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Structural control and health monitoring as condition monitoring are some essential
areas that allow for different system parameters to be designed, supervised, controlled,
and evaluated during the system’s operation in different processes, such as those used in
machinery, structures, and different physical variables in mechanical, chemical, electrical,
aeronautical, civil, electronics, mechatronics, and agricultural engineering applications,
among others. Continuous monitoring of these structures is a need because these are subject
to changes in environmental and operation conditions along their lifetime, which can result
in changes and possible fails and damages in all the structure and their components.
The proper development of these applications is associated with the use of reliable data
from sensors or sensor networks, which requires the use of advanced signal processing
techniques, sensor data fusion, and data processing (sometimes in real-time) to produce a
reliable system and avoid accidents or failures in the process.

After a rigorous peer review process, a total of 19 papers were published, covering dif-
ferent aspects of condition monitoring, structural control, and health monitoring (SCHM).

Damage identification process is addressed into the structural health monitoring
(SHM) task to determine different levels of the state of a structure. These levels include
damage detection and localization, the knowledge of the type and extent of damage, the
prediction of the remaining lifetime, and the development of smart structures. Each of
these steps can be addressed from different points of view, but one of the more used is
data-driven strategies. In [1], the use of data-driven algorithms is explored at each level of
the damage diagnosis as well as the instrumentation and implementation process to show
the current state of some of the developments of data-driven SHM.

In terms of the use of sensors for industrial applications, the design of algorithms and
methodologies to process all data from sensors still remains as an open research topic. In
the case of the development of artificial taste recognition systems, it implies the use of data-
driven algorithms and methodologies to monitor the condition and quality of a process as
in the case of the food industry. The work of [2] explores the use of a new nonlinear feature
extraction-based approach using manifold learning algorithms to improve the classification
accuracy in an electronic tongue sensor array. The paper results show that it is possible to
perform the classification in a data set belonging to seven different aqueous matrices with
nine samples per class for a total of 63 samples with an accuracy of 96.83%.

During its operation, the structures are subject to conditions that can result in failure
or damage and affect its normal behavior. Structures using reinforced concrete can be
affected by corrosion resulting in risk for operation. As a contribution to monitoring these
kinds of structures, in [3] the authors develop a device that can be embedded into the
concrete at various locations and depths to monitor corrosion. Results show that it is
possible to determine the corrosion in a structure by measuring its electrical resistance with
the developed device.

Sensors 2021, 21, 1558. https://doi.org/10.3390/s21051558 https://www.mdpi.com/journal/sensors
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SHM and condition monitoring have multiple applications in civil infrastructure
and multiple works address developments to monitor beams. In [4] it is possible to find
an alternative to the techniques that make use of structural analysis and strain gauge
measurements to locate the neutral axis of a T-Beam bridge. This work shows the analysis
of ultrasonic coda waves in a sensor network and explores its advantages in locating the
neutral axis and evaluate the global structural health and inner damages.

In [5], a methodology is described that makes use of a damage index for degradation
assessment of concrete beams. This methodology considers two steps starting with the
use of raw acoustic emission data from degradation in concrete beams and after the use
of the damage index, which considers the use of 5 acoustic emission burst features and a
Mahalanobis–Taguchi system to classify the condition of the structure under test.

Applications of condition monitoring are more common in machinery by its multiple
advantages. An example of this development can be found in [6] where a dynamic
monitoring system to monitor and evaluate the dynamic response of the triad formed
by an UVABB tool, milling machine, and C45 steel work-piece is presented. The work is
validated by using five accelerometers, and a dynamometric table is proposed and proved
to be effective in characterizing the whole system.

Structural health monitoring of civil structures, such as bridges or dams, has received
much attention in the last few years, since they are key components of transportation
infrastructure [7–9]. In [7], a damage detection method is proposed to locate and quantify
a damage in a bridge subjected to a moving load. Since recording input excitation in a
bridge may be an extremely difficult task, this paper presents an output-only vibration-
based approach for the bridge health monitoring. The lack of investigation on the direct
use of time-domain filters in the field of structural health monitoring lead the authors to
explore the direct application of the Savitzky–Golay filter (SGF) for damage localization and
quantification. One of the main advantages of the proposed method is that this approach is
insensitive to noise. Furthermore, fitting a Gaussian curve, the proposed method can be
viewed as baseline-free.

A different approach for bridge damage identification is presented in [8], with an
additional virtual mass for damage identification and where a vehicle bump is considered
as the excitation. The proposed approach, validated using a numerical example of a two-
span continuous beam, broadens the potential application scope in practical engineering
by using additional virtual physical parameters. In addition, the presented strategy is
equivalent to the addition of a mass to the bridge for testing purposes, without the risks of
overloading the structure.

Klun et al. [9] present a methodology to include non-contact vibration monitoring
as part of structural health monitoring of concrete dams with the first application of the
laser Doppler vibrometer in non-stationary conditions. An important pre-processing of
the data is performed to eliminate pseudo-vibrations and measurement noise that are
inherent in the conditions of the dam. The use of this laser technology is proven to be able
to complement the more standard monitoring activities on large dams.

Continuous health monitoring of transmission networks is a vital task to prevent
sudden failure in power transmission lines. In [10], a vibration-based technique to identify
the spatial location of existing damage in the power transmission towers is presented.
An important advantage of this approach is the use of a limited number of sensors. To
optimize the number of sensors, the authors minimize the non-diagonal entries of the
modal assurance criterion (MAC) matrix. To extract the modal parameters, two strategies
have been used: the Hilbert–Huang transform and continuous wavelet transform (CWT).
The approach was validated on a numerical model and the numerical model was verified
through modal testing of the actual tower.

An SHM strategy for detection and classification of structural changes based on
two-step data integration (data unfolding and mean-centered group-scaling), data trans-
formation using PCA, and a two-step data reduction combining PCA and t-SNE has been
proposed in [11]. Some features of this work worth highlighting are the extension and the
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adaptation of the t-SNE algorithm to the field of SHM as well as the high classification accu-
racy using collected data from the structure and without the use of complex mathematical
models. The method is evaluated using experimental data from an aluminum plate with
four piezoelectric transducers (PZTs). Results are illustrated in the frequency domain, and
they manifest the high classification accuracy and the strong performance of this method.

A typical SHM system consists of a sensor network, a central data acquisition node,
and algorithms. Literature research is extensive in the field of algorithm development.
However, the instrumentation, and the sensors in particular, is one of the elements in
the field of structural health monitoring and condition monitoring that is sometimes less
highlighted. It is worth remembering that various types of parameters are measured by
the SHM sensor network in which the strain is crucial for assessment of the structure state.
In [12], a miniaturization of a microstrip patch strain sensor is proposed and analyzed.
The sensor is designed using a specific patch shape, the Sierpinski curve based fractal
geometry. Simulation and experimental analysis for all sensors are carried out where a
good convergence between results of simulation and measurements is achieved.

In [13], the problem of crack monitoring of metallic materials is faced. Antenna sensors
have been generally employed for this purpose, exploiting the mathematical relationship
between the surface crack length of metallic material and the resonant frequency, but the
influence of the crack depth on the sensor output and the difference of whether the crack is
depth-penetrated remained unexplored. The paper, by means of numerical simulations,
reveals that the crack depth has a greater influence on the resonant frequency compared
with the crack length. The proposed monitoring approach is experimentally validated to
be feasible not only for cracks but also for corrosion pits of metallic materials.

The acoustic emission (AE) method is a very popular and well-developed method
for passive structural health monitoring of metallic and composite structures. It has been
efficiently used for damage source detection and damage characterization in a large variety
of structures such as thin sheet metals. On the other hand, piezoelectric wafer active sensors
(PWASs) are lightweight and inexpensive transducers, which recently drew the attention of
the AE research community for AE sensing. In [14], an understanding of the fatigue crack
growth from AE signals in thin sheet metals recorded using PWAS sensors on the basis of
the Lamb wave theory is given. Furthermore, this understanding is used to contribute a
predictive analytical model of AE signals (sensed by PWAS sensors during a fatigue crack
growth event). The analytical model and the simulated and experimental results showed a
close match, which verified the analytical prediction.

It is well known that temperature changes can lead to false diagnoses when using
piezoelectric sensors and electromechanical impedance technique (EMI) measurements.
In [15] a compensation method is developed to face this problem. It can be applied mainly to
structures that present impedance amplitude and frequency shifts with linear dependence
of the temperature and frequency. The strategy is tested experimentally in two steel pipes—
healthy and damaged—compensating the temperature effect ranging from −40◦ to 80◦,
with analysis on the frequency range from 5 to 120 kHz. The simulated and experimental
results showed that the studies effectively contribute to the SHM area, mainly to EMI-based
techniques.

Structural health monitoring (SHM) techniques can diagnose structural damage and
assess the structural safety of civil structures such as bridges. Vibration-based approaches
have excellent potential. However, bridges inevitably suffer from actions caused by varying
environmental temperatures; furthermore, the aforementioned actions may mask the
changes in damage features—for example, the natural frequencies of bridges—caused
by structural damage. In [16], a hybrid method is proposed to detect the damage of
bridges under environmental temperature changes. On one side, the PCA-based method
is applied to deal with the non-principal components; on the other side, the Gaussian
mixture method is used to classify all principal components into different clusters, and then
the stated detection method is implemented to detect bridge damage for each cluster. In
this way, all the damage feature information is saved and used to detect the damage. A
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numerical example, as well as an actual bridge example, show the effectiveness of the
proposed approach.

The work by Kim et al. [17] contributes to the application of real-time structural health
monitoring for offshore structures, overcoming the problem of applicability in the field
due to increasing calculation costs with increasing structural complexity. In particular,
a multiple damage detection method using cosine similarity of the rate of change of
natural frequencies is proposed. The process is comprised of three parts: (1) a damage
estimation matrix is constructed from a finite element model using modal analysis; (2) the
rate of change of natural frequencies from operational modal analysis based on sensor
data during operating is normalized and utilized as a normalized warning index (when
the index becomes larger than a threshold, the damage reflection vector is generated);
(3) cosine similarity between the damage estimation matrix and the damage reflection
vector is computed, and finally the most similar damage cases among the vector sets of
the estimation matrix are identified in the ranking of similarity. Thus, a damage warning
and ranking of the most possible damage cases is provided, facilitating its applicability
and usability.

Periodic inspection of the technical condition of a railway transport system is essential
for maintaining its high reliability and safety. The increasing accuracy of global navigation
satellite system (GNSS) measurements provides new opportunities for developing effective
inspection methods and designing track axis adjustment projects. In [18], a measuring
platform equipped with at least two GNSS receivers installed above the bogie pivot pins is
studied. This approach makes it possible to determine more precisely the track axis, and
the base vector can be used for qualitative evaluation of the obtained measurement results.
That is, the developed method is capable of identifying incorrect measurement (due to
obstacles, for example) results with the Savitzky–Golay filter and it is characterized by the
high speed of numeric calculations (use of sparse matrices).

Increasing the length of wind turbine blades, for maximum energy capture, leads to
larger loads and forces acting on the blades. In particular, alternate bending due to gravity
or nonuniform wind profiles leads to increased loads and imminent fatigue. Therefore,
blade monitoring in operation is needed to optimize turbine settings and, consequently,
to reduce alternate bending. In [19] a novel approach, by using hierarchical clustering,
for continuously monitoring blade bending in the operation of the turbine, is proposed.
The stated method is characterized by the following advantages: (1) accelerometers at the
blade tip allow for a qualitative assessment of alternate bending at reasonable mounting
effort; (2) the sensors can operate wirelessly and self-sufficiently; (3) no properties of the
blade such as geometry and material are needed; (4) no environmental and operational
parameters of the turbine are needed for evaluation.

As it has been said, structural health monitoring and condition monitoring is a research
field that is attracting a lot of attention. One example of this interest is the growing number
of papers published in this field as well as the open call-for-papers of Special Issues. The
journal Sensors runs special issues to create collections of papers on specific topics with the
aim of building a community of researchers to discuss the latest innovations and ideas and
develop new interactions. Without going any further, more than 35 open Special Issues
include structural health monitoring as a keyword, 18 of which explicitly include structural
health monitoring in the Special Issue title. A brief selection of Special Issues could include:

• Interferometric Sensors and Sensing Technologies for Structural Health Monitoring,
edited by Giovanni Nico, Stefania Campopiano and Giuseppina Prezioso (submission
deadline 31 March 2021);

• Acoustic Emission Sensors for Structural Health Monitoring, edited by Tomoki Sh-
iotani (submission deadline 31 March 2021);

• Vision Based Sensors and Sensing Technologies for Structural Health Monitoring,
edited by Mohammad Jahanshahi (submission deadline 30 April 2021);

• Structural Health Monitoring with Ultrasonic Guided-Waves Sensors, edited by Ger-
ardo Aranguren and Josu Etxaniz (submission deadline 30 June 2021);
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• Toward Data-Driven Structural Health Monitoring: New Approaches and Sensor-
Based Methods, edited by Francesc Pozo and Diego Alexander Tibaduiza Burgos
(submission deadline 30 June 2021);

• Structural Health Monitoring and Non-Destructive Testing for Engineering Appli-
cations: Advances in Sensor and Technologies, edited by Leandro Maio, Vittorio
Memmolo and Marco Laracca (submission deadline 31 August 2021);

• Structural Health Monitoring and Nondestructive Evaluation with Ultrasonic Guided
Waves, edited by Clifford Lissenden (submission deadline 31 December 2021).

Finally, we would like to express our gratitude to the anonymous reviewers, who
dedicated their time reviewing the submitted papers, and to all authors who contributed,
as it was with the work, enthusiasm, and motivation of them that this special issue became
a reality. Finally, we hope the reader will find this issue enlightening in the compelling area
of condition monitoring and structural health monitoring.
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Abstract: The damage identification process provides relevant information about the current state of
a structure under inspection, and it can be approached from two different points of view. The first
approach uses data-driven algorithms, which are usually associated with the collection of data
using sensors. Data are subsequently processed and analyzed. The second approach uses models to
analyze information about the structure. In the latter case, the overall performance of the approach is
associated with the accuracy of the model and the information that is used to define it. Although
both approaches are widely used, data-driven algorithms are preferred in most cases because they
afford the ability to analyze data acquired from sensors and to provide a real-time solution for
decision making; however, these approaches involve high-performance processors due to the high
computational cost. As a contribution to the researchers working with data-driven algorithms and
applications, this work presents a brief review of data-driven algorithms for damage identification
in structural health-monitoring applications. This review covers damage detection, localization,
classification, extension, and prognosis, as well as the development of smart structures. The literature
is systematically reviewed according to the natural steps of a structural health-monitoring system.
This review also includes information on the types of sensors used as well as on the development of
data-driven algorithms for damage identification.

Keywords: data-driven algorithms; damage identification; structural health monitoring; sensors

1. Introduction

Ensuring the proper performance of all elements in a structure is a priority for designers and
users. In most cases, continuous monitoring can detect damages at an early stage can prevent potential
accidents and catastrophes that result from inadequate inspection or damages to the evaluation process.
Structural health monitoring (SHM) involves the use of continuous monitoring using sensors that are
permanently attached to the structure, together with algorithms related to the damage-identification
process. There are several advantages associated with the use of an SHM system, some of which are
listed below:
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• the continuous monitoring of the structure since sensors are a part of it;
• the possibility of real-time damage detection;
• the possibility of using sensor or actuator networks;
• robust data analysis that can provide relevant information about the damage;
• an automated inspection process to reduce the number of unnecessary maintenance tasks, thereby

improving the economic benefits; and
• operational and environmental evaluation conditions.

Although SHM is still a developing area—as evidenced by the rapid increase in the number
of research works and publications—research has been ongoing for the past 23 years [1]. Both the
benefits in the above list and the advances in computation and data science applications motivate the
continually rising interest in structural health-monitoring applications.

Different levels of damage diagnosis in SHM were proposed by Rytter [2]. These levels are
defined on the basis of the information that can be obtained during the damage identification process.
In general, damage detection is the first level of damage diagnosis and can provide information about
irregular behavior of the structure that, in some cases, can be regarded as possible damage [3].
After damage detection, damage localization (Where is the damage?), damage classification (What
kind of damage does the structure have? damage extention) and damage prognosis (What is the
remaining useful life of the system?) are considered, as shown in Figure 1.
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Figure 1. Damage identification levels.

Different algorithms and methodologies have been developed for each level of the damage
identification process, including the management of historical information on the functioning of the
structure, and they often use different sensors and actuators, materials, and configurations. Some of the
works available in the literature have focused on problems related to a single level of SHM [4], a specific
application [5], a specific technique [6], or a certain type of sensor for inspection [7]. For example, at the
level of damage detection, aspects such as sensor locations and the use of wireless sensor networks [8] as
well as the use of specific kinds of sensors or sensor networks, such as microelectromechanical systems
(MEMS) [9], accelerometers, optical fibers [10], vibration sensors [11], and pressure-based sensors [12]
have been addressed. Similarly, this level has been tackled using different techniques, as shown
throughout this review. Neural networks [13–15], modal analysis [16], bio-inspired algorithms [17],
non-probabilistic methodologies [18], and time series analysis [19–21] are among the main techniques
that are used. The autonomy of SHM systems has also been addressed through the possible ways
in which they obtain energy [22]. Other works have examined the use of mechanical energy from
different sources, such as thermal energy, wind energy, solar energy, electromagnetic sources, or hlRF
antennas [23].
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Other state-of-the-art reviews have concentrated on SHM applications in different areas, such
as the aeronautical industry [22], wind generation [24], civil engineering applications [25], and naval
engineering [26]. It is also possible to find review papers that are oriented toward the development of
SHM methodologies with guided waves [27,28] and the use or integration of the Internet of Things
(IoT) [29] in SHM applications.

This review is focused on the use of data-driven methodologies for all levels of the damage-
identification process. This work is organized as follows: Section 2 is devoted to the description
of the SHM process, including different approaches to analyzing SHM systems and the variables
that are identified in the operational and environmental conditions that affect damage identification.
In Section 3, the SHM process and its implementation are described. The implementation of SHM is
included in Section 4, along with information about some of the elements of SHM systems such as data
acquisition, sensors and actuators, and preprocessing strategies. This section also presents works on
the decision-making process. Finally, conclusions drawn from the reviewed literature are summarized
in Section 5.

2. Description of the SHM Processes

Several definitions have been used to define damage; however, one of the most accepted
definitions was given by Farrar and Worden [30]:

“Damage is defined as changes to the material and/or geometric properties of these systems,
including changes to the boundary conditions and system connectivity, which adversely
affect the system’s performance.”

This definition indirectly implies that all SHM applications, including online monitoring, require an
adequate sensor network system to evaluate possible changes in the structure that can affect its proper
performance. Usually, the sensibility of the SHM system is associated with good interaction between
the structure and the sensors. For this reason, it is very important to select appropriate sensors to be
installed by considering the material of the structure to inspect, the variables to sense or measure,
and the information to obtain for damage identification.

For SHM applications, increasing the reliability of the forecasts or predictions and the damage
identification process is a fundamental task in the implementation of these approaches in the industry.
Therefore, the number of false positives detected because of noise or the acquisition process must be
minimized. For this purpose, some reliability indices have been proposed. For instance, reliability
analysis has been based on the estimated distributions of dead, live, and wind loads in long-span
bridges [31].

Failures caused by inconsistencies between the capturing techniques, the information of the
sensors, the processing of the information captured, and the analysis of data for the forecast can affect
the results obtained from the algorithms or the methodologies used in the damage-identification
process [17,32].

In SHM, several current approaches to evaluating the integrity of a structure at any moment under
different operating conditions are based on measuring changes in the mechanical, physical, or chemical
behavior of the structures under inspection. As illustrated in the following sections, various techniques
have been implemented to capture and analyze information from a sensor network that is installed
and used for continuous monitoring. As discussed later in this paper, the analysis carried out in some
of the current methodologies not only aims to identify possible existing damages but also is used in
the development of forecasts about the future behavior of the inspected materials and structures.

In general, SHM developments can be classified into two large groups [30]: model-based approaches
and data-driven approaches. In the first type of approach, theoretical information or data acquired from
the structure are used to build a mathematical or physical model to predict the behavior of a structure
in different scenarios and with different variations in operational and environmental conditions.
Model-based approaches make frequent use of finite element analysis (FEA) [33]. The second approach
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to damage identification relies on the analysis of data acquired directly from the structure. In general,
this analysis can be performed under the pattern recognition paradigm [30]: that is, data obtained from
the healthy structure are used to build a pattern and data from the structure during the inspection
process are used to determine its current state by comparing some features obtained from the inspection
data with the baseline. Both types of methods—model-based and data-based—can be applied
at every level of the damage-identification process in Figure 1. This means that, currently, there
are different strategies that consider a single level or multiple levels of the damage-identification
process. Implementation at particular levels delivers specific results that may be the end of the process,
depending on the application. It is also possible, for example, to build a solution of which the intended
scope is limited to the detection and location of damages. In other cases, the expected scope is related
to the implementation of the first four levels, thus determining the remaining useful life of the structure
under inspection. However, it is clear that all levels present an incremental approximation since the
implementation of a particular level requires the performance of the previous levels in the pyramid in
Figure 1.

In terms of applications, different engineering associations and events perform analyses of SHM
benchmarks, which present a set of solutions applicable to specific scenarios, such as the American
Society of Civil Engineerings with the IASC-ASCE SHM Benchmark Study [34], and the international
association for bridge maintenance and safety (IABMAS) conference decisions in Kyoto at 2014 with
the benchmarks from the University of Central Florida and the Drexel University , and other studies
that guide the instrumentation of civil structures. Similarly, other works, such as that in Reference [35],
have developed a classification scheme for benchmarking methods in use that include simulation
and implementation.

Since structures are subjected to operational and environmental variations during their use, it is
necessary to consider these variables in the damage-identification process. In fact, these variations can
be regarded as a disturbance in some SHM algorithms and need to be considered in order to reduce
the possibility of a poor identification process. The subsequent sections provide a brief review of some
works that have addressed operational and environmental conditions. All these works have been
arranged using the four-step approach presented by Farrar [36].

3. SHM Implementation

Farrar [36] suggested that SHM developments must comply with economic, environmental,
operational, and temporary restrictions, among others. These factors must be analyzed before
proposing an SHM system as a solution. From this point of view, some works and considerations
focused on these topics are summarized here.

3.1. Economic Justification

Before undertaking the development and application of a structural inspection scheme, it is
important to ensure that the solution reached is coherent with respect to (i) the resources it will require;
(ii) the response time; (iii) the margin of error that is allowed; and, in general, (iv) compliance with the
operational conditions and constraints in the application of this kind of scheme.

Most applications of damage-detection schemes can reduce maintenance costs and the frequency
of inspections. These detection schemes result in an increase in the remaining lifetime of the structures.
For example, in the aeronautical industry, the utility of SHM is reflected by the reduced periodical
revision times, the increased availability and safety of aircraft, and the decreased costs of scheduled
repairs [37].

Industries such as power generation have reported substantial costs associated with the repair of
turbines. These expenses are significantly increased in offshore platforms [38]. Therefore, the use of
SHM as a tool to prevent sudden damage yields essential benefits in this industry [39].

One of the challenges associated with the use of SHM applications in industries is the initial cost
of implementing the technology and of ensuring its overall reliability. In this context, the developments
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such as new transducers and low-cost sensor networks for inspecting large structures, together with the
benefits gained by these low-cost sensors compared with the cost of visual supervision and traditional
inspection methods in applications such as the inspection of civil structures [40], have resulted in the
rapid expansion of the use of SHM. As stated previously, this expansion has been mainly driven by the
economic advantages of its use and its fast implementation [41], with the clear and direct consequence
of money saved in the long term.

3.2. Operational and Environmental Conditions

Structures in operation are subjected to the influence of operational and environmental conditions.
These conditions affect the structures causing degradation, aging, and damage [42]; they are also the
cause of possible false detections in SHM systems, due to the sensitivity of the methods to operational
and environmental variables (EOVs) [43,44]. For that reason, the influence of these variables must be
considered in the development of a reliable SHM system [45].

Reducing the influence of operating and environmental conditions presents excellent
opportunities in industries such as aeronautics, in which significant advances that reduce failures
of the SHM system have been generated by solutions such as the reduction in environmental
noise during data acquisition through the use of transducers with low-frequency digital–analog
converters [46], combined with transmission systems based on fibers that reduce the noise in
the transmission [47]. Damage detection and classification approaches that consider the effect of
temperature with multivariate analysis are available in the literature. These approaches combine,
for instance, the use of principal component analysis (PCA) and machine learning (ML) [48] or
PCA and self-organizing maps (SOM) [49]. Other approaches consider different elements, such
as the influence of the viscoelastic material properties of the adhesives used by sensors on SHM
applications [50], the influence of temperature and surface wetting on the ultrasonic waves used for
damage detection [51], and the relationship between feature extraction and data fusion. Proposed
solutions include the use of sensor data fusion, PCA, and self-organizing maps to compensate for
the undesirable effect of temperature on damage detection and classification [49], the use of optimal
baseline subtraction [52], and the effect of elevated temperatures on the adhesive layers of piezoelectric
transducers (PZTs). Other works have examined the effects of temperature on baseline impedance
profiles and the use of a small subset of baseline profiles for certain critical temperatures to estimate
baseline profiles for a given ambient temperature through interpolation [53]. Finally, the use of local
density in self-organizing maps has also been considered for two-level clustering as a methodology to
compensate for the effects of temperature [54] or the effects of extreme aeronautical environments on
the use of wireless sensors for SHM [55].

Structures such as those used for marine platforms, which are exposed to variable environmental
conditions, have shown failures in their systems of damage detection and location. In this context,
Prendergast et al. [56] presented an analysis of the variation in eigenfrequencies of turbines under
progressive scour. The work reported by Zhou et al. [57] demonstrated an SHM approach for marine
platforms that accounted for the variability of the ocean environment, vibration, corrosion, marine
currents, and the effects of collisions modeled using a transfer matrix. Their approach enabled
the calculation of changes in the form of the structure and the differentiation of possible failures.
Other closely related works have presented dynamic models of the behavior of this type of structure;
these models include the relationship between ocean currents under the ocean and wind currents
on the surface, which may affect the analysis of the captured data [39]. Oliveira et al. [58] show the
implementation of modal analysis in turbines based on vibration, building strategies to reduce the
influence of EOVs through statistical analysis.

In applications of SHM for civil structures, such as bridges or other buildings, the moving loads
that affect these structures play a fundamental role in the determination of their lifetime. The use of
vibration characteristics of vehicular bridges, which are analyzed as a source of vibration, has also
been explored. For instance, methods such as mode shape as damage-detection indicator have been
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applied to analyze the behavior of a bridge [59]. Other proposals in this kind of structure seek to
increase the reliability of operational modal analysis (OMA) concerning external phenomena, such as
vibration [60], or the performance of estuaries in seismic areas [61].

Rainieri et al. [42] show the application of the second-order blind identification method (SOBI) to
predict variations in natural frequencies, which makes it possible to compensate for the environmental
influence on the use of OMA, this being a limitation of the PCA analysis. The implementation carried
out requires a relatively low computational effort and obtaining a linear model between natural
frequencies and unknown EOV sources.

3.3. Damage Definition

When using damag- detection techniques that are noninvasive and use sensors that are
permanently installed on the structure, which is the case in SHM, the influence of the operation
of the structure must be taken into account. This means that a small change in the structure can be
detected as a different signal by the sensors, and the final result of the analysis can lead to a greater
frequency of misclassification. In this case, the characterization of the behavior of the structure under
different conditions and the definition of the influence of the operating conditions are critical tasks
in the implementation of a reliable SHM system. It is very important to differentiate between a
normal or an acceptable state and damage to determine whether the current state should be reported.
Different studies have been carried out in this framework, with subjects ranging from the comparison
of material [62] to the realization of failure models of structures.

The work in Reference [63] presents a list of modeling techniques for determining the existence of
damage; they are based on the use of the smoothed finite element method (SFEM), focus on detection
techniques based on high-frequency inputs, and use a number of tools for the definition of a fault.

3.4. Limitations

SHM has limitations associated with the capture and processing of data, the use of statistical
models, and the interpretation of the results. As a consequence, ad hoc schemes must be generated
for different SHM applications. Determining the limits of the application as well as the tools and the
techniques involved can increase the certainty of the prediction.

Studies associated with nonlinear analysis methods have been reported in different works [64,65].
Similarly, methodological limitations caused by the propagation of linear excitation signals were
described in Reference [66].

The inspection of structures using stationary cameras is an SHM practice that is widely used
for civil structures. These procedures present challenges with respect to locating an optimal site at
which to place the camera [67]. This problem, sometimes, is dealt with by using moving video systems.
The work in Reference [68] introduced a solution to the limitations in the instrumentation of large civil
structures. The proposed solution combined the use of georeferenced visual inspection systems with
the use of technology such as the linear variable differential transducer (LVDT) and laser Doppler
vibrometer (LDV).

Among the most important damage detection issues with any technique is its reliability, which
is indispensable. Multiple works have reviewed this topic with respect to SHM [69–71]. Errors at
the detection level have hindered the inclusion of SHM in industries such as the automotive and
aeronautics sectors [72] and other mission-critical applications [73].

4. SHM Implementation Steps

From a general point of view, the implementation of an SHM system requires four steps:
(i) the definition of the sensor/actuator system to attach to the structure; (ii) the data acquisition
system; (iii) the preprocessing step; and (iv) the development of statistical models. These four
steps are represented in a pyramid in Figure 2. These steps allow for the generation of solutions
to challenges in the different levels of the damage-identification process (Figure 1). An additional
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level can even be included to consider smart solutions in which the previous levels are evaluated
to determine the best combination of multiple configurations to produce an optimal solution to the
damage-identification task.

Figure 2. Development steps as a part of an structural health-monitoring (SHM) solution.

The lowest level in the pyramid in Figure 2, labeled “Sensor and actuator”, defines the first part of
the hardware that will be used. The sensor/actuator system must be selected considering, among other
factors, the type of variables to measure, the constraints related to physical or environmental conditions,
and the type of information to obtain. As stated previously, this level corresponds to the definition
of the type of sensor to be used, the configuration of the sensor network, and the possible actuators,
if required [74]. These configurations must agree with aspects such as maximum operating frequencies,
the extent or size of the damage to be identified, possible locations, characterization, and, in general,
the physical limitations of the application.

The next level in the pyramid is related to data acquisition, also known as DAQ. Data acquisition
refers to the way in which the signals generated by each sensor are obtained. At this level, some
of the SHM system’s characteristics, such as cost, mobility, and scalability, need to be considered.
The information acquired by the SHM system can be affected by aspects such as sensor configuration,
operational and environmental noise, and any other event that differs from the initial setup of the
system. Some of these problems must be resolved before performing any analysis on the generated
information to generalize the techniques used for classification, identification, or recognition. This step
corresponds to signal conditioning or preprocessing, and it can be performed by means of hardware
devices, software algorithms, or both. In some cases, data can be corrupted or affected by a lossy
transmission. These kinds of problems frequently appear, for instance, in applications that use wireless
communication. This is the case for large structures [75]. Consequently, several works have addressed
these issues to improve the reliability of data communication.

In most cases, the raw data obtained in the acquisition process require a data reduction step.
For this purpose, a discrete wavelet transform (DWT) can reexpress the raw data by means of
coefficients that decompose the data into so-called details and coefficients [76,77]. With this technique,
it is possible to obtain a reduced representation of the original data. Similarly, techniques such as
PCA [78] and independent component analysis (ICA) have demonstrated their versatility in this
respect by reducing data to a few components by the criteria of the retained variance [79].

The step called “Development of statistical models” includes the use of data analysis tools to
determine the existence of abnormalities in the instrumented structure and to characterize the possible
sources of these anomalies. This step directly influences the costs of the solution in both economic
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and computational terms, and it undoubtedly affects the detection, location, and characterization
of damages.

As the final step, it is possible to use decision tools that support the intervention processes and to
define possible action routes to take. This step, “Decision making”, aims to reduce subjectivity in the
development of the SHM process and to decrease the number of failures in the methods defined in the
previous step. This step is not always considered or contemplated in an SHM solution.

4.1. Sensors and Actuators

From the perspective of SHM, damage detection requires the implementation of a set of sensors
of which the main function is to capture information that can be used to determine the state of the
structure under analysis [25]. Some inspection schemes use the propagation of a signal that may be
produced by an actuator. The inspection schemes also depend on the types of transducers used and
the kinds of signals propagated through the structure. As parts of a comprehensive sensor network,
these sensors can obtain information from different parts of the specimen or structure under inspection.
Similarly, sensor arrays require the use of various sources of excitation. In some cases, the actuators
are located as close as possible to the sensors so that a transducer can serve as both an actuator and a
sensor. This type of duality is exemplified by piezoelectric arrays [80].

The sensor/actuator system can be classified as active or passive. This classification depends on
the source and whether the signals are propagated through the instrumented structure [81,82].

Passive methods only use sensors to detect variations in the received signals without the use of
an external signal. The data obtained from these sensors can be used to detect structural abnormalities
produced by the corrosion, deformation, or perforation of the materials [74,83]. Active inspection
methods apply a known excitation and evaluate the data of the propagated signal. The excitation
depends on the type of sensor and the interaction that is required within the structure.

4.1.1. Excitation Methods

Active inspection methods can be classified as linear or nonlinear [74], depending on the
propagation of the signals. Linear methods include the pitch-catch mode, in which an ultrasonic
signal is applied by an actuator and the propagated signal is received by another sensor [84,85];
the pulse-echo technique, in which signal reflections are detected and the same actuator captures the
signal that it transmitted [86,87]; and electromechanical impedance spectroscopy (EMIS), which is used
mostly with piezoelectric sensors that monitor changes in the structural-mechanical impedance [88].
Other linear methods have also been developed [89,90].

Some linear methods use the propagation of Lamb waves in metal structures [91] with piezoelectric
sensor arrays because of their directionality and low dispersion [92]. The propagation of this type
of signal is used recurrently in the development of intelligent materials. In Reference [93], the dual
optimization on PZT sensors was investigated to decrease the barrier imposed by the requirement
of lines of the base (BF-SHM). The method used in the aeronautical industry varies the Lamb wave
signals propagated, and an increase in the accuracy and reliability of the systems that use this type
of signal was reported. Other works have focused on improvements in the process of identifying
damages in structures. For instance, Li et al. [94] used the propagation of Lamb waves in isotropic
materials to analyze the probability damage imaging (PDI) to improve the location and identification
of damages in these materials.

Studies have also explored the use of nonlinear methods in the analysis of detection techniques
that are based on the frequency of the propagated signal. For example, the work described
in Reference [95] compared the results of stress experiments performed on different materials,
and significant changes in the root-mean-square deviation (RMSD) analysis were found. Other
works have aimed to develop multifrequency excitation systems, such as the system presented in
Reference [74], in which the heterodyne principle was used to generate the signal to propagate in the
structure. This work reported an increase in the probability of detecting small cracks.
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Other works have investigated the use of adequate sources of excitation to improve the response
of the implementation of SHM systems under environmental conditions. For instance, in Reference [96],
arbitrary waves were propagated to reduce the influence of wind on the posterior analysis. As a
result, a robust method was proposed for scenarios with noise, pollution, or exposure to adverse
environmental conditions. With this type of analysis, works have reported the ability to decrease
(relative to traditional methods) the computational load without affecting the detection [97].

4.1.2. Types of Sensors

With the increased use of SHM approaches, new sensors have been developed that can improve
the efficiency of detection, location, and characterization systems [25]. These developments aim
to simultaneously reduce the power consumption and weight of the system, to resolve installation
problems, and to improve operation facilities and the subsequent data analysis. The following
subsections describe some of the different sensors used in SHM applications that are oriented toward
the inspection of both metallic and composite materials.

The choice and validation of sensors form one of the most important elements in this step.
A correctly chosen sensor not only detects damages but also enables damage location, quantification,
and classification [98]. Figure 3 describes some criteria to consider when selecting a sensor.

Sensors can be classified according to the physical variable that they sense [99] or the transduction
principle on which they are based [98]. Table 1 includes some of these sensors and the variable
that is usually inspected. The classification in Table 1 is used hereinafter, with an emphasis on their
applications as well as the advantages and disadvantages of each type of sensor.

Network size

Implemented levels

Costs

Communication methods

Environmental conditions

Signal pre-processing

Variable to measure

Noise response

Excitation methodsSensor selection and location

Limitations Operating conditions

Sensor type

Figure 3. Sensor location and choice.

4.1.3. Piezoelectric Sensors

Piezoelectric materials are built from ceramic and polymers, and they present the direct and
inverse piezoelectric effect [100]. This is the reason that these materials are often used to make
vibration-based sensors and actuators. The most frequently used materials in piezoelectric sensors are
lead zirconate titanate (PZT) and barium titanate (BaTiO3). However, ferroelectric polymers, such as
polyvinylidene difluoride (PVDF) and poly(vinylidene-co-trifluoroethylene) (P(VDF-TrFE)), are also
used for their high piezoelectric and pyroelectric response levels [101].
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An additional advantage of piezoelectric sensors is that they can be manufactured in different
shapes, such as rectangular [102], longitudinal [103], and circular [104,105]. These piezoelectric
sensors are also flexible and can be adapted to the shape of the structure at their installation locations.
With the use of these sensors, it is possible to measure the vibration and to obtain information about
different variables, such as deformation [106] or corrosion [107,108]. The literature also includes
several applications with a wide range of frequencies, shape adaptation to structures [109], reduced
size [110,111], and reduced phase changes [112], among other characteristics.

In terms of methods for inspection, piezoelectric sensors are frequently used in the development
of electromechanical impedance (EMI) techniques. These techniques entail the evaluation of changes
in the impedance of the sensor. EMI techniques are used in the inspection of civil structures, such as
bridges, dams, and transport vehicles in aviation, as well as of trains and ships [113].

Corrosion is an interesting variable to measure and can be inspected using acoustic emission
(AE). These sensors are placed in the structure and allow for the evaluation of different types of
corrosion [114] as well as some loss of rigidity in the structures [115].

4.1.4. Fiber Optics

Fiber optics are used in applications that require high precision and electromagnetic-interference
immunity [116]. The principle underlying fiber optics is based on white-light interference [117], which
can relate the absolute shifting of a signal emitted from a light source with any physical variable [118].
This type of sensor is used to measure deformation, temperature, material concentrations, acceleration,
rotation, pressure, vibrations, and shifting. For deformation measurements, fiber Bragg grating (FBG)
sensors and fiber optics sensors (FOS) are the most used. FBG sensors are used as selective filters of any
wavelength [119], while FOS are composed of multimode fibers, have a low cost, and auto-compensate
for temperature changes [120]. Deformation can be measured using three different approaches: (i) point
sensors or discrete deformation that can locate the deformation [25]; (ii) quasi-distributed deformation
sensors—an array of point sensors [121]—and (iii) distributed deformation sensors that can be used to
determine a complete profile of deformations [122].

4.1.5. Microelectromechanical Systems (MEMS)

This type of sensor uses miniaturization techniques in its construction [123], and different types of
transducers can be combined. These sensors present advantages regarding the costs of implementation
and maintenance [124]. It is also possible to take advantage of other attractive features [125], such as
their small size [126] or their ability to easily connect to a wireless sensor network [127]. It is
even possible to find sensors that use capacitive, inductive, piezoelectric, or optical effects [128,129].
In addition, actuators can be included [130]. In general terms, MEMS consist of the integration of
different types of sensors [131].

MEMS are used to measure the magnitude of diverse variables, such as acceleration [127,132],
angular velocity (gyroscopes) [133], displacement [134], and deformation [135]. This type of sensor
offers high sensitivity [127], responses at low frequencies [136], the measurement of multiple variables,
and the integration of communication systems [137]. Because of these factors, the use of MEMS
has increased significantly. More precisely, several international research groups are developing a
nanoelectromechanical system (NEMS) in an aim to increase the number of sensors in a structure and
to thereby expand the analysis capabilities of existing SHM systems [138].

4.2. Location and Networking

The selection of an appropriate sensor not only depends on the measured variable but also must
take into account aspects such as environmental and operational conditions, the number of sensors,
the location of the network, and the energy consumption [139,140]. Figure 3 shows some of these
aspects to be considered. The selection factors are divided into (a) sensor type; (b) operating conditions;
and (c) limitations. In the first case, different elements, such as the variables to measure, the noise
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response, and the excitation method, are considered. Operating conditions refer to the interaction of
the sensor with the structure during its operation. This means that the environmental and operational
conditions must be considered when determining the approach to preprocessing the information
and when defining the communication methods. Finally, limitations such as costs, implementation
requirements, and setup of the sensor network must be considered.

Multiple works have been developed with the objective of determining the best way to locate and
interconnect the network of sensors to be used. Decisions on these issues will define the success of
data acquisition and will affect the cost of the instrumentation to use.

The work presented in Reference [141] produced a cost–benefit optimization method for the
establishment of sensor networks by evaluating two metrics: an optimized benefit–cost ratio and
maximized efficiency by complying with operational constraints. The method was applied to the
instrumentation of the Pirelli tower in Italy.

Table 1. Sensor types and uses.

Sensor Type Technology Variable to Measure Advantages Disadvantages Relevant Features

Piezoelectric PZT Acceleration Low cost Thermal
sensitivity

Used in EMI applications

PVDF Deformation [106] Low price Aging Wide range of
frequencies [142]

P(VDF-TrFE) Corrosion [107,108] Integration
possibilities

Shape adaptation [109]

Displacement Reduced phase
Vibration changes [112]

Fiber optics FBG Deformation [122] High precision High price

FOS Acceleration [119] Fragility
Rotation Electromagnetic

interference
immunity [117]

Pressure
Vibrations Integration

possibilities
Shifting

Microelectromechanical
systems (MEMS)

MEMS Deformation Low cost [124] High-frequency
response [136]

NEMS [138] Acceleration [127,132] Small size [126] Fragility
Gyrometer
Displacement [134] Wireless

connection [127]
Deformation [135] Different kinds of

sensors and
variables [131]

Shifting

4.3. Data Acquisition

The development of an inspection system depends on the way in which data related to the state
of the structure are acquired. In this section, we review the works associated with the way in which
excitation signals are generated as well as the selection of sensors; the location and communication of
the sensors used; and the acquisition, storage, and transmission of data.

In general, the design of the monitoring system in terms of hardware starts from the definition of
the sensor/actuator system—defined according to the previous section—with components that include
piezoelectric transducers, microelectromechanical systems, optical fibers, or acoustic sensors [123].
After that, the design of the monitoring system should also take into account additional hardware
that will be used to capture, store, and transmit the information. The ability to integrate the hardware
in a large sensor network should also be assessed. Several works have addressed these topics.
For example, an analysis of a method to determine an efficient sensor distribution in SHM was provided
in Reference [143]. In Reference [144], the process of choosing wireless sensors for temperature and
pressure measurements was described. In Reference [145], the authors reported a diagnosis related to
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the acquisition of information and the determination of the types of sensors to be used. Other works
have analyzed the location of the sensor network [146,147], the preprocessing of information [148],
and the interference of environmental conditions [149].

The general purpose of this step is to provide a signal to the following steps for the analysis of
the state of the structure. It is desirable to comply with the requirements for precision, resolution,
synchronization, and robustness to environmental and operating conditions [150]. This step is
analyzed according to the main components of a data acquisition system: the signal conditioner,
the digital–analog converter, and the transmission system.

Data acquisition systems need to be evaluated in the same way, depending on the location at
which the information must be processed. This means that there is a difference between the assessment
of a system that is required to process these data and the assessment of a system that is only required
to capture, store, and transfer these data using different communication methods.

Some authors [20,151–154] have recommended that the following elements be considered for the
selection of a DAQ system:

• the evaluation of the required number of inputs and outputs, that is, the number of digital or
analog terminals to connect;

• the number of sensors;
• the need for an actuation system;
• the development of a quantified definition of the damage;
• the need for capturing local measurement or using remote sensing;
• the system-level responses—the information that is expected to be processed or preprocessed in

the system;
• the possibility of implementing damage identification in an embedded system;
• the integration of feature extraction and statistical modeling algorithms with the sensing system;
• the consistent and retrievable archival of data for long-term monitoring;
• the transmission of information about the system condition to maintenance personnel or

control systems;
• the operation of the sensing system with minimal maintenance over long periods of time in order

to minimize the cost of the sensing and data acquisition system;
• the power consumption and source for long-term applications; and
• the evaluation of the operational and environmental conditions.

The above factors provide a complete picture of the type of sensor network that is required
and the means of acquiring information from these sensor networks. The definition of the operating
and environmental conditions to which the system will be exposed is also required: this has been
a recurring topic for several authors [155]. This evaluation can reduce these factors when they are
implemented by applying certain hardware elements or software strategies. These strategies include
the use of interpolation and regression tools [156] to determine and then eliminate the influence of
these variables [157]; the use of measurements that are independent of the influence of conditions that
have been addressed using mathematical methods, such as singular value decomposition (SVD), PCA,
auto-associative neural networks (AANN), factor analysis (FA), or cointegration; and, finally, the use
of variables that are not affected in the short term by changes in environmental conditions [158], as is
quite common in the instrumentation of civil structures.

4.4. Signal Conditioning

The measurement systems are exposed to several types of interferences that are produced by
the monitoring system itself or by the environment in which the system is operating. Furthermore,
the signals collected by the sensors may not have the voltage or power levels required for their
analysis, or the signal delivered by the sensors may include unwanted noise in the subsequent
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analysis. Therefore, it is necessary to process these signals by amplification or attenuation, filtering,
compensation, linearization, isolation, or compensation, among other signal-conditioning processes.

Depending on the type of sensor, it is possible to use different elements to satisfy the requirement
of one of the steps mentioned above. When implementing signal-conditioning tools in SHM,
the interoperability of all elements of the system should be reviewed. Some of the key features
to be analyzed are the integration with the rest of the components and the increase in the success of
the tool set. Similarly, the flow of information should be examined, and signal degradation, the output
voltage levels, and the compatibility with analog-to-digital converters (ADC) should be considered.

In terms of the connectivity between the DAQ and processing devices, some systems offer more
than one type of connection for cases of emergency. The following are some of the features that must
be considered:

• Expansion of the generated solution: In many projects, the increment or adaptability of the created
sensor network is required to increase the resolution or to decrease the range of values of a
variable. The DAQ system must be able to adapt to these changes.

• Isolation should be considered in case of harmful signals for the processing schemes.
• Bandwidth: The information content of the sampled signal has to be transmitted with the fewest

losses possible. This is achieved with the use of adequate sampling and the allocation of a
suitable bandwidth.

• Calibration should be performed periodically to avoid failures in the processes of detection,
location, or damage characterization.

• Maintenance is a relevant feature in continuous inspection systems since correct maintenance
decreases the number of failures.

4.5. Preprocessing Step

Once data is acquired and preprocessed by hardware elements, it is possible to perform a
preprocessing step, which is an important step for multivariate data analysis. This step allows
to reduce random sources of variation in the data set. Since data in SHM can come from different
kinds of sensors as was previously explained, there is not a general form to apply in all the cases;
from this point of view, it is desireable to explore different methods to determine wich one produces
the best results in the final damage-identification process. In general, this is obtained by determining
the effectiveness of these techniques in terms of the measure of the separability of the evaluated groups
and the accuracy of the classification of the pattern in each case.

These methods are not exclusively for SHM and have been applied in different areas where
multivariate analysis is required. Among the main objectives of the preprocessing methods are noise
removal, baseline removal, signal alignment, outlier detection, and data normalization. Some of the
methods oriented to these aims are as follows:

• wavelet transform (continuous wavelet transform, discrete wavelet transform, and fast wavelet
transform)[159,160];

• auto scaling [161,162];
• group scaling [163,164];
• variance scaling [17]; and
• Pareto scaling [165].

