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Abstract: A considerable amount of research has focused on monitoring structural damage using
Structural Health Monitoring (SHM) technologies, which has had recent advances. However, it is
important to note the challenges and unresolved problems that disqualify currently developed
monitoring systems. One of the frontline SHM technologies, the Electromechanical Impedance (EMI)
technique, has shown its potential to overcome remaining problems and challenges. Unfortunately,
the recently developed neural network algorithms have not shown significant improvements in
the accuracy of rate and the required processing time. In order to fill this gap in advanced neural
networks used with EMI techniques, this paper proposes an enhanced and reliable strategy for
improving the structural damage detection via: (1) Savitzky-Golay (SG) filter, using both first and
second derivatives; (2) Probabilistic Neural Network (PNN); and, (3) Simplified Fuzzy ARTMAP
Network (SFAN). Those three methods were employed to analyze the EMI data experimentally
obtained from an aluminum plate containing three attached PZT (Lead Zirconate Titanate) patches.
In this present study, the damage scenarios were simulated by attaching a small metallic nut at three
different positions in the aluminum plate. We found that the proposed method achieves a hit rate of
more than 83%, which is significantly higher than current state-of-the-art approaches. Furthermore,
this approach results in an improvement of 93% when considering the best case scenario.

Keywords: SHM; electromechanical impedance; fuzzy ARTMAP network; probabilistic neural
network; artificial intelligence; Euclidean distance; piezoelectricity; pattern recognition

1. Introduction

Structural integrity monitoring using Non-Destructive Evaluation (NDE) methods have become
more popular in recent years as they can be applied to a wider range of applications. Expensive and
critical infrastructures must be monitored to achieve their designed lifetime and avoid premature
failures [1]. To monitoring the conditions of infrastructure, NDE methods have been created,
which are based on different techniques, such as: acoustic emission, Eddy current, radiography,
thermography, shearography, Lamb waves, and electromechanical impedance [2]. Many mechanical,
civil, and aerospace engineering structures are subjected to severe environmental conditions and
different types of loads. Over the years, these structures suffer from degradation and can be damaged
without prior warning. A strict preventive maintenance process can prevent major damage and ensure
the smooth operation of the infrastructure. However, this process significantly increases the operating
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costs of infrastructure. For this reason, Structural Health Monitoring (SHM) techniques have been
extensively studied to increase safety and reduce maintenance costs.

Electromechanical Impedance (EMI) and Lamb waves techniques have been widely used in
recent years for SHM research [3–12]. Both methodologies require the knowledge of the response
signals of the undamaged structure. This response is called the baseline, which is used as a reference
for the identification of possible structural damage through the comparison of responses under
normal and unknown operational conditions. Historically, signal analysis was usually carried out
through multivariate analysis, sensor data fusion, and machine learning approaches [13]. Recently,
the nearest neighbor algorithm, which is a machine learning approach, has been proposed to
analyze data obtained from PZT (Lead Zirconate Titanate) sensors to investigate different types
of damage: such as breaks, corrosion, cracks, impact damage, delamination, disunity, and breaking of
fibers [14]. The above-mentioned earlier method was based on guided waves. Related to the subject
of damage identification in SHM systems using the EMI technique, other suitable methods have
been introduced and explored in previous studies [10,12]. Recently, researchers proposed a method to
identify crack-length-related resonances in acoustic emission waveforms for monitoring structural
health [15]. They conducted several experiments based on the fatigue analysis in order to obtain the
acoustic waveforms based on Acoustic Emission (AE). The AE waveforms were analyzed and classified
into three types based on the similar nature in both the time and frequency domains. The results
confirmed that the local crack resonance phenomenon was due to the interaction between the AE
waveform and fatigue crack, with this phenomenon related to the crack length.

The EMI principle was first applied to SHM systems in 1994 [16]. Subsequently, several SHM
systems on EMI have been developed and used in a variety of applications. Recently Baptista et al. [17]
conducted an experimental study of effects of temperature on the electrical impedance of the PZT
sensors used in the EMI technique. In another study, Castro et al. investigated the feasibility of using
low-cost piezoelectric sensors to identify partial discharges in the mineral insulating oil of power
transformers [18]. In a recent study, Kim and Park [19] proposed a novel method for estimation of
the early age strength of concrete by introducing an artificial neural network algorithm to process
the dynamic response measurements of concrete structures. They used both electromechanical
impedances and guided ultrasonic waves signals, which were obtained from an embedded piezoelectric
sensor module. In this sense, Hoshyarmanesh et al. [20] proposed a low-cost, compact, and portable
transceiver for exploring periodic structural health monitoring of a rotary structure using the EMI
technique. The authors highlighted that the compactness of the proposed system is an essential
requirement for rotary structures when compared with bulky, heavy, and expensive impedance
analyzers. The authors also claimed that their system is time-efficient, although they did not provide
any reference value for comparison. More advances in the identification of structural damage based
on the EMI can be found in previous studies [20–25].

Methods based on Neural Networks (NN) have been widely proposed in the context of SHM
applications [19,26–28]. Recently, new classes of artificial networks, such as Probabilistic Neural
Network (PNN) and Fuzzy ARTMAP Network (FAN), have been proposed based on their considerable
performances, such as improved accuracy rates and reduced time consumption. More details of the
methods based on PNN and FAN being applied to identify structural damage in SHM systems can
be found in references [10–12,29–31] and references [32,33], respectively. Ali et al. [34] highlighted
that the application of the Simplified Fuzzy ARTMAP Network (SFAN) in large-scale systems or
online-based methods has significantly enhanced the accuracy of predictions and reduced processing
times. They have shown that SFAN has the best performance in terms of training/testing speed when
compared to the Back-Propagation network. De Oliveira and Inman [35] proposed a method based on
SFAN, which they applied to structural damage assessment in composite structures using the EMI.
In the same context, they [36] presented a comparative analysis of SFAN and PNN for identifying
structural damage growth. The authors have used the EMI in the time-domain to address analysis
in terms of the influence of certain SFAN setup parameters. As a result, they showed that SFAN
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parameters have a substantial influence on the SFAN performance. Hence, they proposed a method
for choosing SFAN optimal parameters automatically [37].

Unfortunately, there are many grey areas in signal processing algorithms for PZT data analysis.
Furthermore, there are no details regarding the integration of Savitzky-Golay (SG) filters with both
first and second derivatives in SFAN/PNN via the EMI technique. This paper proposes a novel
and reliable strategy for damage detection with higher confidence levels, which is based on neural
networks. The performance of the proposed methodology will be experimentally investigated using
an aluminum plate containing three attached PZT patches. The structural damage will be simulated as
metallic nuts, which will be bonded at three different positions.

