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Abstract

Structural health monitoring (SHM) and damage detection using vibration-based methods continue to be of interest in fields
such as civil and mechanical engineering, among others. Early identification of damage can save human lives and facilitate
low-cost recovery of existing infrastructure. The methods used in SHM can have a local or global approach. A local approach
checks the components of the structure in detail, while a global approach detects general changes in the characteristics of
the structure. In this article, a methodology with a global approach is proposed, which combines the properties of empirical
mode decomposition (EMD), synchronized wavelet transform (SWT), and spline interpolation, with the aim of identifying
modal properties and damage. In this methodology, it is possible to identify the frequency content of a signal over time; if
there are changes in the modal properties of the structure, it is known that there were changes in the physical properties;
therefore, there was damage in the structure. To validate the effectiveness of the proposed methodology, the instant of damage
is identified, as well as the natural frequencies of the Benchmark Phase I, considering the structure without damage and with
damage due to loss of stiffness in the first and third floors. The analyzed signal is created considering the undamaged and
damaged states of the structure. First, the instant of damage and the change in the natural frequencies of the structure due to
stiffness loss damage were identified using the SWT. Subsequently, the proposed methodology was validated by comparing
the values obtained in the identification of the natural frequencies with the values reported by other authors. The minimum
and maximum errors were 0.0% and 2.31%, respectively, compared to the results reported by the AISCE-ASCE group. The
proposed methodology proved to be robust as a SHM method; it identifies frequencies with closely spaced modes and does
not require a priori knowledge of the structure.

Keywords Empirical mode decomposition - Synchrosqueezed wavelet transform - IASC-ASCE Benchmark Phase I -
Structural health monitoring
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and low-cost methods that allow the maintenance of civil
structures.

Recently, several researchers have focused their interest
on damage determination. Pereira, et al. [3] applied a bio-
inspired algorithm known as Lichtenberg optimization algo-
rithm (LA) in combination with finite element programs.
The authors highlighted that the LA is able to detect dam-
age in noisy conditions and low damage severity. Similarly,
Pereira et al. [4] developed a study for crack identification
through the implementation of LA. The results obtained by
the authors were promising in damage identification and
decision making, such as replacing parts of the structure.
Several studies were reported by Gomes et al. [5] in their
review on vibration-based inverse methods aimed at damage
identification.

The methods used for damage detection can be classi-
fied into local and global approaches [6]. Methods with a
local approach aim to detect damage or changes in struc-
tural components or materials, for example: the ultrasonic
pulse velocity method [7], the radiograph method [8], the
infrared thermographic method [8], among others. Meth-
ods with a global approach are based on the premise that
the dynamic characteristics are a function of the physical
properties of the structure. Therefore, if there are changes in
the physical properties, it will be possible to detect changes
in the dynamic characteristics [9]. Some methods with a
global approach are: Wavelet transform [10]; Hilbert—Huang
transform [11]; Empirical mode decomposition method
(EMD) [12], among others. In this work, a methodology
with a global approach based on the combination of three
techniques is proposed: (1) empirical mode decomposition
(EMD), (2) synchrosqueezed wavelet transform (SWT), and
(3) spline interpolation.

Studies that have taken a global approach and used only
SWT as a method for damage detection have been reported
by Sanchez et al. [13]. The authors used SWT to identify the
modal properties of Benchmark and reported six natural fre-
quencies found in an undamaged signal, three in each direc-
tion (x, y). Babajanian Bisheh et al. [14] proposed a meth-
odology based on vibration analysis to identify damage by
pattern recognition. Five techniques were considered; one of
them was SWT. Benchmark was used as the analysis model.
To assess the structural health of bridges Liu et al. [15]
implemented SWT using bridge-vehicle iteration models.
The authors demonstrated that the proposed methodology
is robust for identifying and quantifying damage, obtaining
good results in five of the six simulated experimental tests.