Information about each method can be found in the included references.

4.6. Data Reduction and Feature Extraction

The main objective of this step is to reduce the size of the data to analyse and to provide the
features to be used in further analysis. Some of the techniques to be used in this step allow to transform
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the data in a new subspace or a representation by preserving the main features of the original data.
Some of the techniques that can be used for feature extraction are as follows:

• Principal Component Analysis (PCA);
• Independent Component Analysis (ICA);
• Latent Sparse Domain Transfer (LSDT);
• Linear Discriminant Analysis (LDA);
• Fast Fourier Transform (FFT);
• Discrete Wavelet Transform (DWT) [166]; and
• Local Discriminant Preservation Projection (LDPP).

4.7. Prognosis Faults in SHM

Fault- or damage-detection systems in SHM work on the basis of the quality of the information
capture [167], the analysis of information, the use of statistical tools, and decision making (see Figure 4).
If any of these steps are performed incorrectly, the fault- or damage-detection system may present
errors that cause unnecessary interventions in the inspected structures (false alarms) or may fail to
detect real damages in the structures [168] (missing faults).

Prognosis failure

Data acquisition

Sensors 
selection and 

location
Signal 

processing
External 

influences

Information analysis

Analysis 
algorithms

Information 
condensation Standardization

Model Development

Statistical 
Developments

Operational 
evaluation

Decision 
making

Subjective 
character

Figure 4. Prognosis failure approaches.

Acquisition errors can result from the selection, location, configuration, or malfunction of the
sensors. These failures imply relevant deviations between the signal obtained and the real value of
the variable. The main causes of sensor failures are grouped into two types: soft and hard sensor
faults. Soft sensor faults include bias, gain, loss of precision, and polarization. In contrast, hard sensor
failures comprise constant deviations, deviations with noise, and failures due to background noise.
In Reference [169], a mathematical analysis of the aforementioned faults was carried out.

Faults related to information processing occur in preprocessing and processing algorithms,
condensation, and standardization [170]. Furthermore, the use of statistical tools can introduce errors
to the analysis that, in some cases, lead to false detections. Finally, some errors can be identified in
SHM that are associated with the subjectivity that is present in the analysis of the collected information.
For instance, in multiple approaches, the levels of detection, location, and sizing include elements of
subjective analysis, such as expert judgments.

In general terms, false detections are classified into two large groups: (i) false positives, also known
as false alarms or type I errors, occur when the SHM system detects a fault or damage but the structure
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is healthy, and (ii) false negatives, also known as missing faults or type II errors, occur when the structure
is faulty or damaged but the SHM system classifies it as healthy [170].

4.8. Development of Statistical Models

The use of statistical models has been well accepted in the development of damage-identification
methodologies. Some of the works cited in the previous sections considered statistical models in their
approach. As a complement to the works addressed above, some additional references are described
in the subsequent paragraphs.

Some of these works have approached the fault- or damage-detection problem using multivariate
analysis because of a large number of sensors or the use of a sensor network. One multivariate
analysis method is PCA. This method has frequently been shown to be useful for data reduction [171],
thus offering a great advantage in the analysis of data from sensor networks with a large number of
sensor/actuator configurations [172]. However, PCA is only one of multiple methods used for this
purpose. Some variations or alternatives include ICA [79,173] and DWT [166,174,175]. They are all
very useful tools to re-express raw data in a new reduced version of the data while preserving the
relevant information.

More precisely, in damage detection, PCA can be used to change the original data by the
corresponding projections of so-called principal components. From the perspective of pattern
recognition, data from a healthy state of the structure can be used to define the healthy pattern. When
the current structure has to be diagnosed, the new measured data can be projected into the PCA or ICA
model to obtain so-called scores. Figure 5 represents the projection of the first two principal components
of a data set in which no damage is present and with three different types of damage. As it is possible
to observe that the data from the different structural states are very different; in this case, groups can
be distinguished by simple inspection and damage detection can be applied. However, in most of the
cases, these groups are mixed and cannot be differentiated in two axes.

The main differences between PCA and ICA are that components in ICA are linearly independent.
Therefore, in the latter case, it is not possible to organize the components according to the proportion
of the retained variance. This kind of plot is useful for visual analysis or inspection since data from
the inspected structure can be analyzed and compared with the data from the healthy structure to
determine the presence of damages. The presence of this damage is detected by the visual separation
of the new data from the current structure to diagnose the data coming from the healthy structure.
However, this methodology is useful only if the first two principal components retain a large proportion
of the variance. In other cases, the data appear mixed, so it is not possible to detect and classify damages
with a single visual inspection. In some of these cases, PCA can be combined with univariate and
multivariate hypothesis testing to correctly classify the current state of the structure. Both univariate [3]
and multivariate [176] hypothesis testing have been used for damage detection in small-scale structures
as well as for fault detection in wind turbines [177–179].

Bayesian approaches have also been studied for damage detection [70] and impact detection.
For instance, Morse et al. [69] applied a Bayesian updating (BU) approach and Kalman filter to estimate
the location of impact. In general, BU provides a probabilistic prediction of the impact location, so,
quantitatively, uncertainties associated with the prediction of the impact are permissible. Flynn and
Todd [180] used a formulation of Bayes risk for optimal sensor and actuator placement using different
kinds of sensors/actuators. The optimization space was searched by using a genetic algorithm with a
time-varying mutation rate.
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Figure 5. Score 1 versus Score 2.

Anaya et al. [17,181] used both PCA and artificial immune systems (AIS) to detect damages
in structures. In the proposed methodology, an active piezoelectric system is used to inspect the
structure and to collect the data. The information is encoded by emulating the effect of human immune
systems [182] and by considering external elements to be possible damages. This approach defines
antibodies as the detector of a specific pattern and antigens as the damage condition.

The use of SOM has also been applied for damage detection and classification [183]. SOM
are unsupervised neural networks in which training is a blind process that enables the grouping
and classification of different kinds of data according to data features. In general, in this kind of
methodology, data reduction is performed using techniques such as PCA or DWT and the new
components, coefficients, or indices are used as a feature vector; all the results from all the actuation
phases are fused into a single vector. This vector acts as the input to train the self-organizing map.
When the pattern is built or defined, the same procedure is applied to the structure being tested
to evaluate the state of the structure and to determine the presence of damages and their possible
classification. As a visualization tool, it is very common to use a cluster map or a U-matrix surface [64].
Figure 6 shows an example of the use of the U-matrix surface; seven structural states are considered in
the illustrated classification process: specifically, one healthy structural state and six different damages
are included in this plot. Since the methodology requires previous training, the algorithm considers
new data with features that differ from those of the data used during training to be a new cluster or a
new type of damage.

Machine-learning approaches have also been studied, on their own or in combination with
different feature extraction methods [184], as damage detection and classification methodologies.
In this kind of approach, in general, PCA is used as a feature-extraction method to define the feature
vector to train the machine using several states of the structure. During the test step, data from an
unknown structural state are evaluated by the trained machine, and the classification can be performed.
Algorithms that are commonly used in machine learning include k-nearest neighbor (kNN), decision
trees, and support vector machines (SVM).
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Figure 6. U-matrix surface.

The Gaussian process has also been studied [76] for probabilistic data-driven modeling and
structural damage detection methods. In general, data from the structure to be inspected and
instrumented with sensors, such as piezoelectric transducers working in pitch-catch mode, provide
information that can be pre-processed using a DWT. The details and coefficients of the DWT are
subsequently used for the extraction of features, which are simultaneously the input of the Gaussian
process. The output of this training—that is, the first step—is the corresponding pattern. In the second
step, data from the tested structure are pre-processed as in the first step. Afterward, the features are
included in the Gaussian process and a comparison with this pattern is obtained for the classification
process. The validation of the methodology can be performed using receiver operating characteristic
(ROC) curves to evaluate the effectiveness of the classification.

Nonlinear approaches, such as nonlinear PCA (NLPCA), have also been analyzed for damage
detection and classification. Some examples include the combination of the hierarchical version of
NLPCA (h-NLPLCA) and machine learning, in which the nonlinear components are used as the feature
vector to train different models [185].

Damage progression has also been addressed with the use of piezoceramic arrays [186]: a number
of time- and frequency-domain features are derived from existing damage imaging and detection
algorithms combined with data-mining algorithms.

In terms of damage localization, damage indices have also been explored [32] as damage indicators
and applied to complement PCA to reduce the problems that arise when the two first principal
components do not retain a significant proportion of the variance. Two of these indices are the Q-index
and the T2-index, which can be used to determine the contribution of a specific sensor in the sensor
network. Subsequently, using triangulation techniques, the potential area or the position of the damage
can be defined. One example of the kinds of diagrams that are obtained by the use of contribution
plots is shown in Figure 7. This figure shows an example with seven actuation phases, and each phase
shows the contribution of each sensor in the sensor network. In this way, localization can be performed
by triangulating the sensors with the highest contributions and the piezoelectric used as actuator.

23



Sensors 2020, 20, 733

Figure 7. Damage contribution index.

These indices have also been used in damage detection to process data from FBG sensors [187]
with good results. Hierarchical clustering (HC) is another supervised method of statistical learning
that is commonly used in SHM. As the name suggests, this algorithm collects and groups similar data
using a set of distance measures that define the similarity of the data. Commonly, at the detection
level, the established parameter is represented by a damaged or undamaged state. HC usually
builds a hierarchy of data groups and uses a different function to assign data points to groups.
The Euclidean distance and Mahalanobis distance are two popular choices among many that are used
for a dissimilarity function [188].

HC has been applied at the detection level for several types of structures. Datteo et al. [189]
proposed an HC analysis to obtain a set of clusters based on damage patterns that were found in the
experimental data, which were collected from PZT sensors by means of a graphic representation of the
information so that the damage could be identified intuitively, both qualitatively and quantitatively.
The performance of the proposed approach was tested by three experiments on a full-scale reinforced
concrete beam. In another work, Zhou et al. [190] incorporated HC with a method for recognizing
artificial immune patterns for the recognition and classification of damage patterns in the health
monitoring of an unsupervised structure. The sampled data were classified by an agglomerated
hierarchical clustering algorithm. Then, sets of memory cells were trained to imitate the mechanism
of learning and immunological recognition. Finally, structural data patterns were judged by the sets
of trained memory cells. The results of this work showed that agglomerated hierarchical clustering
and incorporated methods could successfully identify the most patterns in the antigen sample data.
The work concluded that the unsupervised structural damage-classification algorithm based on
HC and artificial immune patterns could produce high-quality memory cells that could effectively
identify all types of structural damage patterns. Finally, Sen et al. [188] proposed two data-based
techniques—a semi-supervised and supervised learning approach—for the detection of damage in
pipelines. The proposed approaches aimed to reduce the number of sensors deployed and to thus
reduce maintenance costs. The semi-supervised learning method detected the presence of damages
using an algorithm based on hierarchical grouping, and the approach based on supervised learning
located damages using multinomial logistic regression. The proposed algorithms were validated by
the acquisition of guided ultrasonic wave (GUW) responses from experimental pipelines in a tone
capture configuration using low-cost piezoelectric transducers.

Unsupervised statistical methods of learning are also widely used in SHM analysis [191]. One of
the reasons is that the algorithms involved are less complex, so they can be used in real-time
analysis [192]. These methods were compared with traditional alternatives in works such as the
one carried out by McCrory et al. [193], in which three classification techniques were tested—analysis
of artificial neural networks (ANN), unsupervised waveform clustering (UWC), and the corrected
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measured amplitude ratio (MAR)—in the location and classification of faults in a composite panel of
carbon fiber during buckling. This paper reported that UWC and ANN were better classifiers and that
their use improved the reliability of the SHM system. Nagarajaiah et al. [194] applied unsupervised
methods for the analysis of structures under vibration conditions. The authors used multivariate
blind source separation to detect anomalies, and they reported positive results. Despite the stated
advantages, unsupervised learning methods are not implemented to the same extent as supervised
methods. One reason is the reliability of the obtained results.

Uncertainty quantification has been examined in different fields. One example is the inspection of
cultural heritage [195]: in this study, uncertainty reduction was applied to the modal estimation of data
from two historical buildings. In Reference [196], uncertainty quantification in OMA was developed
for vibration-based analysis. Structural excitations were not directly measured but rather modeled by
band-limited white noise processes.

The classification process can be regarded as a binary classification problem. One example is
the work in Reference [197], in which possibility theory was introduced to solve a decision-making
problem involving conflicting information. The information was modeled as weighted intervals on the
basis of importance, and a possibility distribution from the weighted intervals was presented to fuse
information with respect to its importance.

4.9. The Decision Level

Decision support systems (DSS) have been used extensively in the analysis of economic, technical,
environmental, optimization, and other problems that involve a choice of alternatives [198]. This type
of tool is an important component in monitoring and control systems. However, there are few studies
on this topic in relation to SHM systems, and most of these works have focused on the monitoring of
civil structures.

The research efforts on this matter have involved the implementation of different decision tools to
assess the state of the structure. Endsley et al. [199] integrated information from the data banks of the
National Bridge Inventory (NBI) with measurements taken from various bridges using nondestructive
evaluation (NDE) systems. They unified the information and presented a web application to
improve the decision-making processes and to reduce the subjectivity in the interpretation of the
data. Sun et al. [200] presented a hybrid system that combined neural network theory and adaptive
fuzzy logic to generate a framework for the analysis of heterogeneous signals from various types of
sensor networks. The implementation of the hybrid system enabled the evaluation of the type of study
to be carried out on each data source in the monitoring scheme. SHM analysis has been used as a
test scenario for decision models; Khodaei et al. [201] compared expected utility theory (EUT) with
prospect theory (PT) in the estimation of the state of a bridge. Their work showed that the opinions on
inspected structures varied because of the subjectivity of the person who analyzed the results.

Different works present proposals related to the management of decisions and decrease of
detection failures by defining threshold levels; the work presented in Reference [202] summaries the use
of different categories of SHM in the analysis of bridges and civil constructions. This work presents an
interesting summary of implementation techniques in the category of SHM implementation related to
the definition of limits in the analyzed variables; among them, humidity, vibration, and settlement are
found, emphasizing the probabilistic uncertainty quantification models. Bai et al. [203] present a paper
oriented to the reduction of false forecasts by evaluating three techniques that use the information
generated by fatigue in structures instrumented with Acoustic Emission (AE) sensors. Results of
this work show the influence on the definition of threshold levels in the automation of decisions.
Deraemaeker et al. [204] present a proposal for decreasing the influence of environmental conditions
using filters and definitions of distances on covariance matrices and eigenvalues. As a result of this
approach, the high sensitivity of the measurement systems and the efficiency of the definition of
thresholds in the reduction of false positives is presented; this study was carried out in civil structures.
In Reference [205], a laboratory test is applied to a metallic structure instrumented with piezoelectric
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transducers in a system based on electromechanical impedance; a part the analysis shows that threshold
levels significantly influence the detection and location of faults.

Very few works on the development of DSS have examined the monitoring of composite and
metallic structures. One such work was carried out by Bolognani et al. [206], who implemented a
multilevel decision scheme to reduce the costs of processing and instrumentation. The generated
method could reduce the risk of errors in evaluation (false positive and negative), increase the
profitability of the instrumentation, and unify the results of different information sources. Finally,
the work reported by Sabatino et al. [207] focused on the development of a framework that aimed to
improve the cost–benefit in the choice of sensing schemes for naval structures. They reported that their
framework could decrease the risks associated with choosing the data-processing system to be used.

From the existing studies, a decision level for the analysis of composite materials is presented
that would be located in the upper part of Figure 2. The function of this level is focused on the choice
and evaluation of the types of processing of data from structures instrumented with different types
of sensors.

5. Conclusions

In this review, several elements of the SHM process and its implementation are explored. These
elements are the description of the SHM process and the components of SHM implementation,
including sensors and actuators, location and networking, data acquisition, signal conditioning,
statistical analysis, and decision levels. It is shown that diverse authors have made significant
contributions to these achievements. From the presented information, the following general
conclusions are drawn:

• The works related to the advances and implementation of SHM systems account for the
monitoring requirements of healthy structures in diverse areas of applications, such as civil
engineering, aeronautics, transport, and power generation. This research field, which is still
developing, presents research opportunities related to methods for sensor selection and location,
communication systems, analysis of environmental and operational conditions, reduction of false
positives and false negatives, and decision methodologies, among others.

• There has been a considerable increase in the use of SHM systems in operating structures. This
increase, together with the emergence of regulations for the operation of systems for monitoring
structures, reflects the rapid adoption of SHM in industries such as the automotive and aeronautics
sectors and intelligent materials development. As a result, a significant growth in investment,
leading to the application of all levels of SHM, is expected.

• Although this paper presents the steps of implementing an SHM system, these steps should
be used only as a reference: they can be decomposed or complemented according to the
implementation and the intended approach. This is currently a focus that is actively researched to
improve the reliability of the elements of the implementation.

• Using data that are directly acquired from sensors installed on the structure is a convenient way
to evaluate the current state of a structure. This allows for the continuous measurement of data to
monitor applications in real time. However, some problems may arise during the implementation
of these SHM approaches. Such challenges include the following:

(a) Failures in the sensors are possible and can arise from problems during installation or damages
to the sensor when the structure is subjected to hard conditional and operational variations.
This problem can be solved by the use of faulty sensor detection, similar to damage detection.
In some cases, it is possible to reconstruct the signal to avoid false damage detections during
the damage-identification process. Similarly, there are some data-driven algorithms that can
compensate for the effects of environmental and operational variations; these are required
because, as it was explained, environmental and operational variations can change the baseline
and can produce false positive damage identification.
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(b) Poor use of preprocessing techniques often leads to poor results of the damage-identification
process. This problem can be partially solved by the design of robust methodologies.

(c) Some problems are related to storing data and processing the information coming from large
structures instrumented with a large number of sensors. In some cases, such problems can be
easily solved through a distributed analysis.

Although there are several proposed solutions to the different problems in the task of identifying
damage, most of the results are relevant to a specific application and are tested under laboratory
conditions. Hence, problems at different levels of the damage-identification process, such as the
problems associated with data acquisition and preprocessing, remain open for investigation.

According to the number of publications, one of the least explored topics is the implementation of
decision support tools. This document demonstrates the need for such tools in data-driven applications.
Some studies have focused on specific cases, but the different alternatives of all the levels explored
require an intelligent system that is able to decrease the number of false positives and negatives in the
identification process. Its development and implementation will allow for the mixing of different types
of information sources and for eliminating the subjectivity of the analysis, among other improvements.
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AANN Auto-associative neural networks
ADC Analog-to-digital converters
AE Acoustic emission
AIS Artificial immune systems
ANN Analysis of artificial neural networks
BF-SHM Baseline-free SHM
BHM Bridge Health Monitoring
BU Bayesian updating
DAQ Data acquisition
DSS Decision support systems
DWT Discrete wavelet transform
EMI Electromechanical impedance
EMIS Electromechanical impedance spectroscopy
EUT Expected utility theory
FA Factor analysis
FBG Fiber Bragg grating
FDD Frequency domain decomposition
FEA Finite element analysis
FOS Fiber optics sensors
GUW Guided ultrasonic wave
HC Hierarchical clustering
h-NLPLCA Hierarchical nonlinear principal component analysis
ICA Independent component analysis
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IoT Internet of Things
kNN k-nearest neighbor
LDV Laser Doppler vibrometer
LVDT Linear variable differential transducer
MAR Measured amplitude ratio
MEMS Microelectromechanical systems
ML Machine learning
NBI National Bridge Inventory
NDE Nondestructive evaluation
NEMS Nanoelectromechanical system
NLPCA Nonlinear principal component analysis
OMA Operational modal analysis
PCA Principal component analysis
PDI Probability damage imaging
PT Prospect theory
PVDF Polyvinylidene difluoride
P(VDF-TrFE) Poly(vinylidene-co-trifluoroethylene)
PZT Piezoelectric transducer
RF Radio frequency
RMSD Root-mean-square deviation
ROC Receiver operating characteristic
SFEM Smoothed finite element method
SHM Structural health monitoring
SOM Self-organizing maps
SVD Singular value decomposition
UWC Unsupervised waveform clustering
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Abstract: Pipelines have been widely used for the transportation of chemical products, mainly
those related to the petroleum industry. Damage in such pipelines can produce leakage with
unpredictable consequences to the environment. There are different structural health monitoring
(SHM) systems such as Lamb wave, comparative vacuum, acoustic emission, etc. for monitoring
such structures. However, those based on piezoelectric sensors and electromechanical impedance
technique (EMI) measurements are simple and efficient, and have been applied in a wide range of
structures, including pipes. A disadvantage of such technique is that temperature changes can lead
to false diagnoses. To overcome this disadvantage, temperature variation compensation techniques
are normally incorporated. Therefore, this work has developed a complete study applied to damage
detection in pipelines, including an innovative technique for compensating the temperature effect
in EMI-based SHM and the modeling of piezoceramics bonded to pipeline structures using finite
elements. Experimental results were used to validate the model. Moreover, the compensation method
was tested in two steel pipes—healthy and damaged—compensating the temperature effect ranging
from −40 ◦C to +80 ◦C, with analysis on the frequency range from 5 kHz to 120 kHz. The simulated
and experimental results showed that the studies effectively contribute to the SHM area, mainly to
EMI-based techniques.

Keywords: SHM; EMI; PZT; damage detection; finite elements; temperature compensation

1. Introduction

There are at least two main concerns when dealing with structures presently. First, the global
and fast-paced growth of modern constructions, to cater to the most diverse needs of the population,
demands an increasingly rigorous performance from engineering areas. Second, due to the law of
supply and demand, the concern to reduce costs and deadlines for concluding those works may
decrease rigor in executing projects and the lifespan of construction. Consequently, corrosion and
material fatigue may accelerate the occurrence of structural damage [1]. Moreover, regarding modes of
transportation, there is no doubt that pipelines are the best options to distribute water, gas, oil, and
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fluids in general, not only because they present lower costs when compared to terrestrial, railway, and
air transport, but also because they are considered safe.

In this sense, structural health monitoring (SHM) is an area that has been growing significantly
in the last few years since industrial engineers and academic researchers are becoming increasingly
concerned with the health of structures such as pipelines. Therefore, they continuously seek systems
and mechanisms to monitor structural health for detecting damage and/or gas or liquid leakage, to
guarantee higher safety levels to users and the environment, as well as to reduce costs [2–5]. There are
many methods according to the stages of SHM systems, but in the present work, the focus is the damage
detection by means of the electromechanical impedance technique (EMI), which is based on low cost
PZT (Pblead Zirconate Titanate) piezoelectric transducers. Such transducers are extremely sensitive in
detecting local damage [2,4,6,7] and allow the implementation of non-invasive SHM systems. The
basic principle of the EMI technique is to monitor the changes in the mechanical impedance of a
structure, caused by alterations in its dynamic response, due to the presence of damage or even due
to temperature variation. Considering that measuring the mechanical impedance of a structure is a
complex task, PZT piezoelectric transducers are attached to the structure to monitor its mechanical
impedance through measuring the electrical impedance, which is simpler to implement [8,9].

There are many studies and techniques to monitor the structural behavior of ducts and pipes
based on EMI, in which the goal is to identify damage and/or leakage. One of the first studies involving
pipelines was to assess a pipeline structure connected through flanges. The authors used a HP4194
impedance analyzer to measure the real part of the impedance, on a frequency range from 80 to
100 kHz, seeking to detect and analyze damage, as the screws of those flanges were removed [10]. In
another work, tests were performed in the same pipeline structure, but this time using HP36665A
impedance analyzer to detect five types of damage in the 35–47.8 kHz frequency range [11]. Both
works presented good results, but did not explore the temperature variation effect. Another important
work was developed using five MFC (Microfiber Composer) transducers, which are flexible and
have similar characteristics to traditional piezoelectric ceramics. A tubular structure was monitored
to analyze pipe-coupling flanges where the screws were loose to generate damage to the structure.
A 4294 Agilent impedance analyzer was used to obtain measuring data, in two frequency ranges,
50–60 kHz and 110–120 kHz [12]. In such case, the major problem was the absence of a study about
the effect of the temperature. In [5], there were experimental tests in tubular structures of different
types and sizes of piezoelectric ceramics. For damage detection, two damage metric indices were used,
the RMSD (Root Mean Square Deviation) and the CCDM (Correlation Coefficient Deviation Metric).
The authors demonstrated that damage detection in tubular structures using low cost piezoelectric
transducers is viable. In Ref. [4], the authors carried out a review of several damage detection methods
based on guided waves and applied to different types of structures, including pipelines, showing the
advancements in recent years. Generally speaking, some experiments present difficult replication,
especially considering different shapes and sizes of the structures.

In EMI-based damage detection techniques, in a general way, it can be observed that the execution
of experiments to demonstrate the efficacy of such techniques is somewhat limited due to some reasons.
In the case of sensors, for example there is a variety of PZT types, with different compositions, geometry,
and stiffness. In the case of structures, there may be some differences on the type of material, size,
and geometry. In addition, to perform an experiment, it is still necessary to damage the structure
or simulate damage by placing small screws on the structure, for example. Such combinations may
difficult some types of experiments. Therefore, to simplify the study and development of SHM
techniques based on EMI, numerical methods are considered. A variety of options become possible
when using numerical methods, since frequency response functions (FRF), which correspond to the
electrical signatures studied on the EMI technique, can be characterized and analyzed by means of
modeling and simulation programs based on finite elements analysis. Thus, in many cases, commercial
finite element (FE) modeling software packages are used to analyze and simulate SHM systems based
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on EMI [13]. This way, there are several studies that use numerical simulators based on FE, such as
ANSYS, PZFlex, or ABAQUS, all applied to SHM systems.

From the moment that the numerical analysis began to be explored in the EMI context, many
works have emerged. In Ref. [13], the authors modeled and analyzed a simple aluminum structure
using ANSYS software, with variations in size and thickness of the sensors, and with different coupling
to the structure (bonded or loose). Efficiency assessment was based on the analysis of the real part
of the PZT impedance, which was considered efficient in detecting local damage. In Ref. [14], the
authors used the software ABAQUS to model, via finite elements, underground oil pipelines and
analyze the propagation characteristic of the guided waves generated by a PZT. Different types of
damage were simulated, and the detection was performed using guided waves with a 70 kHz central
frequency. The numerical results were compared to practical ones (measurements) and were considered
satisfactory [15].

Despite many previous studies on monitoring the pipeline and ducts structural integrity using
the EMI technique, there is not a definitive solution yet. The major problem is compensating the
temperature variations, as they affect the transducers properties and hinder real applications. Thus,
the environmental temperature variation is cited in the literature as a critical problem for applications
based on EMI since small alterations in temperature may cause significant changes in the electrical
impedance signature of PZT transducers, on the same level of small damage [16].

In this context, many authors have investigated the effects of temperature variation for detecting
structural damage based on EMI and have proposed solutions to compensate such variations [9,16–27].
The most recurrent effects observed on EMI signatures are horizontal (frequency) and vertical
(magnitude) shifts. Each technique proposed presents its advantages and limitations, which are present
in the following.

Among the methods applied to compensate those shifts, there exist the ones based on effective
frequency shift (EFS) and correlation analysis, and its variations [9,16,18–21]. The main limitation of
this approach is that the EFS is constant over the frequency range; however, it was observed by some
authors [9,16,19] that the frequency shift changes according to the frequency of the resonance peak
analyzed, since it usually increases as the frequency range increases. Therefore, this proposal reaches
suitable results for narrow frequency ranges and it loses efficiency as the frequency range increases
due to the frequency shift not be constant over large frequency spectrums. To overcome this drawback,
in [19], the entire compensation range was broken into small sub-bands. For compensating the vertical
shifts, some of the EFS method usually incorporates a shift based on the difference of mean values of
the signatures, with some variations [9,18,20,21]; however, when the temperature range becomes large,
some authors considered the use of more than one baseline in order to have a more precise vertical
compensation [9]. On other studies, normalization is used to reduce the vertical shift [19].

Ref. [22] uses Lagrange interpolating polynomials for generating a compensated baseline at a
given temperature. First, a horizontal compensation was done by tracking the peak impedance value
of the impedance range. Second, a 2nd degree Lagrange interpolation was used to compensate the
vertical shifts. One advantage is that this approach accounts for nonlinear (quadratic) dependence of
the vertical shifts; however, the horizontal shift applied appears to be similar to the EFS approach,
which is effective only for narrow frequency ranges.

Ref. [23] proposed a normalized linear temperature-dependent coefficient for compensating the
EMI signatures since the goal of the temperature compensation is to eliminate the temperature effect of
the PZT sensor only, for a temperature range from 80◦F to 160◦F. This proposition does not eliminate
the horizontal shift.

Other authors applied the linear principal component analysis (PCA) to filter out and remove the
temperature effects on impedance signatures [17,25,26]. In Ref. [26], the damage detection in prestressed
tendon anchorages was conducted by filtering impedance signatures; however, accuracy depends on
the choice of the principal components, which are significantly influenced by the temperature variation.
Overall, the study lacks investigations regarding wider temperature and frequency ranges.
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In addition, several EMI damage detection systems based on pattern recognition algorithms
have been developed using Artificial Neural Network (ANN) [28,29]. Moreover, among the ANN
architectures, the radial basis function (RBF) is considered a powerful curve fitting tool [24]; thus, they
have been applied for compensating the temperature effect in impedance-based SHM systems [24,27].
More specifically, Ref. [27] designed an RBF network-based regression algorithm for training a set
of baseline measurements at various temperatures to compensate the temperature effect for each
frequency sample of the EMI signatures. The authors also considered that the electrical impedance
was a function of temperature and frequency; however, in this approach, it is not necessary to know
how this dependence behaves (i.e., linear or quadratic). When using ANN, it is necessary to train the
network in several different situations so that it can learn the pattern and present the correct result for
untrained situations. In this study, to achieve accurate results, it was necessary the use of at least 168
training patterns. This is a large amount of pre-stored information, which is not always possible to
obtain. Moreover, the computational load increases with the increase of the frequency range (number
of frequency samples).

Nevertheless, considering that the accuracy on the temperature measurements is crucial when
applying temperature compensation techniques and that the temperature on the structure could vary
heterogeneously depending on its size or type of material, references [30,31] take advantage of the
electrical impedance temperature dependence, so that the signatures themselves can be used for
estimating the temperature of the PZT and structure, and for monitoring the soil freezing-thawing
process, which is important for underground pipelines. By doing so, any temperature compensation
technique becomes more economical since temperature sensors are not necessary anymore.

Moreover, the use of numerical methods and analytical models is becoming an important
alternative for the study and development of temperature variation compensation methods since the
temperature dependence of the PZT’s and structure’s properties can be analyzed separately [32,33].

On the basis of the previous works, the contributions of this paper lie in the following: First, this
work outlines a complete analytical, numerical, and experimental study on the effect of the temperature
on damage detection in pipelines, based on the EMI technique. Second, this study proposes an
innovative approach for compensating the temperature effects on damage detection. The proposed
method eliminates temperature effects through a simples and practical compensation method based on
linear interpolation, which can be applied mainly to structures that present impedance amplitude and
frequency shifts with linear dependence of the temperature and frequency. This paper introduces an
algorithm with a very low computational complexity. The proposed method aims to use a minimum
number of previously stored baselines. Third, this study examines two different damage metric
indices (RMSD and CCDM indices) to evaluate damage detection in tubular structures. Finally, the
feasibility of the proposed computational algorithm is verified by monitoring healthy and damaged
structures under temperature-varying condition. The proposed method was tested in two steel pipes,
compensating the temperature effect ranging from −40 ◦C to +80 ◦C, with analysis on the frequency
range from 5 kHz to 120 kHz.

2. EMI Technique and the Effect of Temperature

The EMI technique is based on the piezoelectric effect, which allows establishing a relation
between the mechanical properties of the host structure and the electrical impedance of the PZT
transducer attached to the structure. This relation states that any change in the mechanical impedance
of the structure will produce a variation in the electrical impedance measured through the PZT
transducer. The electromechanical interaction of a PZT patch with its host structure is described by
Equation (1) [8,20,23,34]:

Y = Z−1 = iω.
Wala

ha

(
εT

33(1− δi) −
1

1 + (Za(ω)/Zs(ω))
. d2

3x. YE
xx

)
(1)
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where Y is the electrical admittance (inverse of impedance Z), Za is the mechanical impedance of
the PZT, Zs is the mechanical impedance of the structure, YE

xx is the Young’s modulus of the PZT at
zero electric field (inverse of compliance), d3x is the piezoelectric strain constant at zeros stress, εT

33
is the permittivity at zero stress, Wa is the width of the PZT, la is the length of the PZT, and ha is the
thickness of the PZT. The parameter δ is the dielectric loss factor. As mentioned before, temperature
changes cause significant variations on the electrical impedance [16,23,32,35]. That occurs because the
properties of the structure and the PZT, represented by the parameters in Equation (1), are affected by
temperature [36,37].

2.1. Effect of Temperature on Parameters of the PZT

The piezoelectric ceramic parameters are highly dependent on temperature. The dielectric constant
εT

33 is known to vary significantly with temperature [21,23]. Usually such dependence is nonlinear, but
it may be characterized by a quadratic or cubic function. The Young’s modulus at zero electric field of
PZT, YE

xx, is known to be slightly temperature dependent and it is affected by changes in the electric
field [23,36]. Also, the piezoelectric coupling constant, d3x, in the arbitrary x direction at zero stress, is
known to vary slightly with temperature. An increase in temperature leads to a very minimal increase
in d3x [23]. Due to the thermal expansion coefficient, the PZT dimension, represented by Wa, la, and ha,
varies with temperature. Although such variations do affect the PZT operation, most parameters can
be modeled as linearly temperature dependent.

To characterize the behavior of the resonance frequencies depending on the temperature, each of
the parameters is represented by one type of function, linear or quadratic, considering the observed
variation. Besides that, considering the complexity to represent impedances Za and Zs on Equation (1)
as a function of frequency and temperature, the authors use the following equivalent equation:

[1 + (Za(ω)/Zs(ω))]
−1 = (a1 + b1ω)(a2 + b2T) (2)

where a1, b1, a2, and b2 are only constants.
Deriving the expression proposed on Equation (2) in relation to ω and equaling to zero, the

resonance frequencies are obtained. An approximation that specifies the frequencies of resonance as a
function of the temperature, according to the requirements of Equation (2) is given by:

ω = a3 + b3T (3)

where a3 and b3 are only constants.
For a more precise analysis, real data obtained from each parameter would have to be considered,

but unfortunately piezoelectric materials manufacturers do not provide such information. The linear
temperature dependence of the resonance frequencies, Equation (3), will be evaluated when analyzing
the experimental and simulated results.

In this work, for the development of a PZT/structure coupled system model considering the
effect of temperature, it was necessary to characterize the main temperature-dependent parameters
of both structure and PZT. To adequately model the piezoelectric materials, information on all its 13
independent parameters must be provided [38]. The values of the material’s coefficients in relation
to temperature, for the EC-65 PZT (which is the equivalent of a PZT 5A), were obtained from [37].
Based on these results, the values of the following parameters were computed, ranging from −40
◦C to +80 ◦C: d15, d31, d33, SE

11, SE
12, SE

33, SE
44, εT

11 and εT
33. On the other hand, regarding the density and

mechanical Q factor, their values were not characterized as a function of temperature, so the values
provided by the manufacturer at room temperature were considered. The elasticity coefficient SE

66 was
calculated according to [39], as follows:

SE
66 = 2(S11 − S12) (4)
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2.2. Effect of Temperature on Parameters of the Structure

The second term of Equation (1) includes the mechanical impedance for both PZT (Za) and host
structure (Zs). When the PZT is bonded to the structure, Za is fixed and, therefore, Zs exclusively
determines the contribution of the second term for impedance final value. The contribution of the
second term is shown in the spectrum of impedance as sharp peaks on the electrical impedance.
Since such peaks correspond to a specific structural resonance, they constitute a unique description
of the dynamic behavior of the structure [23]. Thus, considering that Zs depends on the excitation
frequency and temperature and that the Young’s modulus of the structure varies slightly in relation
to the temperature [23,40], the effect of the variation of Zs is an alteration of the resonance peaks,
producing, especially, a frequency shift. Therefore, to take in account the temperature dependence of
the structure, the density of the steel as a linear function of temperature and its thermal expansion
coefficient, 12 × 10−6 ◦C−1, were used on the simulation.

2.3. Correlation Coefficients to Compare Simulated and Experimental Responses

To validate the electrical impedance measurements, the coefficient of correlation of Pearson (CC)
was used in both experiment and simulation. The coefficient of correlation of Pearson (CC) is usually
used to measure the degree of correlation between two variables of metric scale. Thus, Equation (5) is
used to assess the degree of correlation between the two electrical impedance signatures ZE and ZS,
obtained through simulation and experimentally, respectively. ZS and ZE are the average values of
these signatures for the selected frequency range (ωI to ωF).

Cc =

∣∣∣∣∣∣∣∣∣
∑ωF

k=ωI

[
ZS(k) −ZS

] [
ZE(k) −ZE

]
∑ωF

k=ωI

[
ZS(k) −ZS

]2 ∑ωF
k=ωI

[
ZE(k) −ZE

]2
∣∣∣∣∣∣∣∣∣ (5)

On the other hand, there is the coefficient of correlation of Spearman, which is also used to compare
and validate two results. Such coefficient, frequently described as “non-parametric”, is generally used
to relate linear and nonlinear systems. A perfect Spearman correlation occurs when the variables ZE

and ZS are related to any monotonous function, in contrast to Pearson’s correlation, which gives a
perfect correlation when ZE and ZS are related by a linear function. Thus, Equation (6) is used to assess
the coefficient of Spearman.

rs = 1− 6
∑n

i−1[ZE(i) −ZS(k)]
2

n(n2 − 1)
(6)

When applying Equations (5) or (6), an analysis of the coefficient of correlation is done, CC or rs. To
obtain a very strong positive correlation, the value must be between 0.80 and 1.00 [41].

3. Simulations and Experimental Validation

Modeling through finite elements analysis (FEA) allows computationally assessing how the
system reacts to real-world stimuli, such as vibration, temperature, fluid flow, and other physical
effects. To do so, there exist a great number of software packages, such as ANSYS, Atila, Comsol,
PZFlex, ABAQUS, etc. The PZFlex® is a commercial software package for FEA and virtual prototyping,
focused on time domain analysis and wave propagation problems, with emphasis on electromechanical
materials, such as piezoelectric ceramics [42]. However, the application of a software to implement a
FEA model requires detailed knowledge of the system and its parameters to be modeled.

Focusing on efficiency and availability, in the present work the PZFlex was used to model, simulate
and study the effect of the temperature variation in steel-pipe/PZT coupled systems, with or without
damage, based on the EMI technique. Computational algorithms were developed to model and
execute simulations, recursively adjusting the values of the parameters dependent on the temperature,
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previously calculated for the range from −40 ◦C to +80 ◦C. After each simulation, a PZT electrical
impedance spectrum is obtained and, next, the temperature is changed.

3.1. Experimental Setup and Simulation Models

Two steel pipes of different sizes with PZTs patches attached to were modeled and simulated using
PZFlex software, as shown in Figure 1. Both simulated structures were based on the real structures
pipe/PZT indicated in Figure 2. In the software, only healthy structures were modeled and simulated;
in the experiments, however, healthy and damaged conditions were tested. Damage was generated in
each structure by attaching masses to their external surface. Figure 2 shows the PZTs and damage
bonded to each structure as well as the damage locations. The dimensions and characteristics of the
materials employed in the simulations and experiments are described in Table 1.

Figure 1. Models of steel- pipe/PZT systems: (a) pipe-1 and (b) pipe-2.

Figure 2. Steel- pipe/PZT real systems: (a) pipe-1; (b) pipe-2; and (c) Environmental chamber.
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Table 1. Types of materials and dimensions of the structures, PZTs, and damage.

Material Name Dimensions

Steel pipe pipe-1 Length: 40 cm; external diameter: 4.7 cm;
thickness: 1 mm

Steel pipe pipe-2 Length: 15 cm; external diameter: 12 cm;
thickness: 2 mm

PZT patch PZT-1 Piezo Systems PSI-5A4E model, of 3 cm × 5
mm × 0.508 mm

PZT patch PZT-2 Piezo Systems PSI-5A4E model, of 3 cm × 7
mm × 0.508 mm

Mass damage-1 Non-destructive damage: steel mass of 6.5 g,
of 12.5 × 11.7 × 6 mm3

Mass damage-2 Non-destructive damage: steel mass of 4 g, of
5 × 5 × 10 mm3

To simulate the models under the effect of temperature variation and calculate the electrical
impedance signatures of the PZTs bonded to the pipes, the PZT and pipe parameters shown in Table 2
were characterized.

Table 2. Temperature-dependent parameters used in simulations.

Material Temperature-Dependent Parameters: Range −40 ◦C to +80 ◦C
pipe-1 and pipe-2 Young’s modulus, thermal expansion coefficient, density
PZT-1 and PZT-2 Elastic, piezoelectric, and dielectric coefficients From references [37–39]

To measure the electrical impedance of the PZTs bonded to the pipes, under the effect of temperature
variation, experiments were performed in the Laboratory of Control and Intelligent Systems of the
Department of Mechanical Engineering of UNESP/Ilha Solteira. The specimens under test (PZT/Pipes,
Figure 2c) were placed in a SM-8-8200 THERMOTRON climatic chamber. The measurements were
obtained using an impedance analyzer developed by [43], and a USB-6259 data acquisition system from
National Instruments. Measurements for the baseline conditions (healthy pipes) and with simulated
damage, were done for both specimens, varying the temperature from −40 ◦C to +80 ◦C, with steps of
+10 ◦C, for the frequency range from 0 to 125 kHz.

3.2. Correlation Between Experimental and Simulated Electrical Impedance Signatures

The validation of a numerical model requires a comparative analysis between experimental
results and simulated results and, for that, pipe-1/PZT-1 was used as reference. Figure 3 presents the
normalized signatures of electrical impedances obtained experimentally and through a numerical
model implemented using PZFlex, for frequency range from 5 to 30 kHz, since it is the most sensitive
range. The electrical impedances shown in Figure 3 correspond to PZT-1 bonded to pipe-1 and were
obtained at +20 ◦C.

To evaluate the correlation degree between the experimental and simulated signatures of the
electrical impedance (magnitude), as shown in Figure 3, Equations (5) and (6) were used. The values
calculated for the correlation coefficients of Pearson and Spearman, are 0.9968 and 0.9945, respectively.
As previously stated, these values indicate the existence of a very strong correlation between the
analyzed variables.
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Figure 3. Normalized electrical impedance signatures for pipe-1/PZT-1: experimental and simulated.

Therefore, considering that exist a very strong correlation between experimental and simulated
results, it can be concluded that the implemented models “faithfully” represent the behavior of real
structures for purposes of studying the EMI technique, even considering the small discrepancies
observed in Figure 3. Thus, in the following sections, the results of the simulations of the pipe-1/PZT-1
system under the effect of temperature variation obtained using PZFlex will be analyzed.

4. Analysis of the Effect of Temperature Variation Applied to Steel Pipes

The system model composed of the PZT-1 attached to pipe-1, which was simulated and validated
in Section 3, is also used in this section to study and analyze the effect of temperature variation in steel
pipes. The characteristics of the PZT-1 and pipe-1 and the temperature-dependent parameters included
on the simulation were detailed in Tables 1 and 2, respectively (Section 3). Figure 4 shows the numerical
electrical impedance signatures obtained from pipe-1/PZT-1 for different temperatures, ranging from
−40 ◦C to +80 ◦C and for the frequency range from 5 kHz to 125 kHz. As already mentioned,
the results confirm that the electrical impedance signatures shift in frequency and magnitude as
temperature changes.

Figure 4. pipe-1/PZT-1 electrical impedance signatures under the effect of temperature.

To study and understand such effects in a more detailed way, results from three numerical analysis
corresponding to three different cases are analyzed and discussed in the following sections. For each
case, the model is simulated changing the parameters’ values of each material (PZT-1 and pipe-1),
separately and together. For more details and better evaluation, results are presented for only two
narrow frequency ranges: 8.6 kHz to 19.2 kHz and 96 kHz to 106 kHz.
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4.1. Case 1: Changes in the Steel Pipe Properties as a Function of Temperature Variation

In the first case, only the temperature-dependent parameters of the pipe-1 were changed. Figure 5
presents the signatures of the electrical impedances (real parts) for the two narrow frequency ranges
analyzed. In both Figure 5a,b, it is possible to observe that the main effect is a horizontal shift to the
left as the temperature rises. For the peaks located at “low frequency”, plotted between 18.9 kHz and
19 kHz in Figure 5a, the horizontal shift between the signatures measured at −40 ◦C and +80 ◦C is
20 Hz. However, for the “high frequency”, which means for peaks plotted around 98kHz in Figure 5b,
the horizontal shift is 106 kHz.

Figure 5. Horizontal shift of the impedances (real part) pipe-1/PZT-1: (a) at low frequency and (b) at
high frequency.

Thus, as it was expected, the main effect of the temperature in the pipe parameters is a frequency
shift on the electrical impedance signatures. It is also noticed that as the frequency increases, the
horizontal shift also increases. Besides that, it can be observed that there is a small change in the
amplitude of the electrical impedance when the temperature varies.

4.2. Case 2: Changes in the PZT Properties as a Function of Temperature Variation

In the second case, for each simulation, only the PZT-1 temperature-dependent parameters were
changed. Figure 6 presents the signatures of the electrical impedance (real part), for the same two
narrow ranges. It can be observed in both frequency ranges that the amplitude decreases (vertical
shift) as the temperature increases and such shift is more expressive at the resonance peaks. However,
as in the first case, there is also a horizontal shift that cannot be disregarded.

Figure 6. Vertical shift of the impedances (real part) pipe-1/PZT-1: (a) at low frequency and (b) at
high frequency.

Therefore, the conclusion is that the main effect of temperature variation in the PZT parameters is
a vertical shift in the impedance amplitude.
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4.3. Case 3: Changes in the Properties of both PZT and Structure as a Function Temperature Variation

In the third case, for each simulation the temperature-dependent parameters of both PZT-1 and
pipe-1 were changed. Figure 7 shows the signature of the real part of the electrical impedance for the
same two narrow ranges. In this case, as shown in Table 3, there are both horizontal/vertical shifts of
22 Hz/152.35 Ω in “low frequency” and both horizontal/vertical shifts of 155 Hz/118.20 Ω in “high
frequency”, between the signature’s peaks at −40 ◦C and 80 ◦C.

Figure 7. Horizontal and vertical shifts of the impedances (real part) pipe-1/PZT-1: (a) at low frequency
and (b) at high frequency.

Table 3. Horizontal and vertical shifts of the real part of the impedance between the signatures at
−40 ◦C and +80 ◦C.

Studied Case
Horizontal Shift of Peaks Vertical Shift of Peaks

18.9–19 kHz Around 98 kHz 18.9–19 kHz Around 98 kHz

Case 1 20 Hz 106 Hz 0.39 Ω 2.34 Ω
Case 2 2 Hz 49 Hz 152.25 Ω 115.69 Ω
Case 3 22 Hz 155 Hz 152.35 Ω 118.20 Ω

Table 3 presents a summary of the effects of temperature variation in the three cases. The values
of Case 3 indicate that there is a superposition of both effects corresponding to Cases 1 and 2.

The results clearly show a direct relation between the horizontal shifts and the thermal expansion
coefficient of the host structure, as demonstrated by the first case. The horizontal shifts increase
as the frequency does. There is evidence that the amplitude shifts are present when parameters of
piezoelectric material are also changed depending on the temperature, as shown in the second case.
Thus, in the third case, both effects can be simultaneously observed. However, based on the results
of Table 3, it is concluded that the PZT parameters have also influenced, in a lower degree, on the
horizontal shift. Notwithstanding, the parameters of the structure, which are temperature dependent,
practically do not have much influence in the vertical shifts.

