,
(c) Case 5 by MDC, and (d) Case 6 by MDC.
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Figure 21. Damage quantification at sensor 6 of the IASC–ASCE structure: (a) SDC and (b) MDC.

Table 16. Effect of sampling frequency on damage localization in Case 2 based on the MDC method.
Sensor no.

4
5
6
7
8
9
10
11
12
13
14
15

Label

UDL
UDL
DL
UDL
UDL
DL
UDL
UDL
DL
UDL
UDL
DL

Sampling frequencies (Hz)
50

100

200

0.9872
0.9846
0.9822 (II)
0.9864
0.9783 (I)
0.9831 (II)
0.9798 (I)
0.9856
0.9845 (II)
0.9822
0.9870
0.9425

0.9881
0.9729 (I)
0.9436
0.9877
0.9779 (I)
0.9369
0.9893
0.9880
0.9818 (II)
0.9825
0.9937
0.9161

0.9877
0.9960
0.8322
0.9978
0.9949
0.8411
0.9927
0.9882
0.8368
0.9891
0.9989
0.8264

UDL: undamaged location; DL: damaged location.

the inaccurate damage quantification in Cases 5 and 6
by the SDC method.

Effects of sampling frequency and time duration
Different sampling frequencies and time duration are
used to assess their influences on the results of damage
localization in Case 2 of the experimental benchmark
structure using the MDC method. Based on the available experimental data sets, ‘‘downsample’’ function
in MATLAB is applied to reduce the sampling frequency of 200 Hz to 100 and 50 Hz. For this process,
the original time duration of 300 s is used.
Furthermore, the acceleration time-domain responses
are divided into three parts including 100, 200, and
300 s in an effort to consider different time durations

under 200 Hz sampling frequency. The threshold values for the sampling frequencies 50 and 100 Hz are
identical to 0.9805 and 0.9789, respectively. For the
time duration of 100 and 200 s, the threshold levels correspond to 0.9769 and 0.9773, respectively. Tables 16
and 17 give the Rm values of Case 2 in the mentioned
sampling frequencies and time duration, respectively.
Note that the erroneous results caused by false positive
(Type I error) and false negative (Type II error) are
highlighted in bold type.
As the amounts in Tables 16 and 17 presents, both
sampling frequencies of 100 and 50 Hz and the time
duration of 200 and 100 s fail to provide accurate and
satisfactory damage localization results due to the falsepositive and false-negative errors. Therefore, it can be
deduced that although the increases in sampling
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Table 17. Effect of time duration on damage localization in Case 2 based on the MDC method.
Sensor no.

4
5
6
7
8
9
10
11
12
13
14
15

Label

UDL
UDL
DL
UDL
UDL
DL
UDL
UDL
DL
UDL
UDL
DL

Time duration (s)
100

200

300

0.9879
0.9887
0.9836 (II)
0.9917
0.9725 (I)
0.9647
0.9889
0.9750 (I)
0.9799 (II)
0.9830
0.9825
0.9339

0.9880
0.9919
0.9231
0.9883
0.9886
0.9830 (II)
0.9940
0.9726 (I)
0.9573
0.9876
0.9725 (I)
0.9270

0.9877
0.9960
0.8322
0.9978
0.9949
0.8411
0.9927
0.9882
0.8368
0.9891
0.9989
0.8264

UDL: undamaged location; DL: damaged location.

frequency and time duration improve the reliability of
damage localization results as observed in the numerical model, the use of insufficient information in data
acquisition leads to serious erroneous conclusions.

Conclusion
In this article, a new hybrid algorithm for feature
extraction and multivariate distance correlation methods has been proposed to locate damage using nonstationary vibration signals under ambient excitations.
The proposed algorithm consisted of the combination
of ICEEMDAN method and ARMA model. In the
first stage of this algorithm, the IMFs have been
extracted from the ICEEMDAN method. A novel
automatic method has also been presented to choose
the most relevant IMFs to damage. For the second
stage, an individual ARMA model has been fitted to
each optimal IMF, and the model residuals in the
healthy and damaged conditions have been extracted
as the damage-sensitive features. Using such randomly
high-dimensional multivariate data sets, the location of
damage has been identified through the SDC and
MDC methods. A numerical shear-building model and
a series of experimental data of the IASC–ASCE
benchmark structure under ambient excitations have
been used to validate the accuracy and robustness of
the proposed methods.
The results in both numerical and experimental
examples demonstrated that the ICEEMDAN method
efficiently reduces the number of redundant IMFs compared to the well-known EEMD technique. This capability leads to a cost-efficient signal decomposition
process and prevents obtaining useless information.
The proposed automatic IMF selection method aids

the ICEEMDAN method in decreasing the redundant
modes and choosing the most relevant IMFs to damage
based on their energy levels and participation factors.
Since this approach provides an automatic algorithm,
it can overcome the limitation of using the visual or
experience criteria by the user. Furthermore, the results
of signal decomposition and IMF selection procedures
showed that the IMFs with the high energy levels are
more suitable for damage detection.
The location of the sensors is a very important
aspect to identify damage. For the problem of damage
localization, the sensor location associated with the distance correlation quantities that are less than the
threshold limits is identified as the DL. In this regard,
it was seen that both the SDC and MDC methods
could precisely identify the locations of single and multiple damage cases with different severity levels using
high-dimensional multivariate residual sets. In the
IASC–ASCE structure, it was observed that these
methods were able to locate the damaged areas at the
east side of the structure floors. In the problem of damage quantification, the SDC method could not give the
reliable and accurate results, whereas the MDC method
could correctly estimate the level of damage severity.
The assessment of sampling frequency and time duration effects revealed that the appropriate selection of
these parameters guarantees the reliability of results
and insufficient choices of sampling frequency and time
duration lead to the false-positive and false-negative
errors.
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