Other works composed of two or more techniques includ-
ing SWT were presented by Rafiei and Adeli [16]. The
authors proposed a new methodology based on two signal
processing methods, SWT and FFT. In addition, an unsuper-
vised machine learning technique, the neural dynamics clas-
sification (NDC) algorithm, and the restricted Boltzmann
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machine were implemented. The authors evaluated the over-
all health status of a 38-story concrete building constructed
on a 1:20 scale. Using the same experimental model,
Amezquita-Sanchez and Adeli [17] validated a methodol-
ogy to detect and quantify damage. This new methodology
consisted of three steps: (1) SWT, (2) fractality dimension,
and (3) Condition assessment of the structure. Similarly,
Rafiei and Adeli [18] proposed a methodology to assess
the state of health globally and locally through structural
response. The methodology was composed of SWT, FFT,
and an unsupervised deep Boltzmann machine. On the other
hand, Z. Li et al. [19] implemented SWT in conjunction with
HT and linear least square fitting. The authors implemented
the methodology on a 123-story building and compared the
values obtained with those found by EMD.

Works whose methodologies were validated through the
Benchmark structure and implemented the SWT as a signal
processing technique were performed by C. Perez-Ramirez
et al. [20], who proposed a computational strategy for the
accurate identification of modal parameters. A methodol-
ogy that combines three techniques: (1) natural excitation
technique, (2) synchrosqueezed wavelet transform, and (3)
genetic algorithm. In the same line, C. Perez-Ramirez et al.
[21] defined a new methodology based on SWT for the iden-
tification of the modal parameters of a structure subjected to
environmental vibrations. The proposed methodology con-
sisted of four techniques: (1) random decrement technique,
(2) synchrosqueezed wavelet transform, (3) Hilbert trans-
form, and (4) the Kalman filter. The values obtained were
compared with other signal processing techniques.

This article proposed a methodology with a global
approach for the identification of modal properties and dam-
age detection, that is, based on the dynamic characteristics
of the structure. To validate the effectiveness of this meth-
odology, the Benchmark Phase I developed by the IASCE-
ASCE group is used. The Benchmark structure consists of
a 4-story, 2 X 2 bay steel structure built to scale 1:4. It has
the following dimensions 3.6 m in height and a surface area
of 2.5%2.5 m. IASCE-ASCE offers a finite element pro-
gram known as Datagen. The program was developed in
Matlab and allows simulating different damage patterns. In
this work, the scenarios of the structure without damage
and with damage due to loss of stiffness in the first and third
floors are considered, as shown in Fig. 3. The aims of the
numerical simulation in this article are: (1) Identification
of the instant of damage and of the changes in the natural
frequencies and (2) Validation of the proposed methodol-
ogy through the accuracy in the calculation of the natural
frequencies. The values obtained were compared with those
found in other works, including Johnson et al. [22]. The pro-
posed methodology proved to be robust in accurately iden-
tifying the frequencies of a damaged, non-stationary, and
noise-embedded signal.
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2 Methodology

The proposed methodology was developed entirely in
Matlab programming language. This methodology can be
applied to any type of civil structure, being required as input
data for the acceleration response of the structure. According
to Rytter [23], there are four levels of damage detection clas-
sification. This paper focuses on level 1, which corresponds
to the determination if there is damage in the structure and
not in determining the location of the damage. Figure 1
shows the methodology based on EMD-SWT methods for
damage identification from vibration data. First, the intrinsic
mode functions (IMFs) of the signal are extracted with the
help of the EMD method [24]. Subsequently, each IMF is
processed by the SWT method to obtain the natural frequen-
cies. Finally, using spline interpolation, the graph containing
the natural frequencies is smoothed.

The main advantage of this method lies in the use of EMD
to decompose the signal into the IMF and thus improve the
accuracy in the identification of the natural frequencies by
the SWT. On the other hand, the main disadvantage of using
EMD lies in the end effect of each IMF, which is partially
distorted [25].

2.1 Empirical mode decomposition (EMD)

Huang et al. [26] proposed the EMD method for time series
analysis. EMD decomposes a signal that is generally non-
stationary into a series of IMF functions that are quasi-
stationary. Two conditions are necessary for an IMF to be
recognized as a modal response function: (1) the number
of zero crossings and the number of extrema must be of the
same size or differ by 1; (2) the average (mean) between the
upper and lower envelopes must be equal to zero [12].