The same effects observed in Sections 4.1–4.3 were reached by the analytical temperature-dependent
model proposed in [32] and by the temperature-dependent spectral element model (SEM) model
from [33] when the properties of both PZT and structure were analyzed separately and together.

To develop and apply a compensation mechanism of the temperature effect, it is necessary to
know how the trendlines of the horizontal and vertical shifts would be. The following section studies
3D graphic for a better understanding of these trendlines.

4.4. Analysis of the Impedance Signatures Behavior Through 3D Graphics

To analyze the spatial behavior of the electrical impedance measurements depending on the
temperature in a more detailed way, 3D graphics were plotted. Figure 8 presents two separate views of
a 3D graphic of the impedance magnitude, one view for low frequency and the other for high frequency.
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The magnitude values are represented by a color bar. Figure 9 presents two separate views of a 3D
graphic of the real part, also for two narrow frequency ranges.

Figure 8. Trendlines of the horizontal shift of the impedance magnitude pipe-1/PZT-1: (a) at low
frequency and (b) at high frequency.

Figure 9. Trendlines of the vertical shift of the impedance (real part) pipe-1/PZT-1: (a) at low frequency
and (b) at high frequency.

In Figure 8, analyzing the amplitude of the resonance peaks that stand out by the lighter colors, it
is possible to observe that as the temperature changes, the peaks present frequency shifts with linear
trendlines but which are not parallel throughout the entire range. The trendlines in Figure 8, for low
frequencies, are more vertical, while in Figure 8b, for high frequencies, the trendlines are more tilted.
The conclusion is that the inclinations of trendlines, in relation to the frequency axis, decrease as the
frequency increases.

Moreover, as mentioned, by looking at Figure 8 it is observed that the peaks present linear
frequency shifts as the temperature changes. This behavior reinforces the approximation made in
Equation (3), which specifies the frequencies of resonance as a linear function of the temperature.

Similarly, in Figure 9, analyzing the amplitude of resonance peaks, it can be verified that as the
temperature changes, the trendlines are practically linear; however, the inclinations vary and depend
on the peaks’ amplitude.

Finally, considering the simulation results for the pipe1/PZT-1, to propose new techniques
to compensate the temperature effect, it can be concluded that the frequency shift shows a linear
dependency, both depending on the temperature and frequency. Concerning the vertical shift, the
amplitude changes are approximately linear depending on the temperature change.

5. Effect of Temperature on Impedance-Based Damage Detection

In the EMI technique, two electrical impedance signatures are compared to detect changes in
the dynamic response of the structure. A monitoring signature is compared to a baseline signature,
previously registered as a healthy structure. In the occurrence of damage, the monitoring signature
will exhibit horizontal and vertical shifts in relation to the baseline signature. However, according to
the literature and to the analysis presented in this work, the damage detection systems based on EMI
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present a strong dependence on temperature, and, therefore, any change associated with a temperature
variation can be confused with damage, which means the detection of a false positive.

For comparing both signatures, there are statistic indices or damage metric indices, normally
based on the CCDM and RMSD. Overall, the CCDM index is more sensitive to changes in the shape of
the impedance signature and the RMSD is more sensitive to variations in amplitude of the impedance
signature. The smaller the metric values, the “closer” are the signatures [23].

In this section, to calculate the CCDM and RMSD indices, the monitoring and baseline signatures
obtained experimentally for pipe-1/PZT-1 were compared. The reference baseline signature was
measured at +20 ◦C. The monitoring signatures were measured in two different situations. First,
three baseline signatures were obtained only changing the temperature to +40 ◦C, +60 ◦C and +80 ◦C.
Second, with the damage-1 attached to the structure, the monitoring signature was also measured at
+20 ◦C. Figure 10 shows the indices calculated for the frequency range from 5 kHz to 40 kHz.

Figure 10. Damage metrics and the effect of temperature pipe-1/PZT-1: (a) RMSD and (b) CCDM.

In Figure 10, it is observed that the real damage (red bar) presented a RMSD value lower than the
values obtained by only changing the temperature, and a CCDM value very close to those obtained
due to the temperature variation. In other words, in a real scenario, the temperature variation can
cover real damage and it can also indicate false damage. The values of the indices get higher as
the temperature increases. The same was observed when the temperature decreases, with the most
significant differences registered for temperatures under 0 ◦C.

Therefore, for the EMI technique to be effectively employed, it is extremely required that the SHM
systems include techniques or mechanisms to compensate the effects of temperature variation in the
electrical impedance measurements from PZT sensors. In the following section, two mechanisms to
perform the compensation of the temperature effect are presented.

6. Compensation of Temperature Effect in Impedance-Based SHM Systems

As exposed in the literature, several researchers have proposed solutions to compensate the
temperature effect, but each of them indicates some restrictions, such as limitation for frequency and
temperature ranges, the need for a large number of signatures and, in some cases, algorithms with high
computational load. In this sense, the main challenge is still the search for new models to effectively
compensate the temperature effect over wide frequency and temperature ranges.

Thus, considering the discussions of Sections 4 and 5, in this section, two algorithms to compensate
temperature effects are presented. Based on all numerical analysis, the vertical shifts are assumed to
be linearly dependent of temperature and the horizontal shifts are assumed to be linearly dependent
of temperature and frequency. It is known that these dependences could be nonlinear for other
structures; however, since for the simulated structures the linear dependence was observed, the linear
compensation method explained in this section was established. The proposal also considers that in
fact, there are structures or systems, such as aircraft for instance that operate in extreme temperatures.

51



Sensors 2019, 19, 2802

For the application of the method, at least two reference baseline signatures measured at different
temperatures (BLT1 and BLT2) should be registered and stored before monitoring the structure. The
method consists of estimating, based on a reference baseline, a new baseline (BLcomp) for the temperature
of operation (Top), in which the monitoring will be performed. First, one of the reference signatures is
compensated in frequency until reaching the temperature of operation. Next, the compensation in
amplitude is made.

In the following sections, two algorithms to compensate the temperature effect are presented: the
first one is to compensate the frequency shifts (horizontal compensation), while the second compensates
for the amplitude variations (vertical compensation).

6.1. Algorithm to Compensate the Frequency Shifts: Horizontal Compensation

From the conclusions of Sections 4.1, 4.3 and 4.4, two important aspects that aim at properly
compensating the frequency shift are highlighted. The first is that the electrical impedance signature
suffers a horizontal shift to the left as the temperature increases and vice-versa as shown in Figure 7.
The second is that the impedance values range throughout a linear trendline as the temperature
changes, but the inclination depends on the frequency. In this case, the higher the frequency, the
smaller the inclination, as shown in Figure 8.

Therefore, Figure 11 illustrates the information of two resonance peaks, identified as A and B for
temperature T1 and, identified as A* and B* for temperature T2. These peaks should correspond to two
reference baselines, known and measured at temperatures T1 and T2. In the figure, FAT1 and FAT2 are
the frequencies of peak A obtained at temperatures T1 and T2, respectively, while FBT1 and FBT2 are the
frequencies of peak B obtained at temperatures T1 and T2, respectively.

Figure 11. Geometric representation of frequency shifts.

Thus, the goal is to calculate the frequency shift and determine the new FPTx, frequency of a given
impedance measurement P, measured at the temperature Tx. In the method, once P is chosen, first, the
frequency of P* should be calculated. In this case, P corresponds to a signature obtained at T1 and P*
a signature obtained at T2, where FPT1 is the frequency of P obtained at temperature T1 and FPTx is
the frequency that would correspond to P at temperature Tx. Then, according to Figure 11, while the
frequency of P might vary between the frequencies of A and B for the temperature T1, the frequency of
P* may vary between the frequencies of A* and B* for the temperature T2.

For this, Equation (7) defines the proportion between the frequency shifts from A to P and from A
to B.

FPT2 − FAT2

FBT2 − FAT2
=

FPT1 − FAT1

FBT1 − FAT1
(7)

From Equation (7) and isolating FPT2, in Equation (8) the frequency of P can be calculated for the
temperature T2.

FPT2 = FAT2 + (FBT2 − FAT2).
(FPT1 − FAT1)

(FBT1 − FAT1)
(8)
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In the triangle-rectangle that has as hypotenuse P − P*, the equivalences presented in Equations (9) can
be similarly obtained:

FPT1 − FPTx

FPT1 − FPT2
=

TX − T1

T2 − T1
or

FPTx − FPT2

FPT1 − FPT2
=

T2 − TX

T2 − T1
(9)

Therefore, based on (9), isolating FPTx, in (10) there are two alternatives to calculate the frequency
of P for the temperature of the operation Top = TX.

FPTx = FPT1 − (FPT1 − FPT2).
(TX − T1)

(T2 − T1)
or FPTx = FPT2 − (FPT1 − FPT2).

(TX − T2)

(T2 − T1)
(10)

The use of the first expression (left side) is recommended if the temperature T1 is closer to Top. However,
if the temperature T2 is closer to Top, it is recommended using the second expression (right side).
The process is iterative; therefore, it must be repeated for all frequency samples, in other words, the
impedance measurements that are intended to compensate. Nevertheless, it is clear that the process of
horizontal compensation depends on the frequency.

6.2. Algorithm to Compensate the Amplitude Shift: Vertical Compensation

Based on the finding of Sections 4.2–4.4, to compensate the amplitude shift, there are two
hypotheses. The first is that the impedance amplitudes vary linearly with temperature, since, as the
temperature increases, the amplitude decreases following a linear trendline. The second is that the
higher the amplitude, the bigger the vertical shift. Therefore, for the amplitude compensation, a shift
is applied for each frequency sample, depending on the temperature and on the amplitude of both
reference baseline signatures aligned in frequency. For this reason, the horizontal compensation must
be performed first.

Then, Figure 12 illustrates the information of just one resonance peak, identified as A1 and
A2, which corresponds to the reference baseline signatures, registered at temperatures T1 and T2,
respectively. Before applying the method, the reference baseline signatures should be aligned in
frequency, in other words, the frequencies of A1 and A2 should be the same. This way, for the first
hypothesis, A1 and A2 belong to the same line. Therefore, for the same frequency sample, the (Ax)
amplitude for any operation temperature (Tx) will be also located at the straight line.

Figure 12. Geometric representation of the amplitude shifts.

Applying the similarity of triangles, Equation (11) is defined, in two ways, as the proportion
between the amplitude shifts as a function of temperature.

A1 −AX

TX − T1
=

A1 −A2

T2 − T1
or

AX −A2

T2 − TX
=

A1 −A2

T2 − T1
(11)

From Equation (11), isolating AX, in Equation (12) there are two alternatives to calculate the amplitude
for the temperature of operation Top = TX.
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AX = A1 + (A1 −A2).
(T1 − TX)

(T2 − T1)
or AX = A2 + (A1 −A2).

(T2 − TX)

(T2 − T1)
(12)

In this case, it is also recommended using the first expression (left side), if the temperature T1 is
closer to Top. However, if the temperature T2 is closer to Top, it is recommended using the second
expression (right side). The process is iterative and should be repeated for all frequency samples, i.e.,
the impedance measurements that are intended to compensate.

7. Results and Discussions

This section presents the results of the compensation method applied to two PZT/pipe structures
presented in Section 3.1. The proposed method was tested using the electrical impedance signatures
obtained experimentally and through simulation. Damage detection was performed using metrics
based on CCDM and RMSD indices. For the results obtained with the PZFlex simulator, in the cases
analyzed in Section 4, the compensation of the temperature effect using two algorithms were tested. In
Section 7.1, the horizontal shifts observed on Case 1 and Case 3 are compensated, while in Section 7.2,
the vertical shifts observed on Case 3 are compensated.

The complete method (horizontal and vertical compensation) was also applied to the experimental
results obtained for the pipe-1/PZT-1 and pipe-2/PZT-2. The results of the compensations are presented
in Section 7.2; Section 7.3 includes the damage detection evaluation by the RMSD and CCDM indices.

7.1. Horizontal Compensation

Figures 13 and 14 show the results obtained after compensating the frequency shift of the
impedance (real part), from baselines calculated by the simulator. For a better visualization, the results
are only presented for narrow frequency ranges; the left-side figures for low frequency and right-side
figures for high frequency. Figure 13 shows the results obtained for Case 1 and Figure 14 for Case 3.
For the compensations exhibited in Figures 13 and 14, the reference baselines (BLT1 and BLT2) were
obtained at −40 ◦C and +80 ◦C, respectively.

Figure 13. Horizontal compensation—Case 1 (Simulation) pipe-1/PZT-1: (a) at low frequency and (b)
at high frequency.
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Figure 14. Horizontal compensation—Case 3 (Simulation) pipe-1/PZT-1: (a) at low frequency and (b)
at high frequency.

In Figures 13a and 14a, the baseline obtained at −40 ◦C was horizontally compensated for +40 ◦C
(red line). On the other hand, in Figures 13b and 14b, the baseline obtained at +80 ◦C was compensated
for +40 ◦C (red line). In all cases, the compensated signatures practically coincide with the baseline
obtained at +40 ◦C (blue line), which indicated that the horizontal compensation method works.

To check the horizontal compensation model with experimental results obtained for the pipe-1,
Figure 15 shows electrical impedance baselines (magnitude) obtained at +20 ◦C (BLT1) and +80 ◦C
(BLT2) horizontally compensated to +40 ◦C, i.e., both signatures are aligned with the frequency of the
baseline measured at +40 ◦C. This important step allows estimating the signature compensated in
amplitude for the operation temperature (Top = +40 ◦C). Thus, for each frequency sample, Equation
(12) can be applied, estimating new elements of compensated signatures from the reference baselines
of BLT1 and BLT2. It is easily verified that the peaks of the compensated impedances are aligned to
peaks of the baseline measured at +40 ◦C (green line).

Figure 15. Horizontal compensation for pipe-1/PZT-1 (Experiment).

7.2. Complete Compensation: Horizontal + Vertical

Figure 16 presents, only for two narrow frequency ranges, the compensated results obtained for the
real part of the impedance, from baselines calculated by the simulator in Case 3. The reference baselines
BLT1 and BLT2 were obtained at +20 ◦C and +80 ◦C, respectively. The signature was compensated for
Top = +40 ◦C from BLT1. To check the efficacy of the compensation, the baselines obtained for the same
Top (blue line) are presented.
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Figure 16. Complete compensation from +20 ◦C to +40 ◦C—Case 3 (Simulation) pipe-1/PZT-1: (a) at
low frequency and (b) at high frequency.

Figure 17 presents the results for the complete range from 5 kHz to 120 kHz, attesting that the
method works for wide ranges. The figure shows the signatures compensated for Top = −40 ◦C and
Top = +60 ◦C from a reference baseline obtained at +20 ◦C. Thus, for both cases, BLT1 was obtained at
+20 ◦C and BLT2 was obtained at +80 ◦C. Therefore, to qualitatively validate the performance of the
proposed method, once again, it is noticed that when compared to the baselines obtained at the same
Top (green line), both signatures are extremely similar.

Figure 17. Complete compensation—Case 3 (Simulation) pipe-1/PZT-1: (a) from +20 ◦C to −40 ◦C and
(b) from +20 ◦C to +60 ◦C.

Figures 18 and 19 present the results after the complete compensation of the experimental results
of pipe-1 and pipe-2, respectively. The frequency range from 10 kHz to 30 kHz was chosen because
this range presents the biggest resonances peaks, facilitating the assessment. For the compensations
exhibited in these figures, BLT1 and BLT2 were obtained at −40 ◦C and +80 ◦C, respectively. Figures
18a and 19a have compensated signatures for Top = −20 ◦C from BLT1. Figures 18b and 19b have
compensated signatures for Top = +40 ◦C from BLT2.

Figure 18. Complete compensation for pipe-1/PZT-1 (Experiment): (a) from −40 ◦C to −20 ◦C and (b)
from +80 ◦C to +40 ◦C.
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Figure 19. Complete compensation for pipe-2/PZT-2 (Experiment): (a) from −40 ◦C to −20 ◦C and (b)
from +80 ◦C to +40 ◦C.

The results show the efficacy of the compensation method, when applied to real pipe structures.
Compensated signatures are very close to the baselines obtained at the same temperature of operation.
However, it is noticed that there are peaks in the signatures showing notorious differences. This can be
explained by the fact that there are secondary effects on the experimental measurements (instruments,
materials and accessories), which are not observed in the results presented by the simulator (Figure 17).

7.3. Damage Detection Under the Effect of Temperature Variation

Monitoring a structure to detect damage with the EMI technique, without applying any temperature
effect compensation method is generally performed through the CCDM and RMSD indices, which are
calculated by comparing both monitoring and baseline signatures. The monitoring signature is obtained
at the temperature of operation (Top), while the baseline is typically registered at room temperature for
a healthy structure. However, to avoid false positives, in real applications, it is necessary to compensate
the baseline for Top before calculating the indices. In this way, this section presents some results of
damage detection under temperature effect for the results obtained on the experiments.

Firstly, the monitoring is performed in the healthy pipe-1/PZT-1 structure, only under the effect
of temperature variation. Then, the monitoring is performed after sticking mass on the structure
(damage-1 indicated in Table 1, Section 3.1), also under the effect of temperature variation. All the
monitoring is performed at the temperature of operation (Top). For the compensation, from the
reference baseline signature (BLref), the compensated signature (BLcomp) must be generated for the Top

temperature. In this case, the BLref was collected at Tref = +20 ◦C, which is close to room temperature,
but it could be measured at any other temperature. However, to improve the efficacy of the method,
the use of a registered baseline at a temperature closer to Top is recommended.

To assess the structural condition of pipe-1/PZT-1 and pipe-2/PZT-2, the CCDM and RMSD indices
are calculated comparing the baseline BLcomp to the monitoring signature. The indices presented in
Figures 20 and 21 were calculated for the frequency range from 10 kHz to 30 kHz and for different
temperatures of operation −20 ◦C, +40 ◦C and +60 ◦C. Part (a) presents the indices for the healthy
structure, only under the temperature effect; part (b) has the indices for the damaged structure and
under the temperature effect. The red bars indicate indices calculated without compensation, in
which the baseline signature corresponded to BLref; the blue ones indicate indices calculated after
compensating the temperature effect, in which the baseline signature corresponded to BLcomp. When
applying the compensation for each Top analyzed in Figures 20 and 21, for Top = −20 ◦C, BLT1 was
measured at −40 ◦C and BLT2 was measured at +20 ◦C, while for Top = +40 ◦C and Top = +60 ◦C, BLT1

was measured at +20 ◦C and BLT2 was measured at +80 ◦C.
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Figure 20. Damage index to assess the pipe-1/PZT-1 structural condition—Experiment: (a) without
damage and (b) with damage.

Figure 21. Damage index to assess the pipe-2/PZT-2 structural condition—Experiment: (a) without
damage and (b) with damage.

The results in red shown in Figures 20 and 21 indicate that the values of the indices calculated for
the healthy structures without applying the compensation method are comparable to those obtained
for the damaged structure, which would make any damage detection in a SHM system impossible.
However, the results were different when the monitoring was made after applying the compensation
method. In this case, the values of indices, for a healthy structure, are considerably smaller than for the
damaged structure, even though some peaks in the signatures show notorious differences, as already
mentioned. This proves the performance of the proposed method, making it possible to define a
threshold to identify when one structure is damaged or when there is only variation in temperature. It
should be highlighted that the CCDM index is more sensitive to damage, as expected.

Another point that should be highlighted is that the proposed method aims to use a small number
of baselines previously stored, since it is difficult to obtain a large set of signatures. It contrasts to
other methods, such as those based on radial basis function network (RBFN), where it is necessary
to collect many signatures to train the network and obtain satisfactory results [27]. However, if it is
possible to collect a vast number of baselines at different temperatures for structures with nonlinear
dependences, it is suggested the evaluation of the linear method proposed, due to its simplicity and
lower computational load. As already mentioned, when various reference signatures are used, the
ones closer to the operating temperature should be used to get more precise results. Therefore, if there
are reference baselines close to the operating temperature, the results may be satisfactory even for
nonlinear dependences.

8. Conclusions

The present work has two important contributions related to EMI-based SHM systems, regarding
the use of steel pipes. First, by modeling using finite elements, the EMI behavior under the temperature
effect in two different situations are characterized, changing the values of PZT or/and pipe parameters
as a function of temperature. Second, it proposes a new method to compensate the effect of
temperature variation.
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Initially, a numerical model was developed using the PZFlex® software. The results obtained
from the experimental measurements and from the software were strongly correlated. Therefore, using
a simulator, the alterations to the EMI signatures due to temperature variation were investigated and
characterized. It was verified that by only changing the parameters of the steel pipe as a function
of temperature, there is a frequency shift of the impedance to the left, as the temperature increases,
and there is practically no variation in amplitude. However, changing the PZT parameters, it was
observed that there are alterations in the EMI signature amplitudes and shifts in frequency. Finally,
when changing the parameters of both pipe and PZT, the effects are added to each other.

Secondly, a new approach was developed to compensate the temperature effect in SHM, with
application to steel pipes and by using two computational algorithms. The first one was used to
compensate the frequency shifts, which vary linearly depending on the frequency and temperature.
The second one was used to compensate the amplitude shifts, which vary linearly according to the
temperature. Both algorithms can be easily implemented in any SHM system, embedded or not. Lastly,
the metric indices CCDM and RMSD were used for evaluating the damage detection on pipe structures.
The method was successfully tested for compensating the temperature effect of two steel pipes, both
real and simulated, for temperatures ranging from −40 ◦C to +80 ◦C and for a frequency range from 5
kHz to 120 kHz.

In conclusion, this work conducted a complete analytical, numerical, and experimental study on
temperature variation in EMI-based SHM systems applied to pipelines. The study also presented an
original and efficient approach based on linear interpolation to compensate the effect of temperature
variations in practical applications. The proposed method presents low computational complexity
and aims to use a minimum number of previously stored baselines. Even though the tests were
performed in steel pipes, the proposed method can be used in any SHM system (EMI-based), provided
that the structure presents impedance amplitude and frequency shifts with linear dependence,
regardless the structure type. The results obtained for the pipe structures attested the feasibility of
the proposed computational algorithm in increasing the precision of damage detection on structures
under temperature-varying condition.

Despite the promising results, the need for future works remains to better monitor the structures
under the temperature-varying conditions. In addition, the proposed compensation algorithm should
be improved to address more effectively the temperature effect compensation in structures that present
vertical and horizontal shifts with nonlinear temperature and frequency dependences. Therefore,
to achieve this goal, the authors are working on a temperature compensation proposal that uses
polynomial interpolation by means of simple equations and low computational load.
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Abstract: There is a large risk of damage, triggered by harsh ocean environments, associated
with offshore structures, so structural health monitoring plays an important role in preventing the
occurrence of critical and global structural failure from such damage. However, obstacles, such as
applicability in the field and increasing calculation costs with increasing structural complexity, remain
for real-time structure monitoring offshore. Therefore, this study proposes the comparison of cosine
similarity with sensor data to overcome such challenges. As the comparison target, this method
uses the rate of changes of natural frequencies before and after the occurrence of various damage
scenarios, including not only single but multiple damages, which are organized by the experiment
technique design. The comparison method alerts to the occurrence of damage using a normalized
warning index, which enables workers to manage the risk of damage. By comparison, moreover,
the case most similar with the current status is directly figured out without any additional analysis
between monitoring and damage identification, which renders the damage identification process
simpler. Plus, the averaged rate of errors in detection is suggested to evaluate the damage level more
precisely, if needed. Therefore, this method contributes to the application of real-time structural
health monitoring for offshore structures by providing an approach to improve the usability of the
proposed technique.

Keywords: damage detection; cosine similarity; structural health monitoring; system identification;
structural integrity assessment

1. Introduction

In the history of offshore operations, various hazards have led to accidents with severe
consequences, ranging from oil spills to the death of people. Among them, structural problems,
such as damage and failure triggered by fatigue, corrosion, wear, etc., are considered as one of the
main causes. For example, it is officially known that the root cause of the capsizing of the Alexander L.
Kielland platform was a crack on a brace induced by fatigue [1], as shown in Figure 1. On this point,
structural health monitoring (SHM) and damage detection can be an effective solution to prevent such
hazardous events.
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Figure 1. Alexander L. Kielland and capsize of it [2].

Moreover, an innovative trial for an unmanned and automated system in current offshore
development, for instance, the Valemon and K-15 platform [3], would obviously increase the necessity
of an automatic SHM based on real-time field monitoring during operation. In fact, accurate and
time-continuous structural integrity monitoring technology will be needed to support immediate
and correct decision-making of the new system since the unmanned condition would make action
delayed in any unexpected situation, compared to the conventional management by workers residing
on the platform.

On the other hand, SHM technology has not yet reached an adequate stage for complete real-time
integrity diagnosis of an offshore structure [4], although this research field is growing. In fact, SHM
has developed a wide range of applications in industrial fields, e.g., buildings, bridges, wind turbines,
aircrafts, and so on. For instance, a new approach to detect the tendon damage of pre-stressed concrete
(PSC) bridges based on a convolutional auto-encoder has recently been proposed, and it is applicable
for multiple vehicles under severe damage conditions [5]. One very popular approach to traditional
SHM is vibration-based damage detection [6] using modal parameters, such as natural frequencies
and mode shapes. In recent years, the classical technique has evolved into statistical time series SHM
methods [7], and is further faced with the beginning of the big data, which is still quite challenging [8],
but may be more applicable to real-time SHM during operation.

For big data relevant SHM, several studies have been performed lately. Above all, the concept and
procedure of SHM were comparatively analyzed in aspects of the big data, and the process of the big
data relevant SHM was summarized, including data cleansing, dimensionality reduction, data fusion
and feature extraction, feature classification, outlier detections, and prediction [9]. Cremona and Santos
categorized SHM into two approaches, inverse and forward strategies [10]. While the former was
introduced as the most popular method, today, based on model updating or system identification (SI),
the latter was mentioned as the opposite of the previous approach because it only requires measured
data but not any numerical or analytical model. Therefore, it was considered that the data-driven
method is very prospective since it would be more suitable for the real-time analysis of large-scale
structures for SHM as well as being more involved with the philosophy of big data [10]. As an example
of relevant research, a fully data-driven SHM method for bridges was recently presented, which

64



Sensors 2019, 19, 3047

applied tensor analysis techniques to acquire multi-dimensional sensor data for data fusion and feature
extraction [11].

From a technical point of view based on data science, meanwhile, Matarazzo, et al. showed that
the calculation accuracy of modal parameters and damage diagnosis was not improved proportionally
with the number of sensors [12]. As an example, it was shown that an 8 and 10 sensor scheme
with proper SHM techniques is enough to identify a simple beam’s modal properties and structural
damages, respectively [12]. Conversely speaking, however, it could be unfavorable for complicated
structures. In detail, the sizes of big data for SHM can be exorbitantly large depending on the number
of members of the structure because output-only SI, i.e., operational modal analysis (OMA), and
algorithms generally require computational costs that increase cubically and linearly with the number
of sensor channels and samples, respectively. Moreover, most offshore structures consist of lots of
members, which means that the number of required sensors would be a lot as well. Consequently, it
causes huge computing costs to increase proportionally with the structural complexity.

To overcome this challenge, two different approaches are possible. One of them is to improve
the efficiency of data driven SHM, for example, to make data analytic techniques consume less time.
Another way is a hybrid method of the conventional inverse SHM and data processing methods to
make the procedure of damage detection more suited for real-time SHM. As for the first, there are some
relevant research studies were performed. Cai and Mahadevan proposed the MapReduce technique for
image data-based online SHM [13]. Moreover, Salehi, et al. showed that it is possible to detect damage
from discretized, noisy, and delayed signals from wireless sensor networks (WSNs) by using artificial
intelligence, particularly pattern recognition and machine learning, with a probabilistic approach [14].
It is obvious that this new data driven SHM would broaden the applicability of real-time SHM to real
fields, but it thus far, it has not been demonstrated that the technique works well for multiple damages.
Further, Sen, et al. proposed an effective data driven SHM method to detect small local damage,
like cracks and corrosions, on a pipe using semi-supervised and supervised machine learning [15]. This
is helpful in on-the-spot inspection over several candidates of places where damages are likely to occur
but would not be suitable for global SHM for offshore structures. Regarding the hybrid approach, on
the other hand, new trials in recent days are briefly summarized. Above all, the fourth-order voltage
statistical moments (FVSMs) method based on piezoelectric measurement with a spectral element
model (SEM) was proposed [16]. The method successfully identified additional mass as well as crack
damages from voltage output in the time domain. However, a total computation cost of almost 5000
s, including a differential evolution algorithm (DEA) to find the optimal solution for damages, is
likely to be relatively huge for real-time SHM. In addition, a damage identification method using
only the first vibration mode data was proposed by Jahangiri et al., and the core idea of it is that it
harnesses the relative discrepancy function (RDF) comprised of relative differences of the natural
frequency and mode shape vector as the object function to identify optimal damage scenarios [17].
It was numerically validated that the method could detect single and multiple damages on several truss
and frame structures as examples. However, experiments are essentially needed to assure whether
the algorithm is applicable to real structures. Lastly, libraries of normal and degradation patterns
from a large available historical database were used to evaluate similarities for fault detection [18].
To be more specific, this method basically came from the non-parametric approach for pattern analysis
and prediction. The merit of this is, hence, that it is less cost-consuming in damage evaluation than
the output-only SI if there are sufficient data accumulated from lots of identical objects during past
operation. This manner can be categorized as a kind of similarity-based method, which is directly
involved with the main topic of this paper. In the case of the offshore industry, however, almost
every offshore structure is customized for their mission and environmental condition in the design
and manufacturing process, which in turn makes the structural characteristics of individuals very
distinctive. This makes accumulated data from other past cases less applicable. Plus, most offshore
fields are far from onshore networks. Therefore, an advantage of an online network system would not
be applied to manage massive amounts of data.
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In order to solve these obstacles, Min et al. proposed a cosine similarity-based damage detection
method for a single damage [19]. The method estimates cosine similarity compared to a database
consisting of sensitivities of rates of change of natural frequencies corresponding to decreases of the
elastic modulus of each element. However, the ability to figure out multi-damages is required for
damage detection, with a view to application for real structures. Therefore, this paper proposes an
improved method capable of monitoring multiple damages simultaneously. In detail, rates of change of
natural frequencies themselves under multiple damage conditions are comprised of the database called
a damage estimation matrix for similarity comparison, instead of their sensitivities for an individual
element, and the rate of errors, on average, is suggested for more accurate identification of damage
severities. The database is built from a well-designed numerical model with appropriate design of
experiment (DOE) methods but not from historical databases. Ultimately, this method pursues a more
convenient estimation for real-time damage evaluation in offshore fields by utilizing cosine similarity
with the operational modal analysis technique rather than data-driven SHM. Consequently, the manner
proposed in this paper provides candidates of possible damage scenarios inclusive of severities and
locations in the order of similarity from simple and fast calculation. Thus, this enables anyone in the
field to take responsibility to recognize and treat potential risks for damage. Therefore, this approach
also contributes to grafting real-time SHM onto remote offshore operations, where it is difficult to
monitor structural integrity in traditional ways due to the poor accessibility of SHM experts, as well as
the capability of multiple damage detection.

2. Methodology

In general, SHM starts from measurement and monitoring so relevant topics have been actively
studied since not only are there many important issues in the step of signal processing, such as noises,
delay of signals, and missed signals, but also the types and characteristics of the measurement system
affect subsequent steps of SHM. For example, the type of sensors for SHM used in aircraft, ranging
from fiber optic sensor, piezoelectric, electro-magnetic, and laser sensors to nanomaterials, and their
monitoring principles were comprehensively enumerated and, in particular, applications of piezoelectric
transducer-based SHM for aircrafts were overviewed [20]. The applicability of piezoelectric wafer
active sensors (PWASs) under severe temperature and radiation conditions for SHM was thoroughly
proved [21]. The sensing range of a piezoelectric interface-based impedance monitoring system for
SHM was numerically and experimentally figured out on plate-type structures [22]. In addition,
Radzieński et al. utilized a laser vibrometer to detect hidden damage in composite plates and it
was verified that the material independency of the non-destructive method is an advantage of the
technique [23]. Regarding a pipe as an example of the structural types widely used for offshore and
aerospace structures, additionally, Wang et al. briefly summed up recent research trends and issues for
sensing and data processing, for instance, saturation and electromagnetic interference of piezoelectric
transducers as well as wiring [24]. Fiber Bragg grating (FBG) sensors were considered as the alternative
way instead of electronic sensors.

On the other hand, this study focuses on subsequent steps of the measurement and monitoring to
make the whole monitoring system more suitable for inspectors and operators offshore in recognizing
and identifying the occurrence of multiple damages regardless of the type of sensors. The entire
procedure can be summarized as shown in Figure 2. The initialization of the FE model update is
literally performed using the result of OMA at the first inspection. In particular, the shaded parts are
the main scope in this study.
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Figure 2. Entire flowchart of cosine similarity-based SHM.

2.1. Damage Individualization: Damage Estimation Vector and Matrix

There are various types of damages, ranging from corrosion and degradation to cracking, and all
types of damages cause a loss of mass, change of material properties, and/or some kind of irreversible
deformation. The most popular way to describe them, in general, is to regard them as a decrease of
stiffness, in particular the elastic modulus. Thus, it is noted that this paper investigates it as well.

With a view to damage detection using similarity, comparison targets are needed, which are
correctly matched to how much a structure is damaged, and various types of responses and structural
characteristics may be theoretically available. Regardless of what is utilized for the comparison,
however, distinct features of an offshore structure rising from customization in design, and large and
small causes in manufacturing and installation may give rise to an uncertainty of the relation between
the targets and damage. Thus, the FE model must be necessarily updated to be fitted to an initial state
and subsequently, a database on the relation of the targets customized for the structure under discretized
damage conditions should be built. In this paper, this process is deemed as damage individualization.

Basically, structural dynamic properties, like natural frequencies or mode shapes, reflect the effect
of structural damage. This is fundamentally because damage leads to a change of the structure, and
subsequently to structural properties, such as stiffness and/or mass, and in turn, the dynamic properties.
In this paper, therefore, natural frequencies, one of the representative dynamic characteristics, are used
to evaluate damage. Particularly, the rate of change in a natural frequency before and after damage of
a pre-updated FE model is considered as Equation (1), and a vector comprised of them from the 1st to
nth mode, which is named the damage estimation vector (DEV) in this study, is utilized as a similarity
comparison target, as shown in Equation (2). For accurate damage identification, it is required the
DEVs are prepared under a variety of damage conditions as the comparison targets. Above all, lots of
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damage cases are designed depending on damage locations and severities based on DOE. Then, modal
analysis is carried out in accordance with DOE, and natural frequencies under the damage scenarios
are acquired. Afterwards, the DEVs are calculated from the natural frequencies and constructed as
a matrix named the damage estimation matrix (DEM), as shown in Equation (3). In other words,
the DEM is a matrix made up of DEVs and plays a role in a sort of damage indices:

zi, j =
f ∗i, j − f j

f j
, (1)

si =
∣∣∣ zi,1 zi,2 · · · zi, j · · · zi,n

∣∣∣T, (2)

S =
∣∣∣ s1 s2 · · · sm

∣∣∣T =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
z1,1 z1,2

z2,1 z2,2

· · · z1,n
· · · z2,n

...
...

zm,1 zm,2

zi, j
...

· · · zm,n

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦, (3)

where i and m is an arbitrary index number and the total number of the designed damage conditions
respectively; j and n is an arbitrary and maximum available mode number, respectively; fj is the jth
natural frequency of the undamaged FE model; f ∗i, j is the jth natural frequency of the FE model in the
ith damage case; zi,j is the rate of change of the jth natural frequency under the ith damage condition;
si is the DEV for the ith damage case; and S is the DEM for all the designed damage conditions.

2.2. Damage Recognition: Normalized Warning Index and Damage Reflection Vector

During operation, a maintenance system of an offshore structure monitors any kind of structural
response, such as strain or acceleration. Regardless of whether it is monitored steadily or not and
regardless of the physical response measured, the collected data is inspected by the OMA techniques,
generally at regular time intervals, and natural frequencies are also cumulatively acquired, as shown
in Equation (4). Then, the rate of change in natural frequencies between two sequential inspection
cycles can be calculated by Equation (5), which is used as a warning index (WI) in this study.

The measured data always includes uncertainties and variations due to a lot of causes, e.g., noise
or change of external factors, so the data and the WI can be thought of as a statistical random variable.
As mentioned before on the relation with the damage and structural dynamic properties, it is evident
that the damage results in unusual natural frequencies, which means that the occurrence of damage
makes the WI distinguishable compared to other previous normal WI values. In other words, from a
statistical point of view, the WI under a damaged condition is much more likely to be in the tail of
the probability distribution of the WIs as the random variable. Based on such an approach, the mean
value and standard deviation of the accumulated WIs until the pth inspection are calculated, and
then a normalized warning index (NWI) is computed by subtracting the mean to the pth WI then
dividing it by the standard deviation, as shown in Equation (6). Finally, the occurrence of damage
is recognized by comparing the NWI with a damage threshold, which is an appropriate value of
the random variable corresponding to the NWI. As an example, assuming that the random variable
follows the standard normal distribution and the damage threshold is 3, 2, and 1, the possibilities of a
damage corresponding to the threshold values is 99.87%, 97.7%, and 84%, respectively, referring to
the standard normal distribution table. Therefore, damage would be perceived if the NWI is larger
than the threshold value at the dth inspection, and in turn, the rates of changes in natural frequencies
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between the d−1th and dth inspections are vectorized, named the damage reflection vector (DRV) in
this study, as shown in Equation (7):
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where k and p is an arbitrary cycle number and the most recent cycle number of the inspections,
respectively; fjk is the jth natural frequency at the kth inspection cycle; dk is the vector of the natural
frequencies at the kth inspection cycle; D is a matrix consisting of all the natural frequencies by the
most recent inspection; WIj

p is the warning index of the jth natural frequency at the pth inspection
cycle; d is the inspection cycle number when a damage is recognized; and h is the DRV at the time.

There are two benefits in this way. The first is that damage recognition can be done only based on
the tendency of the measured data. That is, a baseline FE model is not essential, at least to be aware of
the occurrence of damage. The second merit is, therefore, that it allows this method to be more broadly
applied to real structures. This is because damage can be identified even in the case that there is no
accurate baseline FE model due to an unclear structural state. The fact of the matter is, moreover, a lot
of structures are old and have not been thoroughly monitored for maintenance. Therefore, this method
could be extensively utilized in such cases, although it would be difficult to identify exact places and
levels of damages.

2.3. Damage Identification: Cosine Similarity and Rate of Errors in Detection

Once occurrence of damage is recognized, its locations and severities are identified as soon and as
accurately as possible. Basically, if the damage is exactly the same as one of the damage scenarios,
the DEV and DRV will be identical as well. That is, the similarity between the predefined DEM and
DRV can be used as a key parameter for damage identification. There are various similarity measures,
and Cha comprehensively classified them, ranging from an intersection family and an inner product
family to a fidelity family for comparison of probability density functions. In particular, the inner
product family embraces the inner product, harmonic mean, cosine, Humar–Hassebrook, and Jaccard,
and Dice coefficient [25]. These techniques have also been extensively applied to data mining in recent
years. Especially, the cosine similarity is one of the most popular methods to analyze the features and
tendency of vectorized data based on directional similarity [26]. Mathematically, it is calculated by
normalizing the dot product of two vectors, so the calculation is simple and intuitive. Plus, it also
provides a result listed in the order of similarity, i.e., ranking [27]. Hence, it was employed in this study
for similarity assessment of the DEM and DRV as shown in Equation (8). For instance, if fortunately,
the cosine similarity value is exactly 1, the angle between two vectors is 0, meaning that they have the
same direction. Therefore, accurate damage locations and severities might be directly identified. Even
if it does not, the method also helps an inspector to know which damage conditions among a variety of
cases in the DEM are more similar with the current structural status than the others. Thus, the most
possible damage scenarios would be found. Thus, this approach maximizes the usability of damage
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detection in operation and consequently improves the convenience of workers and inspectors in the
field, as well:

CSi =
si·h
‖si‖‖h‖ =

∑n
j=1 zi, jWId

j√∑n
j=1

(
zi, j

)2 √∑n
j=1

(
WId

j

)2
, (8)

where CSi is the cosine similarity value of the ith DEV for the damage.
On the other hand, the cosine value being exactly 1 is not a frequent occurrence because the

DEM includes not continuous but discretized, i.e., finite, damage cases even though the matrix is well
organized by the DOE technique. As circumstances require, hence, it would be additionally needed
to more precisely assess how much the elastic modulus decreases. For such needs, the real value of
the elastic modulus under the damaged condition is approximately estimated based on previously
defined parameters. To explain, the error rate of the DEV for the DRV, termed as the rate of errors in
detection (RED) in this paper, is proposed as Equation (9). The element of it for an arbitrary jth mode
is calculated under the assumption that the natural frequencies inspected before the damage are the
same as those of the undamaged structure, i.e., fjd−1 = fj, as shown in Equation (10). In detail, the error
rate, gi,j, for the jth mode indicates, as shown in Figure 3, the relation between the unknown elastic
modulus under damage and the elastic modulus of the comparison target case. This relationship also
exists in all available modes, so, as shown in Equation (11), the average of the elements of the vector,
gi, as a representative parameter named the rate of errors on average (REA) in this paper, is used to
estimate the reduced value of the Young’s modulus. More specifically, the top-ranked damage scenario
in the similarity comparison is identified, and damage cases that have the same damage locations but
different damage severities with the top-ranked case must also be ranked highly. Then, the REAs of
the cases within the same damage type are calculated and in turn, how much the REAs are affected
by the damage level for each individual damage location in the group is computed as well. Based
on the rate of changes of the REAs, the value of the elastic modulus that makes the REA zero can be
approximately found by various ways ranging from simple interpolation or extrapolation to various
regression or optimization methods:
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where gi is the rate of errors in detection (RED) of the ith DEV for the damage, gi,j is jth element of it,
and ri is the rate of errors on average (REA) for the ith DEV.
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(a) (b) (c) 

Figure 3. The concept of the rate of errors in detection (RED): (a) gi,j > 0; (b) gi,j = 0; (c) gi,j < 0.

2.4. Damage Scenarios and Meta-Modelling

An essential prerequisite task to perform all these processes heretofore described is to establish
damage scenarios because they are form the guideline to generate the DEV and DEM for the similarity
comparison. Basically, there are two considerations. The first is which locations, i.e., members or
elements of a structure, are selected as damaged, and another is how severe the individual damages
are. From a a fundamental point of view, there are an infinite number of cases for the two factors, so a
reasonable way to effectively organize them is required. To solve such issues, there are many available
DOEs, such as full factorial, central composite, Box–Behnken, Latin square, and Latin hypercube
method, and Cavazzuti (2013) described them in detail [28].

The matter of which method is more proper depends on the characteristics of the structure, e.g., the
number of total members or damageable parts. In this paper, the full factorial method is considered as
the priority since it is known as the most intuitive and understandable way, so it is likely to be suitable
for simple examples for verification. Briefly speaking, this method provides all possible combinations
with considered factors and their levels, so the total number of samples is the number of the levels
raised to the power of the number of the factors. In this paper, the latter corresponds to the number of
elements while the former corresponds to the number of damage severities (or damage levels). To
be more specific, let uss assume that there is a structure consisting of u elements, and the damage
severities per individual elements can be classified into v different levels, including the intactness.
Then, the total number of damage scenarios except the undamaged condition is calculated according to
the full factorial method, as shown in Equation (12). With a view to the reduction of the total number
of scenarios for simplicity, additionally assuming that damage can occur at maximum w locations at
the same time, the total damage cases are calculated as Equation (13):

m = vu − 1, (12)

m =
w∑

l=1

(
uClvl

)
− 1, (13)

where m is the total number of designed damage conditions, u is the total number of elements (or
members) of a structure, v is the number of damage severities, w is the maximum number of damaged
locations, and l is the number of damaged locations from 1 to w.

On the other hand, elements of the DEM are basically calculated from the pre-updated FE model
in accordance with every single damage scenario. However, it would be time-consuming due to the
complexity of an offshore structure. One alternative method to reduce the computational cost in
computation is a meta-model, i.e., the surrogate model. There are various metamodeling methods
used in various fields, such as the neural network, and one of the most prevalent and traditional
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techniques is the response surface method (RSM). The method has also been employed for SHM
ranging from simulation model updating [29–34] to damage identification [35–44] in many studies.
In general, this approach approximately formulates a mathematical relation, especially polynomials,
matching inputs to outputs. Therefore, how well the input data represent the domain space of interest
and which type of math function is chosen to present the potential characteristics of a system are key
factors to ensure the correctness of a meta-model.

3. Verification

3.1. Example Structure: A Portal Frame

This paper validates the proposed method for the 2D portal frame structure illustrated in Figure 4,
referring to a recent study conducted by Umar et al. [45]. In the reference, modal tests were performed
in different damage cases as well as the intact state, and respective natural frequencies from the
first to fourth mode were measured. The elastic modulus of individual segments suitable for the
measured dynamic characteristics was figured out by two steps of the response surface methods in
sequence. In detail, the reference models, i.e., the baseline models, were primarily updated under
the undamaged condition. The models were named as F and FMS1 in the reference. Model F was
made based on only the measured natural frequencies whereas model FMS1 was obtained based on
both the frequencies and mode shapes. Then, another RSM process was started from the reference
state models for damage detection. In the entire procedure, all the FE models were comprised of 2D
elements. Especially, it is interesting that the Young’s modulus of model F is symmetrically distributed
as seen in Figure 5 [45], and the mean error of the natural frequencies for the measured data is much
smaller than the other models.

  
(a) (b) 

Figure 4. Portal Frame: (a) Specification; (b) Segments [45].

72



Sensors 2019, 19, 3047

  
(a) (b) 

Figure 5. Distribution of the Young’s modulus: (a) Updated model F; (b) Updated model FMS1 [45].

Unlike the reference, on the other hand, the beam188 element in ANSYS Mechanical APDL was
utilized to model the structure in this paper. The elastic modulus of each segment was identified
using the genetic algorithm (GA) with MATLAB. The feasible region was bounded within 150 MPa
to 220 MPa, and the objective function was to minimize the root mean square of the error rates of
the natural frequencies as shown in Equation (14). Considering the symmetry of model F, as seen in
Figure 5, the baseline models were both symmetrically and independently optimized under the intact
condition in this paper. Afterwards, the cosine similarity-based damage detection was carried out for
the numerical and experimental results. Table 1 shows the measured natural frequencies [45], updated
natural frequencies under the undamaged condition, and the error rates per mode. The symmetric
model has relatively large errors compared to the independent model. However, it does not mean that
the independent model is more precise because it is just a natural result and, in general, the perspective
of optimization, because more variables provide better convergence. Table 2 shows the optimum
values of the elastic modulus of every segment:

minRMSERROR =

√√√√√
1
4

4∑
j=1

⎡⎢⎢⎢⎢⎢⎢⎣
⎛⎜⎜⎜⎜⎜⎝ f s

j − f m
j

f m
j

⎞⎟⎟⎟⎟⎟⎠
2⎤⎥⎥⎥⎥⎥⎥⎦, (14)

where fjs and fjm are the simulated and measured natural frequency at jth mode, respectively.

Table 1. Natural frequencies in the undamaged state [45] and the corresponding updated results.

Measured Symmetric Model Independent Model

NF (Hz) NF (Hz) Error Rate (%) NF (Hz) Error Rate (%)

1 4.53 4.53 0.00669 4.53 0.00104
2 17.6 17.59 –0.07901 17.59 –0.03555
3 28.3 28.28 –0.06045 28.3 0.00899
4 30.7 30.67 –0.10317 30.72 0.05276

Table 2. Optimal elastic modulus of the intact portal frame (GPa).