In summary, the two main objectives of this present study are:

• develop an improved method based on the EMI technique that is relatively more efficient in terms
of damage detection rates when compared to state-of-the-art approaches; and,

• develop a method that uses a short dataset for training neural networks, which would be a great
advantage for practical applications in SHM systems.

The remainder of the paper is organized as follows. Firstly, the main theoretical fundamentals
are addressed. Secondly, the proposed method is presented, followed by the experimental results and
discussion. Finally, the paper highlights the final remarks of the proposed approach.

2. Theoretical Fundamentals

2.1. Electromechanical Impedance

The basic principle behind the Electromechanical Impedance (EMI) technique is the application of
high frequency structural excitations (typically greater than 20 kHz) through the surface-bonded
PZT transducers, before measuring the impedance of structures by monitoring the current and
voltage applied to the PZT. Changes in the PZT’s impedance indicate changes in the structure,
which subsequently can be used to interpret damage status. For the last two decades, extensive SHM
research has been performed to investigate the damage status of structural components that are
used in mechanical, aerospace, and civil engineering applications. These techniques have been
extended to be used in piezoelectric sensor diagnostics, concrete cure monitoring, and biomedical
applications. In practice, a source with variable frequency results in the structure vibrating at its
natural frequencies, with these responses used to estimate the Frequency Response Function (FRF)
for computing EMI. The presence of damage will change these natural frequencies, causing shifts in
frequency and amplitude. Statistical metrics compute the differences between the healthy structural
condition (baseline) and the unknown conditions using EMI to detect either the presence or absence of
structural damage.

The technique based on the EMI for SHM applications was initially proposed by Liang et al. [16]
and is an important form of the Non-Destructive Evaluation (NDE) method. This technique uses PZT
transducers that are glued onto the monitored structure. When subjected to a mechanical stimulus,
the PZT transducer converts mechanical energy into electrical energy (sensor). When subjected to
an electric stimulus, the PZT transducer converts electric energy into mechanical energy (actuator).
Hence, when considering a linear PZT transducer, the EMI behavior can be described as follows [38]:[

S
D

]
=

[
sE dt

d εt

] [
T
E

]
(1)

where S represents the mechanical deformation, T is the mechanical stress, E is the electric field, D is
the charge density, s is the complacency, d is the piezoelectric deformation constant, and ε is the
permissiveness. The first line of the matrix describes the inverse effect of the PZT, while the second
one describes the direct effect. Figure 1 shows the structure, including the PZT, which is represented
by an electromechanical model of the mass-spring type with a single degree of freedom [16]:
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Figure 1. Electromechanical coupling between the PZT patch and the host structure.

In Figure 1, M represents the mass, Ks is the elastic spring constant, and C is the damping
coefficient. If the transducer is excited through a sine wave source V with magnitude v and angular
frequencyω, then it will produce a current I of magnitude i and phase ϕ. Following this, the electrical
impedance of the PZT (ZE(ω) can be determined, as follows [16]:

ZE(ω) =
V
I
=

1
jωa

(ε33
T − Z(ω)

Z(ω) + ZA(ω)
d2

3xŶE
xx)
−1

, (2)

where ZA(ω) and Z(ω) represent the mechanical impedances for the transducer and monitored
structure, respectively. In Equation (2), ε33

T, ŶE
xx, d2

3x, a and j represent the dielectric constant,
Young’s modulus, transverse piezoelectric charge coefficient, geometric constant and imaginary unit,
respectively. From Equation (2), we can see that any variation in terms of the structural impedance
will cause changes in the electrical impedance of the PZT patch, which subsequently causes changes in
the EMI signatures.

It is important to mention that the frequency range of the EMI, which exhibits greater sensitivity
and repeatability in detecting structural damage, depends on various structural factors, including
geometry, mass, boundary conditions, and other characteristics. The most advantageous concepts
behind the EMI techniques are related to their use of high frequencies in order to reduce the
interference from global conditions, such as environmental vibrations. In addition, excitations using
high frequencies make the wavelength relatively small, allowing for the detection of small damage,
such as cracks, delamination, and loosened screws. In many cases, such faults are missed by methods
that use low frequency excitation signals. Recommended reading related to using the EMI technique
in the SHM field can be found in previous studies [7,16,39].

2.2. Savitzky-Golay Filter

The Savitzky-Golay (SG) smoothing filter is considered as a type of Finite Impulse Response (FIR)
digital filter, which is represented by polynomial equations. Based on the least squares method [40],
the SG filter is typically used to smooth a noisy signal whose frequency range of the signal without
noise is large. In this type of application, the SG filter performs better than the standard FIR filters
because these tend to attenuate a significant portion of high frequencies of the signal along with noise.
Although the SG filter is more effective in preserving relevant high frequency components, SG filters
are less effective in removing high level noises in a signal. The particular formulation of the SG filter
preserves moments of higher orders much better than other methods. As a consequence, the widths
and amplitudes of the peaks for the desired signals tend to be preserved [41].
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The SG filter can be understood by considering an arbitrary degree d of the polynomial fit and to
an arbitrary N length of the noise data N-dimensional vector x. Assuming that N = 2M + 1 and is odd
for a sequence of M, a natural number, points symmetrical to each side of x0, as follows [41]:

x = [x−M, . . . , x−1, x0, x1, . . . , xM]T. (3)

The N data samples of x can be fitted by a polynomial, on d, of order d (0 ≤ d ≤M), according to
the following equation:

x̂m = c0 + c1m + · · ·+ cdmd −M ≤ m ≤ M. (4)

where x̂m represents the mth smoothed data sample. The coefficients ci are real numbers and must
be determined optimally such that the corresponding polynomial curve best fits the given data [41].
Then, we define d + 1 polynomial basis vectors represented by si (i = 0, 1, . . . , d) [41]:

si(m) = mi −M ≤ m ≤ M. (5)

The corresponding S matrix (N × (d + 1)) is set to have si as a column:

S = [s0, s1, . . . , sd]. (6)

Hence, the smoothed values can be organized in a vector as follows:

x̂ = Bx =
d

∑
i=0

cisi. (7)

However, the value y0 = x̂0 is given in terms of the center of the filter b0 according to below:

y0 = bT
0 x =

M

∑
m=−M

b0(m)xm. (8)

The N-dimensional vector x can be shifted of n instants of time as follows:

x → [xn−M, . . . , xn−1, xn, xn+1, . . . , xn+M] T. (9)

A SG filter with length N and order d for smoothing noise in a sequence x(n) at the steady state
can be represented by [41]:

y(n) =
M

∑
m=−M

b0(−m) x(n−m). (10)

By differentiating Equation (10) i times, we obtain the generic form of the filter output [40]:

yi(n) = i!
M

∑
m=−M

gi(−m)x(n−m)i = 0, 1, . . . , d. (11)

The use of derivatives is usually interesting when we want to removed offsets of the signals
during the pre-processing phase [42]. Usually, the first derivative removes the systematic offsets of
signal, while the second derivative can eliminate linear variations.