For a signal x(¢), the following steps should be considered
to obtain the IMFs.

Step 1 Locate the maximum and minimum points of x(z).

Step 2 Interpolate by spline the local maxima and
local minima to construct the upper and lower envelopes
(€min(); Emax ()-

Step 3 Compute the mean by:

emin(t) + €max (t)

m(t) = >

6]

Step 4 Extract the component

SWT

d(1) = x(t) — m(t) @

Step 5 Iterate on the residual ().

To obtain an IMF, steps 1 to 4 must be repeated on
the component d(¢) until the two conditions mentioned
are satisfied (stopping criterion). When step 4 is satisfied,
consider d(t) as the first IMF. Once an IMF is obtained,
the residual is calculated, r(f) = x(t) — d(), and step 5 is
applied. Thus, a finite number of IMFs and a residual are
obtained.

2.2 Synchrosqueezed wavelet transform (SWT)

Synchrosqueezed transform is an analysis algorithm that
follows the same philosophy as the EMD approach. SWT
decomposes a signal into its building blocks functions,
but with a different approach than EMD in the construc-
tion of the components [27, 28]. SWT is a time—frequency
analysis method [29]. SWT combines wavelet analysis
and a reallocation method that can improve the identifica-
tion and extraction of oscillatory components as natural
frequencies.

There are various types of the wavelet transform, includ-
ing SWT. A wavelet transform is constructed from a function
called the mother wavelet, y, and is defined as:

W(ﬂ),a,be R,a#0
a

v, = (3)

1
Vidl
where a measures the degree of compression, known as the
scaling parameter, and b determines the time location, called
the translation parameter.

SWT uses two types of analytic wavelet: amor (analytic
Morlet wavelet) [30] and bump [31]. The analytic bump
wavelet, y,,,,,, Will be used as a mother wavelet [32] in
SWT, defined by:
) )

Wump(80) = € ( U umo)/s (utorss ]

where 1,/ (4175118 the indicator function for the inter-
val (u —o0)/s < w < (u+ o)/s the center frequency.

SWT algorithm is summarized in three steps [17]:

Step I Calculate the CWT coefficients, W (a, b), using any
mother wavelet to recover the amplitudes at the instantane-
ous frequencies.

Spline

Intrinsic mode functions

— ™ EMD

Fig. 1 Flowchart of methodology

A4

Interpolation
i Smooth

v

Natural frequencies
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(o)

W)= [aow (=) )
val
where y is the mother wavelet, the symbol * is the complex
conjugated, a is the scale and b is the time shift.

Step 2 For the signal x(¢) is computed the instantaneous
frequency, w,(a, b), differentiating at any point (a, b) the
CWT coefficients, W (a, b).

o[W,(a.b)]

w,(a,b) = sz,b) ob |Wx(as b)| >0
& |Wx(a, b)| =0

(6)

Step 3 Finally, the synchrosqueezing process is done by
reassigning the CWT coefficients, W, (a, b), to the time—fre-
quency domain considering the map (a, b) — (wx(a, b), b).
Only at the centers, w,, is determined the Syn-
chrosqueezed Transform, 7, (a)c, b), for the frequency range
[a)c -Aw/2, 0.+ Aw/2 ]:

T (0., b) = Ao~ W, (. b)a " (Aa),
a;:w(ab)e[w,~ro/2.0+00/2]

(N

where Aa =a;, —aq;,_;and Aw = 0, — @,_;.

3 Numerical application

It is proposed to validate this methodology in the Benchmark
Phase I. The Benchmark structure was built at the Univer-
sity of British Columbia (UBC—Canada), it is a 4-story 3D
steel-frame quarter-scale model structure of 2 X2 bay (see

(south)

(a)

Fig. 2a). The structure is exposed to white noise in both
the x-direction (strong side) and y-direction (weak side), as
shown in Fig. 2b. The Benchmark model has six different
damage patterns; in this article, the undamaged cases and
damage pattern (i) will be considered (see Fig. 3). The syn-
thetic signal to be used is constructed considering case 3
(roof excitation), as shown in Table 1. The signal is obtained
through sensors 15 and 16 (see Fig. 4). The choice of sen-
sor location is very important to obtain a good dynamic
response signal. Since one of the objectives of this work is to
compare the results obtained with those of other authors, the
same sensors used in other reference articles were used [21].