Segment 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Esym 186.0 205.9 172.2 202.7 174.4 180.1 165.9 178.6 165.9 180.1 174.4 202.7 172.2 205.9 186.0
Eind 186.9 204.9 179.4 202.1 178.5 201.3 177.1 163.4 213.5 173.2 152.9 195.9 165.3 207.7 181.8
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3.2. Numerical Validation

Two DEMs were constructed based on the updated models. The total number of designed
damage cases (m) was 39,824 with v = 3 (the damage level of 7.5%, 15%, and 22.5%) and w = 3 (the
maximum number of damaged locations), as shown in Equation (13). The damage level was defined
as Equation (15):

Damage level = 100× EDS − EIS
EIS

(%), (15)

where EDS is the elastic modulus of any damaged segment, and EIS is the elastic modulus of the
segment in the intact state. In order to validate the numerical process of similarity comparison, three
damage states were given as seen in Table 3. Table 4 shows the top five cases and corresponding cosine
similarities of the independently updated reference model for the three damage states. As a result, it
was shown that the proposed method detects all three damage conditions.

Table 3. Damage location and severity for numerical validation.

State Segment Number Damage Level

DC1 1 −22.5%

DC3
1 −22.5%
4 −22.5%
9 −15.0%

Table 4. Damage cases ranked in the top five and the corresponding cosine similarities of the
independently updated baseline model.

DC1 DC3

CS Case Seg. 1 Level 2 CS Case Seg. 1 Level 2

1 1.000000 3 1 −22.5 1.000000 1799

1 −22.5
4 −22.5
9 −15

2 0.999997 3251
1 −22.5

0.999996 12561
9 −15

11 −7.5 11 −22.5
14 −15 15 −7.5

3 0.999971 5113
2 −22.5

0.999903 9456
5 −15

9 −7.5 8 −15
14 −7.5 15 −22.5

4 0.999946 3242
1 −15

0.999878 9278
5 −22.5

11 −7.5 7 −22.5
14 −15 15 −15

5 0.999915 3255
1 −22.5

0.999818 3022
1 −7.5

11 −15 9 −22.5
14 −22.5 15 −7.5

1 Seg. is segment number. 2 Unit of level is percent (%).

3.3. Experimental Verification

3.3.1. Verification Process

Table 5 shows the two damage states inclusive of both single and multiple damages [45] and the
corresponding range of damage cases of DEM in this study. As seen in Figure 6 [45], the damages were
applied as saw cuts somewhere in the segments in Table 5, so no one knows the only and absolute
answer for the damage state due to inevitable uncertainties. The best way for verification is to use exact
information, such as widths, depths, and locations of the saw cuts on the coordinate system, but there
is no such detail in the reference. Thus, values of the Young’s modulus of each damaged segment
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should be evaluated as shown in Equation (14) in this paper. Considering the damages, constraints
were set to allow the elastic modulus of the damaged segments to be up to 50% lower than those under
the intact condition in Table 2. The lessened elastic modulus searched for by the GA and the reduction
rates are listed in Table 6. The reduction rates mean the damage severity corresponding to the damage
level in DRV and DEM in this study. Moreover, DRVs were calculated using Equation (7) from the
natural frequencies in Tables 1 and 7, which lists the natural frequencies in the test from [45], and in
turn, the cosine similarities for an individual damage case were computed. This entire procedure is
illustrated in Figure 7. Although there are four available modal data from the experimental results,
it was shown that there is a relatively large error between the natural frequencies of the measurement
and the updated models in the fourth mode as seen in Table 1. Hence, damage detection was conducted
on not only all available modal data but only the first to the third modal data. Therefore, a total of
three detection results within the top five ranked in cosine similarity were comparably analyzed, as
shown in Tables 8–10.

Table 5. Damage state [45] and the range of corresponding damage cases.

State Segment Number of Cuts Range of Damage Cases of DEM

DS1 1 5 1–3

DS3
1 5

1774–18004 5
9 4

 

Figure 6. Example of a saw cut [45].
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Table 6. GA results: elastic modulus (EDSx) and damage severities 1 of damaged segments (GPa, %).

Model Symmetric Model Independent Model

Segment 1 4 9 1 4 9

Units GPa % GPa % GPa % GPa % GPa % GPa %

IS 2 186.0 - 202.7 - 165.9 - 186.9 - 202.1 - 213.5 -
DS1 151.5 −18.57 - - - - 151.7 −18.85 - - - -
DS3 153.5 −17.45 166.3 −17.95 135.1 −18.55 154.3 −17.46 134.5 −33.48 213.4 −0.079

1 Damage severity = 100 × (EDSx − EIS)/EIS like Equation (15). 2 IS means the intact state.

Table 7. Natural frequencies of the damaged frame (Hz) [45].

Mode DS1 DS3

1 4.42 4.41
2 17.5 17.1
3 27.9 27.6
4 30.5 30.4

 
Figure 7. Flowchart of experimental verification for the portal frame model.
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Table 8. The top five damage cases in cosine similarity with the first to fourth natural frequencies of
the symmetric baseline model.

DS1 DS3

CS Case Seg. 1 Level 2 CS Case Seg. 1 Level 2

EDSx - - 1 −18.57 - -
1 −17.45
4 −17.95
9 −18.55

1 0.999934 2 1 −15 0.999880 1787

1 −15
4 −15
9 −15

2 0.999925 3 1 −22.5 0.999788 1800

1 −22.5
4 −22.5
9 −22.5

3 0.999785 160
1 −22.5

0.999779 1735

1 −15

4 −22.5
14 −7.5 7 −7.5

4 0.999764 1929
1 −22.5

0.999646 1789

1 −15
4 −7.5 4 −22.5

14 −22.5 9 −7.5

5 0.999755 52
1 −22.5

0.999511 3901

2 −22.5

4 −15
2 −7.5 9 −7.5

1 Seg. is segment number. 2 Unit of level is percent (%).

Table 9. The top five damage cases in cosine similarity with the first to third natural frequencies of the
symmetric baseline model.

DS1 DS3

CS Case Seg. 1 Level 2 CS Case Seg. 1 Level 2

EDSx - - 1 −18.57 - -
1 −17.45
4 −17.95
9 −18.55

1 0.999995 3 1 −22.5 0.999998 4643
2 −7.5
7 −22.5
10 −15

2 0.999995 2 1 −15 0.999984 10105
6 −15
7 −22.5
10 −7.5

3 0.999994 1060
1 −15

0.999975 2626
1 −15

2 −22.5 7 −22.5
5 −7.8 13 −7.5

4 0.999967 2081
1 −15

0.999958 2595
1 −15

5 −7.5 7 −7.5
10 −15 12 −22.5

5 0.999955 2072
1 −7.5

0.999957 2822
1 −22.5

5 −7.5 8 −15
10 −15 13 −15

1 Seg. is segment number. 2 Unit of level is percent (%).
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Table 10. The top five damage cases in cosine similarity with the first to fourth natural frequencies of
the independent baseline model.

DS1 DS3

CS Case Seg. 1 Level 2 CS Case Seg. 1 Level 2

EDSx - - 1 −18.85 - -
1 −17.46
4 −33.48
9 −0.079

1 0.999970 2198
1 −22.5

0.999839 11,500
7 −7.5

5 −7.5 11 −22.5
14 −15 12 −7.5

2 0.999951 5113
2 −22.5

0.999744 12,155
8 −15

9 −7.5 11 −15
14 −22.5 15 −15

3 0.999950 3242
1 −15

0.999607 4964
2 −7.5

11 −7.5 8 −15
14 −15 15 −15

4 0.999908 3255
1 −22.5

0.999570 2951
1 −15

11 −15 9 −22.5
14 −22.5 12 −15

5 0.999904 3251
1 −22.5

0.999540 12,158
8 −15

11 −7.5 11 −22.5
14 −15 15 −15

1 Seg. is segment number. 2 Unit of level is percent (%).

3.3.2. Result of Cosine Similarity Comparison and Damage Detection

In this part, the results of the cosine similarity are listed in Tables 8–10. In particular, the highest
five damage scenarios in cosine similarity rankings were enumerated. Among the top five cases in the
tables, the two top-ranking damage cases are regarded as the results of the cosine similarity-based
damage detection in this paper. Figures 8–14 comparatively depict a bar-type graph. In all the figures
below, plot (a) presents the predicted elastic modulus under the damaged states using the GA, and plot
(b) and (c) display the top one and two damage cases in cosine similarity, respectively. The blue bars
mean correctly detected results whereas the red bars mean false detection.

  
(a) (b) (c) 

Figure 8. Symmetric baseline model under DS1 (blue color is correct segment whereas orange color is
incorrect segment): (a) Predicted damage from the GA (black color); (b) top one damage case using the
first to fourth natural frequencies; (c) top two damage case using the first to fourth natural frequencies.
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(a) (b) (c) 

Figure 9. Symmetric baseline model under DS3 (blue color is correct segment whereas orange color is
incorrect segment): (a) Predicted damage from the GA (black color); (b) top one damage case using the
first to fourth natural frequencies; (c) top two damage case the first to fourth natural frequencies.

 
(a) (b) 

Figure 10. Result of damage detection with updated model F in the reference (blue color is correct
segment whereas orange color is incorrect segment): (a) DS1; (b) DS2.
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(a) (b) (c) 

Figure 11. Symmetric baseline model under DS1 (blue color is correct segment whereas orange color is
incorrect segment): (a) Predicted damage from the GA (black color); (b) top one damage case using the
first to third natural frequencies; (c) top two damage case using the first to third natural frequencies.

  
(a) (b) (c) 

Figure 12. Symmetric baseline model under DS3 (blue color is correct segment whereas orange color is
incorrect segment): (a) Predicted damage from the GA (black color); (b) top one damage case using the
first to third natural frequencies; (c) top two damage case using the first to third natural frequencies.

  
 

(a) (b) (c) 

Figure 13. Independent baseline model under DS1 (blue color is correct segment whereas orange
color is incorrect segment): (a) Predicted damage from the GA (black color); (b) top one damage
case using the first to fourth natural frequencies; (c) top two damage case using the first to fourth
natural frequencies
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(a) (b) (c) 

Figure 14. Independent baseline model under DS3 (blue color is correct segment whereas orange color
is incorrect segment): (a) Predicted damage from the GA (black color); (b) top one damage case using
the first to fourth natural frequencies; (c) top two damage case the first to fourth natural frequencies.

First, Table 8 displays the results of cosine similarity when the symmetric baseline model was
used with the first to fourth natural frequencies. According to the table, there are suitable damage cases
corresponding to the damages in the high ranking. To explain, damage case 2 and 3 ranked as first and
second for DS1 and damage case 1787, 1800, and 1789 ranked as first, second, and fourth for DS3 are in
the appropriate range of damage scenarios out of the DEM as explained in Table 5. Figures 8 and 9
result from Table 8. To be specific, damage locations for both DS1 and DS3 were exactly identified.
Furthermore, the top-ranked damage scenarios were correctly matched to all the damage states DS1
and DS3. It epitomizes the merit of this method in the accuracy of damage detection. In addition to
this, the damage levels figured out by the GA were also placed between the damage levels of the first
and the second damage cases for both DS1 and DS3, which shows the possibility that damage severity
would be evaluated more accurately by the RED or REA although more studies are needed to find the
most appropriate method, such as regression and inter- or extrapolation, as well as proper weighting
factors among the high ranked damage scenarios.

On top of that, these cases could be comparable to the results of model F in the reference. In fact,
these are the only possible pairs for result comparison with the reference, as natural frequencies
ranging from the first to fourth, except the mode shapes, were utilized for the model update and for
damage detection. Thus, the results correspond to each other. Specifically, the Y-axis in Figure 10
was modified from the stiffness reduction factor (SRF) in the reference, which is 1 − E’/E, where E
and E’ is the Young’s modulus before and after damage, respectively, to the damage level, which is
expressed as a percentage with the opposite sign of the SRF. With respect to the damage levels, in fact,
a direct comparison would not make sense because of the different element types of FE models as
well as different optimization algorithms used for each other. Despite the limitation, the performance
of the damage detection method presented in this paper is obviously noticeable even only for the
identification of damage locations. In comparison to Figure 10a, showing that the fault damage was
detected at segment 14 under DS1, for example, Figure 8b,c represents that this method figured out
the correct damage location without an overestimation of damaged places. Moreover, Figure 9b,c
show that the proposed method identified all the multiple damaged segments accurately while, in the
reference, the damage on segment 7 was falsely judged instead of segment 9, which is truly damaged
under DS3 in Figure 10b. This indicates the contribution of the proposed method to accurate global
damage identification.

Meanwhile, Table 9 represents the top five damage cases with the first to third natural frequencies
of the symmetric baseline model and Figures 10 and 11 describe the two detected damage cases among
the five, respectively. In this approach, the result only on DS1 makes sense because there are no
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damage cases suitable for DS3 in the top five and the order of the rankings is different compared to
Table 8, despite the same baseline model. The reason for this failure is the different range of orders of
natural frequencies used to compute the cosine similarity. While the baseline model (EIS) and the two
damaged models (EDSx) were optimized based on the first to fourth natural frequencies by using the
GA, the similarity was calculated except for the fourth frequency. The difference leads to the error
of dot products in the calculation of the cosine similarity since all elements out of the two frequency
vectors play an equal role in the operator. Therefore, it is required that the same orders of natural
frequencies are used to update the baseline model and in the calculation of cosine similarity to detect
multiple damages accurately. Conversely, there is a question about why the damage scenarios out of
the reasonable range were highly ranked in the case of DS1. One possible cause is the damage location.
Segment 1 is most close to one of the fixed points, which has the most to do with the first mode
and natural frequency. That is, the damage near the points would be less sensitive to higher natural
frequencies. In fact, it would be a fundamental phenomenon in general structure dynamics rather than
a special issue in this method. Therefore, it is evidence that this method provides convincing outcomes.

On the other hand, there is no damage scenario closely involved with the two damage states in
the top five as seen in Table 10. Compared to Table 8, Table 10 comes from the independent baseline
model while the same range from the first to fourth natural frequencies was utilized to make the
baseline models and similarity estimation. That is, the symmetrically updated baseline model is better
than the independently updated model in this example. However, it does not mean that symmetry is
always better. Assumedly, this is because the portal frame structure in the test is symmetrical in the
distribution of the elastic modulus. It is also supported by the fact that the updated model F, which
has the least mean error in natural frequencies in the reference paper, showed a tendency of a vertical
symmetric distribution of the Young’s modulus, as Figure 5 mentioned before. This means that the
accuracy of this method relies on a good agreement between the baseline model and the real structure.
Therefore, we know that one of the important factors in this method is how much the baseline model
precisely reflects the real structure.

4. Conclusions

Aiming at contributing to a more applicable real-time SHM offshore, this research proposed a
multiple damage detection method using cosine similarity of the rate of change of natural frequencies.
To sum up, the process is comprised of three parts: Damage individualization, damage recognition,
and damage identification. A damage estimation matrix is constructed from a preliminarily updated
FE model using DOE and modal analysis in the first stage. In the recognition process, the rate of change
of natural frequencies from OMA based on sensor data during operating is normalized and utilized
as a normalized warning index. When the index becomes larger than a threshold, it is judged that
damage happens, and subsequently, the damage reflection vector is generated in this state. Ultimately,
cosine similarity between the damage estimation matrix and the damage reflection vector is computed,
and finally the most similar damage cases among the vector sets of the estimation matrix are identified
in the ranking of similarity.

Therefore, the best benefit of this method is that any extra task and professional knowledge is not
required at all for workers in the real offshore field to perceive the occurrence, locations, and severities
of damage because a damage warning and ranking of most possible damage cases is provided in the
damage recognition and identification and complicated and numerous computational tasks in the
damage individualization are completed in the very initial stage of operation. Such a simple and
intuitive system to treat damage would absolutely improve the applicability and usability of SHM in
offshore operations.

For verification, the portal frame model from a reference was used. Two types of damages,
DS1 and DS3, were considered: DS1 is single damage and DS3 is multiple damages. Two different
baseline FE models, a symmetric and independent model, were established by the GA. In the numerical
validation, the first ranked damage cases with cosine similarities of 1 had identical damages with the
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input of damages for both the DS1 and DS3. Therefore, the correctness of the numerical process was
proven. Moreover, there were three examples for the experimental data: Symmetric model with the first
to fourth natural frequencies, independent model with the same natural frequencies, and symmetric
model with the first to third natural frequencies. For the first case of experimental verifications, the two
top candidates of scenarios accurately predicted damaged locations on segment 1 for DS1 and on
segments 1, 4, and 9 for DS3. Such accuracy was better than the performance of the damage detection
technique in the reference. In terms of damage severity, an 18.57% reduction of the Young’s modulus
at segment 1 under DS1 was placed within −15% and −22.5%, which were the damage levels of the top
two scenarios under DS1. Damage severities of −17.45%, −17.95%, and −18.55% for segment 1, 4, and 9,
respectively, under DS3 were also in the range between −15% and −22.5% of the damage levels of the
two top cases under DS3. These indicate that there is still room for improvement of the preciseness in
this way by using the rate of errors on average (REA) based on the similarity results. On the other
hand, the other examples provided insight into important factors on this approach. In the case of the
independent model, DS1 was correctly identified whereas DS3 was falsely detected. This indicates that
the precision of this method depends on the correctness of a preliminarily updated model as all the
inverse SHM methods. Plus, the last example completely misestimated both DS1 and DS3. The lesson
of this is that the utilization of the same orders of natural frequencies both in updating a baseline model
and in computing the cosine similarity is the way to obtain accurate results for damage detection in
this method.

As future works, there are several directions to further develop this method. The first is to
conduct a comparative study to examine which method among the various similarity methods is
most appropriate. One possible criteria for this is to find the similarity method capable of making
the values of similarity more distinguishable from one another than now, as the difference of the
cosine similarity values between consecutive loading conditions in order of the ranking was smaller
than 10 to 4 in this paper, which may seem less significant, compared to the whole range of cosine
similarity from 0 to 1. Added to the similarity investigation, secondly, performance evaluation of
this technique for other unavoidable types of structural damages that arise in offshore structures, for
instance, the change of sections owing to degradation and corrosion in saline water and the change of
masses due to ocean biofouling, should be researched to extend the applicability of this method to
real offshore structures. This could be the beginning of a study to identify typical specific attributes
corresponding to the inevitable damage types of offshore structures, which, in turn, would greatly
help to perform the next investigation, such as on-the-spot inspection, repair of failures, and new
baseline model updates. Thirdly, tests on which kind of baseline FE models are more suitable for this
baseline model-dependent technique would be one possible future task because the model update
using mode shapes or using both, but not only natural frequencies, results in different FE baseline
models. The distinction would lead to different results, as well. Lastly, our own experiments on more
complex structures, such as a prototype of a jacket structure, might be carried out before applying this
presented technique to a real structure in the offshore field since there are many implications in sensing
and signal processing as mentioned previously. Such a test would provide more practical findings and
broader perspectives than what was done in this paper for this comprehensive SHM method, ranging
from measurement, signal processing, OMA, damage identification, and on-the-spot inspection to
repairs and new model updates.
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Abstract: Antenna sensors have been employed for crack monitoring of metallic materials. Existing
studies have mainly focused on the mathematical relationship between the surface crack length
of metallic material and the resonant frequency. The influence of the crack depth on the sensor
output and the difference of whether the crack is depth-penetrated remains unexplored. Therefore,
in this work, a numerical simulation method was used to investigate the current density distribution
characteristics of the ground plane (metallic material) with different crack geometric parameters.
The data reveals that, compared with the crack length, the crack depth has a greater influence on
the resonant frequency. The relationship between the frequency and the crack geometric parameters
was discussed by characterizing the current density and sensor output under different crack lengths
and depths. Therefore, the feasibility of monitoring another common damage of metallic materials,
i.e., corrosion pit, was explored. Furthermore, the influences of crack and corrosion pit geometric
parameters on the output results were validated by experiments.

Keywords: patch antenna; crack; corrosion pit; resonant frequency

1. Introduction

While operating under an alternating load and corrosive environment, metallic structures are
prone to structural damage, such as cracks and corrosion pits. This damage often leads to failure or
even destruction of the structure [1,2]. Studies focused on structural health monitoring (SHM) that
allows detailed characterization of metallic structure damage are essential for ensuring safe and reliable
operation of mechanical equipment and to reduce related maintenance costs. The detected response
is used to combine characteristics of the system, thereby allowing damage assessment and location
within the SHM system. The data acquisition and processing system used requires many sensors
working in tandem [3]. As an emerging sensor capable of passive wireless interrogation, the patch
antenna sensor is used for structural damage monitoring.

Huang [4] designed a sensor that can wirelessly monitor ground plane cracks to verify the
feasibility of patch antenna sensors for crack detection. The results confirmed that such sensors
can detect and monitor fatigue crack growth with a sub-millimeter resolution [5–8]. Moreover, the
linear dependence of the normalized resonant frequency and the frequency ratio ( f01/ f10) on the
crack tip location was revealed. Deshmukh [9] demonstrated the feasibility of using the sensor to
monitor the crack length. Since then, the number of studies based on this topic has increased gradually.
Through fatigue crack tests, various studies have evaluated the variation in the crack length and sensor
resonant frequency during crack propagation. The results showed that the frequency decreases with an
increasing crack length [9–14]. Based on the results obtained of the microstrip patch, Mohammad [15]
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discussed the effect of crack parameters on the resonant frequency of sensors from the perspective of
surface current density distribution. Damage samples with different parameters were fabricated to
investigate the influence of the crack length, location, and orientation on the frequency. Considering
the influence of cracks on the current density distribution of the antenna radiation pattern, Ke [16]
proposed an algorithm, which introduced a flux coefficient, for predicting the resonant frequency shift
caused by random cracks. Simulations and experiments were performed to validate the accuracy of
the algorithm.

In addition to the crack length, the crack width and depth may also have an influence on the
resonant frequency. Cho [17] used patch antenna sensors to monitor the influence of the crack width
on the resonant frequency during depth-penetrated type crack propagation. The results revealed
that when the crack width increases, the resonant frequency shifts. For crack widths of 0 to 30 mils
(0.76 mm), the frequency decreases monotonically. Yi [18] discussed the influence of the crack width,
characterizing prefabricated depth-penetrated type cracks on the resonant frequency during crack
propagation under fatigue test conditions. The results revealed that the frequency increases at small
crack widths, but decreases when the width increases to a critical value. However, the patch is
destroyed and the crack identification function is lost at certain levels of crack propagation during the
fatigue crack test. The crack parameters measured in the late stage of fatigue testing are invalid (rather
than actual) parameters. Therefore, the influence of geometric parameters on resonant frequency
during crack propagation is difficult to explain. Zhang [19] investigated the influence of crack depth
variation on the resonant frequency, based on observations of the surface current distribution associated
with the patch and the electric field distribution in the vertical patch direction. The experimental results
revealed that the frequency exhibits an approximately linear dependence on the depth. However,
a length-penetrated type crack, which exceeded the detection range of the patch, was employed.
Therefore, the dependence of the resonant frequency on the depth of length non-penetrating type
cracks remains unexplained. In addition, the interaction between the various crack parameters and the
variation in the frequency when multiple crack parameters change simultaneously is yet to be explored.

Structures operating in a corrosive environment are prone to damage, such as corrosion pits.
The influence of corrosion pits, which are one type volumetric structural damage, on the surface
current density of the ground plane is similar to that of cracks. Previous studies have mainly focused
on the piezoelectric ceramic transducer [20] and eddy current detection principle [21] for the detection
of corrosion pits. However, research on the effective detection of corrosion pits is insufficient.

Based on the engineering requirements and research status, the aims of the present work were
to: (1) Explore the influence of whether crack is depth-penetrated on the law that crack length affects
resonant frequency; (2) discuss the influence of a volumetric corrosion pit’s geometric parameters
on the resonant frequency; and (3) propose a hypothesis for qualitatively explaining the influence of
volumetric damage’s geometric parameters on the resonant frequency.

This paper is organized as follows: The second part presents the theoretical analysis, design of
the patch antenna sensor, and the proposition of the current path bypassing assumption. The third
part presents the numerical simulation considering the influence of the volumetric damage geometric
parameters on the current density distribution of ground plane, resonant frequency of the sensor,
and the interaction between the geometric parameters describing the damage. In the fourth part,
the tests for verifying the accuracy of the simulation results are presented. The fifth part provides a
summary and topics for future work.

2. Theoretical Analysis

2.1. Mechanism of Crack Monitoring

The patch antenna sensor consists of a radiating patch, substrate, and ground plane (see Figure 1a).
When the sensor is externally excited, a resonant cavity (see Figure 1b) is formed between the lower
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surface of the patch and the upper surface of the ground plane. The resonant frequency achieved by
the antenna operating in the TMmnp mode is denoted as ( fr)mnp. and can be calculated as follows:

( fr)mnp =
c

2π
√
εre

√(mπ
h

)2
+
(nπ

L

)2
+
(pπ

W

)2
, (1)

where c is the speed of light in vacuum, εre is the effective fringe of substrate, and m, n, and p
represent the number of half cycles associated with the amount of electromagnetic field in three
directions, respectively.

 
 

(a) (b) 

Figure 1. Crack monitoring mechanism of the patch antenna sensor. (a) Patch antenna senor structure
and (b) resonant cavity model.

The patch geometric parameters of the patch antenna sensor used in this work satisfies L >
W > L/2 > H. Therefore, the antenna operates under the TM010 and TM001 modes, corresponding
to resonant frequencies f010 and f001 and current paths parallel to the long and the wide side of the
patch, respectively. In these two resonant modes, the damage geometric parameters exert a similar
influence on the resonant frequency [15] and, hence, for the convenience of analysis, the TM010 mode
was considered in this work. The relationship between the effective length of the patch and the resonant
frequency is given as follows:

f010 =
c

2Le f f
√
εre

, (2)

where Le f f is the effective length of the patch. For a given effective permittivity of the substrate and set
of geometric parameters, the resonant frequency variation is only caused by the shift in the effective
length of the patch.

To determine the influence of volumetric damage on the current path of the ground plane,
the volumetric crack was taken as an example and the current path bypassing assumption is proposed
as follows: The current path is completely distributed over the surface of the ground plane and the
inner surface of the crack. Owing to the volumetric crack, the current path on the ground plane
changes from one type to four types (see in Figure 2), namely: Current path 1: No crack interference
and no change in current path length; current path 2: The current path is disturbed at the crack tip
and bypasses the tip along the ground plane surface according to the shortest path principle; current
path 3: The current path is disturbed on both sides of crack and passes from the crack length side
to the crack width side, then to another crack length side, and finally returns to the ground plane
surface. According to the shortest path principle, the current path should still bypass on the plane
surface. However, the crack tip region can accommodate only a limited number of current paths; and
current path 4: The current path is disturbed in the middle of the crack and passes through the crack
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length side to the crack bottom, then to another crack length side, and finally returns to the ground
plane surface.

 

Figure 2. Current path classification on the ground plane.

2.2. Design of Patch Antenna Sensor

The design of the microstrip patch antenna sensor mainly includes the design and parameter
selection of the patch and the substrate. The length and width of the patch as well as the fringe
and thickness of the substrate have a direct effect on the inherent resonant frequency of the sensor.
The width, W, and length, L, of the patch are calculated as follows [8]:⎧⎪⎪⎨⎪⎪⎩ W = c

2 f
√
εre

+ 2ΔW

L = c
2 f
√
εre

+ 2ΔL
, (3)

where ΔW and ΔL are the equivalent radiation gap width and equivalent radiation gap length that
must be considered for the fringe effect, respectively.

3. Simulation Analysis

3.1. Size of the Patch Antenna Sensor

The geometric parameters of the patch antenna sensor were designed based on Equation (3) listed
in Section 2.2. The overall geometric parameters of the sensor and the related dimensional data are
shown in Table 1 and Figure 3.

Table 1. Geometric parameters of the patch antenna sensor.

Symbol Parameter Value

H substrate thickness 0.5 mm
T ground plane thickness 6 mm
L0 substrate length 64 mm
L patch length 40 mm
l horizontal distance of edges between patch and substrate 12 mm
s horizontal distance of edges between feed and patch 29.5 mm
t feed width 1 mm

W0 substrate width 44 mm
W patch width 28 mm
w vertical distance of edges between patch and substrate 8 mm
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Figure 3. Dimension diagram of the patch antenna sensor.

3.2. Simulation Results Analysis

The patch antenna sensor model shown in Figure 4 was built using the COMSOL Multiphysics
simulation software. The default solver was set to: The number of iterations was 25, the tolerance
factor was 1, and the residual factor was 1000. The distribution of the current density and the current
path of the volumetric damage surface were observed, and the dependence of the simulation time on
the number of grids was determined. To enable this observation and determination, a thin-walled
entity (thickness: 0.05 mm) with the same shape as the damage was built around the damage to achieve
a refined network division of damaged parts. The minimum grid element size of the thin-walled part
of the crack was 0.05 mm, and the minimum grid element size of the patch and feeder part was 0.8 mm.
The rest was subjected to free tetrahedral mesh division, the grid unit of which required a maximum
unit size of 20 mm and the minimum unit size was 0.8 mm. By determining the geometric parameters
of the cracks and corrosion pits, the resonant frequency values associated with different volumetric
damage geometric parameters were calculated.

 

Figure 4. Simulation model of the patch antenna sensor.
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3.2.1. Relationship between Volumetric Crack Geometric Parameters and Resonant Frequency

The vertical current path direction parameters have the most significant cutting effect on the
current path (see Figure 2) and, hence only the crack length and depth were considered in the present
study. The crack width was set to 0.5 mm. Furthermore, the relationship between the resonant
frequency and the crack length associated with different crack depths (see Figure 5) can be obtained
from the recorded simulation data. The variation in the sensitivity (frequency shift caused by the crack
of per unit length; see Table 2) can also be obtained. The calculation formula of the sensitivity is shown
as follows: The sensitivity value of the latter point is the difference of the resonant frequency between
the two adjacent points divided by the difference of their geometric parameters (which could be the
crack length and depth, corrosion pit radius, and depth), depicted as follows:

sensitivityx+1 =
frequencyx+1 − frequencyx

geometric parameterx+1 − geometric parameerx
. (4)

f

Figure 5. Dependence of the resonant frequency on the crack length associated with different
crack depths.

Table 2. Identification sensitivity of crack length.

Crack Depth (mm)
Sensitivity of Crack Length (MHz/mm)

4 8 12 16 20 24

1 0 −1.0005 0 0 −0.5005 −0.5000
2 −1.9970 −2.0010 −3.5045 −4.5025 −3.0015 −3.0015
3 −1.9970 −3.0015 −2.5010 −3.4995 −4.0020 −4.0025
4 −0.5000 −3.0015 −4.5025 −6.0030 −5.0025 −5.5030
5 −1.4965 −4.5020 −5.0025 −6.0030 −6.5030 −6.0030
6 −1.4965 −4.0020 −6.0030 −10.505 −15.5080 −22.0110

As shown in Figure 5, the influence of the crack length on the resonant frequency gradually
becomes more noticeable with increasing crack depth. When the depth increases from 5 to 6 mm
(i.e., the crack transforms from non-penetrating to depth-penetrated), this influence gets drastic
suddenly. When no crack penetrates through the ground plane (i.e., when the crack depth is 1 to 5 mm),
the sensitivity fluctuation under different crack lengths is small (see Table 2). For a crack length of
24 mm, when the crack depth increases from 5 to 6 mm, the sensitivity increases significantly from
6.003 to 22.011 MHz/mm. The amplification of the crack depth leads, in general, to an improved
sensitivity of the crack length identification, which intensifies sharply as the depth increases to the
depth through the ground plane. Based on the current path bypassing assumption, with an increase in
the crack depth, the current path length increment, the resonant frequency reduction, and the length
identification sensitivity gradually magnify. When the depth rises to the depth through the ground
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plane, the current path bypassing the crack bottom varies to the crack side. This leads to a substantial
amplification in the current path length and the identification sensitivity.

As shown in Figure 6, the influence of the crack depth on the resonant frequency becomes more
prominent with the increasing crack length. However, when the depth rises from 5.5 to 6 mm, the crack
penetrates the ground plane and the resonant frequency drops sharply. The depth identification
sensitivity (associated with different crack lengths) decreases gradually at crack depths lower than
the penetration depth of the ground plane (see Table 3). However, the depth identification sensitivity
amplifies drastically when the crack penetrates the ground plane. As a crack length of 24 mm and
without crack penetration of the plane (i.e., the crack depth is 1 to 5 mm), the sensitivity reduces from
30.016 to 16.008 MHz/mm. When the crack penetrates the plane, however, the sensitivity intensifies
sharply to 188.096 MHz/mm. Overall, the amplification of the crack length leads to a magnification in
the sensitivity of crack depth identification, with the sensitivity increasing sharply when the depth
amplifies to the depth of ground plane. Based on the current path bypassing assumption, during the
amplification of the crack length, the current path length increment, the resonant frequency reduction,
and the length identification sensitivity increases gradually. The bypassing type of the partial current
path varies, when the crack penetrates the ground plane, thereby resulting in a sudden fluctuation in
the depth identification sensitivity.

f

Figure 6. Relationship between the resonant frequency and the crack depth associated with different
crack lengths.

Table 3. Identification sensitivity of the crack depth.

Crack Length (mm)
Crack Depth Sensitivity (MHz/mm)

1 2 3 4 5 6

4 3.9820 −2.0000 0 2.0000 −1.9800 −1.9820
8 −10.0100 −6.0040 −4.0020 0 0 −4.0020
12 −10.0040 −8.0040 −4.0000 −2.0020 −2.0080 −7.9560
16 −15.9940 −18.0100 −9.9980 −12.0040 −4.0020 −32.0160
20 −18.0100 −18.0100 −16.0080 −14.0060 −10.0040 −94.0480
24 −30.0160 −26.0140 −20.0100 −14.0060 −16.0080 −188.0960

3.2.2. Influence of Volumetric Crack on Resonant Cavity EM Parameters

Taking the crack depth of 2 mm as an example, the middle layer of the ground plane (thickness:
6 mm) was selected as the XOY plane of Z = 0. The crack varies downward from Z = 3 mm, and fine
meshing of the crack damage was obtained. A two-dimensional schematic of the current density
distribution on each surface comprising the inner surface and the corresponding three-dimensional
diagram are shown in Figures 7 and 8.
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Figure 7. Current density distribution of the volumetric crack inner surface.

  
(a) (b) 

 
(c) 

Figure 8. Two-dimensional (2D) and three-dimensional (3D) schematic showing the current density
distribution on the (a) crack length side, (b) crack width side, and (c) crack bottom.
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As shown in Figure 8a, the overall current density shifts slightly in the crack length side. However,
the current density near the upper and lower apex is abrupt and reversed, owing to the dense current
distribution and the opposite current direction. The default meshing settings of the simulation software
are uneven, thereby resulting in increased noise. As shown in Figure 8b, the current density varies only
modestly in the width direction of the crack wide side. In the depth direction, the current density first
amplifies to the maximum, and then decreases gradually to zero, as the depth increases. The current
density in the crack bottom is (in general) small on both sides and large in the middle (see Figure 8c).

The current density is more symmetric on the inner sides of the crack than in other regions.
Therefore, the current density distributions along the four lines (a–d) in Figure 7 were compared with
different crack depths (see Figure 9).

 

 

 

(a) (b) 

J x J x

Figure 9. Current density distribution along a vertical axis of symmetry associated with the inner sides
of the crack. (a) Line a and (b) line b.

As the crack depth increases, the length increment of the current paths bypassing the bottom
gradually surpasses the paths around the side. The partial bypassing current paths vary from the
bottom region to the side. As shown in Figure 9a, on the crack length side, the current density gradually
decreases with the increasing crack depth. The skin depth, which results from the skin effect, indicates
that the current distribution still exists within a certain depth of the ground plane. As shown in
Figure 9b, on the crack width side, the current density intensifies sharply from zero to a maximum
value, and then gradually drops to zero. Moreover, the rate of the current density reduction gradually
decreases with the amplifying crack depth.

The current path on the crack bottom is only distributed from one length side to the other length
side, as shown in Figure 10. Therefore, in the crack length direction, the value of the current density
is zero on the crack bottom and is maximum in the middle region, which is characterized by a bowl
shape. In the crack width direction, the current density fluctuation on the crack bottom is small.
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(a) (b) 

J x J x

Figure 10. Current density distribution along the axis of symmetry on the crack bottom. (a) Line c and
(b) line d.

3.2.3. Influence of Corrosion Pit Geometric Parameters on Sensor Monitoring Performance

The recorded simulation data show the relationship between the resonant frequency and the
corrosion pit radius (for different corrosion pit depths), as well as the sensitivity variation (see Figure 11
and Table 4).

f

Figure 11. Influence of the volumetric corrosion pit radius on the resonant frequency.

Table 4. Identification sensitivity of the corrosion pit radius.

Corrosion Pit Depth (mm)
Sensitivity of Corrosion Pit Radius (MHz/mm)

2 4 6 8 10

1 −5.4990 −12.5065 −17.0085 −19.0135 −19.0095
2 −5.50250 −16.5085 −23.0115 −25.0090 −26.5145
3 −5.9990 −17.0085 −24.0090 −28.0140 −29.0185
4 −6.4995 −18.5000 −26.0105 −30.0155 −30.5155
5 −5.5030 −18.5070 −27.0135 −30.0150 −31.5155
6 −4.9990 −18.5070 −28.0140 −32.6715 −36.0180

As shown in Figure 11, the influence of the corrosion pit radius on the resonant frequency gradually
becomes more significant with an increasing corrosion pit depth, and no abrupt changes occurred
when the pit penetrated the ground plane. A small corrosion pit radius (i.e., 1 mm) is associated with
a low sensitivity of radius identification (4.999–6.49995 MHz/mm, see Figure 4). The sensitivity of
19.0095 to 36.018 MHz/mm was realized for pit depths of 1 to 6 mm and a radius of 10 mm. Overall,
the sensitivity gradually magnifies with an increasing corrosion pit radius and depth.
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As shown in Figure 12, the influence of the corrosion pit depth on the resonant frequency gradually
becomes more noticeable with an intensifying corrosion pit radius, but this influence decreases with
an amplifying corrosion pit depth. However, when the depth varies from 5.5 to 6 mm, i.e., when the
corrosion pit penetrates the ground plane, the frequency drops sharply. As shown in Table 5, the depth
identification sensitivity associated with different corrosion pit radii gradually decreases for pit depths
differing from the ground plane depth. Nevertheless, the sensitivity sharply intensifies when the
pit penetrates the plane. When no penetration occurs at a pit radius of 10 mm (pit depth: 1–5 mm),
the sensitivity reduces from 186.61 to 10.8 MHz/mm. However, when the pit penetrates the ground
plane, the sensitivity steeply amplifies to 40.4 MHz/mm. Overall, amplification of the corrosion pit
radius results in an enhanced corrosion depth sensitivity. The depth identification sensitivity amplifies
sharply as the depth magnifies to the ground plane depth.

f

Figure 12. Influence of the volumetric corrosion pit depth on resonant frequency.

Table 5. Identification sensitivity of the corrosion pit depth.

Corrosion Pit Radius (mm)
Sensitivity of Corrosion Pit Depth (MHz/mm)

1 2 3 4 5 6

2 −7.8000 −2.2000 0 −1.8000 0 3.4000
4 −35.2020 −10.2020 −1.6000 −2.2000 −1.6000 −1.2000
6 −77.2040 −20.8000 −8.9920 −4.4000 −3.2000 −5.0000
8 −126.8060 −2.0020 −20.4000 −9.2020 −6.0000 −19.4100
10 −186.6100 −57.0020 −29.2020 −16.4020 −10.8000 −40.4000

The surface current density distribution of the ground plane with a volumetric corrosion pit was
revealed by fine meshing around the pit, as shown in Figure 13. The corrosion pit interior is a curved
surface, and hence, visualization of the planar current density distribution was impossible. Therefore,
the current density distributions along line a and b in Figure 13 are compared at different depths.

 

Figure 13. Current density distribution corresponding to the inner surface of the volumetric corrosion pit.
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As the corrosion pit depth increases, the length increment of current paths bypassing the bottom
gradually surpasses the paths around the side. Partial bypassing current paths shift from the bottom
region to the side. As shown in Figure 14a, the current density along line a gradually decreases
with increasing depth. The skin depth, which results from the skin effect, indicates that the current
distribution still exists within a certain depth of the ground plane. As shown in Figure 14b, the current
density along line b abruptly amplifies from zero to a maximum value, and then gradually decreases
to zero. Furthermore, the rate of the current density reduction gradually drops with the magnifying
depth of the corrosion pit.

 
(a) (b) 

J x J x

Figure 14. Current density distribution of the corrosion pit inner side. (a) Line a and (b) line b.

4. Experiment Research

4.1. Preliminary Preparation

To validate the accuracy of the conclusion based on the relationship between the simulated resonant
frequency and the volumetric damage geometric parameters, the volumetric damage identification
experiment based on a patch antenna sensor was performed. Based on the simulation data and results,
Q235 was selected as the ground plane material. The crack and corrosion pit damages were obtained
via electric spark and drilling, respectively, based on the damage center coordinates. The patch antenna
was processed by means of circuit board etching [16], and was pasted to the corresponding location of
the ground plane via AB glue bonding. The vector network analyzer (VNA) model used in this work,
i.e., Agilent E5061B, is valid for frequencies ranging from 100 kHz to 3 GHz. The corresponding study
was performed on selected sample groups (see Table 6).

Table 6. Sample group classification.

Research Purpose Sample Groups

influence of crack length G1, G2, G3, G4, G5, G6
influence of crack depth G7, G8, G9, G10, G11, G12

influence of corrosion pit radius G13, G14, G15, G16, G17, G18
influence of corrosion pit depth G19, G20, G21, G22, G23

The sample geometric parameters data contained in the sample groups are shown in Tables 7
and 8.
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Table 7. Parameters associated with the crack specimen. (cl × cd, cw = 0.5 mm) (mm).

G7 G8 G9 G10 G11 G12

G1 4 × 1 8 × 1 12 × 1 16 × 1 20 × 1 24 × 1
G2 4 × 2 8 × 2 12 × 2 16 × 2 20 × 2 24 × 2
G3 4 × 3 8 × 3 12 × 3 16 × 3 20 × 3 24 × 3
G4 4 × 4 8 × 4 12 × 4 16 × 4 20 × 4 24 × 4
G5 4 × 5 8 × 5 12 × 5 16 × 5 20 × 5 24 × 5
G6 4 × 6 8 × 6 12 × 6 16 × 6 20 × 6 24 × 6

Table 8. Parameters associated with the corrosion pit specimen. (φpr × pd) (mm).

G19 G20 G21 G22 G23

G13 φ2 × 1 φ4 × 1 φ6 × 1 φ8 × 1 φ10 × 1
G14 φ2 × 2 φ4 × 2 φ6 × 2 φ8 × 2 φ10 × 2
G15 φ2 × 3 φ4 × 3 φ6 × 3 φ8 × 3 φ10 × 3
G16 φ2 × 4 φ4 × 4 φ6 × 4 φ8 × 4 φ10 × 4
G17 φ2 × 5 φ4 × 5 φ6 × 5 φ8 × 5 φ10 × 5
G18 φ2 × 6 φ4 × 6 φ6 × 6 φ8 × 6 φ10 × 6

The required sample and experiment platform for the experimental study are shown in Figure 15.

 

 
(a) (b) 

Figure 15. Experiment setup. (a) Sample and (b) experiment platform.

4.2. Experimental Results Analysis

To verify the correctness of the simulation data, the resonant frequency data recorded during
experiments were compared with the simulation data. The simulation and experiment data obtained
for identification of the volumetric damage geometric parameters are compared in Tables 9 and 10.
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Table 9. Comparison of simulation and experiment data associated with the volumetric crack.

Depth (mm)

Length (mm)
4 8 12 16 20 24

1
simulation 1.7774 1.7704 1.7654 1.7604 1.7544 1.7474
experiment1.7764 1.7697 1.7558 1.7588 1.7508 1.7550

error 0.05% 0.04% 0.54% 0.09% 0.20% 0.44%

2
simulation 1.7754 1.7644 1.7544 1.7424 1.7324 1.7224
experiment1.7706 1.7629 1.7569 1.7307 1.7449 1.7248

error 0.27% 0.09% 0.14% 0.67% 0.72% 0.14%

3
simulation 1.7754 1.7634 1.7494 1.7334 1.7164 1.7014
experiment1.7708 1.7627 1.7469 1.7398 1.7088 1.7088

error 0.26% 0.04% 0.14% 0.37% 0.44% 0.44%

4
simulation 1.7754 1.7624 1.7444 1.7224 1.7034 1.6823
experiment1.7725 1.7627 1.7406 1.7207 1.6969 1.6610

error 0.16% 0.02% 0.21% 0.09% 0.38% 1.27%

5
simulation 1.7754 1.7614 1.7414 1.7194 1.6934 1.6673
experiment1.7745 1.7606 1.7408 1.7029 1.6929 1.6451

error 0.05% 0.04% 0.03% 0.96% 0.03% 1.33%

6
simulation 1.7754 1.7604 1.7374 1.6994 1.6423 1.5673
experiment1.7784 1.7725 1.7328 1.6930 1.6530 1.5774

error 0.17% 0.69% 0.26% 0.38% 0.65% 0.65%

Table 10. Comparison of simulation data and experimentally obtained data of the volumetric
corrosion pit.

Depth (mm)

Radius (mm)
2 4 6 8 10

1
simulation 1.7664 1.7214 1.6564 1.5813 1.5063
experiment 1.7407 1.7170 1.6411 1.5796 1.4979

error 1.46% 0.26% 0.92% 0.11% 0.56%

2
simulation 1.7654 1.7104 1.6243 1.5253 1.4222
experiment 1.7469 1.6971 1.5934 1.48990. 1.3785

error 1.05% 0.78% 1.90% 2.32% 3.08%

3
simulation 1.7644 1.7064 1.6113 1.5013 1.3872
experiment 1.7247 1.6832 1.5915 1.4581 1.3546

error 2.25% 1.36% 1.23% 2.88% 2.35%

4
simulation 1.7644 1.7034 1.6053 1.4892 1.3682
experiment 1.7307 1.6851 1.5695 1.4541 1.3544

error 1.91% 1.07% 2.23% 2.36% 1.01%

5
simulation 1.7644 1.7034 1.6013 1.4832 1.3572
experiment 1.7327 1.6700 1.5537 1.4462 1.3347

error 1.80% 1.96% 2.97% 2.50% 1.66%

6
simulation 1.7664 1.7034 1.5983 1.4722 1.3312
experiment 1.7605 1.6770 1.5854 1.4501 1.2989

error 0.33% 1.55% 0.81% 1.50% 2.43%

As shown in Table 9, the experimentally determined resonant frequency obtained from volumetric
crack identification and the simulation data differs by 0.02% to 1.33%. The calculation formula of the
error of the experimental data is shown as follows:

error =

∣∣∣experimental data− simulation data
∣∣∣

simulation data
× 100%. (5)

100



Sensors 2019, 19, 3232

The correlation coefficients corresponding to different depths are r1mm = 0.8608, r2mm =

0.9134, r3mm = 0.9781, r4mm = 0.9931, r5mm = 0.9887, r6mm = 0.9951. The correlation coefficient is
large for crack depths of ≥2 mm and hence, the experiment data are close to the simulation data.
However, the correlation coefficient is small when the crack depth is 1 mm (see Figure 14 for a graphic
comparison of the correlation data).

As shown in Figure 16, after removing the third and sixth abnormal data points, the rest of the
experimental data approach the simulation data. Conclusions are drawn, based on the experimental
data, and the results of cracks generated by the simulation data can be validated.

f

Figure 16. Comparison of simulation and experiment data corresponding to a crack depth of 1 mm.