2.3. Neural Networks

This approach explores two different neural networks: Simplified Fuzzy ARTMAP Network
(SFAN) and the Probabilistic Neural Network (PNN). The FAN architecture has a supervised learning
network [43]. The Fuzzy ARTMAP Network (FAN) algorithm has two modules (ARTa and ARTb)
that are connected by the MAP Field module. Under this approach, the ARTa module is fed with EDs
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values computed from the smoothed signals (SG, first and second derivatives), while the ARTb module
has four recognition categories associated with four structural conditions (H, D1, D2, and D3). Figure 2
summarizes the architecture of the FAN. The FAN parameters are briefly described as follows. Briefly,
the choice parameter (α) defines the degree of interference in the selection of the most representative
neurons of the weight vector. The training rate (β) controls the speed at which the neural network
learns. The vigilance parameter (ρ) looks for differences among input patterns that are responsible
for creating new categories through similarity tests. The match tracking (ε) checks if there is a match
between the input (ARTa module) and output (ARTb module). Unlike the FAN algorithm, the SFAN
algorithm takes a further step when compared to FAN in reducing the computational overhead and
architectural redundancy, which slows down the training of the network [43]. Further details about
SFAN/FAN algorithms can be explored in previous studies [43,44].Sensors 2018, 18, 152  6 of 17 
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A Probabilistic Neural Network (PNN) [45] was introduced. The PNN consists of four layers of
neurons: input layer, pattern layer (hidden layer), summation layer, and output layer. The structure of
PNN is illustrated in Figure 3. Further details about PNN can be obtained from a previous study [45].
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3. Proposed Method

The proposed methodology for detecting structural damage is presented here. The methodology
consists of three phases: acquisition of the EMI signals, forming datasets, and conducting the damage
detection module. In Phase 1, the impedance signals were obtained based on the EMI technique.
For that, three PZTs (PZT#1, PZT#2, and PZT#3) were attached to the monitored structure. Damage
scenarios were simulated by attaching a metallic nut at three different positions (D1, D2 and D3).
In Phase 2, datasets are formed by smoothing all of the impedance signals through the Savitzky-Golay
filter (SG), SG with first, and SG with second derivatives. From the smoothed signals, Euclidean
Distances (EDs) are computed. In Phase 3, the detection module is carried out using PNN/SFAN
algorithms. This module is responsible for classifying the presence (D1, D2 and D3) or absence of
structural damage (Healthy (H)). For example, Figure 4 sums up the whole methodological procedure
for PZT #1 after the application of the SG filter. This procedure is similar for other PZTs.
Sensors 2018, 18, 152  7 of 17 
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3.1. Signal Acquisition Based on EMI

The experiments were carried out on an aluminum plate with dimensions of 400 mm × 250 mm
× 5 mm. The plate was suspended using fishing lines in both tips to simulate free-free boundary
conditions. Posteriorly, three piezoelectric diaphragms (called PZT#1, PZT#2, and PZT#3) with
diameters of 12 mm were used, which had active elements of type P-7 PZT ceramics (Murata
Electronics). These diaphragms were bonded (using 3M Scotch-Weld Epoxy Adhesives DP460
Off-White) to the plate at three different positions (Figure 5). According to a previous study [46],
piezoelectric diaphragms (also known as buzzers) have a simple circular construction consisting of a
brass plate onto which a piezoelectric ceramic disc is fixed. These acoustic components are readily
obtained and inexpensive, which make them attractive for other applications apart from producing
sound. Following this, a chirp signal sweeping from 20 kHz to 110 kHz with an amplitude of 3 V was
used to excite the set PZT/structure. Although many authors have mentioned that the real part of EMI
in a frequency ranges from 20 kHz up to 40 kHz [6,7], the best frequency band of the EMI signature
for higher sensitivity and repeatability in detecting structural damage depends on several issues,
such as geometry, mass, boundary conditions, and other structure characteristics [47]. Furthermore,
the frequency range was chosen in this present study because in high frequencies, the structure suffers
less interference of global conditions when compared to low vibration modes [3]. Likewise, studies
have shown that the variation in terms of voltage amplitude used for exciting PZTs is insignificant
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when applied to the EMI-based methods [48]. In order to limit the electric current through the PZT
patch, the resistor R was set to 1 kΩ.Sensors 2018, 18, 152  8 of 17 
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Figure 5. Acquisition system along with the plate, PZT and damage positions (dimensions in mm).

The data were recorded using the acquisition system proposed in a previous study [49].
This system manages a multifunctional Data Acquisition (National Instruments DAQ) device model
USB-6259 (Figure 6). All of the configuration parameters, such as sample rate, frequency range,
and voltage amplitude, are easily set at the acquisition software, which was developed in LabVIEW [49].
The acquisition software provides the real, imaginary and module of the EMI. Furthermore,
the software provides the time for the response of the set PZT/structure. PZT response signals
were sampled at a rate of 1 MS/s. Further details about the sampling method and how both the FRF
and EMI are computed can be obtained from a previous study [49]. It is important to mention that
PZT patches were connected to the acquisition system via copper wires. The wires were soldered
with the PZTs using a tin–silver–copper solder. It is important to mention that throughout all of the
experiments, the environmental temperature was maintained at a constant 22 ◦C. All of the procedures
were conducted based on the EMI technique [7,16,20]. It is important to highlight that each PZT patch
acts as a sensor and actuator simultaneously (EMI-based technique).
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The responses of the pristine structure at each sensor were first acquired in order to form the
baseline (BL). Posteriorly, a new cycle considering the pristine structural condition was carried out to
form the healthy structural condition (H). Finally, a small nut with diameter of 12 mm and height of
7 mm (about 30 g) was separately bonded (using 3M Scotch-Weld Epoxy Adhesives DP460 Off-White)
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to the structure at three different positions in order to form features of the damaged structure (Figure 6).
Damage positions were called as D1, D2, and D3. The total impedance signals for each PZT sensor was
considered, with each structural condition being 60. The interval of the time between two consecutives
samples was 30 s. These signals are smoothed by SG and derivatives before computing Euclidean
Distances (ED) for the formation of datasets.