The numerical example consists of two analysis stages:
(1) identification of changes in natural frequencies and dam-
age instant by SWT, and (2) the proposed methodology is
validated through the accuracy in the identification of the
natural frequencies. The signal used in this exercise is con-
structed from two signals, a first undamaged signal that goes
from second 0 to second 20 and another signal with dam-
age pattern (ii) that goes from second 20 to second 40 (see
Fig. 5). This signal approximates the characteristics of a
real signal, that is, a signal read in situ from a real structure.

According to Johnson et al., [22] the Benchmark structure
allows to recreate six damage patterns between major and
minor (see Fig. 3). The major damages patterns are repre-
sented by the numbers (i) to (iv) and the minor ones by (v)
and (vi). The signal used in damage identification is affected
by damage pattern (ii).

The Benchmark structure has a total of sixteen sensors,
four on each floor, as shown in Fig. 4. The signals used
are obtained from sensors 15 and 16 (x and y-direction,
respectively). These two sensors were chosen to compare

X_ (west)

Fig.2 Benchmark structure: a real structure on 1:4 scale model and b analytical model [22]
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(i) no stiffness in 1 floor braces

(ii) no stiffness in 1% floor braces

(iii) no stiffness in one 1% floor brace

no stiffness in 3™ floor braces

(iv) no stiffness in one 1% floor brace (v) no stiffness in one 1% floor brace  (vi) 2/3 stiffness in one 1% floor brace

no stiffness in one 3™ floor brace

no stiffness in one 3™ floor brace

beam-column connection weakened

Fig. 3 Damage patterns for Benchmark structure [22]

the values obtained with those of other authors who used
the same monitoring points.

The signal presented in Fig. 5 was constructed using a
FEA code in MATLAB developed by the IASC-ASCE [22].
This code generates the dynamic response of the structure
when exposed to a white noise type excitation, Case 3 (roof
excitation). The signal obtained from sensor 15 (x-direction)
is presented in Fig. 5a, and that from sensor 16 (y-direc-
tion) in Fig. 5b. Both signals were constructed by joining
an undamaged signal with a damage pattern signal (ii), i.e.,
from O to 20 s an undamaged signal, from 20 to 40 s a dam-
aged signal. The parameters used in the construction of both
signals are a sampling frequency of 1000 Hz, 10% white
noise, and a modal damping ratio of 1%. Sampling frequency
and signal duration have an influence on obtaining robust
results. In this paper, for reasons of comparison, the same
data from the reference article will be used [22].

SWT was applied to the signals in Fig. 5, using the ana-
Iytic bump wavelet as the mother wavelet with 42 voices per
octave. The values obtained are presented in Fig. 6 for sensor
15 (x-direction) and in Fig. 7 for sensor 16 (y-direction). It

can be observed in Fig. 6a a discontinuity of the value of the
frequencies at second 20, it is precisely at that point where
the transition from the undamaged signal to the signal with
damage occurs; therefore, the SWT manages to identify the
instant of damage accurately. Figure 6b shows the frequen-
cies identified for the complete signal (40 s). In contrast,
Fig. 6¢ shows the frequencies identified for each segment
of the undamaged signal and the damage pattern (ii). The
same result was found for sensor 16 (y-direction) presented
in Fig. 7.

From Figs. 6¢ and 7c, the natural frequencies of the
undamaged signal, that is, the frequency content of the
signal between 0 and 20 s, are extracted (see Fig. 5). The
values obtained are shown in Table 2 together with those
of the reference model (FEA [22]) and Sanchez et al.[13]
for comparison purposes. Sanchez et al.[13] implemented
the SWT, using the analytic Morlet wavelet as the mother
wavelet with 32 voices per octave, being able to identify
the first three frequencies in both directions. The minimum
error was of 0.12% and the maximum error was 3.06% with
respect to the reference model [22]. In this work, SWT was
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Table 1 Simulation cases of Benchmark structure [22]