As shown in Table 10, the experimentally determined resonant frequency obtained from
the volumetric corrosion pit and the simulation data differ by 0.11% to 3.08%. The correlation
coefficients corresponding to different depths are r1mm = 0.9968, r2mm = 0.9996, r3mm = 0.9979, r4mm =

0.9981, r5mm = 0.9986, r6mm = 0.9992. The correlation coefficients vary with the depth and the
experimental data are close to the simulation data. The experimental results can be verified and the
relevant conclusions based on simulation of the corrosion pits can be validated.

5. Conclusions and Discussions

• The length identification sensitivity gradually magnifies with an amplifying crack depth. However,
when the crack penetrates the ground plane, the sensitivity decreases drastically. The depth
sensitivity intensifies gradually with an increasing crack length, but decreases with an amplifying
crack depth. However, when the crack penetrates the ground plane, the sensitivity drops steeply.

• The radius identification sensitivity magnifies gradually with an amplifying corrosion pit
depth/radius. Similarly, the depth identification sensitivity gradually intensifies with an increasing
pit radius, but decreases gradually with an increasing pit depth. However, when the corrosion pit
penetrates the ground plane, the depth identification sensitivity drops sharply.

• Hypothesis proposal: Volumetric damage can lead to variations in the current path of the ground
plane. This is mainly reflected in the fact that, owing to the damage, the current paths distributed
on the plane surface vary along the ground plane surface, damage side, and damage bottom.
Furthermore, this results in an amplification of the average current path length associated with
the ground plane, ultimately leading to a reduction of the resonant frequency of the sensor.
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Abstract: This paper presents the first application of the Laser Doppler Vibrometer (LDV) in
non-stationary conditions within a hydropower plant powerhouse. The aim of this research is
to develop a methodology to include non-contact vibration monitoring as part of structural health
monitoring of concrete dams. We have performed in-situ structural vibration measurements on the
run-of-the-river Brežice dam in Slovenia during the start-up tests and regular operation. In recent
decades, the rapid development of laser measurement technology has provided powerful methods
for a variety of measuring tasks. Despite these recent developments, the use of lasers for measuring
has been limited to sites provided with stationary conditions. This paper explains the elimination of
pseudo-vibration and measurement noise inherent in the non-stationary conditions of the site. Upon
removal of the noise, fatigue of the different structural elements of the powerhouse could be identified
if significant changes over time are observed in the eigenfrequencies. The use of laser technology is
to complement the regular monitoring activities on large dams, since observation and analysis of
integrity parameters provide indispensable information for decision making and maintaining good
structural health of ageing dams.

Keywords: vibration; laser doppler vibrometry; concrete dam; accelerometers; dam monitoring

1. Introduction

Every year about 200 new large dams of different types are built worldwide; however, the
intensity of dam construction was even greater in the past, therefore the majority of the dams that
will operate in the 21st century already exist [1]. Consequently, ageing of dams, preservation of their
functionality, and preservation of structural health are becoming the main challenges of the dam
engineering community [2]. Hydroelectricity has a significant role, while hydropower turbines also
provide ancillary services for the electrical network: maintenance of the system frequency (due to fast
and automatic response), fast reserve, reactive power series, and black-start capabilities [3]. With the
inclusion of more renewable power sources in the grid, which are known to be less stable, the role of
water turbines has increased. Most run-of-the-river hydropower projects were designed to provide
for the base load, but nowadays they provide for variable and peak regimes as well [4]. Hydropower
plants still remain the most flexible element in the grid to perform continuous regulation. In the
past only a few units were sacrificed to be highly flexible in operation, while nowadays due to the
changed conditions practically all hydro units in operation on the grid are continuously regulated
and daily operate in transient and unsteady modes [5]. This sacrifice is already recognized in more
frequent down times of turbines [6,7]. Furthermore, Goyal et al. concluded from laboratory testing
that each start and stop procedure causes a fatigue damage equal to 15–20 h of regular operation [8].
Operation in off-design operation points not only causes fatigue to the turbine, the disturbances and
stress fluctuations transmit further into the bearing structure, to the first and second stage concretes
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surrounding the turbine, penstock, spiral, and further [9]. The cracks in the foundations found at
some powerhouses are suspected to be linked with the new patterns of operation [10]. In extreme
cases the extent of damage called for vast rehabilitation works [11]. With the focus on the hydropower
dams, turbine operation is a load that occurs daily and its effect accumulates over decades. This
low amplitude, high frequency cyclic loading has, in comparison with other dynamic loads, a minor
impact, however, the accumulation of damage and its contribution to fatigue of the bearing structure
has not yet been fully considered and investigated. Nevertheless, in order to successfully manage and
maintain the ageing inventory of dams this phenomena should also be investigated.

The accumulation of damage in a structure causes changes in the dynamic properties which can be
detected with vibration monitoring. In order to be able to perform structural diagnostics, a system has
to be well investigated. Due to the size of the object under investigation, it is impossible to create series
of specimens, introduce different types of damage, and measure the response. We can only depend on
the measurements during operation while over the years of monitoring we will be able to gain new
knowledge on the ageing and behaviour of the system. In the initial stages it is important to define
the monitoring programme and decide which technology is used for the task [12]. Accelerometers are
probably the most commonly used vibration monitoring sensors [13]. However, laser vibrometers
are an interesting alternative to the traditionally used contact measurements. Cristalli et al. (2006)
performed a comparative study between laser Doppler vibrometers and accelerometers to be used
in an on-line testing to detect the fault of motors at the end of the production line [14]. The study
concluded that both technologies have their advantages and disadvantages. The vibrometer velocity
signal faces troubles of identifying higher modes because of the noise threshold and the vibration
of the laser head, while accelerometer measurements are affected by the electromagnetic effect and
with installation constraints, which in some cases prevented feature extraction for fault diagnosis.
The vibrometer velocity signal proved to be the most appropriate for fault diagnostic at the on-line
quality control of motors at the end of the production line.

In this paper we present a methodology on how the laser Doppler vibrometer can be used inside
a hydropower plant to measure vibration, while the instrument is excited as well. First, we present
the basic working principle, the experimental environment, and the procedure of error extraction.
The test measurements are performed at the Brežice dam on unit 1 during regular operation, with the
placement of the laser a few meters away from the measured point, where the instrument is excited
with the operation as well. In this paper we present the procedure of the measurement, mathematical
operations, and the final result compared with the control measurements. We conclude with the
recommendation on the use of the procedure, on the work that has been already concluded, and
the aims for future work where non-contact measurements are included in the regular monitoring
activities on the dam.

2. Methods

The laser technology was invented shortly after 1960. A few years later the laser Doppler
anemometry (LDA) as a novel technology to measure fluid velocity was introduced, and finally in the
late 1970s the laser Doppler vibrometry (LDV) was invented [15,16]. Both technologies advanced since
then and are nowadays widely used in different areas of applications, e.g., vibration measurements of
the human middle ear, non-intrusive diagnostic of fresco paintings, the performance of underplatform
friction dampers for turbine blades [17–19]. In a review paper An International Review of Laser
Doppler Vibrometry, the leading authors in this field present a detailed review of the chronological
and technological advancement in the field [20].

The working principle of LDV is the Doppler effect in the laser light, while there is a direct
correlation between the Doppler shifts fD of the backscattered light from the moving surface and the
surface velocity v:

fD =
2v
λ

(1)
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where λ of HeNe laser light equals 633 nm [21]. The challenge of on-site measurements in comparison
to laboratory measurements is the noise of the environment. In laboratory we are able to control
ambient conditions, while on site we have limited options; basically the conditions are given and we
have to adapt to them [22]. Measurements using LDV are limited to surfaces that provide sufficient
amount of reflected light. The majority of the surfaces in civil engineering is at least to some extent
optically rough with respect to the laser light wavelength. When laser light is reflected from a
rough surface coherent waves of the incident laser beam are dephased and speckles are formed [23].
The measurement is possible when a speckle has sufficient intensity to be recognized on the photo
detector. The amount of the backscattered light is also affected by atmospheric conditions (humidity,
temperature), laser beam propagation, focus, and alignment [24–26]. The laser speckle is classified
as a fundamental measuring uncertainty, while the laser signal can be a carrier of surface motion
information unrelated to normal surface motion, known as pseudo-vibration [27]. An in-depth
analysis of the origin of speckle noise is presented by Rothberg (2006) [28]. The use of a retro-reflective
tape helps to increase the intensity of the light in the backscatter. The retro-reflective tape is also
optically rough on the scale of the laser light; however, it is designed to concentrate the scattered light
up a narrow cone which provides for a brighter concentrated speckle. The use of the retro-reflective
tape increases the intensity of the light in the backscatter, however, it does not guarantee a signal
clear of drop-outs, while it provides for a wider range of where acceptable levels of the signal can
be obtained [29]. The maximum stand-off distance is limited with the product limitations; however,
the actual range is usually less than specified, while the conditions are never completely optimal.
The optimal stand-off distances are located within the maximum range at points of visibility maxima.
In practice, the search for visibility maximum is in most cases unnecessary, while the devices are
sensitive enough to make the measurement even in the lower visibility spectrum.

Challenge for Non-Contact Vibration Monitoring during Full Operation of the Powerhouse

Vibrometer measurements are relative; if the device moves during the measurement, the output
represents the sum of the vibration of the measured surface and the error caused by the movement
of the device in the direction of the laser beam. With measurements inside the powerhouse during
regular operation the tripod with the vibrometer is placed on an active standpoint, which is subjected
to some sort of excitation as well. In some cases the standing point moves the same as the surface
under observation. The first aim in the placement was to position the tripod on a structurally different
member and in order to maximize the backscatter every experimental point is equipped with a
reflective tile. To combat the issue of pseudo-vibration caused with the movement of the vibrometer,
additional measurements to determine its movement need to be done. Halkon and Rothberg proved
with laboratory and some real-world measurements that with placement of only 2 additional uni-axial
accelerometers on the housing of the vibrometer the error caused by the movement of the device in
the direction of the laser beam can be extracted [30]. The mathematical procedure and laboratory
measurements where the procedure was validated are in detail described in the aforementioned
paper [30]. Here, we will focus on the application in the powerhouse and the issues concerning
measurements out of laboratory conditions. The placement of the corrective accelerometers has to be
precise, and in order to smooth the error caused by the rigid body tilt of the vibrometer, accelerometers
have to be placed on one of the diagonals and perfectly symmetrically to the origin of the laser beam,
i.e., mirrored where the y, z location components should be (y1, z1) = −(y2, z2) and also y1 = z1 and
y2 = z2, where y = 0 and z = 0 represent the origin of the laser beam (see Figure 1). The precise
installation is very important; a 1 mm imperfection in the position causes an error of π

360 mm/s and an
angle misalignment causes a 1% error per degree of misalignment [30].
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Figure 1. Installation of the accelerometers on the front mask of a vibrometer.

3. The Experiment

A robust methodology should enable measurements during various operating regimes, while the
instrument is positioned on an active standing point. The scheme of the measurement set-up includes
the following:

• Laser Doppler Vibrometer
• 2 uni-axial accelerometers
• DAQ box for simultaneous data acquisition
• Portable computer

As we were performing test measurements an additional accelerometer was used for control
measurements. The 3rd accelerometer was mounted on the surface directly where the laser beam
illuminated the measured surface. To ensure proper placements of the accelerometers on the vibrometer,
we developed an aluminium interface to be mounted on the LDV (see Figure 2a). The aluminium
interface has a design tolerance of 0.02 mm and precisely rests on the frontal face of the vibrometer.
Exact positioning was done using a total station and geodetic measuring, and fixed with 3 bolts. The
circular interface is a 10 mm thick aluminium plate with 12 sensory cavities on a 97 mm circumference
with origin in the centre of the lens (see Figure 2b). The primary orientation of the vertical axis is
through the centre of the lens, other sensory points are graduated with a 45◦ and 60◦ phase step
enabling variable positioning of accelerometers on the interface. The coupling of the accelerometers
with the interface is with UNC bolts compatible with the coaxial connector on the accelerometers. In
our experiment 2 sensory cavities have been used until now; where 2 accelerometers were placed at
45◦ and 225◦ positions (see Figure 1).

On-site test measurements were performed on a turbine housing at Brežice HPP during regular
operation. The experimental set-up is presented on Figure 2c. The vibrometer was placed on a
tripod next to the turbine housing where the standing point was subjected to the excitation of the
turbine operation. Polytec PDV-100 was equipped with 2 Dytran, A series, piezoelectric, uni-axial
accelerometers, an additional accelerometer with the same specifications was mounted on the turbine
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housing to perform control measurements. Simultaneous data acquisition was done using the
DEWESoft Sirius data acquisition box that enabled simultaneous acquisition of up to 8 sensors.
Data acquisition was done in the time domain, and since we were interested in the velocity signal,
all accelerometer signals were directly integrated, using DEWESoft software, that enables direct
integration and definition of the acquisition parameters [31]. Integration was done following the
middle Riemann sum rule. Sampling frequency was high, i.e., 20 kHz, and the low-pass filter with the
cut-off frequency at 1 kHz was applied. Considering the Nyquist criteria a lower sampling rate would
be sufficient, we decided to oversample and filter high frequencies in order to reduce the broadband
noise floor of the system. Signal post-processing of velocity channels was done using MATLAB
software [32]. To determine the phase lag between the vibrometer and the accelerometers signals we
used the cross-correlation function [33]:

Rxy(τ) =
1
T

∫ ∞

0
x(t)y(t + τ)dt (2)

Cross-correlation function Rxy(τ) can be used as a measure of similarity between two discrete
signals where τ represents the time delay and T the size of the data segment. Phase delay can occur
even with a simultaneous data acquisition, e.g., when different technologies are used, filters are
applied, cable lengths differ. A rough estimate of a phase delay due to the variable cable length is
that 1 m of cable adds approximately 5 × 10−9 s (an estimate when the speed of light is assumed to be
c = 3 × 108 m/s) of a delay. Integration turns the phase for π/2, meaning that the integrated velocity
signal will lag behind the acceleration signal. The maximum value of the cross-correlation function is
in position where the signal similarity is the strongest, hence the indicator of the phase delay between
the signals. The phase delay between the LDV and the accelerometer channels is 1.35 ms, where
accelerometers lag behind the LDV signal, the output of the function is plotted on Figure 3, where we
can observe local maxima at 1.35 ms indicating the accelerometer signal lags behind the LDV signal.

(a) Aluminium interface
positioned on the LDV.

(b) Accelerometers mounted
on the aluminium interface.

(c) Measurement on the
turbine.

Figure 2. The interface mounting, scheme of the accelerometers positioning, and the measurement on
the turbine in Brežice HPP.

Figure 4 represents the scheme of 4 channels during the measurements on the turbine after the
alignment and integration of accelerometer signals. The first step in data manipulation is averaging
of Channels 2 and 3, to omit the error caused with the tilt of the rigid body. Signals are then
further transformed in the frequency domain using the Fast Fourier Transformation (FFT), signals
are de-trended (linear trend is assumed), and the DC component removed. The frequency content of
interest lies within 1–300 Hz. Using the digital band-pass elliptic IIR filter we attenuated frequencies
below the lower edge and upper edge passband frequencies at 1 Hz and 300 Hz, respectively. The
passband parameter is defined at 1 dB, while the lower passtop parameters at 80 dB. The use of the
elliptic filter minimized the number of poles and the application of zero-phase digital filter prevented
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phase distortion of the filtered signal, while by processing the signal in both the forward and reverse
directions, the phase remains unchanged. All signals were filtered including the control signal.
Furthermore, the averaged signal from Channels 2 and 3 was deducted from the original vibrometer
signal. Using reverse FFT the corrected time series were constructed. The result presents a corrected
velocity signal of the turbine.

Figure 3. Cross-correlation value of Laser Doppler Vibrometer (LDV) and accelerometer signals. Local
maxima at 1.35 ms indicate the accelerometer signal lags behind the LDV signal.

Figure 4. Scheme of mathematical operations on the output of sensor channels. Channel 1 represents
the raw vibrometer velocity signal. Channels 2 and 3 represent the integrated velocity signal from
accelerometers mounted on the vibrometer, while Channel 4 represents the control measurement of
an accelerometer mounted directly on the turbine housing where the vibrometer light illuminates
the surface.

3.1. The Measurement Noise

The piezoelectric accelerometers used in this study were chosen for their small footprint and
light mass for easy and reliable attachment. The accelerometer on the turbine was mounted with
a magnet while the accelerometers on the interface were mounted with bolts. During turbine
measurements we noticed a parasitic frequency at 50 Hz present in the output of the accelerometers.
The parasitic frequency was more evident on the accelerometers mounted on the vibrometer than on
the accelerometer placed directly on the turbine housing. The first suspicion was of course electrical
noise and the effect of the magnetic field that develops in the powerhouse while the generators are
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operating, since it is known that accelerometers can be susceptible to the magnetic field excitation [14].
The output with the parasitic frequency is presented on Figure 5. As we can see the parasitic output
dominates the measurements output.

Figure 5. Noise at 50 Hz in the accelerometer output (output of channel 1).

The parasitic frequency is present only in the accelerometer output, while the vibrometer output at
50 Hz was only white noise. To confirm that the magnetic field causes the parasitic frequency content,
we performed a detailed investigation in a laboratory. All components were tested for magnetic
properties and exposed to the influence of a strong electromagnetic coil, designed for medical purposes.
The coil induces a strong EM field with a frequency of 50 Hz. During the test at first the output
of one accelerometer was monitored while the accelerometer was positioned on different surfaces
(metallic, fabric, concrete) and on different distances from the magnetic coil. The electronic noise at
50 Hz appeared in the measurement as soon as the electromagnetic coil was turned on. The closer the
mounting of the accelerometer the higher was spike in the frequency output. The accelerometer itself
is mechanically moved by the EM field, the movement is so strong that it can be felt if we hold the
accelerometer in our hand. The intensity of the movement reduces if the magnet used for mounting is
removed, however the reduction is minimal.

The Teflon covered cable is also a little bit magnetic: the magnetism is barely detectable, however,
on the long length of the cable (15 m) the contribution is substantial. The effect can be minimised if
the cable is always fully unrolled, while the rolled cable behaves like an electromagnetic coil itself.
Furthermore, the vibrometer’s sensitivity to the EM effect was tested. Turning on the EM coil did not
affect the vibrometer’s output. In the second step the accelerometers were added in the scheme. When
the whole scheme was in operation, a parasitic frequency at 50 Hz appeared in the accelerometer output
even before the EM coil was on; the effect barely rises above the white noise threshold. We added
an isolation transformer in the scheme to introduce galvanic isolation in the system (see Figure 6).
A galvanic isolation is used also to suppress electrical noise and isolate the plugged equipment from
the original power-source. The transmission of the AC component is blocked while DC components
are allowed to pass. This prevents the formation of a ground loop between two circuits (devices). The
ground loop that forms between LDV-Sirius DAQ box-computer and affects the accelerometer readings
was successfully suppressed with the introduction of the insulation. Based on the laboratory test we
can conclude that the detected parasitic frequency consisted of the effect of the magnetic field and the
ground loop. The latter is successfully eliminated with the introduction of the isolation transformer.
By applying a digital band-stop filter, the parasitic frequency is completely eliminated. We use the
band-stop IIR Elliptic filter with attenuation bandwidth from 49 to 51 Hz and 1 Hz transition band on
the lower and upper edge frequency, pass-stop parameter 80 dB and peak pass-band ripple limited
to 1 dB. The 50 Hz parasitic frequency is not near any system eigenfrequencies therefore filtering can
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be applied. With the presence of the magnetic field during the regular operation, the power plant
environment once more proved to be a challenging environment for the measurements.

Figure 6. Layout of the instruments during vibration measurements, where the vibrometer is plugged
into the isolation transformer. Vibrations are measured on the housing of the main bearing.

3.2. The Measurement of the Turbine during Regular Operation

In Brežice HPP station there are 3 vertical, double regulated Kaplan turbines installed. Our test
measurements were performed on unit 1 (see Figure 2c). The vibration is captured on the turbine
housing on the location of the main turbine bearing. The units rotate at 107.14 revolutions per minute.
Including the stator each unit weights over 190 t and operates under 166 m3/s of rated discharge,
the runner with 4 blades weights 35 t and the rotating part of the generator 96.3 t. As mentioned the
vibrometer is placed a few metres away from the experimental point on an active ground, excited with
the turbine operation. The raw vibrometer velocity output contains summation of the turbine vibration
and error due to the movement of the standing point. Due to this additional movement the measured
amplitudes are larger than the true vibration of the machine. Figure 7 presents the original vibrometer
time series, the control accelerometer output, and the final, corrected velocity signal. Amplitudes of the
raw vibrometer signal are larger than the control signal indicates, while after the corrective procedure
the output amplitudes are in the range of the control amplitudes. The raw amplitudes exceed control
measurements amplitudes by 80% or even more, the amplitude correction is therefore substantial. The
correction is further discussed in the frequency plots on Figures 8 and 9.

Figure 8a presents frequency spectrum of uncorrected, filtered vibrometer signal. We used the
same filters on the LDV and accelerometer signals, e.g., also the band-stop filter. The correction signal is
presented on Figure 8b. We can notice that the behaviour of the standing point is similar than the point
under observation, the dominant frequencies are observed at 100 Hz, 42.9 Hz, 14.3 Hz, and 11.2 Hz.
The highest magnitude is at 100 Hz with magnitude approx. 2 × 10−3 mm, the velocity magnitudes
of the correction signal are at least one order of magnitude smaller than the vibration of the observed
structure. The corrective frequency peaks also coincide with the structural frequency peaks.

Figure 9a presents vibrometer signal after the correction is applied, while in Figure 9b we present
the control signal from accelerometer 3. Frequency peaks on both figures coincide, in Table 1 we
summarize the most prominent frequencies in the power-spectrum in the range from 1–100 Hz, they
are listed in the decreasing order in the spectrum and not by the order of magnitude. The three
frequencies with the most energy during this measurement were 21.4 Hz, 42.9 Hz, and 100 Hz. The
lowest peak in the frequency spectrum is at 1.78 Hz, this peak is a reflection of the rotational speed
of the runner. Turbines rotate with 107.14 revolutions per minute. This is represented with the first
peak in the frequency spectrum at 1.78 Hz. We can notice higher harmonics as well; the second peak at
3.56 Hz for example. The runner has 4 blades, the blade passing frequency at 7.15 Hz is recognized in
the frequency spectrum as well. The higher harmonics are visible up to 200 Hz however, the 100 Hz,
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150 Hz and 200 Hz peaks are not considered to be structural. In the accelerometer output they are
considered as higher harmonics of the noise.

Figure 7. Comparison of the time series of the original vibrometer signal (red), control signal from the
accelerometer (black), and the corrected vibrometer signal (blue) after the mathematical procedure is
applied.

(a) Uncorrected vibrometer signal. (b) Correction signal.
Figure 8. Frequency spectrum of the uncorrected vibrometer signal (a) and the correction signal from
accelerometers 2 and 3 (b).

(a) Corrected signal X1. (b) Control signal X2.
Figure 9. Corrected output signal (a) and the control signal that has been filtered and transformed in
frequency spectrum (b).

With the corrective mathematical procedure where the main signal manipulation is done in
the frequency domain we were able to improve signal similarity. We used the value of normalized
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cross-correlation to be the measure of signal similarity, where the function from Equation (2) is
normalized by the multiplication of the standard deviations σxσy.

Rnorm(τ) =
1
T
∫ ∞

0 x(t)y(t + τ)dt√
σxσy

(3)

Table 1. Power spectrum of turbine operation.

Frequencies in the power spectrum [Hz] 1.78, 3.56, 7.15, 21.43, 35.7, 42.85, 85.7, 100

Normalized cross-correlation is a simple method to determine signal similarity and can range
from values –1 to +1, where –1 means we are comparing two mirrored signals and +1 that we are
comparing two exactly the same signals. The starting signal similarity ranged from values from 0.4
to 0.8 and after we applied the mathematical procedure the value was 0.9, which is a substantial
improvement. However, at this stage we do not recommend for this technology to be used for blast
loadings but rather to be used to measure during regular loading regimes. Blast loading scenarios
have not jet been tested enough, the tripod on the stating point can move permanently, either pivot or
translate. This can result in false or loss of data.

4. Discussion and Conclusions

The dam community is facing the challenge of ageing dam inventory, built at a time of different
safety standards and economic regimes; many of these dams are now already extending the designed
exploitation period. Inclusion of integrity parameters in the system of structural health monitoring of
dams is going to be one of the necessary extensions of current monitoring activities. This study case
evaluates the applicability and options for non-contact vibration monitoring. The existing monitoring
system in Slovenia requires that seismic monitoring is established on all large dams. In our opinion
a way forward is an extension of this system, where with the installed accelerometers for seismic
monitoring the dam is continuously monitored under ambient condition and where local seismic
events are recorded as well, providing useful information on system identification together with
periodic non-contact measurements. The methodology is tested on the Brežice dam, and since there are
4 other dams on the lower Sava River which are structurally similar to this one, the methodology can
be further directly transferred to those dams and in the future on other run-of-the river dams as well.

An extensive effort was devoted to extend the applicability of Laser Doppler vibrometry.
A hydropower powerhouse is a demanding environment for relative non-contact measurements.
The placement of the instrument inside the structure under observation results in an error caused
by the instrument movement. The measurements on the turbine revealed that accelerometers are
sensitive to magnetic field excitation. Additionally, electronic systems sometimes introduce a low level
of instrument noise. Transverse motion and base bending of accelerometers and accelerometer cable
noise have been recognized as a source of error. The issue was addressed with the introduction of an
isolation transformer and a band-stop filter. Preparation of the measurement is crucial. It is important
that we are familiar with ambient conditions and noise. When measuring on site we will most likely
not be able to eliminate all noise sources however, we should be able to adapt to the conditions. The
effect of ambient noise can be minimized by following a few simple rules:

• we recommend to always use reflective tape (unless we have a clear reason why not to use it);
• whenever possible the standing point should be on a structurally different member than the

surface under observation;
• the standing point should be on a structurally more rigid member than the point under

observation;
• when measurements are done in strong sunlight the visor of the instrument must be shaded;
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• methods to enhance signal-to-noise ratio should be applied together with an adequate anti-aliasing
method with a proper measurement resolution.

At this point we are able to use LDV in the powerhouse during the normal operation. The error
caused with the movement of the device could be isolated and vibration of the turbine system
captured. To the authors’ knowledge this is the first application of a vibrometer in an environment as
demanding as a powerhouse during operation. By now the technology provides the improvement
of signal quality where the estimated normalised cross-correlation value of the corrected signal can
reach 0.9 with respect to the control signal, which is a substantial improvement. Original vibrometer
amplitudes are overestimated, since the vibrometer movement also increases the amplitude of the
relative measurement.

This experiment is the first step in establishing non-contact measurements using a portable
vibrometer as a sufficient alternative to traditional measurements inside a hydropower dam. There is
still a substantial amount of work to continue this research, to reach the goal when the technology
is robust enough to be used during all operational regimes and included in the system of regular
structural health monitoring of the dam. Further improvements are possible, especially to tackle
the susceptibility to magnetism by applying technological improvements to the design of the DAQ
system, EM shielding should be considered and measures to improve EMC immunity applied. The
piezoelectric AC accelerometers were used due to their small size however, the frequency response
of AC accelerometers cannot be extended down to the DC component. The use of charge amplifiers
improves the sensitivity in the low frequency range, it can come close to 1 Hz, while in cases when
sensitivity to the DC component is necessary, piezoresistive accelerometers may have to be used. The
use of DC accelerometers will improve the the results in the low frequency range. However, the
interpretation of signals close to DC should be done with care. Moreover, charge-driven systems have
a benefit over voltage-driven systems as they are not sensitive to the length of the connecting cable.
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Abstract: In this paper miniaturization of a microstrip patch strain sensor (MPSS) using fractal
geometry was proposed and analyzed. For this purpose, the transducer of Sierpinski curve geometry
was utilized and compared with the most commonly utilized rectangular resonator-based one. Both
sensors were designed for the same resonant frequency value (2.725 GHz). This fact allows analysis
of the influence of the patch (resonator) shape and size on the resonant frequency shift. This is
very important as the sensors with the same resonator shape but designed on various operating
frequencies have various resonant frequency shifts. Simulation and experimental analysis for all
sensors were carried out. A good convergence between results of simulation and measurements was
achieved. The obtained results proved the possibility of microstrip strain sensor dimensions reduction
using Sierpinski curve fractal geometry. Additionally, an influence of microstrip line deformation for
proposed sensors was studied.

Keywords: strain sensor; microstrip sensor; microstrip antenna; fractal; microwave technique;
SHM; NDT

1. Introduction

Safety assurance is very important task in case of civil structures. For many years, civil constructions
were evaluated using periodic inspections. However, these have to be conducted by qualified personnel.
Furthermore, there is a lack of information about the structure condition during or just after extreme
weather anomalies. For this reason, Structural Health Monitoring (SHM) systems are increasingly
utilized [1,2]. SHM technique enables to increase structure safety by evaluation of construction
condition in real time. A typical SHM system consists of sensors network, central data acquisition
node, and algorithms. Various types of parameters are measured by the SHM sensor network from
which the strain is crucial for assessment of structure state.

A number of devices are utilized to measure strain. In 1938, Edward E. Simmons and Arthur C.
Ruge invented and commercialized the resistant strain gauge [3]. Even though the invention is almost
one hundred years old, it is still the most frequently used. So far, different types of resistive strain
gauges have been designed such as wire, frame, and foil based ones. The resistance strain gauges use
the phenomenon of changing the electrical resistance of the conductor due to the change in its length
and cross-sectional area. The value of wire electrical resistance increases when it is stretched. Both
the shape of the resistive mesh and the type of conductive material affect a transducer’s sensitivity.
The change in strain gauge resistance is usually determined by a Wheatstone bridge or potentiometer
circuit. The single strain gauge can evaluate the stress level in only one direction. When the force
direction is unknown, strain is measured using rosette strain gauges.

Another device for strain measurement is a capacitive strain sensor. Its deformation influences the
capacitance value. These sensors are especially useful for measuring stresses in applications with high
elasticity. They consume about ten times less energy than resistive sensors, which is very important
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in case of wireless systems [4]. Thus, capacitive strain sensors can be applied in the measurement of
skin or tire strain [4–6]. Until now, two types of capacitive strain sensors have been presented. The
parallel-plate strain sensor is assembled by sandwiching a dielectric layer between two electrodes [6].
Whereas, the second type has in-plane electrodes parallel to their substrate [4,5]. Sensors with in-plane
electrodes proved higher sensitivity, sensing linearity and lower hysteresis than parallel-plate-type
capacitive strain sensors [5].

Strain measurement can also be performed using piezoresistive strain sensors, which are based
on semiconductors. Strain deforms the semiconductor crystal lattice, which influences energy bands.
As a result, the resistance value of the semiconductor element changes [7]. The prime benefit of the
piezoresistive strain sensors is a considerably higher sensitivity compared with the resistant strain
gauges. Nevertheless, they are very sensitive to temperature variance [8].

Piezoelectric sensors are also utilized in SHM systems for the strain measurement. The change
in applied stress causes an electrical potential inside the amorphous crystals or selected polymers.
This kind of sensor has a very high sensitivity. Thus, it has found application in dynamic force
measurement [9,10]. It should be noted that the accumulated electric charge expires after a certain time
of constant stress. Therefore, piezoelectric sensors are not suitable for static strain measurements [10].

Stress evaluation using magnetic sensors is carried out by measuring the stress dependent
magnetic properties of the material, as opposed to sensors in which stress is measured through sensor
deformation. Therefore, they can only be utilized to monitor stresses in ferromagnetic materials. The
advantage of this solution is the ability to assess the stress level of the old structure, without new
structure reference measurements [11,12]. Geometrical dimensions of magnetic sensors are definitely
larger compared with other types of sensors.

Stress measurement can also be performed by many types of optical sensors [13]. Notwithstanding,
the most popular sensor utilized in this application is the one based on Fiber Bragg Grating (FBG).
FBG is introduced during the optical fiber production process by modulation of the core refractive
index. FBG reflects the light differently from the rest of the fiber, as specific wavelengths are reflected.
The dimensions of FBG are changed when the optical fiber is deformed. This causes changes of the
refractive index and consequently wavelength of reflected light. The most important advantages of
fiber optic sensors are immunity to electromagnetic interference, low weight, and high sensitivity. FBG
strain sensors enable the placement of multiple sensors on one fiber optic cable. Nevertheless, they are
expensive to build and then maintain.

In the last decade, the idea of using microstrip antennas for strain assessment was introduced.
The works on improving this kind of transducer are conducted by many scientists [14–28]. The critical
element of the microstrip antenna system was the Vector Network Analyzers (VNA). So far, the VNAs
have been very expensive. Notwithstanding, low-cost VNAs (Pocket VNA, miniVNA Tiny) have
appeared in recent years. Thus, it is possible to implement this type of systems in real structures.
In addition, other cheap wire-based antenna interrogation mechanisms have been created, such as
Frequency Modulated Continue Wave (FMCW) interrogator [29]. Moreover, the antenna sensor has the
possibility of wireless interrogation—even without using batteries [30–34]. This property distinguishes
this type of sensor from the others and provides the possibility to perform measurements in severe
conditions or on rotating elements. As reported in literature, wireless measurement is most often used
to measure strain and temperature. The main problem of wireless measurement is that signals received
by the wireless interrogator consist of signal backscattered by the microstrip sensor and background
clutter which creates the “self jamming” problem [30]. Up to now, various wireless measurement
methods were described [30–34]. Both sensor and interrogated element are passive structures [31,32].
Thus they can be used to measure very high temperature (over 400◦C). Other wireless sensors are
based on the Radio Frequency Identification (RFID) technology [33]. The RFID-based interrogation,
is appropriate only for static strain measurement due to its low interrogation speed. For wireless
dynamic deformation measurement FMCW radar was developed [30]. An interesting way to solve
the self-jamming problem is a sensor node consisting of two microstrip antennas. The first patch
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antenna is used as the transmitting/receiving (Tx/Rx) device. The second microstrip antenna is serving
as the temperature sensor. A transmission line, connecting both microstrip antennas, delays the
signal reflected from the sensing element and thus separates it from the background clutter [34]. The
microstrip patch sensor is mechanically fixed to the evaluated element. Thus, its deformation causes a
change in the patch geometry and current density distribution. This affects the resonant frequencies
of the patch resonator. Strain evaluation using the microstrip antenna sensor is based on reflection
coefficient S11 measurement in the frequency domain. The shift of resonant frequency Δf r is defined
as follows:

Δf r = f rload − f r0MPa (1)

where f rload is the resonant frequency for setup with external mechanical load, and f r0MPa is the
resonant frequency for setup without load.

Until now, various aspects of microstrip strain transducers were studied. Both wired and wireless
microstrip strain sensors were tested [14,21]. The curvature effect during bending of the examined
element was also considered [24]. The most commonly used in case of deformation evaluation was
the rectangular-shaped patch [11,16–18,22–24,27,28]. Furthermore, circular [14,15,21,25] and other
shapes [19,26] of resonators were utilized. The comparison of the resonant frequency shifts for studied
sensors is shown in Table 1. The most sensitive to strain (the highest Δf r for defined strain level) are
rectangular and circular patches (first resonant frequency). The last column of Table 1 contains the
information about type of deformation, because the curvature caused by bending process also affects
the sensitivity [24].

Table 1. Comparison of microstrip sensors.

Patch Shape f r [GHz] Δf r ε=0.1% [MHz] Type of Deformation

Rectangular patch feed by microstrip line [23] 17.7 14.3 Non-planar (bending)
Rectangular patch feed by microstrip line [28] 0.5–15 0.5–15.1 Planar

Circular patch feed by microstrip line—
first resonant frequency [14] 2.5 2.3 Planar

Circular patch feed by microstrip line—
second resonant frequency [14] 4.3 1.2 Planar

Circular patch feed by microstrip line [25] 0.5–5 0.5–4.8 Planar

Slotted patch feed by coaxial probe [19] 3.4 3.1 Non-planar
(bending)

In most of the works just one resonant frequency was analyzed. Unfortunately, in this case
the strain measurement cannot be performed when the exact angle of external force is unknown.
This is due to different resonance frequency shifts caused by different force directions—non isotropic
sensitivity. For some directions of mechanical excitation, the sensitivity can be even close to zero.
This problem was solved by monitoring of two resonant frequencies, each associated with different
distributions of current density in the resonator [14,23]. It results in various directional characteristics
of the deformation for both resonances. In this case rectangular [23] and circular patch sensors were
utilized. For the rectangular one, at the first resonance, the current is parallel to the main resonator axis
whereas for second one is perpendicular. However, in the case of a circular microstrip sensor at the
first resonance the current is also parallel to the main axis of the patch, while at the second resonance
the current density distribution is more multi-directional. The strain measurement performed by two
resonant frequencies monitoring enables the examination of direction and value of stress.

The maximum dimensions of microstrip strain sensors are in the range of 0.5λ to 6λ depending
on configuration (where λ is wavelength). In some stress measurement applications, it is necessary
to use smaller sensors. This is very important in cases where there is very little space to mount the
transducer or when the local deformation gradient must be measured. This fact caused the need for
miniaturization of sensors. In the telecommunication applications, where the frequency bands are
strictly defined, the following aspects are considered to miniaturize microstrip antennas:
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• use of high permittivity laminates,
• introduction of various slots in the ground plane,
• change and optimization of patch shape.

For deformation measurements, the microstrip patch sensor can be designed for higher operating
frequencies. The dependence between sensitivity and sensor’s resonant frequency for rectangular patch
was examined in [28]. The studied sensor had operating frequencies from 0.5 to 15 GHz. Resonance
frequency shifts were from 0.5 to 15.1 MHz. Moreover, the same relationship was designated for the
circular resonator [25]. The tested sensors were designed for operating frequencies from 0.5 to 5 GHz.
Resonance frequency shifts from 0.5 to 4.8 MHz were obtained. Microstrip transducers designed for
higher resonant frequencies have higher sensitivity and smaller size. So it seems that designing sensors
for high operating frequencies is the most beneficial. However, the prices of Vector Network Analyzers
depend on their maximum measurement frequency, thus utilization of very high frequencies becomes
economically unjustified. Moreover, the sensitivity of microstrip patch sensors made on various
permittivity substrates was evaluated. Similar frequency changes were obtained for all considered
laminate electrical permittivities, but the patch radius length for εr = 2.2 was 23.7 mm, and for εr =

13.2 it was equal to 9.677 mm [25]. Thus, this method of miniaturization is very beneficial because it
enables to obtain the same sensitivity and simultaneously to miniaturize the transducer.

This article presents another method of MPSS miniaturization based on selection and change
of patch shape. In case of telecommunication applications patches were modified by loading the
edges of the patch with inductive elements [35]. Moreover, fractal patches geometries are also
often used to miniaturize the microstrip antennas [36–38]. In this paper Sierpinski curve fractal
geometry was applied. According to the authors’ knowledge, this is the first application of fractal
geometry in microstrip strain/stress sensors. It will enable sensor diminution without the use of
expensive microwave laminates or may be an additional option using a high electrical permittivity
laminate and fractal geometry to achieve an even bigger reduction in the deformation measurement
area. The proposed fractal geometry in case of three iterations was studied and compared with a
rectangular-shaped MPSS sensor designed for the same operating frequency. Thus, only the influence
of the patch shape on sensor sensitivity was studied.

2. Sensor Design

Until now, various fractal microstrip antennas were presented in the literature. Notwithstanding,
fractal patches were not investigated in strain measurement applications yet. Many various fractals
were created and even more reports on the use of fractal geometry in telecommunications applications
were published. This is due to the fractal geometry modifications and various feed methods. One
of the most known fractal creators was Polish mathematician Wacław Sierpiński. He invented three
well-known fractals, which were later named Sierpinski fractals (the Sierpinski gasket, the Sierpinski
carpet, and the Sierpinski curve). So far, microstrip antennas using these three fractal geometries
were built and tested [36–38]. In this work, it was decided to manufacture and examine the patches
based on the geometry of the Sierpinski curve in the strain assessment application. This shape enables
significant reduction of the resonator size [36]. The construction method of Sierpinski curve fractal is
presented in Figure 1. Obtained fractal geometry, was modified in order to feed it by microstrip line as
shown in Figure 2. The sensors were designed on FR4 laminate (εr = 4.4, tanδ = 0.02).
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Figure 1. Construction method of Sierpinski curve fractal.

Figure 2. Designed Sierpinski curve based fractal strain sensors; (a) view and dimensions (in mm) of
first iteration fractal sensor; (b) photo of first iteration fractal sensor; (c) view and dimensions (in mm)
of second iteration fractal sensor; (d) photo of manufactured second iteration fractal sensor; (e) view
and dimensions (in mm) of third iteration fractal sensor; (f) manufactured third iteration fractal sensor.

121



Sensors 2019, 19, 3989

The same patch modification was carried out in [36]. All sensors were designed for the same
operating frequency (2.725 GHz). This value was selected as a compromise between high sensitivity
(high resonant frequency) and the possibility of using low-cost VNA (up to 3 GHz) and low-cost
laminates. Three designed iterations of Sierpinski curve fractal strain sensor are shown in Figure 2. In
order to compare proposed sensor with standard and commonly utilized one, a rectangular microstrip
strain sensor was designed using the formulas presented in [39]. Dimensions and a photo of the
fabricated rectangular microstrip transducer are shown in Figure 3.

Figure 3. Rectangular microstrip strain sensor; (a) view and dimensions (in mm) of rectangular
microstrip strain sensor; (b) photo of manufactured rectangular microstrip patch strain sensor (MPSS).

3. Numerical Analysis

FEM (Finite Element Method) model for study of proposed sensors in Comsol Multiphysics
environment was developed. This numerical model is shown in Figure 4. The sensor was fixed to the
S355J2+N construction steel sample. Thus, the designed transducers were evaluated using a material,
which is widely used in civil structures. Firstly, the Solid Mechanics module was utilized to simulate
deformation of the sample. Mechanical loading of the sample causes simultaneous deformation of the
MPSS. As a result, the current density distribution in the patch changes as well as the frequency domain
reflection coefficient (S11) characteristics. The transducers resonant frequency was determined based on
the received reflection coefficient characteristics calculated using the RF module. Reflection coefficient
characteristics determined using numerical analysis are presented in Figure 5. As it can be seen, all
microstrip patch sensors have the same operating frequencies. The current density distributions in
the resonators at the resonant frequency are shown in Figure 6. For the rectangular patch and the
first iteration of Sierpinski curve fractal resonator, the current is parallel to the main axis of the patch.
However, for higher iterations of the fractal, the current distribution is more multidirectional. For this
reason, bigger shifts of resonant frequencies were obtained for a rectangular resonator and for lower
fractal iterations (Figure 7).
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Figure 4. Finite Element Method (FEM) numerical model.

Figure 5. Calculated reflection coefficient characteristics S11 for proposed microstrip transducers.

The proposed sensor is fed by microstrip transmission line. Thus mechanical strain applied on
the steel sample, causes dimensions change of both patch and microstrip line. For this reason, the
behavior of proposed sensor was also numerically studied without the microstrip line; the excitation
port was placed directly on the patch (the position of patch feed is shown in Figure 8). The results
obtained are shown in Table 2. As one can see, the effect of microstrip line deformation is below 5%.
This analysis showed that the deformation of the microstrip line has little effect on the reading of the
real local deformation level under the patch.
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Figure 6. Current density distribution for resonant frequency; (a) rectangular patch; (b) Sierpinski
curve fractal first iteration; (c) Sierpinski curve fractal second iteration; (d) Sierpinski curve fractal
third iteration.

Figure 7. Dependencies between strain ε and shifts of resonant frequency Δf r for proposed sensors
obtained in numerical analysis.
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Figure 8. Fractal MPSS feed without transmission line.

Table 2. Shift of resonant frequency for proposed sensors feed with microstrip line and without it.

Patch Shape
Δf r ε=0.1% [MHz]—Feed by

Microstrip Line
Δf r ε=0.1% [MHz]—Feed
without Microstrip Line

Rectangular −2.59 −2.63
First iteration of Sierpinski curve fractal −2.17 −2.13

Second iteration of Sierpinski curve fractal −1.42 −1.45
Third iteration of Sierpinski curve fractal −1.15 −1.2

4. Experimental Analysis

In this section, experimental verification of proposed and simulated transducers was carried
out. For this purpose, four microstrip patch sensors were manufactured using photolithographic
process. Designs and photos of their implementation are presented in Figures 2 and 3. These
sensors were attached with cyanoacrylate adhesive to the steel samples. This adhesive connection
enables the transmissions of sample strain to studied MPSS. The steel sample was deformed using
hydraulic system for introduction of mechanical deformation. Afterwards, for the deformed sensor
Rohde&Schwarz ZVB20 Vector Network Analyzer (VNA) was utilized for reflection coefficient S11

acquisition. Measurement was conducted in the 2.4–3 GHz frequency range with 0.25 MHz step.
The measurement setup is presented in Figure 9. Measured and calculated reflection coefficient
characteristics for exemplary sensor are presented in Figure 10. Comparing the results presented
in Figures 7 and 11, one can observe that a good convergence between simulations results and
experimental verification results was obtained. The largest resonance frequency shifts were obtained
for the rectangular microstrip patch sensor and the first iteration of the Sierpinski curve fractal. Whereas
higher iteration of fractal MPSS is less sensitive on strain.

 

Figure 9. Photo of measuring system setup.
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Figure 10. Calculated and measured reflection coefficient characteristics S11 for second iteration of
Sierpinski curve fractal.

 

Figure 11. Dependencies between strain ε and shifts of resonant frequency Δf r for proposed sensors
received in measurement.

5. Conclusions

In this paper, the miniaturization of the microstrip strain sensor using a specific patch shape
was evaluated. For this purpose, Sierpinski curve based fractal geometry was utilized and sensitivity
test was carried out for three iterations of this fractal. The main criterion for choosing this fractal
geometry was the possibility of significantly reducing the study area. Obviously, similar sized sensors
can be obtained using other fractal geometries. Nevertheless, various shapes of patch have different
sensitivities. For this reason, in further work other fractal geometries will be considered to select the
best solution. In addition, a comparative study with a rectangular patch was made. Comparison
of received results was shown in Table 3. First of all, a good convergence between the results of
numerical and experimental analysis was obtained. Small differences between simulation results
and measurements are caused by inaccuracies in the production of resonators, lack of knowledge
regarding the exact values of the electromagnetic and mechanical parameters of the laminate (these
values were obtained from producer, not measured for specific samples), and approximation errors.
Due to the high stiffness of the adhesive and the thin laminate (h = 0.18 mm), the shear lag effect does
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not much affect the results. This effect was not taken into account during simulations. Furthermore, the
dimensions of the sensor were significantly reduced by using a fractal patch. Unfortunately, for smaller
fractal resonators, there is a smaller resonant frequency shift and in consequence lower sensitivity. An
area of the sensor geometry that is four times smaller caused only twice-lower sensitivity. Thus, a
better method for miniaturization of microstrip strain sensor is the utilization of the high permittivity
laminate. The use of fractal patch can be used in combination with high electric permittivity laminate
in the case when sensitivity requirements are lower and stress measurement is required on a very
small area. Studies presented in the literature show that the largest resonant frequencies shift for
stresses parallel to the main patch axis are when the current is parallel to the main patch axis. On
the other hand, multidirectional current distribution in the patch allows obtaining higher sensitivity
for other strain angles (Table 1). For the third iteration, the current density distribution is the most
multidirectional. So this sensor may be more sensitive on strain in various directions.

Table 3. Comparison of the examined sensor.