3.2. Forming Datasets

This paper proposes a new way of forming datasets in the SHM field. The acquired data
set was divided into six sub-data sets. The first was formed after all impedance signals in the
time-domain, having been smoothed by the Savitzky-Golay (SG) filter. From all smoothed signals,
Euclidean Distances (EDs) were computed as follows (Figure 4):

ED(BL, U) =

√√√√ n

∑
j=1

(
BLj −Uj

)2. (12)

where BL is the SG-smoothed signal for the baseline, U is the SG-smoothed signal for unknown
structural condition, and n is the total of samples. The structural response signals were smoothed by
a 10th polynomial order with frame length of 501 (SG setup). The second dataset was formed after
applying the first derivative over the SG-Smoothed signals (Equation (11)). From these smoothed
signals, EDs were also computed by using Equation (12). We named this dataset SGFD. The third
one is performed similarly. However, we computed the second derivative (Equation (11)) over the
SG-Smoothed signals before computing EDs (named as SGSD).

The last three datasets were instead formed using the real part of the EMI in the frequency
domain. Impedance signals (frequency domain) were smoothed by SG, followed by computation of
the first and second derivatives. EDs were computed from the obtained signals after applying the
derivatives. Similar ones were obtained for the real part of the EMI (frequency domain) for each PZT
sensor. We split each dataset, with 60% being used for training and 40% for testing. Each dataset has
60 samples for each structural condition (H, D1, D2, and D3), with a total of 240 samples. These datasets
were used as inputs for the SFAN/PNN classifiers. Within the dataset, we used 144 and 96 samples for
training and testing, respectively.

3.3. Damage Detection Phase

In order to guarantee the accuracy and repeatability for the proposed method, the damage
detection phase uses two different neural networks: the Probabilistic Neural network (PNN) and the
Simplified Fuzzy ARTMAP Network (SFAN). One PNN or SFAN network is created for each PZT
sensor, thus resulting in a total of three networks. Each neural network is separately fed with one of the
datasets described above. For both training and testing procedures, each structural condition (H, D1,
D2, and D3) was labelled as 1, 2, 3, and 4, respectively (Figure 4). Hence, the method is responsible
for classifying four different categories. The FAN parameters are set as follows: the choice parameter
(α = 0.25), the training rate (β = 1), the vigilance parameter (ρ = 0.78), and the match tracking (ε = 0.
85). The spread constant (σ) for PNN was set to 0.1. The choice of those parameters was made based
on reference [36].

4. Experimental Results

In order to evaluate the proposed methodology, this section presents the experimental results.
Firstly, Figure 7a depicts the impedance signatures for PZT#1, while Figure 7b depicts the related
signals for PZT#2: both signals for the healthy condition (H) and for three different damages (D1, D2,
and D3). For the purpose of brevity, only the signals for the real part of the EMI (frequency domain) are
shown. It is important to note that the differences between the signals representing different structural
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conditions are barely perceptible. As presented in this approach, signal processing techniques are an
excellent way to improve such differences. This results in clear and reliable damage identification.
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Figure 7. Electromechanical Impedance (EMI) signatures for various structural conditions (H, D1, D2,
and D3): (a) PZT#1; and (b) PZT#2.

Another important issue to be analyzed relates to the signal variation after applying SG and its
respective first and second derivatives. Hence, Figure 8a shows the raw EMI (real part) signature for
PZT#2 when considering two different structural conditions: H and D2. For the purpose of brevity,
only the signals for the real part of the EMI (frequency domain) are shown. As observed, the difference
between the signals is clear. Posteriorly, both of the signals were smoothed by SG and the obtained
results are presented in Figure 8b. As seen, the difference between the curves seems to be much
bigger than for EMI, which may result in an improvement in terms of success rates when the damage
detection is being performed by the SFAN/PNN algorithms.
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Figure 8c,d shows the real part of the EMI for PZT#2 after application of SG, followed by the
application of the first and second derivatives, respectively. For both of the cases, the difference
between the signatures for H and D2 seems to be smaller than for only signals that are smoothed by SG
(Figure 8b). However, it is difficult to visually judge these differences. Hence, this approach proposes
the use of PNN/SFAN-based method in order to enhance the damage detection. The PNN/SFAN
results are presented next.

4.1. Study Case 1: Real Part of the EMI

To identify structural damage, datasets were used as inputs for the neural networks. Three PNN
and three SFAN (one for each PZT) were implemented for the analysis of structural conditions. All these
networks were built with the same architecture, since they were all intended to the same purpose
(monitoring the structural damage in an aluminum plate). Hence, the first analysis is depicted in Table 1.
The results are for both PNN- and SFAN-based methods with consideration of datasets formed from
the smoothed signals by SG, first (SGFD) and second (SGSD) derivatives. It is important to mention
that SG and derivatives were applied to the real part of the EMI (frequency domain). The results
are compared with PNN- and SFAN-based methods, which were performed by computing the
Euclidean Distances (ED) directly from EMI signals instead (methods were proposed in reference [36]).
All of the methods are implemented to the same datasets and same conditions in order to obtain a
fair comparison.

Table 1. Success rates for Probabilistic Neural Network (PNN) and Simplified Fuzzy ARTMAP (SFAN)
methods for the real part of the EMI (frequency domain).

PNN [36] PNN SFAN [36] SFAN

Sensor ED SG SGFD SGSD ED SG SGFD SGSD

PZT#1 75% 67.71% 50% 48.95% 71.87% 100% 46.87% 50%
PZT#2 70.83% 75% 100% 100% 84.37% 78.12% 100% 100%
PZT#3 77.08% 78.12% 78.12% 59.37% 75% 63.54% 83.33% 47.91%

As shown in Table 1, the results have indicated improved success rates for two cases (PZT#2 and
PZT#3) when using PNN along with SG. Similar results were obtained for the SGFD. When considering
the SGSD method, only one case (PZT#2) demonstrated any improvement, while others presented
very poor results. As shown in Table 1, SFAN has shown better performances (100%) for all four cases.
Analyzing only the improved cases, it is clear that the increases in the hit rates were quite significant for
the enhanced methods. Overall, the SGFD method seems to be more precise in identifying structural
damage in the frequency domain. This result is perceived through the analysis of the differences
between the EMI signatures for the healthy and damaged conditions (Figure 8c). Unfortunately, none of
the investigated methods have shown overall improvement of the accuracy of prediction.

4.2. Study Case 2: Time-Response Signals

The second analysis considers the same aforementioned conditions. However, the SG and
derivatives were applied to the impedance signals in the time domain. It is important to clarify that the
damage detection only considers the time domain response (voltage signals) without considering FRF,
electromechanical impedance, or Laplace/Fourier Transform. For that, the PZT transducer is excited,
and only its time response signal (voltage) is directly used to compute Euclidean Distances. It is
important to remark that even analysis of the excitation signal has not shown that the time response
signals are correlated with the electromechanical impedance (since it is guaranteed that the excitation
input is kept constant) [37,50]. Hence, working on the time domain simplifies and speeds up the
damage identification because the EMI is not computed, which by itself, is a great advantage in terms of
processing time [37,50]. In this sense, Table 2 depicts the results for both PNN and SFAN. The methods
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used are outlined in reference [36]. All of the methods are also implemented with consideration of the
same datasets and same conditions in order to obtain a fair comparison.