Description Case3 Case4
(roof (3D)
excita-
tion)

Data generation model:

1. Floors rigid (USC 12DOF) X X
2. Floors rigid in-plane (HKUST 120DOF)

Mass distribution:

1. Symmetric (four 400 kg masses on roof) X

2. Asymmetric (three 400 kg, one 550 kg) X
Excitation:

1. “Ambient”

2. Shaker diagonal on roof

ID model: Linear 12DOF shear building X X
ID data: four sensors/floor with 10% RMS noise

1. Known input

2. Unknown input X X

3. Unknown input; sensors on second, fourth
floors

Damage patterns: remove the following

i. All braces in first story X

ii. All braces in first and third stories X

iii. One brace in first story X

iv. One brace in each of first and third stories X

v. As iv, and loosen floor beam at first level

vi. 2/3 stiffness in one brace in at first story X
Sensor

0.90m

0.90m
J w
174

0.90m

Y .
\ \
\\ \\
\ \
\ \
\ \
\ \
3 w )N7,)
% \ v \
ey > > .-

¢/ 0.90m

Fig.4 Sensor location on Benchmark structure [21]
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also implemented, using the analytic bump wavelet as the
mother wavelet with 42 voices per octave. All frequencies
(x and y-direction) were identified and a minimum error of
0.0% and a maximum of 2.31% were obtained compared
to the FEA [22]. It can be stated that the analytical bump
wavelet has a better performance compared to the values
obtained when using the analytic Morlet wavelet.

After demonstrating the capabilities of SWT to identify
natural frequencies and instant damage, the methodology
proposed in this work will now be validated (see Fig. 1). The
signals presented in Fig. 5 are first decomposed into intrinsic
mode functions (IMFs), as shown in Fig. 8 for sensor 15
(x-direction) and in Fig. 9 for sensor 16 (y-direction). Six
IMFs were sufficient for the extraction of all frequencies.
Subsequently, SWT and spline interpolation are applied to
each of the calculated IMFs; the values obtained are pre-
sented in Figs. 10 and 11. The complete signal was analyzed:
the signal composed of an undamaged and a damaged part.
Figures 10 and 11 contain the group of frequencies before
damage and after damage. The same procedure is applied
for the analysis of the undamaged signal segment and the
damaged signal segment.

Table 3 shows the frequencies of the undamaged signal
identified from different procedures. First, the frequencies
of the complete signal (r=0-40 s) were identified by apply-
ing only the SWT. The results showed a minimum error of
0.17% and a maximum of 2.54% compared to the FEA refer-
ence model [22]. Afterward, the proposed methodology was
implemented and a minimum error of 0.09% and a maximum
of 2.18% were obtained compared to the FEA [22]. Subse-
quently, the same procedure is carried out, only this time
on the undamaged signal segment (=0-20 s). The values
obtained using SWT yielded a minimum error of 0.13% and
a maximum of 1.20%, while with the proposed methodology,
the minimum error value was 0.0% and the maximum was
1.05% compared to FEA [22]. It has been shown that the
proposed methodology improves the values obtained from
the SWT and is closer to the FEA reference values [22].

In the same way that the natural frequencies of the
undamaged signal were identified, the natural frequencies
present in the signal with damage pattern (ii) were identified
(see Table 4). For the complete signal (t=0-40 s), the first
three natural frequencies were obtained in both directions (x,
¥), both for SWT (see Figs. 6b and 7b) and for the proposed
methodology (see Figs. 10 and 11). After applying SWT,
a minimum error was 0.0% and the maximum error was
1.27%, whereas, with the proposed methodology, the mini-
mum error was 0.04% and the maximum error was 1.44%.
The signal segment with damage pattern (ii) (t=20-40 s) of
the signal presented in Fig. 5 allowed the identification of all
frequencies in both directions. Using SWT, a minimum error
value of 0.13% and a maximum of 1.64% were obtained
in comparison with FEA [22]. In the case of the proposed
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methodology, the minimum error was 0.13% and the maxi-
mum error was 3.13%. The values obtained after applying
the proposed methodology were acceptable. In some ways,
the natural frequencies were closer to the reference values.
The authors did not find in the literature consulted studies
presenting methodologies implemented in the identification
of modal properties in the Benchmark structure with damage
pattern (ii) for comparison purposes.