Patch Shape
Resonator Size

[mm2]
Δf r ε=0.1%

[MHz]—Simulation
Δf r ε=0.1%

[MHz]—Measurement

Rectangular 832.28 −2.59 −2.39
First iteration of

Sierpinski curve fractal 778.24 −2.17 −2.35

Second iteration of
Sierpinski curve fractal 333.54 −1.42 −1.36

Third iteration of
Sierpinski curve fractal 184.59 −1.15 −1.18

Repeatability and strain measurement range are strongly dependent on the laminate and the
adhesive connection mechanical properties. For this reason, thin and elastic laminates should be
utilized in this application, while adhesives should have similar properties to the ones utilized in
resistant strain gauges or other strain evaluation techniques. In order to obtain high repeatability, both
laminate and adhesive connection should be resistant to fatigue damage and have low temperature
dependence. In case of layered laminates there is a risk of delamination due to high compressive
forces (related to nonlinear region of the stress–strain curve). Such changes in laminate structure can
noticeably affect repeatability of the sensor. The measurements and analysis were carried out in a linear
(elastic) region of the stress–strain curve because this type of sensor was considered for measuring
steel structures. Exceeding the yield point causes loss of integrity of the monitored structure, thus
(because of safety issues) during such structure design process even at the highest load, the operating
point must be within the linear range (with a wide safety margin).
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Abstract: This work presents a structural health monitoring (SHM) approach for the detection
and classification of structural changes. The proposed strategy is based on t-distributed stochastic
neighbor embedding (t-SNE), a nonlinear procedure that is able to represent the local structure of
high-dimensional data in a low-dimensional space. The steps of the detection and classification procedure are:
(i) the data collected are scaled using mean-centered group scaling (MCGS); (ii) then principal component
analysis (PCA) is applied to reduce the dimensionality of the data set; (iii) t-SNE is applied to represent
the scaled and reduced data as points in a plane defining as many clusters as different structural states;
and (iv) the current structure to be diagnosed will be associated with a cluster or structural state based
on three strategies: (a) the smallest point-centroid distance; (b) majority voting; and (c) the sum of the
inverse distances. The combination of PCA and t-SNE improves the quality of the clusters related to the
structural states. The method is evaluated using experimental data from an aluminum plate with four
piezoelectric transducers (PZTs). Results are illustrated in frequency domain, and they manifest the high
classification accuracy and the strong performance of this method.

Keywords: classification detection; principal component analysis (PCA); structural changes; structural
health monitoring (SHM); t-distributed stochastic neighbor embedding (t-SNE)

1. Introduction

Structural health monitoring (SHM) is a crucial process for engineering structures because it checks the
correct behavior of the structure and determines whether it needs some type of maintenance. The healthy
state of the structure has to remain between the specified limits or threshold, but these limits may change
due to the aging of the structure and its use, or due to the environmental and operational conditions (EOC).
Hence, in SHM systems, detection and classification of structural changes are essential in order to know
the current state of the structure for security and to reduce costs of inspection and maintenance. If damage
is detected and classified precisely at the time it occurs, some action may be taken before a human
and/or economic disaster occurs, thus reducing the probability of accidents and the maintenance costs.
SHM has been applied in many structures such as wind turbines [1–3], buildings [4,5], and aircraft [6,7],
among others, and a review of the state-of-the-art manifests that SHM is a very active research field.

With the goal of obtaining information about the state of the structure, data are collected by a
sensor network, which is placed along the structure. The information obtained from multi-sensor signals

Sensors 2019, 19, 5097; doi:10.3390/s19235097 www.mdpi.com/journal/sensors
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creates a high-dimensional data set with a large volume of data due to continuous measurements of
the monitoring system. Various methods have been proposed for the handling of high-dimensional,
big, and complex data. Among these methods, plane or spatial representation techniques stick out as
they offer a way to handle this type of data by means of an interface that allows an easy detection of
natural clusters, identifying hidden patterns, et cetera [8]. Plane or spatial representation techniques
are also somehow related to dimensionality reduction. Dimensionality reduction is the mechanism of
reducing the dimension of the original data, while keeping mostly the same intrinsic information [9].
One of the proposed dimensionality reduction methods in the literature is t-distributed stochastic neighbor
embedding (t-SNE), a technique developed by L. van der Maaten and G. Hinton [10], which is able to
represent the local structure of original high-dimensional data in a low-dimensional space (for example,
a simple 2-D plot). This technique detects patterns by identifying clusters based on similarity of data points.
t-SNE is widely used in the literature as a dimensionality reduction technique, as a classification or pattern
recognition method, or as a visualization and compression method of big data sets, but although t-SNE has
been applied in several applications, this is one of the first approaches of t-SNE in the field of SHM [11].

In the present approach, t-SNE is applied in the frequency domain. In the field of SHM and condition
monitoring (CM) this is sometimes common, and the combination of time-frequency domain is also used.
Some examples are Tsogka et al. [12], who propose a novel vibration-based SHM method for damage
detection in the frequency domain, which illustrates its practical application in the case of a historic
bell tower. Xu et al. [13] propose a clustering method based on ensemble empirical mode decomposition
and affinity propagation for bearing performance degradation assessment. To prove the superiority of the
approach, the proposed methodology is compared to various popular clustering methods and commonly
used time-domain indicators. The results show that the proposed method outperforms these popular
clustering methods and time-domain indicators. Cheng et al. [14] propose a multisensory data-driven
health degradation monitoring system by using a generalized multiclass support vector machine. In this
method, multidimensional feature extraction is implemented in the time domain, frequency domain,
and time-frequency domain.

In this work, a SHM strategy for detection and classification of structural changes based on a two-step
data integration (type E unfolding [15] and the so-called mean-centered group scaling (MCGS)), data
transformation using PCA, and a two-step data reduction combining PCA and t-SNE has been proposed.
PCA is an extensively used technique that is mainly used for dimensionality reduction or feature extraction
in the framework of pattern recognition [16], and it can be applied differently to detect and classify
structural changes or faults [17]. In some cases, however, it can be observed that the projection into the
first principal components does not allow a visual grouping, clustering, or separation. For this reason, we
propose the damage or fault detection based on the combination of PCA and t-SNE. As a consequence,
the basic steps of the detection and classification procedure that we apply are: (i) the data collected,
in the frequency domain, are first scaled using MCGS due to the different scales and magnitudes in the
measurements; (ii) then PCA is applied to obtain a better representation of the original data, by reducing
the dimensionality of the scaled data and projecting the scaled data into the vectorial space spanned
by the principal components; and (iii) t-SNE is finally applied to the projected data to represent these
points as points in a plane. It will be shown that, with respect to the time domain, the quality of the
clusters related to the different structural states is significantly improved. More precisely, the current
structure to be diagnosed will then be associated with a structural state based on three different strategies:
(i) the smallest point-centroid distance, i.e., when a single actuation phase is considered; (ii) majority voting;
and (iii) sum of the inverse distances, i.e., when several actuation phases are combined. Therefore, in this
work, t-SNE is used, in combination with a particular data integration, data transformation, and data
reduction, for the first time in the field of SHM in a frequency-based approach. In comparison to previous
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strategies found in the literature, this novel method is able to yield a best detection and classification of
structural changes, thus leading to a best performance.

The proposed method for the detection and classification of structural changes is assessed
using experimental data from a plate with four piezoelectric transducers (PZTs). Since guided
wave propagation-based SHM strategies have proven their ability to adequately identify defects in
structures [18–21], in the present work, we have also considered the paradigm of guided waves. In this
paradigm, the structure is excited by a signal and the response is measured to create a baseline pattern.
When a new structure has to be diagnosed, it has to be excited by the exact same signal and the response
is measured and compared with the baseline pattern. Results reveal the high classification accuracy and
the strong performance of this methodology, with a percentage of correct decisions of about 100% in
various scenarios. In the present work, the environmental conditions were not considered, as it will be the
topic for further developments.

The structure of the paper is as follows: Section 2 describes the objective of t-SNE and how the
plane or spatial representation is obtained. Section 3 includes how the baseline data are collected
and pre-processed, how the global dimension of the data is reduced, and how the clusters are created
using t-SNE. The damage detection and classification procedure of a structure that has to be diagnosed
is presented in Section 4. The experimental case study is described in Section 5. In Section 6, the results
are shown. Finally, in Section 7, some conclusions are drawn.

2. t-Distributed Stochastic Neighbor Embedding (t-SNE)

2.1. The Objective of t-SNE

t-SNE is an improved variation of the technique so-called stochastic neighbor embedding (SNE) [22].
With respect to SNE, t-SNE is much easier to optimize and yields better plane or spatial representations of
the high-dimensional data, since it reduces the tendency to crowd points in the center of the distribution
(the so-called crowding problem). Part of the enhancements of t-SNE with respect to SNE are due to the
fact that the cost function used by t-SNE differs from the one used by SNE in two features: (i) t-SNE
uses a symmetrized version of the SNE cost function with simpler gradients; and (ii) t-SNE uses a
Student’s t-distribution, instead of a Gaussian, to calculate the similarity between two points in the
low-dimensional space.

Given a collection of high-dimensional data points:

X = {x1, . . . , xν} ⊂ R
D, ν, D ∈ N, (1)

the aim is to find a collection of low-dimensional map points

Y = {y1, . . . , yν} ⊂ R
d, d ∈ N

that form a faithful representation of the original points {x1, . . . , xν} in a lower-dimensional space.
Typical values for d are 2 (plane representation) or 3 (spatial representation), where d � D. By saying
faithful representation, we mean that the points {y1, . . . , yν} in the lower-dimensional space preserve,
as much as possible, the local structure of the original data X .

2.2. Pairwise Similarities

To preserve local similarities of the original data X by this embedding, t-SNE first converts the
high-dimensional Euclidean distances between data points xi and xj into conditional probabilities by
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centering a Gaussian distribution at xi, computing the density of xj under this Gaussian distribution,
and renormalizing:

pj|i =
exp

(
−‖xi − xj‖2

2
2σ2

i

)
ν

∑
l=1
l �=i

exp

(
−‖xi − xl‖2

2
2σ2

i

) , i, j = 1, . . . , ν, i �= j, (2)

where
‖xi − xj‖2

2
2σ2

i
(affinity or scaled squared Euclidean distance) is the dissimilarity between data points xi

and xj. The variance of the Gaussian distribution, σ2
i , is computed automatically. Since only pairwise

similarities between data points are of interest, t-SNE imposes pi|i = 0. This conditional probability
measures the similarity of xj to xi. If two data points are close, pj|i will be large. However, if two data
points are far, pj|i will be small.

Then, by symmetrizing the conditional probability in Equation (2), the joint probability is defined
as follows:

pij =
pj|i + pi|j

2ν
, i, j = 1, . . . , ν, i �= j,

pii = 0.

The joint probability also measures the pairwise similarity between data points xi and xj. As a result,
let us define the similarity matrix P ∈ Mν×ν(R) for the high-dimensional data points as P =

(
pij
)

i,j=1,...,ν.
When the similarity matrix for the data points X in Equation (1) is obtained, t-SNE also defines the

similarity matrix Q ∈ Mν×ν(R) for the map points Y . Essentially, we build matrix Q following the same
idea as for the similarity matrix P with respect to original data points. The one and only difference is that
we use for matrix Q a renormalized Student’s t-distribution with one degree of freedom and σ2

i = 1
2 for all

i, instead of a Gaussian distribution:

qij =

1
1 + ‖yi − yj‖2

2
ν

∑
k=1

ν

∑
l=1
l �=k

1
1 + ‖yk − yl‖2

2

, i, j = 1, . . . , ν, i �= j, (3)

qii = 0, (4)

where qij represents the local structure of the data points in the low-dimensional space.

2.3. Comparing Similarity Matrices: Cost Function

The goal is to select the map points so that the two similarity matrices, P and Q, are as similar
as possible. The similarity between these two matrices will be defined in terms of the Kullback–Leibler
(KL) divergence. The KL divergence between the joint probability distributions P and Q is a measure of
the distance between the two similarity matrices, and it can be defined as [10,22,23]:

C = DKL (P‖Q) =
ν

∑
i=1

ν

∑
j=1
j �=i

pij log

(
pij

qij

)
. (5)
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Therefore, minimizing the KL divergence reduces the distance between these two matrices. And to
minimize the cost function C, the gradient descent method is used: ∂C

∂yi . It is worth noting that the gradient

descent is an iterative optimization algorithm and therefore it updates the map point yi at each step.
For more details, see the original t-SNE paper [10].

3. Data Collection, Pre-Processing, and Clustering: Baseline Data

3.1. Data Collection and Pre-Processing

The data collected are made up of different response signals measured, in the time domain,
by sensors on a vibrating structure. Multiple realizations of these responses are measured, under different
structural states. Coming up next, these responses signals are transformed into the frequency domain
using the fast Fourier transform (FFT) algorithm, and features are extracted from the spectrum to reduce
the data dimension, dividing by two and adding one to the number of components in each signal. A matrix
which collects all the realizations under different structural states in the frequency domain is defined as:

X =
(

xk,j
i,l

)
=

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

x1,1
1,1 · · · x1,L

1,1 · · · xN,1
1,1 · · · xN,L

1,1
...

. . .
...

. . .
...

. . .
...

x1,1
n1,1 · · · x1,L

n1,1 · · · xN,1
n1,1 · · · xN,L

n1,1

x1,1
1,2 · · · x1,L

1,2 · · · xN,1
1,2 · · · xN,L

1,2
...

. . .
...

. . .
...

. . .
...

x1,1
n2,2 · · · x1,L

n2,2 · · · xN,1
n2,2 · · · xN,L

n2,2
...

. . .
...

. . .
...

. . .
...

x1,1
1,E · · · x1,L

1,E · · · xN,1
1,E · · · xN,L

1,E
...

. . .
...

. . .
...

. . .
...

x1,1
nE ,E · · · x1,L

nE ,E · · · xN,1
nE ,E · · · xN,L

nE ,E

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

(6)

=

⎡
⎢⎢⎢⎢⎢⎢⎣

X1

X2
...

XE

⎤
⎥⎥⎥⎥⎥⎥⎦ ∈ M(n1+···+nE)×(N·L)(R), (7)

=
[

X1 X2 · · · XN
]

, (8)

where N ∈ N is the number of sensors and k = 1, . . . , N identifies the sensor that is measuring; L ∈ N is
the number of components in each signal and j = 1, . . . , L indicates the j-th measurement in the frequency
domain; E ∈ N is the number of different structural states that are considered and l = 1, . . . , E represents
the structural state that is been measured; and finally, nl , l = 1, . . . , E, is the number of realizations per
structural state and i = 1, . . . , nl is the i-th realization related to the l-th structural state. Note that matrix
X in Equation (7) is formed by E horizontal blocks, Xl , l = 1, . . . , E, each one of them related to the
different structural states. At the same time, this matrix X can also be viewed as formed by N vertical
blocks, Xk, k = 1, . . . , N, each one of them related to the different sensors. Due to the different scales and
magnitudes in the measurements, the matrix X in Equation (7) is rescaled using MCGS, which is suggested
by Pozo et al. [24].
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3.2. Dimensionality Reduction

One of the main reasons of using the MCGS is that the covariance matrix of matrix X̆, i.e., the scaled
data set, can be computed in a very simple way as:

CX̆ =
1

n − 1
X̆	X̆ ∈ M(N·L)×(N·L)(R). (9)

The eigenvectors ρk, k = 1, . . . , N · L, and eigenvalues λk, k = 1, . . . , N · L, of the covariance matrix
CX̆ define the subspaces in the PCA model. The eigenvalues λk are then ordered in decreasing order as

λ1 ≥ λ2 ≥ · · · ≥ λN·L,

and the matrix P ∈ M(N·L)×(N·L)(R) contains, written as columns, their corresponding eigenvectors ρk.
These eigenvectors are known as the principal components. The eigenvalues define the partial variance
of each eigenvector. When the column scaling is applied to matrix X in Equation (7), although not not the
case of this paper, we have that the trace of the covariance matrix CX̆, which is the sum of the eigenvalues,
is equal to the number of columns of X, that is, N · L. This means that the proportion of the variance

directed along the first � ∈ N principal components is given by
λ1 + · · ·+ λ�

N · L
. However, when the MCGS

is applied to scale the raw data in matrix X in Equation (7), the trace of the covariance matrix CX̆ is no
longer necessarily equal to N · L. As a consequence, the proportion of the variance explained by the first �
principal components is given by:

λ1 + · · ·+ λ�

λ1 + · · ·+ λN·L
.

In this work, we use PCA to reduce the dimensionality of the scaled data set X̆ by selecting a reduced,
but still significant, number � = D < N · L of principal components. This dimensionality reduction is
performed through the reduced matrix

P� = PD =
[

ρ1 ρ2 · · · ρ�

]
∈ M(N·L)×�(R), (10)

which is composed by the concatenation of the eigenvectors ρk related to the highest eigenvalues. Matrix
P� = PD in Equation (10) is the model or PCA model. The scaled data set X̆ is then projected into the
vectorial space spanned by the � = D first principal components through the premultiplication of P� by X̆.
More precisely,

T� = TD = X̆P� ∈ Mn×�(R). (11)

P� in Equation (10) has been defined as the PCA model that includes multiple realizations under
different structural states. At the same time, T� in Equation (11) is the projection of the scaled data set X̆

into the subspace spanned by the PCA model. The number of principal components � = D ∈ N is chosen
so that the proportion of the variance explained is greater than or equal to 95%.

3.3. Clustering Effect

In Section 3.2, the dimensionality reduction has been performed. More precisely, n realizations under
different structural states (the rows of matrix X in Equation (7)), that may be seen as N · L−dimensional
vectors, are projected and transformed into � = D−dimensional vectors. This reduction of the dimension
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of the original data is performed with a small loss of information, less than 5%, and it is also expected that
� is much smaller than N · L.

A second transformation is performed to the projected data in matrix T� in Equation (11) using the
t-SNE presented in Section 2. Let us define

xi = e	i T� = e	i X̆P� ∈ R
�, i = 1, . . . , n

as the i-th row of matrix T� in Equation (11). The vector ei ∈ Rn is the i-th element of the canonical basis.
Let us also define

X = {x1, . . . , xn} ⊂ R
� (12)

as a collection of high-dimensional data points. The objective is to find a collection of 2−dimensional map points

Y = {y1, . . . , yn} ⊂ R
2

that represent the original set X with no explicit loss of information and preserving the local structure
of this set. After the application of t-SNE, we expect E clusters to be observed, related to the E different
structural states. These clusters are formed by the map points:

{y1, . . . , yn1} ⊂ Y , related to the 1st structural state;

{yn1+1, . . . , yn1+n2} ⊂ Y , related to the 2nd structural state;

{yn1+n2+1, . . . , yn1+n2+n3} ⊂ Y , related to the 3rd structural state;
...

{yn−nE−1−nE+1, . . . , yn−nE} ⊂ Y , related to the penultimate structural state; and

{yn−nE+1, . . . , yn} ⊂ Y , related to the last structural state.

(13)

4. Damage Detection and Classification Procedure: Structure to Diagnose

In Section 3.3, we have seen how the original realizations under different structural states are finally
projected on a plane to define a set of clusters. In this section, we will present the damage detection and
classification procedure of a structure that has to be diagnosed.

A single realization of the current structure to diagnose is needed. The data collected are made
up, in this case, of different response signals measured by the same number of sensors N and the same
number of components in each signal L, as in Equation (7). When these measures are obtained and they
are transformed into the frequency domain, a new data vector z is constructed:

z	 =
[

z1,1 · · · z1,L · · · zN,1 · · · zN,L
]
∈ R

N·L.

4.1. Scaling (MCGS)

Before the collected data coming from the structure to diagnose is projected into the space spanned
by the principal components, the row vector z	 has to be scaled to define a scaled row vector z̆	:

z̆k,j =
zk,j − μk,j

σk , k = 1, . . . , N, j = 1, . . . , L, (14)
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where μk,j is the arithmetic mean of all the elements in the [(k − 1)L + j]-th column of matrix X

in Equation (6) i.e., the j-th column of the vertical block Xk in Equation (8); and σk is the standard
deviation of all the elements in the vertical block Xk in Equation (8) with respect to the mean value μk (the
arithmetic mean of all the elements in the vertical block Xk in Equation (8)).

4.2. Projection (PCA)

The projection of the scaled row vector z̆	 ∈ RN·L into the space spanned by the � first principal
components in P� is performed through the following vector to matrix multiplication:

xn+1 = z̆	 · P� ∈ R
�.

It is worth noting that the N · L−dimensional vector that contains the collected data coming from
the structure to be diagnosed in now transformed into an �−dimensional vector. This new point will be
added to the data set X in Equation (12) to define a new set:

X ′ = X ∪ {xn+1} = {x1, . . . , xn, xn+1} ⊂ R
�. (15)

4.3. t-SNE and Final Classification

t-SNE is applied to the �−dimensional data set X ′ in Equation (15) to find a collection of
2−dimensional map points:

Y′ = {y1, . . . , yn, yn+1} ⊂ R
2

that represent the original set X with no explicit loss of information and preserving the local structure of
this set, as well as including the map point yn+1 associated to the data point xn+1. The same E clusters
have to be observed, related to the E different structural states. As in Section 3.3, these clusters are formed
by the map points in Equation (13).

For each cluster, we compute its centroid, that is, the mean of the values of the points of data in
the cluster. For instance, the centroid associated with the first structural state is:

Y1 :=
1
n1

n1

∑
i=1

yi =
y1 + · · ·+ yn1

n1
∈ R

2,

whereas the centroid associated with the second structural state is:

Y2 :=
1
n2

n2

∑
i=1

yn1+i =
yn1+1 + · · ·+ yn1+n2

n2
∈ R

2.

In general, the centroid associated with the l-th structural state, l = 1, . . . , E, is the point of the plane
defined as

Yl :=
1
nl

nl

∑
i=1

y

(
l−1
∑

j=0
nj

)
+i

∈ R
2, l = 1, . . . , E, (16)

where n0 = 0. Therefore, the current structure to diagnose is associated to the l-th structural state if

l = arg min
l=1,...,E

‖Yl − yn+1‖2,
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that is, if the minimum distance between yn+1 and each one of the centroids corresponds to the Euclidean
distance between yn+1 and Yl . We call this approach the smallest point-centroid distance (see Figure 1).

A flowchart of the proposed approach and how it is applied is given in Figure 2.

Figure 1. The current structure to diagnose is associated to the structural state with the smallest
point-centroid distance.

Figure 2. Flowchart of the proposed approach. Data coming from a structure are first transformed into
the frequency domain and scaled, and then projected into the principal component analysis (PCA) model.
Finally, t-distributed stochastic neighbor embedding (t-SNE) is used to create the clusters that will be used
in the detection and classification of structural changes. MCGS = mean-centered group scaling.
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5. Case Study: Aluminum Plate with Four PZTs

5.1. Structure

In this section, a square aluminum plate with an area of 1600 cm2 (40 cm × 40 cm, and a thickness
of 0.2 cm) and instrumented with four PZTs is considered to demonstrate the reliability of the damage
detection and classification methodology introduced in Sections 3 and 4. The piezoelectric transducer
discs are attached to the surface and their location is shown in Figure 3. Assuming that the lower left
corner of the plate in Figure 3 represents the origin of coordinates, the PZTs are installed at these positions
(units in centimeters):

• PZT1 at (20, 35)
• PZT2 at (35, 20)
• PZT3 at (20, 5)
• PZT4 at (5, 20)

These PZTs are able to work both in actuator mode and in sensor mode. In actuator mode, the burst
signal in Figure 4 is applied to the PZTs, and they produce a mechanical vibration; and in sensor mode,
they detect time varying mechanical response. It is worth keeping in mind that the distance between the
four sensors is not the same. More precisely, for example, the distance between sensor 1 and sensor 2 and
the distance between sensor 1 and sensor 4 is equal. However, the distance between sensor 1 and sensor 3
is relatively larger.

A 17.2916 grams mass is added to simulate the damage, in a non-destructive way, in the
aluminum plate. This mass is an attached magnet in both sides of the plate, since aluminum is non-magnetic
metal. This kind of damage is used to change the properties of the structure and to produce changes in the
propagated wave, therefore providing different scenarios for validating the proposed method. The location
of the mass defines each damage. These locations are (units in centimeters):

• damage 1 at (12.5, 27.5)
• damage 2 at (27.5, 27.5)
• damage 3 at (12.5, 12.5)

E = 4 structural states are considered here:

• the first structural state corresponds to the healthy state of the structure, that is, the square aluminum
plate with no damage;

• the second, third, and fourth structural states correspond to the plate with an added mass at the
positions indicated in Figure 3 as damage 1, damage 2, and damage 3, respectively.

The aluminum plate is isolated from the vibration and noise that could affect the laboratory, as can be
observed in Figure 5.
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Figure 3. Aluminum plate instrumented with four piezoelectric sensors (S1, S2, S3, and S4).

time (s) × 10 -4

2.46 2.48 2.5 2.52 2.54 2.56 2.58 2.6 2.62 2.64

vo
lta

ge
 (

V
)

-8

-6

-4

-2

0

2

4

6

8

Figure 4. In actuator mode, this burst signal is applied to the piezoelectric transducers (PZTs) to produce a
mechanical vibration.
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no damage damage 1

damage 2 damage 3

Figure 5. Aluminum plate with four PZTs and with four different structural states.

5.2. Scenarios and Actuation Phases

The experimental setup includes three different scenarios to determine the behavior of the
methodology under the presence of white Gaussian noise, filters, and with respect to the length of
the wire that is used from the digitizer to the sensors:

• Scenario 1. The signals are obtained using a short wire (0.5 m) from the digitizer to the PZTs, and these
signals are filtered with a Savitzky–Golay (SG) [25] filter algorithm after adding white Gaussian noise.
The filter is applied for the intention of smoothing the data.

• Scenario 2. The signals are obtained using a short wire (0.5 m) from the digitizer to the PZTs, but these
signals are not filtered.

• Scenario 3. The signals are obtained using a long wire (2.5 m) from the digitizers to the PZTs. Signals
are also filtered with the SG algorithm.

In this manner, we can observe the effect of the attenuation with short and long wires, the effect of
adding white Gaussian noise to the measured signals, and the effect of the use of a SG filter in the detection
and classification procedure.

As stated in Section 5.1, four PZTs (PZT1, PZT2, PZT3, and PZT4) are used to excite the aluminum
plate and collect the measured response. This sensor network works in what we call actuation phases.
In each actuation phase, a single PZT is used as an actuator (active sensor: the PZT excites the structure
with a given excitation signal), and the rest of the PZTs are used as sensors (passive sensors: PZTs
measure signals). Therefore, we have as many actuation phases as sensors:

• Actuation phase 1. PZT1 is used as the actuator, and PZT2, PZT3, and PZT4 are used as sensors.
• Actuation phase 2. PZT2 is used as the actuator, and PZT1, PZT3, and PZT4 are used as sensors.
• Actuation phase 3. PZT3 is used as the actuator, and PZT1, PZT2, and PZT4 are used as sensors.
• Actuation phase 4. PZT4 is used as the actuator, and PZT1, PZT2, and PZT3 are used as sensors.

It is very common in the literature, when using a sensor data fusion as in J. Vitola et al. [26,27],
to merge the data that come from the different actuation phases in a single data matrix. In this paper,
the approach with a single data matrix is also considered, but the case where each actuation phase is used
as a classifier is additionally examined in Section 5.5.
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5.3. Data Collection

Given a particular scenario, as the three defined in Section 5.2, four matrices X[ϕ], ϕ = 1, . . . , 4, one
for each actuation phase, are obtained. Each matrix X[ϕ], ϕ = 1, . . . , 4, is organized as follows:

• n1 = n2 = n3 = n4 = 25 experiments or realizations are performed for each structural state.
Consequently, each matrix X[ϕ], ϕ = 1, . . . , 4, consists of 100 rows, that is n1 + n2 + n3 + n4 = 25 · 4.
More precisely, the first 25 rows represent the structure with no damage, the next 25 are realization
where damage 1 is present in the structure, and so on.

• For each actuation phase ϕ, ϕ = 1, . . . , 4, we measure N = 3 PZTs working as sensors during 60000
time instants. Then, these measurements are transformed into the frequency domain. Therefore,
the number of columns of matrix X[ϕ], ϕ = 1, . . . , 4, is equal to N · L = 3 · ((60000/2) + 1) = 90003.

Therefore, the matrix that collects all the realizations under the four different structural states in the
frequency domain is (see Equation (6): here L = 30001 and E = 4):

X[ϕ] =
(

x[ϕ]k,j
i,l

)
∈ M100×90003(R). (17)

The damage detection and classification procedure introduced in Sections 3 and 4 can be applied
to each one of the matrices X[ϕ], ϕ = 1, . . . , 4, in Equation (17), thus leading to one classification per
actuation phase. But we can also use the horizontal concatenation of the four matrices X[ϕ], ϕ = 1, . . . , 4,
to obtain the matrix:

X[1, 2, 3, 4] =
[

X[1] X[2] X[3] X[4]
]
∈ M100×(4·90003)(R) = M100×360012(R). (18)

If matrix X[1, 2, 3, 4] in Equation (18) is used for the damage detection and classification procedure
introduced in Sections 3 and 4, which this allows analyzation of the information of all the actuation phases
at one time, a single classification is obtained that combines these four phases. Finally, we can also use the
separate classification obtained for each actuation phase so that each actuation phase casts a vote thus
leading to a final decision based on the four actuation phases. These strategies will be explained in detail
in Section 5.5.

5.4. κ−Fold Non-Exhaustive Leave-p-Out Cross Validation

The analysis of the proposed approach is done by comparing test data, i.e., the new experiments
in unknown state under the same conditions, with baseline data, which is data from the structure under
different structural states. To this end, we use the κ−fold non-exhaustive leave-p-out cross validation
described in the subsequent paragraphs.

For the sake of clarity, let us write X[Φ] to refer to both matrix X[ϕ] in Equation (17) and matrix
X[1, 2, 3, 4] in Equation (18). Some of the rows in X[Φ] will be used as the baseline data to build the model
and the clusters, i.e., υ = 5 rows per structural state, and the rest of the rows are used for the validation.
More precisely, we will perform five iterations (κ = 5) of a non-exhaustive leave-p-out cross validation,
where p = ∑E

i=1 (ni − υ) = n1 + n2 + n3 + n4 − υ · E = 80, to estimate the overall accuracy and avoid
overfitting. Let us define, for each structural state l = 1, . . . , E, the permutation σl :

σl : {1, 2, . . . , nl} → {1, 2, . . . , nl}
i → σl(i)
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In this particular case, n1 = n2 = n3 = n4 = 25. Therefore, in the first iteration, the baseline data to
build the model are the matrix:

X = S	 · X[Φ], (19)

S = [ eσ1(1) · · · eσ1(5) en1+σ2(1) · · · en1+σ2(5) · · · en1+n2+n3+σ4(1) · · · en1+n2+n3+σ4(5) ], (20)

where ej ∈ Rn1+n2+n3+n4 = R100 is the j-th element of the canonical basis of the real vector space
Rn1+n2+n3+n4 = R100, and S ∈ M(n1+n2+n3+n4)×(ν·E)(R) is the selector matrix. Basically, matrix X in
Equation (19) has been built by randomly selecting υ = 5 rows per structural state. The ∑E

i=1 (ni − υ) = 80
rows of matrix X[Φ] that are not used to build the model are used for the validation.

In the i-th iteration, i = 1, . . . , κ, the baseline data to build the model are the matrix:

X = S	 · X[Φ],

S =
[

eσ1(5(i−1)+1) · · · eσ1(5(i−1)+5) en1+σ2(5(i−1)+1) · · · en1+σ2(5(i−1)+5) · · ·
· · · en1+n2+n3+σ4(5(i−1)+1) · · · en1+n2+n3+σ4(5(i−1)+5)

]
where, as in Equation (19), ej ∈ Rn1+n2+n3+n4 = R100 is the j-th element of the canonical basis of the real
vector space Rn1+n2+n3+n4 = R100 and, as in Equation (20), S ∈ M(n1+n2+n3+n4)×(ν·E)(R) is the selector
matrix. Since ∑E

i=1 (ni − υ) = 80 rows of matrix X[Φ] will be used for the validation step and with respect
to κ = 5 iterations, the sum of all the elements in the confusion matrices that we will present in Section 6 is
equal to

(
∑E

i=1 (ni − υ)
)
· κ = 400.

5.5. Application of the Damage Detection and Classification Procedure

In this section, two strategies are presented to apply the damage detection and classification procedure.
These two strategies are:

(1) the classification is based on a single matrix: X[1], X[2], X[3], X[4] or X[1, 2, 3, 4], as defined in
Equations (17) and (18), respectively, with κ−fold non-exhaustive leave-p-out cross validation;

(2) the classification is based on the four matrices X[1], X[2], X[3] and X[4], defined in Equation (17),
with respect to the four actuation phases, with κ−fold non-exhaustive leave-p-out cross validation.
Each actuation phase will cast a vote and a final decision is taken.

In the first case, in a succinct way, the following seven steps are performed:

• Step 1. The data in matrix X are scaled using MCGS to define a new matrix X̆.
• Step 2. PCA is applied to X̆ to obtain the PCA model P.
• Step 3. The number � = D ∈ N of principal components is chosen so that the proportion of variance

explained is greater than or equal to 95%. Therefore, the reduced PCA model is P�.
• Step 4. A realization z	 ∈ R3·30001 = R90003 —for X[1], X[2], X[3] and X[4]— or z	 ∈ R4·90003 =

R360012 —for X[1, 2, 3, 4]— of the current structure to diagnose is needed. Then, vector z	 is scaled as
in Equation (14) to define z̆	.

• Step 5. The data points set X is defined as:

X ′ = {x1, . . . , x20, x21} ⊂ R
�,
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where

xi = e	i X̆P�, i = 1, . . . , 20,

x21 = z̆	P�.

Subsequently, t-SNE is applied to this �−dimensional data set X ′ to find a collection of 2−dimensional
map points:

Y′ = {y1, . . . , y20, y21} ⊂ R
2.

• Step 6. E = 4 clusters are obtained, that are related to the E = 4 different structural states.
These clusters are formed by the map points:

{y1, . . . , y5} ⊂ Y , related to the 1st structural state;

{y6, . . . , y10} ⊂ Y , related to the 2nd structural state;

{y11, . . . , y15} ⊂ Y , related to the 3rd structural state;

{y16, . . . , y20} ⊂ Y , related to the 4th structural state.

The centroid Yl , l = 1, . . . , E, associated with the l-th structural state is computed as in Equation (16).
• Step 7. Finally, the current structure to diagnose is associated to the l-th structural state if

l = arg min
l=1,...,E

‖Yl − y21‖2.

In the second case, we follow Step 1 to Step 6 above for the four matrices X[ϕ], ϕ = 1, . . . , 4, related to
the four actuation phases. With the information provided by the four actuation phases, several approaches
can be considered to finally classify the structure that has to be diagnosed. One of these approaches,
majority voting, is widely used in standard fusion schemes [28], as well as weighted majority vote or
soft voting. For our case of the small aluminum plate, the majority voting will be used, as well as an
approach based on the sum of the inverse distances between the centroids and the map point, which is
somehow related to a weighted majority vote. Here are the details of both approaches:

• Majority voting. In this case, the strategy of the smallest point-centroid distance is performed four
times, one per actuation phase. Therefore, four classifications are obtained for a single structure
to diagnose. More precisely, each actuation phase acts as a classifier. Figure 6 illustrates this idea with
respect to three actuation phases.

The current structure to diagnose, in the ϕ-th actuation phase, ϕ = 1, . . . , 4, is associated to the lϕ-th
structural state if

lϕ = arg min
l=1,...,E

‖Y ϕ
l − y21

ϕ ‖2.

It is worth remembering that y21
ϕ ∈ R2 is the map point associated to the realization of the current

structure to diagnose. The structure is finally classified according to the most repeated classification.
That is, the current structure to diagnose is associated to the l-th structural state if

l = mode{l1, l2, l3, l4},
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in the case of a unimodal set. In the case of a bi-modal set, if the two modal values are lα and lβ,
the current structure to diagnose is associated to the l-th structural state if

l = arg min
l∈{lα ,lβ}

4

∑
ϕ=1

‖Y ϕ
l − y21

ϕ ‖2.

Finally, if the set {l1, l2, l3, l4} is a set with no mode, the structure is associated to the l-th structural
state if

l = arg min
l=1,...,E

4

∑
ϕ=1

‖Y ϕ
l − y21

ϕ ‖2.

• Sum of the inverse distances. In this case, for a given structural state, we sum the inverse of the
distances between the centroids Y ϕ

l and the map point y21
ϕ , for all the actuation phases ϕ = 1, . . . , 4.

The assigned structural state is the one that obtains the highest sum. More precisely, the current
structure to diagnose is associated to the l-th structural state if

l = arg max
l=1,...,E

4

∑
ϕ=1

1
‖Y ϕ

l − y21
ϕ ‖2

.

It is worth remarking that the arguments of the maxima of the sum of the inverse distances is
equivalent to the arguments of the minima of the harmonic mean of these distances. More precisely,
for a given structural state, the harmonic mean of the distances between the centroids Y ϕ

l and the
map point y21

ϕ , for all the actuation phases ϕ = 1, . . . , 4 is

1

1
4

4

∑
ϕ=1

1
‖Y ϕ

l − y21
ϕ ‖2

.

Therefore,

l = arg max
l=1,...,E

4

∑
ϕ=1

1
‖Y ϕ

l − y21
ϕ ‖2

= arg min
l=1,...,E

1

1
4

4

∑
ϕ=1

1
‖Y ϕ

l − y21
ϕ ‖2

.

S. Mehta et al. [29] also uses the harmonic distance to define a pattern classification technique similar
to k-nearest neighbors classifier.
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Figure 6. In the majority voting, the strategy of the smallest point-centroid distance is performed per
actuation phase. The current structure to diagnose is associated to the most voted structural state.

6. Results

In this section, the results of the application of the damage detection and classification procedure,
introduced in Sections 3 and 4 and detailed in Sections 5.3–5.5, to the aluminum plate are presented in
terms of the confusion matrices and with respect to the scenarios defined in Section 5.2. The results for
each scenario are presented in a different section. More precisely, in Section 6.1 the results with respect to
Scenario 1 are presented. Equivalently, Sections 6.2 and 6.3 present the results with respect to Scenario 2

and Scenario 3, respectively. In the three scenarios, four different structural states have been considered:

• the first structural state corresponds to the healthy state of the structure, that is, the square aluminum
plate with no damage, noted as D0;

• the second, third, and fourth structural states correspond to the plate with an added mass at the
positions indicated in Figures 3 and 5, noted as D1, D2, and D3, respectively.

To validate the damage detection and classification detailed in Sections 5.3–5.5, we will perform five
iterations (κ = 5) of a non-exhaustive leave-p-out cross validation, where p = 80, as described in Section 5.4.
At each iteration, a total of 80 realizations have been considered, according to the following distribution:
20 realization per structural state (D0, D1, D2, and D3). Since 80 realizations have been used for the
validation step and with respect to κ = 5 iterations, the sum of all the elements in the confusion matrices
that we will present in Sections 6.1–6.3 is equal to 5 · 80 = 400.

Again, for the three scenarios, seven different confusion matrices are presented:

• Actuation phase 1. The damage detection and classification procedure is applied to a single matrix,
X[1], as in Equation (17), using the smallest point-centroid distance.

• Actuation phase 2. The damage detection and classification procedure is applied to a single matrix,
X[2], as in Equation (17), using the smallest point-centroid distance.

• Actuation phase 3. The damage detection and classification procedure is applied to a single matrix,
X[3], as in Equation (17), using the smallest point-centroid distance.

• Actuation phase 4. The damage detection and classification procedure is applied to a single matrix,
X[4], as in Equation (17), using the smallest point-centroid distance.

147



Sensors 2019, 19, 5097

• Actuation phases 1–4. The damage detection and classification procedure is applied to a single
matrix, i.e., the horizontal concatenation of the four matrices X[ϕ], ϕ = 1, . . . , 4, X[1, 2, 3, 4], as in
Equation (18), using the smallest point-centroid distance.

• Majority voting. The damage detection and classification procedure is applied to the four X[ϕ],
ϕ = 1, . . . , 4. Each actuation phase casts a vote, and a final decision is taken based on majority
voting (Section 5.5).

• Sum of the inverse distances. The damage detection and classification procedure is applied to the
four X[ϕ], ϕ = 1, . . . , 4. Each actuation phase casts a vote and a final decision is taken based on the
maximum sum of the inverse distances (Section 5.5).

Finally, in some cases, and with the purpose of comparing the performance of the current damage
detection and classification approach, confusion matrices in the frequency and time domains have
been included.

As an illustrating example, we have included in Figure 7 the clusters formed by the different structural
states described in this section and in the case of Scenario 3. In this figure, the diamond represents the
structure to diagnose. It can be clearly observed how the diamond is close to the cluster related to
damage 3.

Baseline-D0
Baseline-D1
Baseline-D2
Baseline-D3
Test (D3)

Figure 7. Clusters formed by the different structural states described in Section 6, for Scenario 3.
The diamond represents the structure to diagnose.

6.1. Scenario 1

In this section, the results with respect to Scenario 1 are presented. It is worth noting that, in this
scenario, a short wire has been used, and the measured signals are filtered with a SG algorithm. The seven
confusion matrices can be found in Tables 1 and 2. When the decision is based on a single actuation
phase (Table 1), the overall accuracy is quite good. More precisely, with 397 in the actuation phase 1, 399
in the actuation phase 2, 395 in the actuation phase 3, and 397 in the actuation phase 4, realizations have
been correctly classified out of 400 cases, which represents an overall accuracy of 99.25%, 99.75%, 98.75%,
and 99.25%, respectively. When the four actuation phases are used at the same time (actuation phases 1–4,
Equation (18), majority voting, and sum of the inverse distances), an overall accuracy of 99–100% is
achieved, as it can be observed from Table 2.
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Table 1. Confusion matrix of the application of the t-SNE based damage detection and classification
procedure presented in Sections 3 and 4 to the case of the aluminum plate in Scenario 1, in the frequency

domain. Rows represent true values, while columns represent predicted values.

Actuation Phase 1 Actuation Phase 2 Actuation Phase 3 Actuation Phase 4

D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3

D0 97 0 2 1 100 0 0 0 100 0 0 0 100 0 0 0
D1 0 100 0 0 0 100 0 0 0 100 0 0 0 100 0 0
D2 0 0 100 0 0 0 100 0 3 0 96 1 0 0 98 2
D3 0 0 0 100 0 0 1 99 1 0 0 99 0 0 1 99

D0 (healthy state of the structure); D1, D2, and D3 (added masses at the positions indicated in Figures 3 and 5).

Table 2. Confusion matrix of the application of the t-SNE based damage detection and classification
procedure presented in Sections 3 and 4 to the case of the aluminum plate in Scenario 1, when the four
actuation phases are used at the same time, in the frequency domain. Rows represent true values, while
columns represent predicted values.

Phases 1–4 Majority Voting Inverse Distances

D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3

D0 100 0 0 0 100 0 0 0 100 0 0 0
D1 0 99 1 0 0 100 0 0 0 100 0 0
D2 1 0 99 0 0 0 100 0 0 0 100 0
D3 0 0 0 100 0 0 0 100 0 0 0 100

D0 (healthy state of the structure); D1, D2, and D3 (added masses at the positions indicated in Figures 3 and 5).

6.2. Scenario 2

In this section, the results with respect to Scenario 2 are presented. In this case, a short wire has been
used but the measured signals are not filtered. The seven confusion matrices can be found in Tables 3 and 4.
When the decision is based on a single actuation phase (Table 3), the overall accuracy is very remarkable.
More precisely, with respect to actuation phase 1, 2, and 3, 400 realizations have been correctly classified
out of 400 cases, which represents an overall accuracy of 100%. With respect to actuation phase 4, 399
realizations have been correctly classified out of 400 cases, that is to say, an overall accuracy of 99.75%.
When the four actuation phases are used at the same time (actuation phases 1–4, Equation (18), majority
voting, and sum of the inverse distances), an overall accuracy of 100% is achieved, as it can be observed
from Table 4.

Table 3. Confusion matrix of the application of the t-SNE based damage detection and classification
procedure presented in Sections 3 and 4 to the case of the aluminum plate in Scenario 2, in the frequency

domain. Rows represent true values, while columns represent predicted values.

Actuation Phase 1 Actuation Phase 2 Actuation Phase 3 Actuation Phase 4

D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3

D0 100 0 0 0 100 0 0 0 100 0 0 0 100 0 0 0
D1 0 100 0 0 0 100 0 0 0 100 0 0 0 100 0 0
D2 0 0 100 0 0 0 100 0 0 0 100 0 0 0 100 0
D3 0 0 0 100 0 0 0 100 0 0 0 100 0 0 1 99

D0 (healthy state of the structure); D1, D2, and D3 (added masses at the positions indicated in Figures 3 and 5).
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Table 4. Confusion matrix of the application of the t-SNE based damage detection and classification
procedure presented in Sections 3 and 4 to the case of the aluminum plate in Scenario 2, when the four
actuation phases are used at the same time, in the frequency domain. Rows represent true values, while
columns represent predicted values.

Phases 1–4 Majority Voting Inverse Distances

D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3

D0 100 0 0 0 100 0 0 0 100 0 0 0
D1 0 100 0 0 0 100 0 0 0 100 0 0
D2 0 0 100 0 0 0 100 0 0 0 100 0
D3 0 0 0 100 0 0 0 100 0 0 0 100

D0 (healthy state of the structure); D1, D2, and D3 (added masses at the positions indicated in Figures 3 and 5).

6.3. Scenario 3

The results with respect to Scenario 3 are finally presented in this section. In the two previous
scenarios, a short wire was used. However, in this case, the signals are acquired using a 2.5 m long wire.
Tables 5 and 6 include the seven confusion matrices. When the decision is based on a single actuation
phase (Table 5), the overall accuracy is quite good, too. More precisely, with 384 in the actuation phase 1,
395 in the actuation phase 2, 395 in the actuation phase 3, and 398 in the actuation phase 4, realizations
have been correctly classified, which represents an overall accuracy of 96%, 98.75%, 98.75%, and 99.5%,
respectively. When the four actuation phases are used at the same time (actuation phases 1–4, Equation (18),
majority voting, and sum of the inverse distances), an overall accuracy of 99.5–100% is achieved, as it can
be observed from Table 6.

Table 5. Confusion matrix of the application of the t-SNE based damage detection and classification
procedure presented in Sections 3 and 4 to the case of the aluminum plate in Scenario 3, in the frequency

domain. Rows represent true values, while columns represent predicted values.

Actuation Phase 1 Actuation Phase 2 Actuation Phase 3 Actuation Phase 4

D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3

D0 98 2 0 0 99 0 1 0 100 0 0 0 100 0 0 0
D1 6 90 2 2 0 99 1 0 0 95 5 0 1 99 0 0
D2 1 1 97 1 0 1 97 2 0 0 100 0 0 0 100 0
D3 0 1 0 99 0 0 0 100 0 0 0 100 0 0 1 99

D0 (healthy state of the structure); D1, D2, and D3 (added masses at the positions indicated in Figures 3 and 5).

Table 6. Confusion matrix of the application of the t-SNE based damage detection and classification
procedure presented in Sections 3 and 4 to the case of the aluminum plate in Scenario 3, when the four
actuation phases are used at the same time, in the frequency domain. Rows represent true values, while
columns represent predicted values.

Phases 1–4 Majority Voting Inverse Distances

D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3

D0 100 0 0 0 100 0 0 0 100 0 0 0
D1 0 99 0 1 0 100 0 0 0 100 0 0
D2 0 1 99 0 0 0 100 0 0 0 100 0
D3 0 0 0 100 0 0 0 100 0 0 0 100

D0 (healthy state of the structure); D1, D2, and D3 (added masses at the positions indicated in Figures 3 and 5).