Table 2. Success rates for PNN and SFAN methods for impedance signals in the time domain.

PNN [36] PNN SFAN [36] SFAN

Sensor ED SG SGFD SGSD ED SG SGFD SGSD

PZT#1 75% 75% 50% 75% 61.45% 83.33% 94.79% 83.33%
PZT#2 96.87% 100% 75% 100% 98.95% 100% 85.41% 100%
PZT#3 70.83% 98.95% 85.41% 98.95% 77.08% 98.95% 88.54% 98.95%

As observed from Table 2, the methods based on SG and SGSD had significant performance
enhancement for both PNN and SFAN when compared with the ED-based method [36]. Unlike the
method based on the frequency domain, the SGFD method showed poorer performance when
considering time domain analysis. It is important to note that only the PZT#2 did not have better
performance for the SFAN-based method, while only PZT#3 had improved performance for the
PNN-based method (SGFD). It is remarkable that PNN obtained the same hit rates for the SG and
SCSD methods. Similar results are also shown for SFAN. As expected, SFAN performed better than
PNN, as shown in reference [36]. Clearly, it is an undisputed fact that the methods presented in this
approach were effectively able to successfully identify various structural conditions with much higher
hit rates for both PNN and SFAN.

5. Discussion

In order to estimate the accuracy of analysis, the confusion matrices are presented. Firstly, Figure 9
depicts the comparison between ED (Figure 9a), SG (Figure 9b), SGFD (Figure 9c), and SGSD (Figure 9d)
for PZT#1 when considering the SFAN classifier. Henceforth, all of the presented results relate to the
SFAN-based method. As observed from Figure 9, the structure with no damage was correctly classified
in all experiments. Likewise, the structure with damage was never confused with the structure with
no damage. This means that the errors that appear in the classification are merely due to a mistake in
the quantification of the damage. Furthermore, D1 structural condition was detected 100% correctly
for three methods, including the reference (Figure 9a). This result was anticipated because D1 was
placed near to PZT#1. It is clearly evident that the results for D2 and D3 (located further away from
PZT#1) were significantly improved when compared with the ED [35]. The method based on SGFD
detected all of the structural conditions with a hit rate of over 79%. Overall, the proposed methods
(SG, SGFD, and SGSD) performed better when compared with the ED-based method [36].
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Figure 10 shows the results for the SG-based method for PZT#1 (Figure 10a), PZT#2 (Figure 10b)
and PZT#3 (Figure 10c). As observed, PZT#2 detected all the structural conditions with success rates
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of 100%. Likewise, PZT#3 obtained very precise results. PZT#1 obtained a hit rate of 100% for D1,
although it had poorer results for D2 and D3. Regardless, this highlights that the methods all had
excellent performance in identifying all the different structural conditions. These poor results are
justified since D2 and D3 are placed further away from PZT#1 (see Figure 6).
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Figure 11 depicts the results for the SGFD-based method for PZT#1 (Figure 11a),
PZT#2 (Figure 11b), and PZT#3 (Figure 11c). As seen, PZT#1 had significant improvement if compared
to the results presented in Figure 10a. All of the structural conditions were detected with a hit rate of
over 79%, which is considered to indicate great performance. On the other hand, PZT#2 and PZT#3
had slightly worsened performance. However, their results are still over 70%, excepting for PZT#2
and D2, which is considered good performance in the field of neural networks. Once again, it can be
considered that the results obtained all showed satisfactory performance in identifying all the different
structural conditions.Sensors 2018, 18, 152  13 of 17 
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Figure 12 shows the results for the SGSD-based method for PZT#1 (Figure 12a), PZT#2 (Figure 12b),
and PZT#3 (Figure 12c). As observed, PZT#2 detected all structural conditions with success rates
of 100%. Likewise, PZT#3 obtained very precise results. PZT#1 obtained a hit rate of 100% for D1,
although it provided poorer results for D2 and D3. Regardless, we can consider that the obtained
results indicate excellent performance in identifying all of the different structural conditions. In short,
the presented results for SGSD are quite similar to those presented for SG (Figure 10).
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Finally, Figure 13 shows a comparison between the best results for the analysis in the frequency
domain (top) and time domain (bottom), considering only the SFAN-based method for PZT#1
(Figure 13a), PZT#2 (Figure 13b) and PZT#3 (Figure 13c). As observed, PZT#2 and PZT#3 had
substantial improvement in the time domain analysis, with a hit rate of over 90% for the best analyzed
case (D1). Furthermore, PZT#1 detected H and D1 structural conditions with success rates of 100%
when considering the time domain analysis. On the other hand, PZT#1 had better performance
for the frequency domain-based method when considering the damage in D2 and D3. Interestingly,
the analysis conducted in the time domain has shown an improved accuracy of SFAN-based methods
(Figure 13). This result is consistent with those in reference [35]. It is important to highlight that the
damage detection in the time domain was carried out without considering the Frequency Response
Function (FRF) or inverse Laplace/Fourier Transform, which by itself is a great advantage in terms of
computational efforts. It simplifies and speeds up the damage detection in real applications.Sensors 2018, 18, 152  14 of 17 
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In particular, the data processing time and the accuracy of prediction are the major indicators of
a SHM system. The cost of a SHM system will increase with an increasing number of sensors in the
SHM system. As a consequence, the number of data points will be increased by thousands, and the
processing time will be substantially increased. As such, an optimized “low cost” and “efficient” SHM
system is urgently required in every engineering field. Beyond accuracy rates, the time consumptions
for both testing and training phases were also investigated for PZT#2, when only considering the SGFD
method. Training and testing times for SFAN were 0.126 s and 0.0079 s, while these were 1.672 s and
0.6742 s for the PNN, respectively. The results showed that the SFAN-based method consumed less
time for both training and testing phases when compared with PNN. This result was expected, as it is
consistent with those from previous studies [36,37]. As a consequence, the SFAN-based method seems
to be very reliable for implementing real-time SHM systems, especially for the testing phase by using an
ordinary laptop. All of the time measurements were carried in a Laptop running Windows 7 Ultimate.
The laptop configuration consists of an Intel Core i3-2.2 GHz with 4 GB of RAM. Detailed analysis of
the time consumption for PNN- and SFAN-based methods can be read in references [36,37].