To validate the proposed methodology, the values
obtained are compared with other studies that implemented
SWT within their methodologies for the identification of
modal properties in the Benchmark structure (see Table 5).
Perez-Ramirez et al. [21] proposed a methodology composed
of three processes: RDT, SWT, and HT. The minimum error
was 0.03% and the maximum error was 0.33% compared to
FEA [22]. Later, Perez-Ramirez et al. [20] proposed a new

@ Springer
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Table 2 Undamaged Benchmark structure (Case 3, 12 DOF, lumped
mass)—identification of natural frequencies using only SWT

Mode Natural frequencies (Hz) (% Error)
FEA [22] Sanchez et al. [13] SWT

1 941 (y) 9.48 (0.74) 9.46 (0.53)
2 11.79 (x) 11.83 (0.34) 11.79 (0.00)
3 25.54 () 25.68 (0.55) 25.54 (0.00)
4 32.01 (x) 32.05 (0.12) 31.93 (0.25)
5 38.66 (y) 39.12 (1.19) 38.98 (0.83)
6 48.01 (v) -(-) 48.41 (0.83)
7 48.44 (x) 49.92 (3.06) 48.49 (0.10)
8 60.15 (x) -(-) 61.54 (2.31)

methodology with three techniques: NExT, SWT, and GA.
In this case, the minimum error was of 0.02% and the maxi-
mum error was 0.59% compared to FEA [22]. The meth-
odology proposed in this article uses (1) EMD, (2) SWT,
and (3) Spline interpolation. The minimum error was 0.0%
and the maximum error was 2.31% compared to FEA [22].
Only one frequency exceeded 1% error, and two frequencies
exactly reached the reference value. It can be concluded that
the proposed methodology is efficient in identifying modal
properties.

It was considered relevant to compare the proposed meth-
odology with other methodologies that did not use SWT in
the identification of the modal properties of the Benchmark

@ Springer

Frequency (Hz)

structure. The studies used for comparison are shown in
Table 6 [22, 33-35]. Amini and Hedayati [33] implemented
the SCA technique, and the authors identified only the fre-
quencies of sensor 16 (y-direction). The minimum error
found was 0.08% and the maximum error was 12.86% com-
pared to FEA [22]. Li, Xu, and Zhang [34] used Markov
Chain Monte Carlo together with a probability-based
method. The authors found a minimum error of 3.86% and
a maximum error of 23.41% compared to FEA [22]. Cara
et al. [35] used stochastic subspace identification method
(SSI) and identified six of the eight frequencies. The mini-
mum error found was 0.04% and the maximum was 3.81%
compared to FEA [22]. Applying the proposed methodol-
ogy, a minimum value of 0.0% and a maximum of 2.31%
was obtained compared to FEA [22]. Therefore, it is dem-
onstrated that the proposed methodology is more efficient
than the other three methodologies presented, which did not
include the SWT in the identification of the modal proper-
ties as the natural frequencies of the Benchmark structure.

Das & Saha [36] used frequency domain decomposition
(FDD) in the identification of natural frequencies for Case
4, Pattern 3. Because it is a different pattern than the one
addressed in this work, it was not possible to compare the
results. The authors concluded that FDD has as a disadvan-
tage the need to use a total of four sensors, one per floor.
In addition, the authors reported that it was possible to use
a single sensor when FDD is complemented with wavelet-
based EMD.
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4 Conclusions methodology combining the properties of empirical mode

decomposition, synchronized wavelet transform, and spline
In this work, the effectiveness of synchronized wavelet  interpolation was proposed. The obtained values were com-
transform in identifying natural frequencies and damage  pared with the reference model, finite element [22], and

of the Benchmark structure was evaluated. In addition, a  other methodologies applied to the identification of the
modal properties of the Benchmark structure.
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Synchronized wavelet transform proved to be a robust
methodology in damage identification, given its property
of working in the time—frequency domain. It was possible
to identify the exact time of damage, that is, where there
were changes in modal properties (natural frequencies) due
to damage to the physical properties of the structure, for
example, loss of stiffness. The authors of this work recently