The potential of the approaches where the four actuation phases are used can be observed in this last
scenario, see Table 6:
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• When the four actuation phases are merged in a single matrix as in Equation (18), 398 realizations
have been correctly classified out of 400 cases, which represents an overall accuracy of 99.5%.

• When each actuation phase casts a vote and a final decision is taken based on majority voting,
the overall accuracy is increased to 100%.

• Finally, when each actuation phase casts a vote and a final decision is taken based on the maximum
sum of the inverse distances, the overall accuracy is increased to 100%, too.

In addition, in this scenario, the results in the frequency domain are compared to those in the time
domain [11]. In the time domain, when the decision is based on a single actuation phase (Table 7), with 244
in the actuation phase 1, 398 in the actuation phase 2, 280 in the actuation phase 3, and 277 in the actuation
phase 4, realizations have been correctly classified out of 400 cases. This represents an overall accuracy of
61%, 99.5%, 70%, and 69.25%, respectively. Clearly, the strategy in the frequency domain, i.e., the overall
accuracy fluctuates between 96% and 99.5%, outperforms the approach in the time domain. In addition,
the false positive rate (FPR), i.e., the number of false positives with respect to the total number of negatives,
and the false negative rate (FNR), i.e., the number of false negatives with respect to the total number of
positives, are clearly unsatisfactory in the time domain. However, FPR and FNR are significantly reduced
to values close to 0% in the frequency domain. It is worth noting that in the computation of the FNR,
the three different types of damage D1, D2, and D3 are considered as a single category, just the opposite
of the healthy state of the structure. In the time domain, when the four actuation phases are used at the
same time (Table 8), the overall accuracy is of 88.5% in actuation phases 1–4, of 91.25% in majority voting,
and of 97% in sum of the inverse distances, whereas the overall accuracy is increased to 99.5%, 100%,
and 100%, respectively, in the frequency domain. At the same time, FPR and FNR are reduced to 0% in the
frequency domain, while they are slightly increased in the time domain. All this is an indication of the
better quality of the clusters created in the frequency domain than the ones created in the time domain.
Table 9 summarizes the values for the overall accuracy, the FPR, and the FNR in this scenario and in the
time and frequency domains.

Table 7. Confusion matrix of the application of the t-SNE based damage detection and classification
procedure presented in Sections 3 and 4 to the case of the aluminum plate in textbfScenario 3, in the time

domain. Rows represent true values, while columns represent predicted values.

Actuation Phase 1 Actuation Phase 2 Actuation Phase 3 Actuation Phase 4

D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3

D0 50 6 19 25 100 0 0 0 93 1 3 3 53 21 1 25
D1 19 66 11 4 0 100 0 0 16 50 23 11 17 61 2 20
D2 14 3 73 10 0 1 98 1 5 19 70 6 5 3 76 16
D3 15 9 21 55 0 0 0 100 0 23 10 67 10 3 0 87
D0 (healthy state of the structure); D1, D2, and D3 (added masses at the positions indicated in Figures 3 and 5).
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Table 8. Confusion matrix of the application of the t-SNE based damage detection and classification
procedure presented in Sections 3 and 4 to the case of the aluminum plate in Scenario 3, when the four
actuation phases are used at the same time, in the time domain. Rows represent true values, while columns
represent predicted values.

Phases 1–4 Majority voting Inverse distances

D0 D1 D2 D3 D0 D1 D2 D3 D0 D1 D2 D3

D0 86 1 7 6 98 0 0 2 99 0 1 0
D1 8 88 4 0 12 85 2 1 1 99 0 0
D2 1 8 89 2 6 2 90 2 1 1 95 3
D3 3 4 2 91 0 3 5 92 1 2 2 95

D0 (healthy state of the structure); D1, D2, and D3 (added masses at the positions indicated in Figures 3 and 5).

Table 9. Overall accuracy, false positive rate (FPR) and false negative rate (FNR) of the application of the
t-SNE-based damage detection and classification procedure presented in Sections 3 and 4 to the case of the
aluminum plate in Scenario 3, when the four actuation phases are used separately and at the same time,
in both domains, time and frequency.

Accuracy FPR FNR

Time Frequency Time Frequency Time Frequency

Actuation phase 1 61.0% 96.0% 50.0% 2.0% 16.0% 2.3%
Actuation phase 2 99.5% 98.8% 0.0% 1.0% 0.0% 0.0%
Actuation phase 3 70.0% 98.8% 7.0% 0.0% 7.0% 0.0%
Actuation phase 4 69.3% 99.5% 47.0% 0.0% 10.7% 0.3%
Phases 1-4 88.5% 99.5% 14.0% 0.0% 4.0% 0.0%
Majority voting 91.3% 100.0% 2.0% 0.0% 6.0% 0.0%
Inverse distances 97.0% 100.0% 1.0% 0.0% 1.0% 0.0%

6.4. General Comments

The results presented in Sections 6.1–6.3 reveal that it is better to make a decision considering all of
the actuation phases (assembling theses phases or using them to cast a vote) rather than working with the
phases separately. On the other hand, the results also show that both strategies majority voting and sum
of the inverse distances slightly outperform the horizontal concatenation of the four actuation phases in
the frequency domain. However, in the time domain (Scenario 3, Table 8), the results reveal (i) the strong
performance of the sum of the inverse distances strategy, which clearly classifies the practical totality of the
kinds of damage that we have considered, compared to majority voting or the horizontal concatenation of
the four actuation phases; and (ii) that the majority voting outperforms the horizontal concatenation of the
four actuation phases, but it cannot completely classify damage D1.

It is worth noting that, in general, the healthy state of the structure is confused with the structure
with damage in just a few cases. Similarly, the structure with damage is identified as a structure with no
damage in a very limited number of realizations.

In general, the performance of the proposed methodology is very satisfactory when the signals are
acquired using a short wire, with or without adding white Gaussian noise. In these two cases, using PCA
as a pre-processing step, the noise is canceled. The third scenario presents the worst case because it used
a long cable (2.5 m) from the digitizers to the sensors. In this scenario, the signals were badly digitized
due to the impedance of the cable, the low voltage of the stimulus, and other experimental features.
Therefore, it can be observed that the use of a long cable from the digitizer to the sensors affects in the
detection and classification method. However, combining the four actuation phases with
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(i) the sum of the inverse distances strategy, in the time domain; or
(ii) the majority voting strategy or the sum of the inverse distances strategy, in the frequency domain,

very accurate results can be obtained.
It should be noted that, in general, it is better to work in the frequency domain than in the time domain

because the obtained results are significantly improved, as it can be clearly observed in the third scenario.

7. Conclusions

In this work, a SHM strategy for detection and classification of structural changes based on a two-step
data integration (type E unfolding and MCGS), data transformation using PCA, and a two-step data
reduction combining PCA and t-SNE has been proposed. The proposed approach is evaluated using
experimental data. In general, the results obtained show that the performance of the proposed methodology
is very satisfactory, given its high classification accuracy; and its behavior is very good and similar in all
the data sets.

In the case study, very accurate results are obtained with or without adding white Gaussian noise,
since PCA cancels the noise. However, the use of a long wire (2.5 m) from the digitizers to the sensors
negatively affects the detection and classification method. But combining the four actuation phases with the
sum of the inverse distances strategy, in the time domain, and with the majority voting strategy or the sum
of the inverse distances strategy, in the frequency domain, accurate results can be obtained. Results also
show that the quality of the two-dimensional clusters created with t-SNE in the frequency domain is better
than the quality of the two-dimensional clusters created with t-SNE in the time domain, thus leading
to a better classification. Therefore, the strategy in the frequency domain significantly outperforms the
approach in the time domain.

Some aspects to highlight in the proposed methodology are: the t-SNE technique has been extended
and adapted to the field of SHM, in the detection and classification of structural changes; the method
classifies the current state of the structure by means of a data-driven analysis, that is, using collected
data from the structure under different structural states and without the use of complex mathematical
models; it is better to make a decision considering all of the actuation phases (assembling theses phases
or using them to cast a vote) rather than working with the phases separately; both strategies, majority
voting and sum of the inverse distances, slightly outperform the horizontal concatenation of the four
actuation phases in the frequency domain; in the time domain, sum of the inverse distances strategy
outperforms majority voting, and this last strategy outperforms the horizontal concatenation of the four
actuation phases; it is better to work in the frequency domain than in the time domain because better
results are obtained; and finally, in general, the healthy state of the structure is confused with the structure
with damage in just a few cases, and similarly, the structure with damage is identified as a structure with
no damage in a very limited number of realizations. With respect to the possible fields of application,
similar aluminum plates have been used to represent parts of a plane (wings or fuselage). We think that we
can also apply this approach for the damage and fault detection of wind turbines. In general, there is no a
prescribed field of application: if a sensor network can be installed in a structure, and several actuation
phases can be considered, the proposed approach can be implemented a priori.

As a future work, we plan to develop further the proposed method for different EOC to determine
its effectiveness, as well as to handle imbalanced data. In addition, we aim to investigate the parametric
version of t-SNE.
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Nomenclature

X High-dimensional data set.
X ′ High-dimensional data set including the data point to diagnose.
Y Low-dimensional map points.
Y′ Low-dimensional map points including the map point to diagnose.
Yl Centroid associated with the l-th structural state.
P Similarity matrix for the high-dimensional data points.
Q Similarity matrix for the low-dimensional map points.
C KL divergence.
η Learning rate.
α(t) Momentum term at iteration t.
p Perplexity.
X Matrix that collects all the realizations under different structural states.
X̆ Scaled original —in the frequency domain— data matrix.
N Number of sensors.
L Number of components in each signal.
E Number of different structural states.
CX̆ Covariance matrix of X̆.
λk Eigenvalues.
ρk Eigenvectors.
Λ Eigenvalues in a diagonal matrix.
P PCA model (full case).
P� PCA model (reduced).
T Projection of the scaled data set X̆ into the subspace spanned by the PCA model.
ei i-th element of the canonical basis.
z Current original —in the frequency domain— data vector to diagnose.
z̆ Current scaled original —in the frequency domain— data vector to diagnose.
ϕ ϕ-th actuation phase.
S Selector matrix

Abbreviations

CM Condition monitoring
EOC Environmental and operational conditions
FFT Fast Fourier transform
FNR False negative rate
FPR False positive rate
KL Kullback-Leibler
MCGS Mean-centered group scaling
PCA Principal component analysis
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PZT Piezoelectric transducer
SG Savitzky–Golay
SHM Structural health monitoring
SNE Stochastic neighbor embedding
t-SNE t-distributed stochastic neighbor embedding
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Abstract: Structural damage identification plays an important role in providing effective evidence
for the health monitoring of bridges in service. Due to the limitations of measurement points and
lack of valid structural response data, the accurate identification of structural damage, especially
for large-scale structures, remains difficult. Based on additional virtual mass, this paper presents
a damage identification method for bridges using a vehicle bump as the excitation. First, general
equations of virtual modifications, including virtual mass, stiffness, and damping, are derived. A
theoretical method for damage identification, which is based on additional virtual mass, is formulated.
The vehicle bump is analyzed, and the bump-induced excitation is estimated via a detailed analysis
in four periods: separation, free-fall, contact, and coupled vibrations. The precise estimation of
bump-induced excitation is then applied to a bridge. This allows the additional virtual mass method
to be used, which requires knowledge of the excitations and acceleration responses in order to
construct the frequency responses of a virtual structure with an additional virtual mass. Via this
method, a virtual mass with substantially more weight than a typical vehicle is added to the bridge,
which provides a sufficient amount of modal information for accurate damage identification while
avoiding the bridge overloading problem. A numerical example of a two-span continuous beam is
used to verify the proposed method, where the damage can be identified even with 15% Gaussian
random noise pollution using a 1-degree of freedom (DOF) car model and 4-DOF model.

Keywords: structural health monitoring; damage identification; vehicle bump; additional virtual
mass; bridge

1. Introduction

Bridges are key components of transportation infrastructure. In recent decades, due to
environmental effects, the ageing process, and increased traffic loading [1], the demand of bridge
condition monitoring to maintain the service safety of bridges is increasing [2]. Structural health
monitoring (SHM) [3–8] has been extensively employed in practical civil engineering projects, especially
for large-scale structures such as bridges [9,10]. Structural damage identification [11–15] has an
important role in providing effective evidence for bridge maintenance and assessment.

In structural dynamics, if the system parameters and its excitations are known, the calculation of
the corresponding structural response is a direct problem. The identification of system parameters or
excitations using the known response constitutes an inverse problem, and damage identification is thus
an inverse problem. Structural dynamic characteristics are often used to detect damage by assessing
their changes between an intact structure and a damaged structure. Structural modal parameters, such
as natural frequencies, mode shapes, modal mass and stiffness, are popular as dynamic indices for
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damage identification [16–19], and are easily obtained due to the rapid development of experiment
modal analysis techniques. For example, Wang et al. [20] extracted the fundamental frequency
of a bridge from the responses of an ordinary vehicle with its parameters calibrated in advance.
Ubertini et al. [21] provided an estimate of the modal parameters of a newly built suspension with
uncertainty bounds considering variations in identified modal features. Kong et al. [22] proposed
an efficient method for numerical extraction of bridge modal properties from dynamic response of
moving vehicles using a specialized test vehicle that consists of a tractor and two following trailers.
Qin et al. [23] applied a kriging model and particle swarm optimization algorithm for the dynamic
model updating of bridge structures using the higher vibration modes in a large-amplitude initial
condition. Magalhaes et al. [24] presented an automated identification method of the modal parameters
with the related bridge response under different wind conditions. Brownjohn [25] presented the first
full modal survey of Jiangyin Yangtze River Bridge to identify the important features of the modal
behavior. Guo et al. [26] presented a damage detection method based on the modal strain energy
equivalence index (MSEEI) to solve structural multi-damage identification problems. Cui et al. [27]
presented a damage detection method that was based on strain modes for beam-type structures
with ambient excitation. Hou et al. [28] carried out the local structural damage Identification using
Frequency-Domain Substructure Isolation Method. Liang et al. [29] performed damage detection
of a real cable-stayed bridge using the proposed frequency co-integration technique, which could
effectively eliminate the influence of the changing environmental temperature and accurately identify
the structural damage. Li et al. [30] proposed a substructure damage identification method based
on dynamic response reconstruction in the frequency domain, which was validated by a laboratory
experiment of a steel plane frame structure. Zhang et al. [31] used the Substructure Virtual Distortion
Method to rapidly construct the structural frequency response function for substructural damage
identification of a frame structure based on structural modes.

Many studies of damage identification based on structural modal parameters have been carried
out. However, practical difficulties exist in accurate damage identification due to the limited number
of measurement points. Usually low-order modes are obtained, which are insensitive to local damage,
especially for bridges that are large and complex. To increase the quantity of valid measured modal
data, physical parameters are added to structures. Nalitolela et al. [32,33] proposed the mass and
stiffness addition technique to perform structural modal updating, where modal information of the
perturbed structures was utilized. Cha et al. [34] developed an approach to modal updating that
involves the addition of known masses to the involved structure, where the modes of the modified
system are employed in conjunction with the initial modal survey. Dems et al. [35] studied damage
identification using modal, static and thermographic analysis by introducing additional control
parameters, such as supports, mass or loads to increase the sensitivity with respect to the identified
parameters. Dinh et al. [36] performed modal identification in several mass-modified conditions and
verified the robustness of the identification numerically and experimentally. Lu et al. [37] analyzed
the influence of the additional mass on the damage identification of a beam structure to improve the
identification accuracy and discovered that the size, number, and position of the additional mass impact
damage identification. Compared with other physical parameters, adding masses to physical structures
can be easily performed. However, heavy structures such as bridges require a substantial amount
of additional mass to enable distinct changes in the structural dynamic characteristics and improve
their sensitivity to damage, which may cause structural overloading or damage. Zhang et al. [38,39]
introduced a virtual control system to improve the accuracy of identification. Hou et al. [40] proposed
a damage identification method in which virtual masses are added to the original structure based
on the Virtual Distortion Method [41], where the frequency responses of the virtual structure with
additional virtual mass can be constructed using the measured excitation and the related acceleration
responses of the original structure. This method can afford a sufficient amount of modal information
with a high sensitivity to local damage. Hou et al. [42] extended the approach based on virtual masses
with Bayesian theory and verified it by experiments with a 3-story frame structure.
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This paper presents a damage identification method for bridges that utilizes additional virtual
mass. Traditional methods of exciting a bridge using a hammer or a shaker have the limitations of
small impact energy [43]. A vehicle bump is chosen in this paper to excite the responses required for
constructing a virtual structure with an additional virtual mass. The bump test is easily performed
in practice. However, vehicle action can modify the dynamic characteristics of the bridge, and the
coupling between the bridge and the vehicle should be considered. Tan et al. [44–46] divided the
process of the vehicle bump into three stages: the static state before the bump, the bump itself, and
the free-decay vibration after the bump. They computed the dynamic response in each stage, and
the computed strain responses were similar to those of the field test. In references [44–46], the static
strain state was analyzed before the bump because the static force also resulted in a displacement.
In this paper, the acceleration of the bridge is required for the application of the additional virtual
mass method, and therefore, the bridge state before the bump does not have to be calculated since
no acceleration occurs when the vehicle is stationary. The structural acceleration response generally
contains a larger amount of high-frequency information about the bridge. A detailed analysis of
a bump-induced excitation is presented in four stages: separation, free-fall, contact, and coupled
vibrations, in order to accurately simulate the structural acceleration responses with a vehicle bump.

The paper is structured as follows: first, general formulas are derived for the response of a
virtual structure with additional virtual parameters, including virtual mass, stiffness, and damping.
Second, the method of damage identification based on additional virtual mass is reformulated. Third,
vehicle bump-induced excitation is analyzed in four stages. Fourth, the main steps of the proposed
methodology are stated. Last, a numerical example of a two-span continuous beam is used to verify
the proposed method using a 1-degree of freedom (DOF) car model and 4-DOF car model.

2. Damage Identification Based on Additional Virtual Masses

First, a general formula for constructing the responses of a virtual structure with additional virtual
physical parameters, such as mass, damping and stiffness, is introduced. Second, the calculation
formula related to only additional virtual mass is provided. Last, an objective function for damage
identification based on the additional virtual mass is presented.

2.1. Virtual Structure with Additional Virtual Physical Parameters

The structural modal parameters are inherent characteristics of a structure. The structural damage
can be determined by comparing the modal parameters of the intact structure and the damaged
structure. Assume a structure with nd DOFs. The mass matrix, damping matrix and stiffness matrix of
the original intact structure are denoted as M, C and K, respectively. Thus, the equation of motion in
the frequency domain is as follows:

M
..
X(ω) + C

.
X(ω) + KX(ω) = BF(ω) (1)

where F(ω) is the excitation vector composed of nf excitations applied to the structure and B represents
the excitation position matrix. The response is expressed in Equation (2), as follows:

Y(ω) = H(ω)BF(ω) (2)

where Y(ω) is the structural response measured by involved sensors for the given excitation; and H(ω)

is the related frequency response function (FRF) of the structure.
Assume that the changes to the mass, damping and stiffness of the original structure occur in the

form of the incremental matrices ΔM, ΔC, ΔK, respectively. The equation of motion of the modified
structure can be expressed in the frequency domain as:

(M + ΔM)
..
X

V
(ω) + (C + ΔC)

.
X

V
(ω) + (K + ΔK)XV(ω) = BF(ω) (3)

159



Sensors 2020, 20, 394

where XV(ω) refers to the responses of the modified structure. By moving the incremental terms to the
right side of Equation (3), it can be reformulated as Equation (4):

M
..
X

V
(ω) + C

.
X

V
(ω) + KXV(ω) = BF(ω) − ΔM

..
X

V
(ω) − ΔC

.
X

V
(ω) − ΔKXV(ω) (4)

In Equation (4), the incremental matrices ΔM, ΔC, ΔK that represent the related modifications can be
expressed as ΔM = TT

mΔmTm, ΔC = TT
c ΔcTc, ΔK = TT

k ΔkTk, respectively, where TT
m, TT

c , TT
k represents

the coordinate transformation matrices for structural mass, damping and stiffness. The parameters

Δm, Δc, Δk represent the mass, damping and stiffness modification values, respectively. Let
..
zV

= Tm
..
X

V
,

.
zV

= Tc
.

X
V

, zV = TkXV , and ZV =
[ ..
zV

(ω
) .

zV
(ω
)

zV(ω
)]T

, and substitute them into Equation (4) to
obtain the response of the modified structure, expressed as follows:

YV(ω) = H(ω) [BF(ω) − TT
mΔm

..
zV − TT

c Δc
.
zV − TT

k ΔkzV
]

= Y(ω) −
[

H(ω)TT
mΔm H(ω)TT

c Δc H(ω)TT
k Δk

]
ZV (5)

Let hm(ω) = H(ω)TT
m, hc(ω) = H(ω)TT

c , and hk(ω) = H(ω)TT
k , and assemble all matrices into

a matrix hv = [ hm hc hk
]
. In this way, Equation (5) can be further simplified into Equation (6) as:

YV(ω, Δ) = Y(ω) − hvΔvZV (6)

where the diagonal matrix Δv = Diag
[

Δm Δc Δk
]
. Let P be the observation matrix that is an

invertible matrix related to the sensors adopted in the test. The responses of the modified structure YV

can be expressed as follows:
YV = PZV (7)

To construct the responses of the modified structure using the measured responses of the actual
structure, sensors are placed in positions where the structure has changed locally, and the excitations
are applied at the same locations as the sensors. Let Qij(ω) and Yij(ω) represent the excitation and
response, respectively, at the ith position, where the additional parameters are applied to the j-th group
test. Denote Q(ω) =

[
Qij(ω)

]
and Y(ω) =

[
Yij(ω)

]
. The excitation and the measured responses of

the actual structure Y(ω) can be related as in Equation (8),

Y(ω) = h(ω)Q(ω) (8)

By combining Equations (6)–(8), the frequency response Hv
Δ(ω, Δv) of the modified structure with

modified or additional physical parameters Δv can be expressed as in Equation (9):

Hv
Δ(ω, Δv) =

(
I + Y(ω)Q(ω)−1ΔvP−1

)−1
Y(ω

)
Q(ω)−1 (9)

In Equation (9), the matrix Q(ω) is a square matrix for computing its inverse, and the number of
test groups should be equivalent to the number of additional virtual physical parameters.

For any system modification parameter Δv, the responses of the modified structure can be
calculated using Equation (9), which only requires the responses of the original structure Y(ω) and the
corresponding excitation Q(ω) to be measured or determined in advance. In this way, the responses
of the structure with modified parameters can be numerically constructed without adding any real
physical parameters to the actual structure. Such a modified structure is referred to as a virtual
structure with additional virtual mass, damping and stiffness. In practice, the additional virtual
physical parameters may be selected according to the specific project conditions, that is, Δv may consist
of the additional mass Δm, damping Δm or stiffness Δk, or a combination of these parameters. Note
that the adopted sensors should correspond to the type of the additional virtual parameters, that is,
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the acceleration sensor corresponds to the virtual mass, the velocity transducer corresponds to the
virtual damping, and the displacement sensor corresponds to the virtual stiffness.

2.2. Additional Virtual Mass Method

In practical engineering, the acceleration response of a structure and the acceleration that
corresponds to the virtual mass are often measured. Thus, this paper adopts the additional virtual
mass method to perform damage identification.

When multiple excitations are applied to a structure, a joint solution is required to obtain the
responses of the virtual structure. Assume that the number of excitations is nf, then nf groups of
dynamic tests are required to solve Equation (9) and each group of excitations must be different.
The load time history of each excitation is measured to form the excitation matrix Q(ω). The acceleration
sensors are arranged only in the positions of the excitations, and the corresponding responses are
assembled to form the responses matrix Y(ω

)
. Equation (9) is rewritten as the frequency response

Hv
Δ(ω, Δm) of the virtual structure with the additional virtual mass Δm:

Hv
Δ(ω, Δm) =

(
I + Y(ω

)
Q(ω)−1ΔmP−1

)−1
Y(ω

)
Q(ω)−1 (10)

When a single excitation is applied to the structure, only one sensor is required to measure the
responses. Equation (10) can be further simplified. Figure 1 shows a diagram of the virtual mass
construction using a single excitation. Denote by y(t) the structural acceleration measured in the same
DOF as the single excitation q(t). Let Y(ω) and Q(ω) be the Fourier transforms of the acceleration and
the excitation, respectively.

Figure 1. Diagram of the virtual mass construction.

For a virtual structure with an added virtual mass Δm, its frequency response hv
Δ(ω, mv) in Figure 1

can be calculated using Equation (11), which is a simplified form of Equation (10), as deduced in detail
in [42]:

hv
Δ(ω, Δm) =

Y(ω)
Q(ω) + ΔmY(ω)

(11)

Using the constructed frequency response Hv
Δ(ω, Δm) or hv

Δ(ω, mv), the modes of the virtual
structure with the added virtual mass Δm can be identified as the indicators for damage identification.

2.3. Damage Identification

In practice, for complex structures such as bridges, it is generally feasible to divide them into
substructures, and to identify the substructural damage. For each substructure, a virtual mass is
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applied, and then the natural frequencies of the corresponding virtual structures are identified using
the structural frequency responses hv

Δ(ω, mv) constructed via Equation (11). Denote by ωm
ij as the

identified i-th frequency of the virtual structure with the virtual mass applied to the j-th substructure.
All identified frequencies are combined to identify the structural damage via the following equation:

Δ(μ) =
∑

qij

∣∣∣∣ωA
ij(μ) − ωm

ij

∣∣∣∣/ωm
ij (12)

where ωA
ij(μ) is the calculated i-th frequency of the finite element model of the virtual structure

with the virtual mass applied to the j-th substructure under the given damage μ, and qij are the
weight coefficients.

3. Process Analysis of Vehicle Bumps

Damage identification using additional virtual mass [42] requires that the excitation be known. A
modal force hammer is often used to constitute the additional virtual mass, but it has a limited impact
energy. In recent years, a vehicle bump has become popular as an excitation due to its convenient
application in practice with an impact energy sufficiently large for a bridge structure. However, a
bump-induced excitation is complex because the vibrations of the vehicle and the bridge are coupled.
Therefore, a precise analysis of the entire process of the bump-induced excitation is necessary to provide
an accurate excitation time history, as is required for the construction of the additional virtual mass.

In this paper, first, a 1-DOF vehicle model with is employed as an example to analyze the entire
process of the bump-induced excitation, as shown in Figure 2. Second, a 4-DOF vehicle model is
considered in the bump analysis, as shown in Figure 3, where one wheel is on the bump board, and
the other wheel stops on the bridge. Denote the left wheel as the T1 wheel, and the right wheel as
the T2 wheel. The analysis of the T1 wheel bump is the same as that of the 1-DOF vehicle model in
Figure 2, with the exception that the coupled vibration of wheel T2 with the bridge is considered during
the process. For simplicity, only a 1-DOF vehicle model is considered as an example to illustrate the
analysis of the bump-induced excitation. In the numerical simulation, a more complex 4-DOF vehicle
model is adopted.

Figure 2. Diagram of vehicle bump on a bridge using a 1-DOF vehicle model.
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Figure 3. Diagram of vehicle bump on a bridge using a 4-DOF vehicle model.

The vehicle is modeled as a single mass-spring, as shown in Figure 2. Let m, c, k denote respectively
the mass, damping, and stiffness of the vehicle. The motion of the vehicle is a free-fall after leaving the
jumping board, and when the vehicle contacts the bridge, the vehicle and bridge vibrate simultaneously.
Generally, a bump-induced excitation was often analyzed as an impact applied to a structure. This
paper presents a detailed analysis of the bump-induced excitation in four stages: separation, free-fall,
contact and coupled vibrations, see Figure 4.

Figure 4. Four stages of bump excitation.

3.1. Separation Stage

Before the bump test, the vehicle stops on a triangle board, and its weight Fmg = mg causes a
deformation of the bridge. The system state at this moment is defined as the equilibrium state. Due
to the elastic deformation of the vehicle tire and its non-planar surface, the separation of the vehicle
from the board requires the time t1, although it is very short. The pressure of the vehicle to the bridge
gradually decreases from Fmg to zero during the time period [0, t1], and the corresponding structural
vibration can be found by integrating Equation (13):

M
..
x(t) + C

.
x(t) + Kx(t) = F(t) (13)

F(t) = mg(1− cos(tπ/t1))/2, t ∈ [0, t1] (14)

The decreasing vehicle pressure is approximatively simulated by the excitation F(t) using the
cosine function shown in Equation (14), which is applied at the position of the vehicle, as shown in
Figure 5:
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Figure 5. Force analysis in the separation period.

3.2. Free-Fall Stage

In this stage, the vehicle has left the jumping board as a free-falling body. The height of the board
is h. The time th =

√
2h/g is required for the vehicle to fall to the bridge with the velocity v0 = th g.

Denote the time moment t2 = t1 + th. The bridge vibration can be analyzed using Equation (13), where
the excitation F(t) is equal to the weight of the vehicle mg, that is:

F(t) = mg, t∈[t1, t2] (15)

3.3. Contact and Impact Stage

In this stage, as shown in Figure 6, the vehicle and bridge simultaneously vibrate with their initial
states obtained from the last period. Denote by v0 the initial velocity of the vehicle at the contact
moment, and let xb be the initial state of the bridge. Traditionally, the vehicle tire force applied to the
bridge at the initial contact is equal to cv0, where c is the vehicle damping, and the impact is large.
Since the vehicle tire is constructed of rubber, the interface force is assumed to gradually increase.
The damping of vehicle tire c3(t) is assumed to change with time as in Equation (16), where t3 is the
moment of the largest deformation of the vehicle spring:

c3(t) = c(t − t2)/(t3 − t2), t∈[t2, t3] (16)

Figure 6. Interface between the vehicle and the bridge in the contact stage.

Trial and iteration are required to determine t3 and c3(t). The main steps are described as follows:
first, given an initial large value of t3, c3(t) is determined via Equation (16). Second, the vibration of
the vehicle in Figure 6 during time period [t2, t3] is computed by integrating Equation (17) with the
initial velocity v0 and the initial state xb of the bridge. Based on the results, the maximum deformation
moment t′3 during time [t2, t3] for the next iteration can be determined. Set t3 = t′3, and then the steps
are repeated until the values of t′3 in two consecutive iterations are similar:

M̃
..
xs(t) + C̃

.
xs(t) + K̃xs(t) = F(t) (17)

where M̃, C̃, K̃ are respectively the mass, damping and stiffness matrix of the coupled vehicle-bridge
system, including the variable vehicle damping c3(t), the vehicle mass m and the vehicle stiffness k.
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We denote by xc(t) and vc(t) the relative displacement and velocity between the vehicle and the
bridge, which are computed using Equation (17). The vehicle tire force, i.e., the excitation applied to
the bridge F(t), can be computed by the following Equation (18):

F(t) = mg − c3(t)vc(t) − kxc(t), t∈[t2, t3] (18)

3.4. Coupled Vibration

In this stage, the vibration response of the coupled system can be computed by Equation (17),
where the vehicle damping is c, and the excitation applied to the bridge F(t) is expressed as:

F(t) = mg − cvc(t) − kxc(t), t > t3 (19)

4. Procedure of the Proposed Methodology

Based on the additional virtual mass method, the vehicle-bump is taken as an excitation to identify
the bridge damage. The main steps are as follows:

(1) Locate a vehicle, acceleration sensors and force sensors on the bridge properly. The number of the
sensors should correspond to the number of the excitations caused by the vehicle. For example,
one acceleration sensor and one force sensor are required if 1-DOF vehicle model is adopted,
while two acceleration sensors and two force sensors are demanded if a two-wheel vehicle model
is used. In addition, sensors should be located along the DOF of the respective excitations.

(2) In the field test, both the bump-induced excitation and the structural accelerations are measured.
In the numerical simulation of this paper, the bump-induced excitation and the accelerations are
computed as described in Section 3.

(3) Perform the Fourier transform of the excitation and the measured accelerations respectively to
obtain the frequency responses of the original structure, and then substitute the virtual additional
mass value to construct the frequency responses of the virtual structure by Equation (10).

(4) Using the constructed frequencies and the finite element model, minimize the objective function
Δ(μ) in Equation (12) for damage identification.

5. Numerical Verification

The two-span continuous bridge model shown in Figure 7 is employed to verify the proposed
methodology. The length of each span is 24 m. The bending stiffness EI is 1.2 × 109 N/m2 and the
mass is 1.0 × 104 kg/m. The height of the jumping board is 0.1 m. The structure is divided into 10
substructures. In the finite element model, each substructure has two elements. Damage identification
with a 1-DOF and 4-DOF vehicle models are discussed in this section.

Figure 7. Two-span continuous bridge with a 1-DOF vehicle model.

5.1. Structural Damage Identification Using 1-DOF Vehicle Model

The vehicle mass is m = 2.0 × 103 kg, the damping is c = 1.5 × 104 kg/s, and the stiffness is
k = 3.5 × 105 N/m. The first four modal shapes and natural frequencies of the bridge are shown in
Figure 8 and Table 1 “Bridge”. The vehicle is located in the middle of the fourth substructure shown in
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Figure 7 and simulated with a single-spring model. The first four natural frequencies of the coupled
vehicle-bridge system are listed in Table 1 “With Spring”. If the vehicle is simulated as a point mass
without the spring, the first four natural frequencies of the coupled system are shown in Table 1
“Only Mass”.

Figure 8. First four modal shapes of the bridge structure.

Table 1. First four natural frequencies (Hz).

Order First Order Second Order Third Order Fourth Order

Bridge 0.945 1.476 3.779 4.783
With Spring 0.941 1.472 2.112 3.786
Only Mass 0.942 1.474 3.765 4.762

Table 1 shows that the natural frequencies of the system are dependent on the vehicle model,
that is the vehicle model influences the system modal characteristics. In this paper, only the vehicle
tire forces are considered, which avoids the influence of vehicle models. In the following sections,
the vehicle located in the middle of the fourth substructure is considered as an example to illustrate the
additional virtual mass construction using the vehicle bump-induced excitation.

5.1.1. Analysis of Vehicle Bump-Induced Excitation

By the analysis in Section 3, considering the vehicle-bridge coupled system, the relative
displacement xc(t) and velocity vc(t) between the vehicle and the bridge, as well as the entire
time history of the vehicle bump-induced excitation F(t), can be computed, see Figures 9 and 10.
The corresponding excitation F(t) of the bridge is shown in Figure 11 ‘Coupling’.

Figure 9. Relative displacement xc(t) between the vehicle and the bridge.
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Figure 10. Relative velocity vc(t) between the vehicle and the bridge.

Figure 11. Comparison of the time history of vehicle bump-induced excitation considering
different factors.

Assume temporarily that the bridge is a rigid body, which means that the structural deformation
is not considered. The corresponding bump-induced excitation is computed and shown in Figure 11
‘No coupling’. Apparently, it seems to be similar to the excitation ‘Coupling’ in Figure 11. The bridge
deformations caused by the bump-induced excitations are thus small.

However, if the frequency spectra of the responses in the ‘Coupling’ and ‘No coupling’ cases
are computed and compared, see Figure 12, it turns out that there are clear differences in the crucial
ranges near the bridge natural frequencies. Therefore, it is necessary to consider the bridge-vehicle
coupled system.

Figure 12. Comparison of the structural responses due to the bump-induced excitations in the frequency
domain considering different factors.
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In existing studies of bump excitations, a vehicle falls to the bridge with full contact, which means
that the impact forces are instantaneously applied to the structure. In this way, the computed vehicle
excitations are shown in Figure 11 ‘Tradition’, which are different from the excitations computed using
the proposed method. The structural accelerations that are computed considering the instantaneous
impact (Figure 13 ‘Tradition’) are compared with the accelerations that are computed using the proposed
method (Figure 13 ‘proposed’), which shows that the differences primarily exist at the beginning of the
structural responses. The structural free responses are concerned for the system modal identification
in bridge monitoring, and thus the existing studies work well. However, the construction of the virtual
additional mass in this paper requires the entire time history of the structural responses and demands
a precise estimation of the responses.

Figure 13. Comparison of the excitations determined by traditional studies and the proposed method.

5.1.2. Construction of Additional Virtual Mass

Figure 14 shows the vertical accelerations of the bridge at the location of the vehicle. They
are computed for the coupled system (excitation ‘Coupling’ in Figure 11) and contain additionally
5% Gaussian random noise to simulate the measurement noise. The FFTs of the excitation and the
acceleration are computed and used to determine the FRF of the original structure, as shown in Figure 15
‘original’. Then a virtual additional mass, 20 times the actual vehicle mass, is employed to cause distinct
changes in structural natural frequencies while avoiding an overload to the physical structure.

Figure 14. Vertical acceleration of the bridge at the location of the vehicle.
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Figure 15. Frequency responses of the structure in different cases.

The value of the virtual additional mass, i.e., Δm = 4.0 × 104 kg, is substituted into Equation
(11). The frequency responses of the corresponding virtual structure can be constructed, see Figure 15
‘VDM’. In Figure 15, the gridlines ω0 and ωm denote respectively the natural frequencies of the original
system and of the system with the additional virtual mass 4.0 × 104 kg, as computed using the finite
element model. The corresponding frequencies are listed in and denoted by “Original” and “With
mass” in Table 2. The frequencies denoted as “VDM” in Table 2 refer to the natural frequencies of the
virtual structure identified using the constructed frequency responses, as shown in Figure 15 ‘VDM’.
They are very similar to the frequencies “With mass”, which confirms the effectiveness of the virtual
additional mass method.

Table 2. First three natural frequencies (Hz).

First Order Second Order Third Order

Original 0.945 1.476 3.779
With mass 0.895 1.439 3.509

VDM 0.896 1.438 3.517

5.1.3. Damage Identification

Assume that the 2nd, 3rd, and 8th substructure of the bridge is damaged with the damage extents
shown in Figure 16. Vehicle bump tests are successively carried out in the middle of each substructure,
and the corresponding bump-induced force is obtained via the analysis in Section 3. It is then applied to
the middle of each substructure to construct the virtual structure with the large virtual additional mass
Δm = 4.0 × 104 kg. On each substructure, the vehicle bump tests is performed five times. Each time,
the frequencies of the virtual structure are identified using the constructed responses (Equation (1)).
The frequencies identified in the five tests are averaged to decrease the effects of the noise. In this
way, for all ten substructures, ten groups of frequencies are obtained. Each group has three orders of
frequencies; see Table 3 “VDM”. The frequencies that correspond to Table 3 “Actual” are computed
using a finite element model of the actual damaged structure with an additional mass of 4.0 × 104 kg,
and they are found to be similar to the identified frequencies, which confirms the accuracy of the
frequencies identified using the virtual additional mass method. Using the constructed frequencies and
the finite element model, the objective function Δ(μ) in Equation (12) is built for damage identification,
where ωm

ij refers to the frequencies in Table 3 “VDM”, and ωA
ij(μ) are the values obtained using the

finite element model. The optimization problem is solved using the function ‘Patternsearch’ from the
optimization toolbox of MATLAB. Damage to the ten substructures is identified, as shown in Figure 17
and Table 4 (Noise 5%). The damage extents and locations can be accurately identified.
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Figure 16. Damage extents of the substructures.

Table 3. First four natural frequencies (Hz).

Vehicle Location
VDM Actual

First Order Second Order Third Order First Order Second Order Third Order

1 0.846 1.345 3.446 0.847 1.346 3.451
2 0.798 1.280 3.321 0.798 1.281 3.326
3 0.780 1.289 — 0.781 1.290 —
4 0.812 1.337 3.250 0.811 1.338 3.255
5 0.848 1.359 3.468 0.849 1.362 3.468
6 0.848 1.360 3.483 0.849 1.361 3.489
7 0.815 1.322 3.383 0.814 1.322 3.384
8 0.789 1.267 — 0.790 1.267 —
9 0.814 1.275 3.390 0.813 1.276 3.395

10 0.849 1.345 3.495 0.849 1.346 3.493

Note: ‘—’ denotes that the respective frequency is unattainable.

Figure 17. Damage identification results using 1-DOF vehicle model.

Table 4. Damage identification results using 1-DOF vehicle model under different noise levels.

Substructure Actual
Noise
Free

Noise
5%

Noise
10%

Noise
15%

Error_5%
(%)

Error_10%
(%)

Error_15%
(%)

1 1 1 0.985 1 0.983 1.5 0 1.7
2 0.6 0.599 0.598 0.600 0.594 0.2 0 0.6
3 0.8 0.808 0.792 0.846 0.886 0.8 4.6 8.6
4 1 1 1 1 1 0 0 0
5 1 1 1 1 0.985 0 0 1.5
6 1 1 1 0.971 1 0 2.9 0
7 1 1 1 1 0.993 0 0 0.7
8 0.7 0.691 0.699 0.704 0.68 0.1 0.4 2
9 1 1 1 1 1 0 0 0
10 1 1 1 1 1 0 0 0

To test the robustness of the proposed method to noise, damage identification is performed in
the cases without noise and with 5%, 10% and 15% Gaussian random noise. The results are shown in
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Figure 17 and Table 4. The identification errors increase with the increasing noise level. The results are
still acceptable in the case of 15% noise pollution, which results in the maximum error smaller than
10%. Therefore the proposed method is robust to noise.

5.2. Structural Damage Identification Using 4-DOF Vehicle Model

A 4-DOF vehicle model is used to verify the effectiveness of the proposed method, as shown in
Figure 18. Since the vehicle model has two wheels, both wheels generate excitation for the bridge,
which is a multi-point excitation. Thus, simulation of two vehicle bumps are required to construct
the responses of the virtual structure with the additional virtual mass, which can be calculated by
Equation (10). Two wheels are adopted for the bump separately with the other wheel stopping on the
bridge, and two virtual masses are added at the position of the two wheels in each test.

Figure 18. 4-DOF car model.

The vehicle parameters assumed for Figure 18 are as follows: m= 1.75× 103 kg, J = 1.4 × 103 kg·m2,
m1 = 1.0 × 102 kg, m2 = 1.5 × 102 kg, k1 = 4.0 × 105 N/m, k2 = 3.0 × 105 N/m, k3 = 1.0 × 105 N/m,
k4 = 1.0 × 105 N/m, c1 = 1.5 × 104 kg/s, c2 = 2.0 × 104 kg/s, c3 = 1.5 × 104 kg/s, c4 = 2.0 × 104 kg/s,
e1 = 1.35 m, e2 = 1.65 m. Let wheel T1 be located 10.5 m from the left end of the bridge, as shown in
Figure 19. Consider that wheel T1 performs the bump and that the entire bump-induced excitation is
analyzed as in Section 3, but the coupled vibration of the other wheel T2 with the bridge is considered
during the process. The estimated time histories of the excitations at the wheels T1 and T2 are shown in
Figure 20, and the corresponding acceleration responses are shown in Figure 21. Consider then wheel
T2 to perform the bump, as shown in Figure 22. The estimated time histories of the excitations at wheel
T1 and T2 are shown in Figure 23, and the corresponding acceleration responses are shown in Figure 24.

Figure 19. A two-span continuous bridge with 4-DOF vehicle model (T1 bump).
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Figure 20. Estimated time histories of the excitations at wheels T1 and T2 in case wheel T1 bumps.

Figure 21. Estimated accelerations in case wheel T1 bumps.

Figure 22. A two-span continuous bridge with 4-DOF vehicle model (T2 bump)).

Figure 23. Estimated time histories of the excitations at wheel T1 and T2 in case wheel T2 bumps.
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Figure 24. Estimated accelerations in case wheel T2 bumps.

To simulate noise pollution, 5% Gaussian white noise is added to the excitations and responses.
If the virtual mass is 4.0 × 104 kg at wheel T1 and 0 kg at wheel T2, the virtual mass matrix can be

expressed as Δm =

[
4 0
0 0

]
× 104. The frequency response of the virtual structure is then obtained

by substituting Δm and the Fourier transforms of the excitation and response into Equation (10).
The computed acceleration frequency responses at the T1 wheel position are shown in Figure 25
‘VDM’, and the first three natural frequencies of the structure can be identified as [0.7784, 1.2793,
3.5613] Hz. Similarly, the addition of the virtual mass of 4.0 × 104 kg and 0 kg at position T2 and T1,

respectively, results in the virtual mass matrix Δm =

[
0 0
0 4

]
× 104. The computed acceleration

frequency responses at the T2 wheel position are shown in Figure 26, and the identified first three
natural frequencies of the virtual structure are [0.78584, 1.30304, 3.47824] Hz.

Figure 25. Acceleration frequency responses at T1 wheel position with the virtual mass added to the
wheel T1.

The wheel T1 is separately located at the positions [2.00 10.50 19.00 26.00 34.50 43.00] m on the
bridge from its left end. At each position, two bumps are analyzed as described above, one for each
wheel, and the corresponding excitations are computed. An additional virtual mass of 4.0 × 104 kg
is placed at each position, and the related responses and natural frequencies of the virtual structure
are determined and listed in Table 5 “VDM”. In addition, the natural frequencies computed using
the finite element model of the structure with the added masses (Table 5 “Actual”) are computed
and found to be very similar to the VDM-estimated frequencies. The results confirm the accuracy
of the estimated frequencies of the virtual structure using the constructed acceleration frequency
responses via Equation (10). The damage to the bridge is identified using the frequencies in Table 5
“VDM” and shown in Figure 27 as “VDM (4 DOF)”. Both the locations and extents of damages can
be accurately identified. The accuracy is almost the same as in the case of a 1-DOF vehicle, see also
Table 6 (Error_1DOF, Error_4DOF).
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Figure 26. Acceleration frequency responses at T2 wheel position with the virtual mass added to the
wheel T2.

Table 5. First four natural frequencies (Hz).

Vehicle Location
(m)

Mass
Location

VDM Actual
First

Order
Second Order

Third
Order

First
Order

Second Order
Third
Order

2.00
T1 0.849 1.350 3.489 0.849 1.350 3.486
T2 0.822 1.304 3.273 0.822 1.305 3.271

10.50
T1 0.778 1.279 3.561 0.780 1.281 3.556
T2 0.786 1.303 3.478 0.786 1.304 3.484

19.00
T1 0.830 1.354 3.276 0.831 1.355 3.270
T2 0.851 1.348 3.495 0.851 1.362 3.499

26.00
T1 0.851 1.360 3.511 0.851 1.362 3.513
T2 0.832 1.346 3.360 0.832 1.347 3.359

34.50
T1 0.793 1.279 3.550 0.793 1.280 3.556
T2 0.792 1.261 3.547 0.792 1.261 3.540

43.00
T1 0.832 1.305 3.358 0.832 1.305 3.362
T2 0.851 1.350 3.515 0.851 1.351 3.517

Figure 27. Comparison of damage identification results.
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Table 6. Damage identification results in different cases with 5% noise.