It is important to note that the use of SG and its derivatives for the detection of the changes
within EMI signatures of a structure can be affected by low noise, environmental interferences,
and low vibration modes. Those problems were the subject of a previous study [51]. Future research
will be undertaken in including the SFAN method in a microcontroller or in another low-cost
hardware, as suggested as a previous study [52]. Furthermore, future work should focus on using
the optimization algorithm, such as Particle Swarm Optimization (PSO), to enhance the accuracy rate.
The idea is to use PSO for selecting the optimal setup parameters for SFAN (choice parameter (α),
training rate (β), vigilance parameter (ρ), and match tracking (ε)) to improve the classifier performance,
thereby maximizing the success rate of the classified results [37]. Furthermore, future investigations
should use structures made up of composite materials order to investigate incipient damage and its
progression. Furthermore, future research will be undertaken to evaluate the accuracy of the proposed
method for randomly initiated defects and to establish the outcomes from having two or more areas of
damage at the same time. Another interesting point to be addressed is the evaluation of different types
and sizes of damage [10,12,15].

Comparing the results obtained here with that of previous research in literature is quite difficult
due to the lack of many available approaches focusing on a similar scenario, which can lead to
unfair comparison. There are only three approaches that focus on SFAN and EMI available in
published research work [35–37]. They have investigated the progression of structural damage on
composite materials.

6. Final Remarks

This work introduced an improved method to detect damage in structures by exploiting the
EMI technique along with two different neural networks: SFAN and PNN. Three different methods
were used to form datasets, which were used as inputs to the neural networks: Savitzky-Golay (SG),
Savitzky-Golay with the first derivative (SGFD), and Savitzky-Golay with the second derivative
(SGSD). Furthermore, the analyses were carried in both time and frequency domains. As an example,
the method was applied to an aluminum plate. Three PZT sensors were bonded to the plate in order
to excite the plate and obtain structural responses. The results were presented in terms of success rates
from the confusion matrices analysis.

In summary, the comparative analysis has shown that the SFAN method has shown relatively
enhanced performances in the detection of damage in a structure when compared to PNN-based
methods. Furthermore, the methods based on SFAN incorporated with time domain analysis have
significantly enhanced the damage detection ability. As observed from these results, the proposed
method was also successfully able to identify various structural conditions with higher rates of accuracy
when using the SG, SGFD, and SGSD. After further investigating the results, the structure with no
damage was correctly classified in all of the experiments. Likewise, the structure with damage was
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never confused with the structure with no damage. Furthermore, each structural condition was mostly
detected with an overall success rate of over 70%, which is significantly higher than state-of-the-art
approaches. Moreover, this approach yields in an improvement of 90% when considering the best case
scenario. The results show excellent performance within the field of neural networks.

The outcomes of this study have shown that the efficiency, accuracy, and the robustness of the
proposed method in detecting damages in structures. The results conclusively confirmed that the
proposed approach can effectively lead to an increase in safety and reduce maintenance costs in SHM
systems. It is important to note that temperature variation is a classical issue in SHM systems when
using PZT sensors, which was negligible in this present analysis.

Acknowledgments: This work has been partially funded by the PROPES-IFMT (Grants 049-2017 and 033-2016)
and by the Research Agency of Mato Grosso State (FAPEMAT: Grant 0428056/2016).

Author Contributions: For M.A.d.O., T.I.d.S. and R.N.d.S. conceived and designed the experiments; T.I.d.S. and
R.N.d.S. performed the experiments; N.V.S.A. and M.A.d.O. analyzed the data; J.E., R.N.d.S. and M.A.d.O. wrote
the paper.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Worden, K.; Dulileu-Barton, J.M. Overview of Intelligent Fault Detection in System and Structures.
Struct. Health Monit. 2004, 3, 85–98. [CrossRef]

2. Boller, C.; Staszewski, W.J. Health Monitoring of Aerospace Structures: Smart Sensor Technologies and Signal
Processing, an Introduction to Damage prognosis, 1st ed.; John Wiley & Sons: Munich, Germany, 2004; p. 266.

3. De Oliveira, M.A.; Vieira Filho, J.; Lopes, V., Jr.; Inman, D.J. A new approach for structural damage detection
exploring the singular spectrum analysis. J. Intell. Mater. Syst. Struct. 2016, 28, 1160–1174. [CrossRef]

4. Lee, B.C.; Staszewsk, W.J. Lamb wave propagation modeling for damage detection: I. two-dimensional
analysis. Smart Mater. Struct. 2007, 16, 249–259. [CrossRef]

5. Park, G.; Lee, J.J.; Yun, C.B.; Inman, D.J. Electro-Mechanical Impedance-Based Wireless Structural Health
Monitoring Using PCA-Data Compression and k-means Clustering Algorithms. J. Intell. Mater. Syst. Struct.
2007, 19, 509–520. [CrossRef]

6. Park, G.; Inman, D.J. Structural health monitoring using piezoelectric impedance measurements. Philos. Trans.
R. Soc. Lond. A Math. Phys. Eng. Sci. 2007, 365, 373–392. [CrossRef] [PubMed]

7. Park, G.; Sohn, H.; Farrar, C.; Inman, D.J. Overview of piezoelectric impedance-based health monitoring and
path forward. Shock Vib. Dig. 2003, 35, 451–463. [CrossRef]

8. Giurgiutiu, V.; Zagrai, A. Characterization of Piezoelectric Wafer Active Sensors. J. Intell. Mater. Syst. Struct.
2000, 11, 959–976. [CrossRef]

9. Giurgiutiu, V. Tuned Lamb Wave Excitation and Detection with Piezoelectric Wafer Active Sensors for
Structural Health Monitoring. J. Intell. Mater. Syst. Struct. 2005, 16, 291–305. [CrossRef]

10. Giurgiutiu, V. Structural Health Monitoring: With Piezoelectric Wafer Active Sensors, 1st ed.; Academic Press:
New York, NY, USA, 2007.

11. Giurgiutiu, V. Structural Health Monitoring of Composite Structures with Piezoelectric-Wafer Active Sensors.
AIAA J. 2011, 49, 565–581. [CrossRef]

12. Giurgiutiu, V. Structural Health Monitoring: With Piezoelectric Wafer Active Sensors, 2nd ed.; Academic Press:
New York, NY, USA, 2014.