@ Springer

implemented synchronized wavelet transform using the ana-
lytic Morlet wavelet as the mother wavelet and identified
three frequencies in both directions (x, y) [13]. Moreover,
the minimum error was 0.12% and the maximum error was
3.06% compared to the finite element [22]. The analytic
bump wavelet was implemented as the mother wavelet,
and all frequencies of the structure were identified. The
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Table 3 Undamaged Benchmark structure (Case 3, 12 DOF, lumped
mass)

Natural frequencies (Hz) (% Error)

Mode FEA [22] Complete signal Signal segment

(t=0-405s) (t=0-205s)
SWT Methodol- SWT Methodol-
ogy ogy
1 941 () 945 9.47 (0.64) 9.42 9.46 (0.53)
0.43) (0.11)
2 11.79 (x) 11.81 11.82(0.25) 11.85 11.79
0.17) 0.51) (0.00)
3 25.54 (y) 25.61 25.61 (0.27) 25.55 25.54
0.27) (0.04) (0.00)
4 32.01 (x) 32.09 31.98 (0.09) 32.14 31.93
(0.25) 0.41) (0.25)
5 38.66 (y) 39.08 39.15 (1.27) 38.96 38.98
(1.09) (0.78) (0.83)
6 48.01 (y) 49.04 48.92 (1.90) 49.19 48.41
(2.15) (2.46) (0.83)
7 48.44(x) 48.81 48.73 (0.60) 48.74 48.49
(0.76) (0.62) (0.10)
8 60.15 (x) 61.68 61.46 (2.18) 61.58 61.54
(2.54) (2.38) 2.31)

Table4 Damage pattern (ii) on Benchmark structure (Case 3, 12
DOF, lumped mass)

Natural frequencies (Hz) (% Error)

Mode FEA [22] Complete signal Signal segment

(t=0-405) (t=20-40 )
SWT Methodol- SWT Methodol-
ogy ogy
5.82(y) 5.82(0.00) 5.84(0.34) 5.84(0.34) 5.84(0.34)
9.51(x)  9.51(0.00) 9.50 (0.11) 9.55(0.42) 9.53(0.21)
3 14.89 (y) 14.97 14.95 14.91 14.91 (0.13)
(0.54) (0.40) (0.13)
4 2491 (x) 25.08 24.90 25.06 25.10(0.76)
(0.68) (0.04) (0.60)
5 36.06 (y) -(-) -(-) 35.47 34.93 (3.13)
(1.64)
6 41.35(y) 41.74 41.14 41.69 41.22 (0.31)
(0.94) (0.51) (0.82)
7 46.79 (x) -(-) -(-) 46.88 46.22 (1.22)
(0.19)
8 54.34 (x) 55.03 55.12 54.99 54.91 (1.05)
(1.27) (1.44) (1.20)

minimum error was 0.0% and the maximum error was 2.31%
compared to the finite element [22]. Thus, the effectiveness
of synchronized wavelet transform as a structural health
monitoring technique is ratified, and the superiority of ana-
lytic bump wavelet over Morlet in the identification of modal
properties is demonstrated.

Table 5 Undamaged Benchmark structure (Case 3, 12 DOF, lumped
mass)—Identification of natural frequencies using methodologies
based on SWT

Mode  Natural frequencies (Hz) (% Error)
FEA [22]  Perez-Ramirez Perez-Ramirez Methodology
etal. [21] et al. [20]

1 941 (y) 9.407 (0.03)  9.39(0.21) 9.46 (0.53)
2 11.79 (x) 11.82 (0.20)  11.72(0.59)  11.79 (0.00)
3 25.54 (y)  25.55(0.03)  25.59(0.20)  25.54(0.00)
4 32.01 (x) 31.95(0.20)  32.03(0.06)  31.93(0.25)
5 38.66 () 38.61 (0.13)  38.67(0.03)  38.98 (0.83)
6 48.01 (y)  47.97(0.08)  48.05(0.08)  48.41(0.83)
7 48.44 (x)  48.50(0.10)  48.65(0.44)  48.49 (0.10)
8 60.15 (x) 60.35 (0.33)  60.16 (0.02)  61.54 (2.31)