13. Vitola, J.; Pozo, F.; Tibaduiza, D.A.; Anaya, M. Distributed Piezoelectric Sensor System for Damage
Identification in Structures Subjected to Temperature Changes. Sensors 2017, 17, 1252. [CrossRef] [PubMed]

14. Vitola, J.; Pozo, F.; Tibaduiza, D.A.; Anaya, M. A Sensor Data Fusion System Based on k-Nearest Neighbor
Pattern Classification for Structural Health Monitoring Applications. Sensors 2017, 17, 417. [CrossRef]
[PubMed]

15. Bhuiyan, M.Y.; Bao, J.; Poddar, B.; Giurgiutiu, V. Toward identifying crack-length-related resonances in
acoustic emission waveforms for structural health monitoring applications. Struct. Health Monit. 2017.
[CrossRef]

http://dx.doi.org/10.1177/1475921704041866
http://dx.doi.org/10.1177/1045389X16667549
http://dx.doi.org/10.1088/0964-1726/16/2/003
http://dx.doi.org/10.1177/1045389X07077400
http://dx.doi.org/10.1098/rsta.2006.1934
http://www.ncbi.nlm.nih.gov/pubmed/17255044
http://dx.doi.org/10.1177/05831024030356001
http://dx.doi.org/10.1106/A1HU-23JD-M5AU-ENGW
http://dx.doi.org/10.1177/1045389X05050106
http://dx.doi.org/10.2514/1.J050641
http://dx.doi.org/10.3390/s17061252
http://www.ncbi.nlm.nih.gov/pubmed/28561786
http://dx.doi.org/10.3390/s17020417
http://www.ncbi.nlm.nih.gov/pubmed/28230796
http://dx.doi.org/10.1177/1475921717707356


Sensors 2018, 18, 152 17 of 18

16. Liang, C.; Sun, F.; Rogers, C.A. Coupled electro-mechanical analysis of adaptive material
systems—Determination of the actuator power consumption and system energy transfer. J. Intell. Mater.
Syst. Struct. 1994, 5, 12–20. [CrossRef]

17. Baptista, F.G.; Budoya, D.E.; de Almeida, V.A.D.; Ulson, J.A.C. An Experimental Study on the Effect of
Temperature on Piezoelectric Sensors for Impedance-Based Structural Health Monitoring. Sensors 2014, 14,
1208–1227. [CrossRef] [PubMed]

18. Castro, B.; Clerice, G.; Ramos, C.; Andreoli, A.; Baptista, F.; Campos, F.; Ulson, J. Partial Discharge Monitoring
in Power Transformers Using Low-Cost Piezoelectric Sensors. Sensors 2016, 16, 1266. [CrossRef] [PubMed]

19. Kim, J.; Lee, C.; Park, S. Artificial Neural Network-Based Early-Age Concrete Strength Monitoring Using
Dynamic Response Signals. Sensors 2017, 17, 1319. [CrossRef] [PubMed]

20. Hoshyarmanesh, H.; Abbasi, A.; Moein, P.; Ghodsi, M.; Zareinia, K. Design and Implementation of an
Accurate, Portable, and Time-Efficient Impedance-Based Transceiver for Structural Health Monitoring.
IEEE/ASME Trans. Mechatron. 2017, 22, 2809–2814. [CrossRef]

21. Wandowski, T.; Malinowski, P.H.; Ostachowicz, W.M. Delamination detection in CFRP panels using EMI
method with temperature compensation. Compos. Struct. 2016, 151, 99–107. [CrossRef]

22. Djemana, M.; Hrairi, M.; Al Jeroudi, Y. Using Electromechanical Impedance and Extreme Learning Machine
to Detect and Locate Damage in Structures. J. Nondestruct. Eval. 2017, 36, 39. [CrossRef]

23. Na, W.S. Distinguishing crack damage from debonding damage of glass fiber reinforced polymer plate
using a piezoelectric transducer based nondestructive testing method. Compos. Struct. 2017, 159, 517–527.
[CrossRef]

24. Nasrollahi, A.; Deng, W.; MA, Z.; Rizzo, P. Multimodal structural health monitoring based on active and
passive sensing. Struct. Health Monit. 2017. [CrossRef]

25. Zahedi, F.; Huang, H. Time–frequency analysis of electromechanical impedance (EMI) signature for
physics-based damage detections using piezoelectric wafer active sensor (PWAS). Smart Mater. Struct.
2017, 26, 055010. [CrossRef]

26. Lopes, V., Jr.; Park, G.; Cudney, H.H.; Inman, D.J. Impedance-Based Structural Healthy with Artificial Neural
Networks. J. Intell. Mater. Syst. Struct. 2000, 11, 206–214. [CrossRef]

27. Saxena, A.; Saad, A. Evolving an artificial neural network classifier for condition monitoring of rotating
mechanical systems. Appl. Soft Comput. 2007, 7, 441–454. [CrossRef]

28. Papatheou, E.; Dervilis, N.; Maguire, A.E.; Antoniadou, I.; Worden, K. A Performance Monitoring Approach
for the Novel Lillgrund Offshore Wind Farm. IEEE Trans. Ind. Electron. 2015, 62, 6636–6644. [CrossRef]

29. Na, S.; Lee, H.K. Neural network approach for damage area location prediction of a composite plate using
electromechanical impedance technique. Compos. Sci. Technol. 2013, 88, 62–68. [CrossRef]

30. Selva, P.; Cherrier, O.; Bundinger, V.; Lachaud, F.; Morlierb, J. Smart monitoring of aeronautical composites
plates based on electromechanical impedance measurements and artificial neural networks. Eng. Struct.
2013, 56, 441–454. [CrossRef]

31. Palomino, L.V.; Steffen, V., Jr.; Finzi Neto, R.M. Probabilistic neural network and fuzzy cluster analysis
methods applied to impedance-based SHM for damage classification. Shock Vib. 2014, 2014, 401942.
[CrossRef]

32. Lima, F.P.A.; Souza, A.S.; Chavarette, F.R.; Lopes, M.L.M.; Turra, A.E.; Lopes, V., Jr. Monitoring and Fault
Identification in Aeronautical Structures Using an ARTMAP-Fuzzy-Wavelet Artificial Neural Network.
Adv. Mater. Res. 2014, 1025, 1107–1112. [CrossRef]

33. Lima, F.P.A.; Souza, A.S.; Chavarette, F.R.; Lopes, M.L.M.; Turra, A.E.; Lopes, V., Jr. Analysis of Structural
Integrity of a Building Using an Artificial Neural Network ARTMAP-Fuzzy-Wavelet. Adv. Mater. Res. 2014,
1025, 1113–1118. [CrossRef]

34. Ali, J.B.; Saidi, L.; Mouelhi, A.; Morello, B.C.; Fnaiech, F. Linear features election and classification using PNN
and SFAM neural networks for a nearly on line diagnosis of bearing naturally progressing degradations.
Eng. Appl. Artif. Intell. 2015, 42, 67–81.

35. De Oliveira, M.A.; Inman, D.J. Simplified fuzzy ARTMAP network-based method for assessment of structural
damage applied to composite structures. J. Compos. Mater. 2016, 50, 3501–3514. [CrossRef]

36. De Oliveira, M.A.; Inman, D.J. Performance Analysis of Simplified Fuzzy ARTMAP and Probabilistic Neural
Networks for Identifying Structural Damage Growth. Appl. Soft Comput. 2017, 52, 53–63. [CrossRef]

http://dx.doi.org/10.1177/1045389X9400500102
http://dx.doi.org/10.3390/s140101208
http://www.ncbi.nlm.nih.gov/pubmed/24434878
http://dx.doi.org/10.3390/s16081266
http://www.ncbi.nlm.nih.gov/pubmed/27517931
http://dx.doi.org/10.3390/s17061319
http://www.ncbi.nlm.nih.gov/pubmed/28590456
http://dx.doi.org/10.1109/TMECH.2017.2761902
http://dx.doi.org/10.1016/j.compstruct.2016.02.056
http://dx.doi.org/10.1007/s10921-017-0417-5
http://dx.doi.org/10.1016/j.compstruct.2016.10.005
http://dx.doi.org/10.1177/1475921717699375
http://dx.doi.org/10.1088/1361-665X/aa64c0
http://dx.doi.org/10.1106/H0EV-7PWM-QYHW-E7VF
http://dx.doi.org/10.1016/j.asoc.2005.10.001
http://dx.doi.org/10.1109/TIE.2015.2442212
http://dx.doi.org/10.1016/j.compscitech.2013.08.019
http://dx.doi.org/10.1016/j.engstruct.2013.05.025
http://dx.doi.org/10.1155/2014/401942
http://dx.doi.org/10.4028/www.scientific.net/AMR.1025-1026.1107
http://dx.doi.org/10.4028/www.scientific.net/AMR.1025-1026.1113
http://dx.doi.org/10.1177/0021998315621964
http://dx.doi.org/10.1016/j.asoc.2016.12.020


Sensors 2018, 18, 152 18 of 18

37. De Oliveira, M.A.; Araujo, N.V.S.; Inman, D.J.; Vieira Filho, J. Kappa-PSO-FAN based method for damage
identification on composite structural health monitoring. Expert Syst. Appl. 2018, 95, 1–13. [CrossRef]

38. Moheimani, S.O.R.; Fleming, A.J. Piezoelectric Transducers for Vibration Control and Damping, 1st ed.; Springer:
London, UK, 2006; p. 203.

39. Sevillano, E.; Sun, R.; Perera, R. Damage Detection Based on Power Dissipation Measured with PZT Sensors
through the Combination of Electro-Mechanical Impedances and Guided Waves. Sensors 2016, 16, 639.
[CrossRef] [PubMed]

40. Savitzky, A.; Golay, M.J.E. Smoothing and Differentiation of Data by Simplified Least Squares Procedures.
Anal. Chem. 1964, 36, 1627–1639. [CrossRef]

41. Orfanidis, S.J. Introduction to Signal Processing, 1st ed.; Pearson Education Inc.: Upper Saddle River, NJ, USA,
2010; p. 795.

42. Luo, J.; Ying, K.; He, P.; Bai, J. Properties of Savitzky-Golay Digital Differentiators. Dig. Signal Process. 2005,
15, 122–136. [CrossRef]

43. Carpenter, G.A.; Grossberg, S.; Markuzon, N.; Reynold, J.H.; Rosen, D.B. Fuzzy ARTMAP: A neural network
for incremental supervised learning of analog multidimensional maps. IEEE Trans. Neural Netw. 1992, 3,
689–713. [CrossRef] [PubMed]

44. Kasuba, T. Simplified Fuzzy ARTMAP. AI Expert 1993, 8, 18–25.
45. Specht, D.F. Probabilistic neural networks for classification, mapping, or associative memory. Neural Netw.

1988, 1, 525–532.
46. Freitas, E.S.; Baptista, F.G. Experimental analysis of the feasibility of low-cost piezoelectric diaphragms in

impedance-based SHM applications. Sens. Actuators A Phys. 2016, 238, 220–228. [CrossRef]
47. Park, G.; Cudney, H.H.; Inman, D.J. An Integrated Health Monitoring Technique Using Structural Impedance

Sensors. J. Intell. Mater. Syst. Struct. 2000, 11, 448–455. [CrossRef]
48. Sun, F.P.; Chaudhry, Z.; Liang, C.; Rogers, C.A. Truss structure integrity identification using PZT

sensor–actuator. J. Intell. Mater. Syst. Struct. 1995, 6, 134–139. [CrossRef]
49. Baptista, F.G.; Vieira Filho, J. A new impedance measurement system for PZT-based structural health

monitoring. IEEE Trans. Instrum. Meas. 2010, 58, 3602–3608. [CrossRef]
50. Vieira Filho, J.; Baptista, F.G.; Inman, D.J. Time-domain analysis of piezo-electric impedance-based structural

health monitoring using multilevel wavelet decomposition. Mech. Syst. Signal Proc. 2011, 25, 1550–1558.
[CrossRef]

51. Campeiro, L.M.; Da Silveira, R.Z.M.; Baptista, F.G. Impedance-based damage detection under noise and
vibration effects. Struct. Health Monit. 2017. [CrossRef]

52. Garcia-Breijo, E.; Garrigues, J.; Sanchez, L.G.; Laguarda-Miro, N. An Embedded Simplified Fuzzy ARTMAP
Implemented on a Microcontroller for Food Classification. Sensors 2013, 13, 10418–10429. [CrossRef]
[PubMed]

© 2018 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1016/j.eswa.2017.11.022
http://dx.doi.org/10.3390/s16050639
http://www.ncbi.nlm.nih.gov/pubmed/27164104
http://dx.doi.org/10.1021/ac60214a047
http://dx.doi.org/10.1016/j.dsp.2004.09.008
http://dx.doi.org/10.1109/72.159059
http://www.ncbi.nlm.nih.gov/pubmed/18276469
http://dx.doi.org/10.1016/j.sna.2015.11.031
http://dx.doi.org/10.1106/QXMV-R3GC-VXXG-W3AQ
http://dx.doi.org/10.1177/1045389X9500600117
http://dx.doi.org/10.1109/TIM.2009.2018693
http://dx.doi.org/10.1016/j.ymssp.2010.12.003
http://dx.doi.org/10.1177/1475921717715240
http://dx.doi.org/10.3390/s130810418
http://www.ncbi.nlm.nih.gov/pubmed/23945736
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Theoretical Fundamentals 
	Electromechanical Impedance 
	Savitzky-Golay Filter 
	Neural Networks 

	Proposed Method 
	Signal Acquisition Based on EMI 
	Forming Datasets 
	Damage Detection Phase 

	Experimental Results 
	Study Case 1: Real Part of the EMI 
	Study Case 2: Time-Response Signals 

	Discussion 
	Final Remarks 
	References