The proposed methodology also proved to be effective
in identifying the frequency content of a signal affected by
a damage pattern (ii) and immersed in noise (10%). It was
possible to identify the frequency content of the signal, and
found a minimum and maximum error of 0.13% and 3.13%,
respectively, compared to the finite element [22]. According
to the authors’ knowledge, no studies have been found that
have implemented their methodologies on the Benchmark
structure for damage pattern (ii) and case 3 (roof excitation).
Regarding the frequencies content of the undamaged and
noisy signal, it is possible to compare the results with other
authors. Perez-Ramirez et al. [21] found a minimum error
of 0.03% and a maximum of 0.33%, while Perez-Ramirez
et al. [20] reported a minimum and maximum error of 0.02%
and 0.59%, respectively, compared to the finite element [22].
In this work, the minimum error was 0.0% and the maxi-
mum error was 2.31% compared to the finite element [22].
Although the values obtained by other authors are excel-
lent, none reported a 100% accuracy in the identification
of natural frequencies. Therefore, it can be concluded that
the proposed methodology is robust as a structural health
monitoring method.

Other methodologies implemented in the Benchmark
structure, but which do not consider synchronized wavelet
transform within their procedures were presented. These
authors identified the frequencies contained in the undam-
aged signal. Amini and Hedayati [33] identified three of the
eight frequencies contained in the signal, with a minimum
error of 0.08% and a maximum of 12.86% compared to the
finite element [22]. Li, Xu, and Zhang [34] identified all
frequencies and reported a minimum error of 3.86% and
maximum of 23.41%, compared to the finite element [22].
Cara et al. [35] identified six of the eight frequencies, with
a minimum error of 0.04% and a maximum error of 3.81
compared to the finite element [22]. In this work, the values
found presented a minimum and maximum error of 0.0% of
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Table 6 Undamaged

Mode Natural frequencies (Hz) (% Error)

Benchmark structure (Case

3, 12 DOF, lumped mass)— FEA [22] Amini and Li, Xu, and Zhang [34] Cara et al. [35] Methodology

Identification of natural Hedayati [33]

frequencies using another SHM

method 1 941 (y) 10.62 (12.86) 8.48 (9.88) 9.40 (0.11) 9.46 (0.53)
2 11.79 (x) - 9.03 (23.41) 11.78 (0.08) 11.79 (0.00)
3 25.54 (y) 25.39 (0.59) 23.07 (9.67) - 25.54 (0.00)
4 32.01 (x) - 25.45 (20.49) - 31.93 (0.25)
5 38.66 (y) - 36.32 (6.05) 37.95 (1.84) 38.98 (0.83)
6 48.01 (y) 47.97 (0.08) 41.81 (12.91) 49.84 (3.81) 48.41 (0.83)
7 48.44 (x) - 46.57 (3.86) 48.42 (0.04) 48.49 (0.10)
8 60.15 (x) - 56.09 (6.75) 59.86 (0.48) 2.31)

2.31%, respectively. Therefore, it can be said that the meth- References

odology based on the synchronized wavelet transform was
superior in the identification of modal properties compared
to the three methodologies presented in this work.

The objective of this research was to approach a real study
through the Benchmark structure subjected to environmental
vibration. A signal was constructed representing two read-
ing phases of a structure, a first reading of the undamaged
structure and then a second reading of the damaged struc-
ture. The proposed methodology proved to be robust in the
identifying modal properties from non-stationary and noise-
embedded signals. In addition, the proposed methodology
can be applied to any signal since it does not require a priori
knowledge of the structure.

Regarding the location and number of sensors used in
this work, the following considerations must be taken into
account: it is proposed for future work to perform other
simulations using sensors in other positions to verify the
robustness of the proposed methodology, and also to vary
the number of sensors in order to locate the damage in
the structure. It is important to emphasize that this work
was focused on the determination if there is damage in the
structure and not in determining the location of the damage.
Therefore, a hybrid approach, a combination of methods,
will be proposed for future work to locate and quantify dam-
age in a structure.
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