Substructure Actual
VDM-
1DOF

VDM-
4DOF

Dir
-Ten

Dir
-Four

Error_1DOF
(%)

Error_4DOF
(%)

Error_Ten
(%)

Error_Four
(%)

1 1 0.985 1 1 0.792 1.5 0 0 20.8
2 0.6 0.598 0.596 0.597 0.642 0.2 0.4 0.3 4.2
3 0.8 0.792 0.823 0.799 0.787 0.8 2.3 0.1 1.3
4 1 1 1 0.983 0.988 0 0 1.7 1.2
5 1 1 1 1 0.981 0 0 0 1.9
6 1 1 1 0.985 1.000 0 0 1.5 0
7 1 1 1 1 1.000 0 0 0 0
8 0.7 0.691 0.687 0.698 0.723 0.9 1.3 0.2 2.3
9 1 1 1 0.997 1.000 0 0 0.3 0
10 1 1 1 0.979 0.912 0 0 2.1 8.8

5.3. Direct Identification of Damage Using Structural Modal Parameters

For comparison and in order to verify the advantage of the proposed method, the damages of the
considered two-span bridge are also identified directly using structural modal parameters. The free
vibration responses under environmental excitation are measured using acceleration sensors located
in the middle of the ten substructures, as shown in Figure 28. Gaussian noise at the level of 5% is
considered. First, the first three natural frequencies and mode shapes (Figure 29) are identified from
the responses. The damages are optimized using the objective function considered in [47] and shown
in Equation (20), where nϕ is the number of the structural mode shapes and nω is the number of the
natural frequencies, while αϕ and αω are the respective weighting coefficients:

f (μ) = αϕ

nϕ∑
i = 1

(
1 − MAC

(
ϕi(μ),ϕi

))
+ αω

nω∑
i = 1

(
ωi(μ) − ωi

ωi

)2

(20)

MAC
(
ϕi(μ),ϕi

)
=

(
ϕT

i ϕi(μ)
)(
ϕT

i (μ)ϕi

)
(
ϕT

i (μ)ϕi(μ)
)(
ϕT

i ϕi

) (21)

Figure 28. Location of the acceleration sensors.

First, all ten sensors S1~S10 are adopted, which yielded results similarly accurate as these of the
proposed methodology, see Figure 27 “10 Sensors” and Table 6 (Dir_Ten, Error_ Ten). Then the damages
are identified by employing four sensors S2, S4, S7, S9, located in the middle of the corresponding
substructures as shown in Figure 28. The identification results are shown in Figure 27 “4 Sensors” and
in Table 6 (Dir_Four, Error_ Four). The maximum error is large, i.e., over 20%.
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Figure 29. The identified first three modal shapes of the damaged bridge.

5.4. Discussion of Results

In the numerical simulation, 1-DOF vehicle model is used to clearly introduce the method
proposed in this paper. The bump-induced excitations computed using the 4-DOF model, shown
in Figure 23, reveal that the excitation amplitude of the other wheel is as high as 30% of that of the
bumping wheel. Therefore, in practice it is necessary to consider the 4-DOF model.

Then, using the computed bump-induced excitation, an additional virtual mass, 20 times the
actual vehicle mass, is employed to increase the amount of the dynamic information gained from
the tests. The natural frequencies of the virtual structure are identified, and the objective function is
established for identification. The damage can be identified accurately using the vehicle bump and the
additional virtual masses, even under relatively high levels of noise pollution, shown in Figures 17
and 27, as well as in Tables 4 and 6.

The proposed methodology, based on the vehicle bump and an additional virtual mass, requires
only two acceleration sensors and two force sensors. For comparison, the tested typical identification
method that used directly the modal parameters needed considerably more sensors to give similarly
precise results. Such a low number of required sensors significantly facilitates practical implementation
of the proposed approach.

6. Conclusions

A damage identification method for bridge structures, based on vehicle bump-induced excitations
and an additional virtual mass, is proposed. A numerical model of a two-span continuous beam is
used to verify the effectiveness of the proposed method. The main conclusions can be stated as follows:

(1) The paper derives the basic equations used for constructing the frequency response of the virtual
structure with additional virtual parameters (virtual mass, damping, and stiffness), which is a
convenient and flexible way for effective addition of multiple physical parameters to the structure.
The proposed approach broadens the potential application scope in practical engineering by
using additional virtual physical parameters.

(2) The analysis of the vehicle bump is performed in four stages: separation, free-fall, contact, and
coupled vibrations. Such an analysis yields accurate time histories of vehicle-induced excitations,
which allows the additional virtual mass method to be applied to identify structural damage.
The analysis can provide supportive evidence for analyzing bump-induced excitations in practice.
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(3) Using the vehicle bump and the corresponding responses of the bridge, the responses of a virtual
structure with an additional virtual mass can be accurately constructed to increase the response
sensitivity to local damage. This allows the damage to be accurately identified with the error
less than 10% even under 15% Gaussian noise pollution. The proposed process is effectively
equivalent to an addition of a significant mass to the bridge for testing purposes, however without
the risks of overloading the structure.

(4) A field validation of the proposed method is currently under preparation. The numerical
computations of the bump-induced excitations will guide the height design of the springboard.
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Abstract: This study presents a technique to identify the vibration characteristics in power
transmission towers and to detect the potential structural damages. This method is based on
the curvature of the mode shapes coupled with a continuous wavelet transform. The elaborated
numerical method is based on signal processing of the output that resulted from ambient vibration.
This technique benefits from a limited number of sensors, which makes it a cost-effective approach
compared to others. The optimal spatial location for these sensors is obtained by the minimization
of the non-diagonal entries in the modal assurance criterion (MAC) matrix. The Hilbert–Huang
transform was also used to identify the dynamic anatomy of the structure. In order to simulate
the realistic condition of the measured structural response in the field condition, a 10% noise is
added to the response of the numerical model. Four damage scenarios were considered, and
the potential damages were identified using wavelet transform on the difference of mode shapes
curvature in the intact and damaged towers. Results show a promising accuracy considering the
small number of applied sensors. This study proposes a low-cost and feasible technique for structural
health monitoring.

Keywords: power transmission tower; signal processing; wavelet transform; damage detection;
optimal sensor location

1. Introduction

Continuous health monitoring of transmission networks is a vital task to prevent sudden failure
in power transmission lines. The substations and transmission lines transmit the electricity production
of the power plants through various physical, atmospheric, and geographical conditions to the
consumption centers. Performance of the transmission lines is sometimes affected negatively by some
factors, which may disrupt the power distribution network. Such incidents may cause irreparable
damages. The cost of repairing the power transmission lines is very high, at about one million dollars
per kilometer [1]. Such towers are not only damageable against the wind loads, the world-wide
experiences show their vulnerability subjected to earthquake ground motions and storm events,
as well. Figure 1 illustrates the potential failures under wind and earthquake loading [2,3].

Sensors 2020, 20, 1731; doi:10.3390/s20061731 www.mdpi.com/journal/sensors181
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(a) (b)

Figure 1. Potential failures in power transmission towers [2,3]. (a) Wind-induced failure; (b) Earthquake-
induced failure .

Despite several studies that have studied the vibration characteristics of towers under earthquake
and wind loads [4], the health monitoring of these structures has received limited attention, especially
from industrial practices. Indeed, structural health monitoring (SHM) techniques are key methods in
the risk-based safety assessment of such tower-line systems. In recent years, SHM techniques have
been extended both from theoretical and applied aspects [5].

Objectives and Contributions

In the present study, a vibration-based technique is presented to identify the spatial location of
existing damage in the power transmission towers. An important advantage of this method is that
it is a cost-effective method using limited number of sensors compared to other damage detection
techniques. This method is based on post-processing the structural responses under ambient vibration
(as opposed to expensive, dangerous, and more complex forced vibration techniques).

An existing tower was used as case study. First, it was analyzed using a finite element model
developed in the SAP2000 software, and the vibration information (i.e., fundamental frequencies
and mode shapes) were extracted. Next, they were verified through conducting a field measurement
test. Finally, in order to simulate a more realistic field condition, a 10% noise was added to the
structural responses. To optimize the number of required sensors, a method based on minimizing the
non-diagonal entries of modal assurance criterion (MAC) matrix was used. Free vibration response
of the structure for all the sensors was obtained using the natural excitation technique (NexT) [6].
Subsequently, the Hilbert–Huang transform and continuous wavelet transform (CWT) were used to
extract the modal parameters. Last but not least, the structural damage was identified by implementing
the CWT on the difference of the mode shape curvatures of the intact and damaged structure.

The structure of the paper is as follows: Section 2 provides a comprehensive overview on
the current literature. Section 3 presents the proposed methodology and corresponding theoretical
background. Section 4 describes the case study tower, the modeling procedure, validation of numerical
model, and the parametric study. Section 5 proposes an optimization algorithm to find the minimum
number of required sensors to be located in a tower. Section 6 describes the procedure implemented
to identify the dynamic characteristics of the tower. Moreover, the noise effect on the results is
investigated in this section. The proposed damage detection method is clarified in Section 7. Finally,
the major outcomes are summarized in Section 8.

2. A State-of-the-Art Literature Review

The first section of literature review, Section 2.1, provides a general overview on the recent
advances in structural damage detection and SHM. It is followed by a series of detailed literature
reviews on damage detection in power transmission towers, which is in Section 2.2.
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2.1. Structural Damage Detection

Montejo [7] compared different vibration-based damage detection techniques to identify the
damage occurrence in the structures subjected to random excitation. The authors reported that the
continuous wavelet transform (CWT)-based technique is more effective compared to the uncovering
of spikes in the high frequency component of the structural response obtained via discrete wavelet
transforms (DWT), Hilbert–Huang transforms, or high pass filtering. Liu et al. [8] presented a novel
method based on stationary wavelet transform (SWT) to identify the length and the location of cracks
occurred in a cantilever beam. Garcia-Palencia et al. [9] presented a method based on the frequency
response functions (FRFs) and model updating algorithm. This method was validated using data
obtained from the University of Central Florida’s benchmark structure.

Ditommaso et al. [10] proposed a methodology for the damage localization of framed structures
that were subject to strong motion earthquakes based on monitoring the modal curvature variation
in the natural frequencies. They have verified the proposed method using finite element modeling,
as well as multiple experimental tests. Zhang et al. [11] proposed some damage indices based on the
macro-strain modal shapes to identify the potential damage in steel stringer bridges. Yazdanpanah1a
and Seyedpoor [12] proposed a novel indicator based on mode shape data for damage detection in
beam-like structures. The method is based on three factors: the mode shape, the slope of the mode
shape, and the curvature of the mode shape.

Ghiasi et al. [13] presented a novel damage detection approach based on least square support
vector machine (LS-SVM). They proposed a new kernel function based on thin plate spline
Littlewood–Paley wavelet kernel function. Lv et al. [14] proposed a combined method based on
both variational mode decomposition (VMD) and multi-kernel support vector machine (MK-SVM)
optimized by an immune genetic algorithm (IGA) for damage detection in mechanical systems.
Cha et al. [15] proposed a method based on image processing to detect the damages in civil
infrastructures. They employed features obtained from image processing along with the convolutional
neural networks, to perform damage detection in the structures. Zhao et al. [16] conducted a
comparative study based on wavelet multi-resolution, wavelet packet energy, and fuzzy sets to
identify the existing damage in beam-like structures.

Karami-Mohammadi et al. [17] proposed a combined method based on FRFs and principal
component analysis (PCA) to identify the damage occurrence in the capacitive voltage transformer
(CVT), an equipment of power transmission posts. Vahidi et al. [18] presented a model-updating-based
method for damage detection in structures. They have minimized the difference between the modal
response of the finite element model and the experimental one by updating the numerical model
in several iterations. To achieve this goal, they have utilized particle swarm optimization (PSO),
genetic algorithm (GA), and artificial bee colony (ABC) techniques. Chang et al. [19] proposed an
artificial neural network (ANN)-based hybrid method by tracking the changes in natural frequencies
and structural mode shape variations (as two indicators). They applied this method to multi-story
buildings. Ghannadi and Kourehli [20] investigated the application of the moth flame optimization
algorithm to detect the structural damage. They used the natural frequencies and MAC flexibility as
damage indicators. Nguyen et al. [21] proposed a method based on both the transmissibility function
and ANNs to identify the structural damage in bridges. They validated their method on an existing
bridge in Taiwan.

2.2. Damage Detection of Power Transmission Equipment

On the other hand, there are only a few studies on the application of damage detection techniques
in power transmission equipment. According to Qu et al. [22], power transmission towers are
susceptible to sudden damages and instabilities which may lead to total collapse of the structure.
Huang et al. [23] investigated the effect of foundation settlement on the variations in natural frequencies
of the tower. Lam and Yang [24] proposed a method based on the Bayesian probabilistic approach
and finite element model updating for damage detection in power transmission towers. Variations
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in modal parameters of towers were used as damage indicator. Yin et al. [25] utilized the dynamic
reduction technique to identify the structural damage in the power transmission towers. In order to
simulate the actual field condition, they added some noise to the acceleration response obtained from
their numerical model.

Qu et al. [22] presented a two-stage method to identify the damage in the vertical elements of the
power transmission towers. In this method, wavelet packet energy and modal strain energy of the
structure were used as a damage indicator. Xu et al. [2] proposed a multi-stage procedure based on the
covariance matrix of the dynamic response of the structure for damage detection in the connections of
the power transmission towers. The main drawback of this procedure was the large number of applied
sensors, which makes it expensive and impractical in a majority of cases.

3. Proposed Methodology and Underpinning Theories

3.1. Summary of the Proposed Method

This study aims to implement a cost-effective procedure to identify the location of damage in the
power transmission towers. The optimum number of sensors, as well as their location is determined
by minimizing the non-diagonal entries of the MAC matrix. Subsequently, the modal parameters
of the structure will be determined by processing the output signal of the tower under ambient
vibration. As a result of structural damage, the vibration anatomy of the towers changes. The proposed
method computes the differences between curvature of the mode shapes in the intact and damaged
structures. Finally, by implementing the continuous Wavelet transform on residual of the curvature
of the mode shapes, the damage location is determined. Figure 2 presents the main algorithm of the
proposed method.

Response of the intact tower 
under ambient vibration 

Identifying the modal 
parameters of the intact tower

Calculating the mode shape’s 
curvature

Response of the damaged 
tower under ambient 

vibration 

Identifying the modal 
parameters of the damaged 

tower

Calculating the mode shape’s 
curvature

Continuous Wavelet Transform 
(CWT) on the difference of the 

mode shape’s curvature

Damage location

Determining the optimum 
location of sensors 

Figure 2. Main algorithm of the proposed method.

3.2. Theoretical Background of Continuous Wavelet Transform

Since the essence of the proposed procedure is founded on the concept of CWT, a brief theoretical
background is presented in this section for those readers less familiar with this topic. The underpinning
theory of wavelets is connected to continuous wavelet decomposition of L2 functions [26,27].
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If ψa,b, a ∈ R \ {0}, b ∈ R is are functions defined as the translations and re-scales of a single
function ψ(x) ∈ L2(R):

ψa,b(t) = |a|−0.5 ψ

(
t − b

a

)
(1)

where a is the scale parameter, b is the time location, and |a|−0.5 is used to ensure that
∣∣∣∣ψa,b

∣∣∣∣ is
independent of a and b. Also, ψ is called the wavelet function or the mother wavelet, and must satisfy
the admissibility condition:

Cψ =
∫ ∞

−∞

∣∣ψ̂(ω)
∣∣2

|ω| dω < ∞ (2)

where ω is the frequency, and ψ̂(ω) =
∫

R ψ(x) exp (−ixω)dx is the Fourier transform of ψ.
The CWT of the signal x(t) is defined as the inner product of the Hilbert space of L2 norms as

shown below.
Wb(a) =< ψa,b(t), x(t) >= |a|−0.5

∫
x(t)ψ∗

a,bdt. (3)

where the asterisk stands for complex conjugate, and the scale factors a and b vary continuously.
Wavelet functions are divided into two groups: orthogonal and non-orthogonal ones. In dyadic

Discrete Wavelet Transform (DWT), as well as the wavelet packet transform, one should select the
orthogonal wavelet function. On the other hand, using CWT, one can select either orthogonal or
non-orthogonal wavelet functions. Some of the most well-known orthogonal wavelets are: Haar,
Daubechies, Coiflets, Meyer, etc [28]. Further, Morlet, Mexican hat, and Difference of Gaussian (DOG)
wavelets are some of the non-orthogonal functions. Applying a CWT to a signal, if the variations of
the wavelet are similar to the variation of the mentioned signal, the corresponding wavelet coefficients
become larger [29]. The following is a summary of several well-known wavelets [30]:

• Gaussian, Morlet, Mexican Hat, and Shannon wavelets are models in which the wavelet function,
ψ, has an explicit expression. The scaling function does not exist for these wavelets, and thus,
DWT, fast wavelet transform (FWT), and discrete reconstruction are unavailable. Analysis with
these wavelets is limited to CWT.

• Meyer wavelet is an infinity regular wavelet. It does not have an explicit expression form, but the
scaling function does exist, and using DWT is possible (FWT is still unavailable).

• Daubechies wavelets of order N, Symlet wavelets of order N, Coiflet wavelet of order N, and Haar
wavelet are examples of orthogonal wavelets. They do not have an explicit expression for the
wavelet function ψ (except for Daubechies wavelet of order one which is similar to Haar wavelet).

According to this classification, the mother wavelet to be operated in CWT may or may not take
the orthogonal wavelet form. Any signal that satisfies the admissibility condition can be used as a
mother wavelet. In this study, two different mother wavelets were adapted, i.e., Morlet and Dibucci.
The former one was used to identify the modal parameters of a tower with the following form:

ψ(t) = exp
(
−1

2
β2t2

)
· cos(πt) (4)

where t is time and β controls the shape of the basic wavelet.
By introducing two new variables: a as dilation and b as translation, a son wavelet can be

written as:

ψa,b(t) = exp
(
− β2(t − b)2

a2

)
· cos

(
π(t − b)

a

)
(5)

Clearly, it is a cosine signal that decays on both sides by the exponential term. For a digital signal,
the sampling rate follows the Nyquist sampling theory; generally the sampling rate can be considered
high enough. Then, it will have enough time resolution if the translation unit is equal to the sampling
period. It is notable that in Morlet wavelet, parameter β balances the time and frequency resolution.
Frequency resolution will increase by decreasing β value. Conversely, time resolution will increase by
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increasing β. When β yields to zero, the Morlet wavelet becomes a cosine function which has the best
frequency resolution. Furthermore, when β tends to infinity, the Morlet wavelet converts to a Dirac
function, which has the best time resolution. Figure 3a shows the shape of a Morlet wavelet [31,32].
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Figure 3. Visualization of wavelet functions. (a) Morlet wavelet; (b) Daubechies wavelet.

Daubechies wavelets are defined by calculating the running averages and differences via scalar
products with scaling signals and wavelets. Since the Daubechies wavelets use overlapping windows,
the high frequency coefficient spectrum reflects all high frequency changes. It can be used as a proper
wavelet to detect the high frequency jumps that occur because of damage in a response signal [33].
Therefore, the Daubechies mother wavelet was used to identify the structural damage occurred in
the tower. Figure 3b shows Daubechies wavelet with two vanishing moments and the corresponding
scaling function.

3.3. Theoretical Background of Cubic Spline

The cubic spline interpolation was introduced as an engineering tool used to draw smooth curves
through a number of points. The cubic spline contains a series of weights attached to a flat surface at
the points to be connected. A flexible strip is then bent across each of these weights, approaching a
delicately smooth curve. The basic idea of the cubic spline was based on fitting a piece-wise function
in the following form:

S(x) =

⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

s1(x) if x1 ≤ x < x2

s2(x) if x2 ≤ x < x3

...

sn−1(x) if xn−1 ≤ x < xn

(6)

where si is a 3rd-degree polynomial function.
A cubic spline needs to satisfy the following stipulations: (1) The piece-wise function S(x)

interpolates all data points, and (2) S(x), S′(x) and S′′(x) should be continuous in [x1, xn]. The cubic
spline operation can be used to determine the rate of changes or cumulative change over an interval.
In this study, since a small number of sensors are used for damage detection, the cubic spline operation
generates a smooth curve of mode shape [34]. Consequently, it helps to derive the curvature of the
mode shapes.

4. Case Study Tower

4.1. Tower Properties and Type of Conductors

The case study structure was a representative tower out of many, which is installed in the 400 kV
line of Bandar Abbas-Sirjan route. This tower was known as S1KL in the power industry. The height
of the tower was 46.32 m, see Figure 4. The distance between two adjacent legs was 15 m, and the
dimension of its maximum cross section was 20.5 m (as mentioned in Section 1), this structure was
marked as a middle-line tower which had a 400 m distance from adjacent towers. It is noteworthy that

186



Sensors 2020, 20, 1731

two adjacent towers were connected by conductors, which had a maximum sag about 17 m. Figure 4
shows the geometry of the tower. Furthermore, the conductors used for power transmission were pf a
three-wire Curlew Bundle type.

Figure 4. Geometry and dimensions of the case study tower.

4.2. Numerical Modeling

The tower was modeled in the SAP2000 finite element software, see Figure 5a. According to the
technical manual of the tower, the legs and the body of the tower were both made of frame elements.
The rest of the tower including Trunk, K-frame, bridge, and cross-arms were made of truss elements.
It should be mentioned that all elements were made of St37 steel. These elements were in the form of
L45 × 3 and L120 × 10. Moreover, the tower contained a total of 1978 members and 852 connecting
points. The total weight of the cables through effective length of the span (i.e., 400 m) was applied
to a single tower through six points representing the location of the porcelains at which the cables
were connected. Subsequently, the numerical modal analysis of the structure was carried out, and the
fundamental frequencies of the tower in both perpendicular directions were extracted. Figure 5b,c
shows the first mode shape of the tower in latitudinal and longitudinal directions, respectively.

(a) (b) (c)

Figure 5. Numerical model and anatomy of vibration. (a) Finite element model; (b) First mode in
latitudinal direction; (c) First mode in longitudinal direction.
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4.3. Verification

The results of the numerical model were further verified by an ambient vibration test of the real
tower. The accelerometers used in this experiment were Novinpardaz sensors with a sensitivity of
0.01 g. These sensors were first calibrated by measuring the natural frequency of the benchmark frame
as shown in Figure 6a. The actual natural frequency of the benchmark frame was already reported in
several studies to be 4.12 Hz [35]. The corresponding results of the accelerometer used in this study
show a frequency of 4.07 Hz (i.e., only 1% error). Followed by this verification, the research team
carefully prepared the test locations, as well as other equipment. Figure 6b,c shows the actual tower and
the location of sensors. The results of the first two fundamental natural frequencies in each direction
along with those obtained from the numerical model are shown in Table 1. Although there was an
acceptable consistency between numerical natural frequencies and the corresponding experimental
measurement, any differences can be attributed to the uncertainties in the properties of the modeled
tower, such as mass and material uncertainty. Another source of uncertainty did exist in the modeling
of interface between matching parts of the tower [36]. Moreover, there was a natural noise on the
recorded response by sensors, which may affect the identified results. The verified numerical model
was used as a base model for all subsequent damage detection analyses.

(a) (b) (c)

Figure 6. Verification of numerical modeling with experimental test. (a) Sensor calibration; (b) Sensor
placement; (c) Sensors in tower.

Table 1. Tower’s mode verification results.

Mode Numerical Model Experimental Test Error [%]

First mode (longitudinal direction) 1.04 Hz 1.16 Hz −10.3
First mode (latitudinal direction) 3.93 Hz 4.08 Hz −3.7

First flexural mode 5.9 Hz - -
Second mode (longitudinal direction) 5.83 Hz 6.01 Hz −3.0
Second mode (in latitudinal direction) 7.81 Hz 7.98 Hz −2.1

4.4. Parametric Study

A parametric study was conducted to investigate the effect of the interaction among multiple
towers in-line. For this purpose, the fundamental frequency of a single tower was compared with
a series of towers (i.e., three, five, and seven towers), see Figure 7. The fundamental frequency of a
single tower, tower-line with three, five, and seven towers are 3.25, 3.35, 3.33, and 3.32 Hz, respectively.
As can be seen, the fundamental frequency of a single tower, when it is modeled considering the
mass of conductors instead of modeling adjacent towers, is so close to the real state. Furthermore,
by increasing the number of towers, the natural frequency of the tower-line approaches the frequency
of the single tower.
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(a) (b)

Figure 7. Interaction among towers. (a) Tower-line with three towers; (b) Tower-line with seven towers.

5. Sensors Location Optimization

Since the main objective of this paper was to minimize the number of sensors, the optimal
placement of those instruments was very important to obtain the mode shapes of the tower. The team
decided to use only five sensors in this research. The small number of sensors was selected based on
two objectives: (1) economical constraints and (2) efficient coverage of the entire tower body in case of
potential damage. The following steps were followed to find the optimal location:

• First, all the possible locations at which the sensors could be placed were identified (i.e., 35 nodes
along the tower).

• Second, the modal analysis was conducted, and the mode shapes of the structure were obtained
for the identified nodes. Figure 6a,b shows the mode shapes of the tower according to the 35 nodes
for both in-plane directions.

• Next, five intended sensors were placed in locations where the mode shapes have maximum
linear in-dependency. In other words, the sensors were placed in such a way that the non-diagonal
entries of the MAC matrix approach a minimum value [37]. For this purpose, the first sensor was
located at the apex of the tower. The next sensor was located at one of the 34 remaining locations
to minimize the non-diagonal entries of MAC matrix.

• This procedure was repeated iteratively for the remaining sensors until the best arrangement was
found. Eventually, the optimal location for the sensors was obtained as shown in Figure 8c.
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Figure 8. Mode shapes of the tower in 35 nodes along the height and optimal locations. (a) 1st and 2nd
mode shapes; latitudinal direction; (b) 1st and 2nd mode shapes; longitudinal direction; (c) Optimal
sensor combination.

6. Dynamic Anatomy Identification

6.1. Input Excitation

A Gaussian white noise signal was used as an input excitation for the tower. It was a random
signal with equal intensity at different frequencies, giving it a constant power spectral density. In other
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words, a white noise signal had an equal energy at different frequencies [38]. In order to create a white
noise signal, the randn function of MATLAB [39] was used. The time step for the input excitation was
0.01 s, and the total time of input signal was 1200 s. It is notable that the input signal was applied to
the base of the tower in three perpendicular directions. The main reason for such a long signal was
to achieve a stationary condition, which was needed for proper ambient vibration analysis. Figure 9
shows the input signal excitation.
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Figure 9. Input excitation signal.

6.2. Free Vibration

Using the random decrement technique (RDT) [40] and establishing the reference degree
of freedom (DOF), the correlation between all the DOFs and the reference point was computed.
By averaging the generated signal in various time frames, the free vibration of the intended DOF
can be identified. It should be noted that the reference DOF represents the most inclusive frequency
contents. For instance, Figure 10a,b illustrates the free vibration of sensor #5 in time frames of [0–4]s
and [0–16]s, respectively. According to RDT [40], using a larger time window captures more natural
frequencies. Here, the sixteen-second time frame represents the first natural mode shape followed by a
four-second time frame for the second fundamental natural frequency.
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Figure 10. Free vibration response obtained for sensor #5. (a) 0–4 s time frame; (b) 0–16 s time frame.

6.3. Mode Decomposition

Execution of CWT on the free vibration obtained in the previous section provides the wavelet
coefficient contours in terms of time and scales coefficients. In this section, we detail how a complex
Morlet wavelet was utilized with a central frequency of 4.57 Hz. For instance, Figure 11 shows typical
diagrams of wavelet coefficients computed for sensors #1 and #5. In order to obtain a free-vibration
corresponding to each mode, the 2D plot of summation of wavelet coefficients at their maximum level
(peak of the contours) led to the free-vibration of each mode [41].
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Figure 11. Wavelet coefficient contours. (a) Sensor #5; Scale:1,1000; (b) Sensor #1; Scale:1,1800.

6.4. Natural Frequency and Modal Damping

Next, the natural frequency and the corresponding modal damping ratio was computed using the
Hilbert transform on the free vibration response of each mode. Figure 12 illustrates an algorithm in
order to compute the modal parameters.

1. First, the Hilbert transform of the free vibration corresponding to each mode was calculated.
2. Second, the amplitude and phase of the envelope signal (from previous step) was obtained.
3. Third, the slope of amplitude signal was calculated which leads to −ξiωi. Moreover, the slope of

the phase signal was obtained which leads to ωDi.
4. Finally, the fundamental of structural dynamics was applied to find ωi and ξi.

Figure 12. Algorithm to determine ξi and ωi.

For instance, in order to determine the first and second natural frequencies and the corresponding
modal damping ratios (in the lateral direction), one should utilize the scaling of 1400 in wavelet
coefficient of sixteen-seconds signal for the first mode, and the scaling of 750 in wavelet coefficient of
four-seconds signal for the second mode as shown in Figure 11.

As it is stated in Figure 12, the slope of L21 in the linear region is ωD1. Therefore, according to
Figure 13a, ωD1 = 24.93 rad. The slope of L11 in the linear region is −ξ1ω1, and according to Figure 13b,
the natural frequency and corresponding damping ratio of the first mode (for the case study tower) is
obtained with the following simple calculations:

−ξ1ω1 =
−0.51

1
→ ξ1 =

0.51
ω1

→ ω1 =

√
1 − (

0.51
ω1

)2 = 24.93rad → f1 =
ω1

2π
= 3.968Hz, ξ1 =

0.51
ω1

= 0.0204

The same procedure can be implemented to obtain the second mode properties. According to
Figure 12, the slope of L21 in the linear region is ωD2. Therefore, according to Figure 13c, ωD2 =
49.76 rad. Furthermore, the slope of L11 in the linear region is −ξ2ω2, and according to Figure 13d,
the natural frequency and corresponding damping ratio of the second mode is obtained with the
following simple calculations:
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−ξ2ω2 =
−0.9883

1
→ ξ2 =

0.983
ω2

→ ω2 =

√
1 − (

0.983
ω2

)2 = 49.76rad → f2 =
ω2

2π
= 7.92Hz, ξ2 =

0.9883
ω2

= 0.0196

In order to obtain other modal parameters of tower (for other direction), a similar approach
should be taken. Table 2 presents the first five natural frequencies and modal damping of the tower.
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Figure 13. Curve fitting to obtain the modal parameters of first mode, i = 1 (first row), and second
mode, i = 2 (second row). (a) L21; linear fit: L21 = 24.93t + 2.089; (b) L11; linear fit: L11 = −0.5t + 1.4;
(c) L22; linear fit: L22 = 49.76t − 0.5955; (d) L12; linear fit: L12 = −0.988t − 0.1084.

Table 2. Comparison of identified modal parameters with corresponding Finite Element (FE) results.

Mode
Finite Element Model (FEM) Identified Value

Frequency [Hz] Damping Ratio [%] Frequency [Hz] Damping Ratio [%]

1 1.04 2.0 1.07 2.02
2 3.93 2.0 3.97 2.04
3 5.83 2.0 5.91 1.93
5 7.81 2.0 7.92 1.96

6.5. Noise Effect

The information recorded by sensors (i.e., accelerometers) usually contains some level of noise.
Signal-to-noise ratio (SNR) is defined as the ratio of signal power to the noise power, and is often
expressed in decibels (dB). A ratio higher than 1 (more than 0 dB) indicates more signal than noise [42]:

SNR = 20 log
RMSsignal

RMSnoise
(7)

where RMS stands for root-mean-square of a signal.
To simulate a real-world environmental condition, an artificial noise signal should be added to the

structural response. In this study, a 10% noise was added to the structural response of tower. This value
was at the upper bound value usually used in the literature [43]. Table 3 shows the effect of noise on
the structural modal response, and proves that the results are in a desirable range. It should be noted
that the fourth mode is the flexural one, which was not identified by the signal processing method.
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Table 3. The effect of noise on the identified parameters.

Mode
Without noise With noise

Frequency [Hz] Damping ratio [%] Frequency [Hz] Damping ratio [%]

1 3.97 2.04 4.02 2.02
2 7.92 1.96 7.98 1.95

6.6. Mode Shape Identification

In this section, a method proposed by Yang et al. [44] is adapted to identify the structural mode
shapes. It can be inferred from previous sections that only one measurement is needed to determine
all natural frequencies and the damping ratios. However, to identify mode shapes, the response time
histories at all DOFs should be measured. The absolute values of modal element can be determined
from the following equation: ∣∣φpi

∣∣∣∣φqi
∣∣ = exp

[
A′

pi(t0)− A′
qi(t0)

]
(8)

where φpi is the value of ith mode shape of the structure at the pth degree of freedom. Similar
interpretation for φqi can be sought. The parameters A′

pi(t0) and A′
qi(t0) are the values obtained from

curve fitting to L2i for pth and qth degrees of freedom at time t0, respectively. It should be noted that
the value of t0 is the time of average value of L2i.

The authors of Yang et al. [44] proposed the following relationship to obtain the sign of the mode
shape value:

φpi,q = θ′pi(t0)− θ′qi(t0) (9)

where φpi,q is the difference between the phase value of two signals under evaluation in pth and qth
DOF and ith mode. θ′pi(t0) and θ′qi are also the values obtained from curve fitting to L1i for pth and qth
degree of freedom at time t0, respectively. Similarly, the value of t0 is the time of average value of L1i.

So far, the previous equation determines only the absolute value of mode shapes. In order to
obtain the sign of the mode shape entries the following relations are suggested:

if φpi,q = ±2mπ → φpi

φqi
> 0 (10)

if φpi,q = ±(2m + 1)π → φpi

φqi
< 0

Using the above relations, one can determine the mode shape matrix entries based on free
vibration response of those modes with significant participating modal mass. Figure 14 shows the
comparison between mode shapes obtained from the finite element analysis and corresponding values
from signal processing (SP). It reveals the fact that mode shapes are identified with similar trend.
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Figure 14. Comparison of the mode shapes obtained from Finite Element (FE) analysis and signal
processing. (a) Lateral direction; (b) Longitudinal direction.
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7. Structural Damage Detection

7.1. Proposed Damage Detection Procedure

The proposed damage detection procedure is founded on the curvature of mode shapes and
the CWT method. First, the curvature of the mode shapes in the intact and damaged structures is
calculated using the following relation [45]:

φ
′′
i =

φi+1 − 2φi + φi−1

dh
(11)

where φi is the value of the mode shape in the ith height step, and dh is the corresponding height step
(as oppose to time step).

Normally, a large number of data are required to obtain the curvature of mode shapes. However,
this study aims to use only five data points associated with the sensor’s output, and subsequently
only five mode shape values were available. To overcome this problem, cubic spline function was
used in MATLAB [39] to generate sufficient amount of data between these five values. Thereafter,
the difference between the curvature of the interpolated mode shapes was computed. Moreover, using
CWT on the residual values of the curvature in intact and damaged structure, the location of damage
was detected. As it was mentioned in Section 3, Daubechies wavelet was used to monitor the changes
occurred in curvature of mode shapes due to the damage.

7.2. Damage Scenarios

In order to verify the proposed procedure, four damage scenarios are defined as follows:

Scenario #1; Leg: Stiffness of 12 members of the leg is reduced (in X direction). In order to perception
the severity of damage, one can compute the ratio of the damaged element to the total number of
elements of the tower. For instance, in this scenario: 12/1978 = 0.61% of the tower’s elements
have been damaged,

Scenario #2; Trunk: Stiffness of the top members of the trunk is reduced (in X direction),
Scenario #3; Body: Stiffness of the main elements of the body (at the lower 40% of total height) is

reduced (in Y direction), and
Scenario #4; Bridge: Stiffness of the diagonal members of the bridge is reduced (in X direction).

For all damage scenarios, Figure 15 shows the summation of wavelet coefficients vs. the different
scales along the tower height. Results are shown for both 1st and 2nd modes. Moreover, depending on
the pre-defined damage elements, the Wavelet coefficients are shown in X or Y directions. The following
major conclusions can be drawn:

• Scenario #1: According to Figure 15a,b, at about 10% of tower’s total height, a jump in the
summation of wavelet coefficients was observed. This indeed shows the presence of damage.
It is notable that the dynamic properties of the upper modes are more sensitive to occurrence
of damage. Therefore, as it can be seen in Figure 15a, a variation of the wavelet coefficients of
the first mode is not purely vertical, and it is inclined along the height of the structure. Besides,
as shown in Figure 15b, variation of the wavelet coefficients of the second mode shape is purely
vertical.

• Scenario #2: According to Figure 15c,d, at about 60% of tower’s total height, a jump in the
summation of wavelet coefficients was observed due to pre-defined damage. As for the previous
scenario, unlike the first mode, a jump in the wavelet coefficients of the second mode is located
exactly at the damage location.

• Scenario #3: According to Figure 15e,f, at about 40% of tower’s total height, a jump in the
summation of wavelet coefficients was observed due to pre-defined damage.

• Scenario #4: According to Figure15g, at about 75% of tower’s total height, a jump in the
summation of wavelet coefficients was observed due to pre-defined damage. It should be
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noted that in this scenario, the first mode shape does not contribute to the damage detection
process. It is evident that once the upper elements of the tower experience damage, they have a
minimal effect on the mode shapes variations.
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Figure 15. Summation of the wavelet coefficients for different scenarios. (a) Scenario #1; 1st mode;
X direction; (b) Scenario #1; 2nd mode; X direction; (c) Scenario #2; 1st mode; X direction; (d) Scenario
#2; 2nd mode; X direction; (e) Scenario #3; 1st mode; Y direction; (f) Scenario #3; 2nd mode; Y direction;
(g) Scenario #4; 2nd mode; X direction.

7.3. Comparison with Other Studies

In the method proposed by Xu et al. [2], a total of 22 instruments (including 15 accelerometers
and 7 strain gauges) were used for tower damage detection. This method used a discrete damage
index for each sensor location. The results of their research showed a good agreement between the
actual damage location and the estimated one. A disadvantage of their method is that it relies on
a large number of applied instruments. Seyedpoor [46] proposed a two-stage method based on the
modal strain energy (MSE) and particle swarm optimization (PSO) to identify the structural damage.
This method also had a potential to identify the location and severity of the damage in truss-like
structures. Stipulating ideal conditions for obtaining modal parameters and the large number of
required sensors are disadvantages of this detection procedure. The method presented by Qu et al. [22]
effectively detected the damage that occurred in the major element of the tower. Their method is
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applicable for the identification of the instability damage only in the major element of the tower.
Therefore, the procedure is not suitable for damage detection in a diagonal member of the tower.

As it can be inferred from the results of the present study, the proposed method efficiently detects
the damage (both in bottom and top elements). However, it is recommended that in order to make
a more reliable decision, this method should be implemented in conjunction with an expert visual
inspection. It aims to verify the results obtained through the proposed method by comparing them
with physical changes occurred in the structure.

8. Conclusions

In this study, a unique technique based on the curvature of the mode shapes along with continuous
wavelet transform is presented to detect the potential damage location in the power transmission
tower structures. The developed numerical model in this study is based on information provided
by the electrical company responsible for the construction of the tower. This numerical model was
verified through modal testing of the actual tower. In order to minimize the number of sensors,
which eventually leads to a lower cost of the field measurements, a method based on minimizing the
non-diagonal entries of the MAC matrix was used. This method led to the usage of only five sensors
through out the height of the tower.

The proposed method in this study is based on signal processing of the structure under ambient
vibration. In order to simulate the realistic condition of the measured structural response in the field
condition, a 10% noise was added to the response of the numerical model. Utilizing the Hilbert–Huang
based method, the dynamic characteristics of the tower was identified. The mode shapes were
computed based on the method developed by Yang et al. [44]. Four damage scenarios through the
tower were defined followed by identifying mode shapes for both the intact and damaged structures.

Finally, by applying CWT to the residual curvature of the intact and damaged structures,
the summation of the wavelet coefficient in terms of the scale parameter was determined along
the height of the tower. This study showed that the damage scenario #1 to #3 were easily identifiable
utilizing the first two mode shapes. However, this was not the case in the scenario #4, which shows
the damage using only the second mode shape.

The authors suggest performing further experimental and numerical simulations for towers with
different sizes and element configurations. The experimental model could be in the form of small-scale
laboratory model to identify the damage location. A sensitivity analysis is also required to understand
the accuracy of the damage detection method as a function of number of sensors. This further can be
coupled with costs associated with damaged sensors to provide the resiliency of the system.
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Abbreviations

ABC Artificial Bee Colony
ANN Artificial Neural Network
CVT Capacitive Voltage Transformer
CWT Continuous Wavelet Transform
DOF Degree Of Freedom
DOG Difference of Gaussian
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DWT Discrete Wavelet Transform
FE Finite Element
FWT Fast Wavelet Transform
FRF Frequency Response Function
GA Genetic Algorithm
IGA Immune Genetic Algorithm
LS-SVM Least Square Support Vector Machine
MAC Modal Assurance Criteria
MK-SVM Multi-Kernel Support Vector Machine
MSE Modal Strain Energy
NExT Natural Excitation Technique
PCA Principal Component Analysis
PSO Particle Swarm Optimization
RDT Random Decrement Technique
RMS Root Mean Square
SHM Structural Health Monitoring
SNR Signal to Noise Ratio
SP Signal Processing
SWT Stationary Wavelet Transform
VMD Variational Mode Decomposition
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Abstract: The Savitzky–Golay filter (SGF) is a time-domain technique that determines a trend line
for a signal. The direct application of SGF for damage localization and quantification is investigated
in this paper. Therefore, a single-stage trend line-based damage detection method employing
SGF is proposed in which the damage is located and quantified at the bridge under moving load.
A simply supported beam under moving sprung mass is numerically simulated to verify the proposed
method. Four different velocities and five different single- and multi-damage scenarios are considered.
The acceleration data along the beam are obtained, manually polluted with noise and their trend
lines are then determined using SGF. The results show that the proposed method can accurately
locate and quantify the damage using these trend lines. It is proved that the proposed method is
insensitive to the noise and velocity variation in which having a constant velocity is a hard task before
and after damage. Additionally, defining a normalization factor and fitting a Gaussian curve to this
factor provide an estimation for the baseline and therefore, it categorizes the proposed method as
baseline-free method.

Keywords: Savitzky–Golay filter; trend line; damage detection; moving sprung mass; baseline free

1. Introduction

Health monitoring of bridge type structures subjected to a moving load is a hot topic that has
received much attention in the last few decades [1–4]. Although bridge visual inspection is a widely
used approach due to its simplicity, it suffers from various disadvantages such as subjective judgement
and difficult-to-access location issues [5]. Hence, systematic vibration-based bridge health monitoring
(BHM) using a set of implemented sensors is a good alternative to overcome these limitations.
Vibration-based BHM may rely on measuring both input excitations and output responses or only
output responses. Since the recording of input excitations in a bridge is a difficult task due to practical
issues, the output-only BHM is preferred. Transformers [6–11], time-domain methods [1,2,12–17], and
source separation methods [18–22] are some of the vibration-based BHM approaches which were
extensively addressed in the literature.

The effectiveness of transformers, such as the wavelet transformer, to locate the damage from
bridge vibration data (e.g., stress or acceleration signals) was discussed by many researchers [6–9].
Hester and Gonzalez highlighted that wavelet analysis in a noisy environment can lead to inaccurate
results [10]. Additionally, Zhu and Law illustrated that the road irregularities, velocity limitations, and
wheel dimension have effects on the wavelet analysis results [11].

One of the famous example of time-domain techniques is random decrement technique (RDT),
which aims to average the transient response of the signal out [2]. Lee et al. [14] calculated the
free response of a bridge subjected to the traffic load using RDT. Kordestani et al. experimentally
proved that RDT with a suitable energy-based damage index could be used for BHM systems [2].
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A combination of RDT with empirical mode decomposition or source separation technique were also
addressed [15,16]. Buff et al. [17] provided an educational systematic example to show how RDT can
be employed for the health monitoring of a bridge.

Source separation approach is an output-only technique that determines the input excitations
from output responses. It employs different techniques such as second order blind identification (SOBI)
in which the modal parameters of structure are the side results of this approach. Loh et al. [21] used
SOBI and successfully located the damage in a bridge structure. In the source separation methods,
the number of modal parameters is limited to the number of sensors. A combination of SOBI with
wavelet analysis was also reported to increase the determined modal parameters using a fixed number
of sensors [22].

Based on the authors’ knowledge, there is a lack of investigation on the direct use of time-domain
filters in the field of structural health monitoring (SHM). Moving average filter (MAF) is one of the
famous time-domain filters that was frequently highlighted as a noise reduction filter [5,23,24]. Direct
use of MAF was also numerically and experimentally addressed in which the damage was located
along a simply supported beam under moving load [1,25]. Considering that MAF has zero-order
polynomial function in its kernel, it can be categorized as Savitzky–Golay filter (SGF) family [26,27].
The SGF and its family mainly attempt to find a trend line for a signal. The application of SGF on
enhancing/de-noising the results of damage detection techniques to detect the damage in the plate-like
structure were experimentally illustrated as well [28–30].

The above literature mostly uses modal parameters such as the damage index (DI) which only
locates the damage in bridge type structure. Moreover, their backgrounds are complex that make
them time-consuming and costly. The authors previously proposed a double-staged BHM method
using a combination of RDT and SGF [31]. Since the direct application of SGF on the BHM is
relatively new topic that needs more investigation, this paper develops a single-stage output-only trend
line-based damage detection/quantification method employing SGF in which an energy-based DI is
used. This paper shows that a trend lines determined using SGF has only the first natural frequency of
the bridge and can be used for damage localization purpose. Using an energy-based DI, the proposed
method enables locating/quantifying the damage from these trend lines. A numerical model of simply
supported beam under moving sprung mass with different velocities is used to verify the proposed
method. The results show that the proposed method can accurately locate and quantify either the
single damage or multiple damage. It should be noted that the proposed method is baseline free, very
quick, simple to understand, and easy to use.

2. Basic Theory of SGF

This section describes the procedure of determining a trend line for a signal. Employing
the least-square fit and a polynomial function as a filter kernel, SGF is able to reduce noises and
find a trend line for a signal [26,27,32,33]. Suppose there are 2S + 1 consecutive observations as
yi−S,yi−S+1,. . .,yi,. . .,yi+S from a signal yt. The 2S + 1 calls the SGF span which is discussed in
Section 5.1. The filter kernel of SGF is a polynomial function as expressed below:

F(τ) =
j=r

∑
j=0

β jτ
j = β0 + β1τ + . . . + βrτr (1)

where r and β are the order and coefficient of the polynomial function, respectively. There is no
particular recommendation for selection of order and span of SGF. To use the least-square fit, the order
of the polynomial function must be pre-determined, which is 3 in this paper. For the span of SGF, the
authors recommend to choose it based on the first natural frequency, as follows: SGF span = (sampling
frequency)/ (first natural frequency). The least-square fit calculates the coefficients of the polynomial
function by minimizing the following expression:
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Min

{
τ=S

∑
τ=−S

(yi+τ − F(τ))2

}
(2)

SGF uses all the 2S + 1 observations to calculate a fit and substitutes the value of yi with its fit at
the point t = i. Therefore, for each data of the signal, yi, a new fit has to be calculated. It should be
mentioned that the MATLAB software provides a function to directly apply SGF to a signal.

3. Proposed Method

Employing the SGF, an output-only baseline-free time-domain bridge damage detection method
is developed in which the bridge acceleration response is used. Figure 1 schematically draws an overall
view of the proposed method.

Figure 1. General flowchart of the proposed damage detection method.

As shown in Figure 1, first the bridge acceleration response are recorded along the bridge subjected
to the moving vehicle. Using SGF, a trend line for each individual bridge acceleration signal is then
determined. The energy-based DI is calculated for each trend line in the next step. In this stage,
the energy-based DI for non-damage condition can be estimated using the way that illustrated in
Section 5.5. The location and severity of the possible damage can be determined as explained in
Sections 5.2 and 5.3.

4. The Numerical Model of Simply Supported Beam under Moving Sprung Mass

The numerical investigation of simply supported beam under truck load was addressed by many
researchers [1,5,25,31]. A truckload can numerically be modelled as a moving force, moving mass, or
moving sprung mass. However, it is proved that the vibration response of a bridge under moving
force is similar to the force vibration [34]. Moreover, the vehicle-bridge interaction shifts in the bridge
natural frequencies [35–37]. Therefore, using moving sprung mass numerically represents a better
model for vehicle-bridge interaction. An Euler-Bernoulli simply supported beam under a quarter
car with different velocities was numerically modelled in this paper [25,31,38,39]. Figure 2 shows a
schematic view of bridge under moving sprung mass. Tables 1 and 2 provide the simply supported
beam and quarter car details. For simplicity, the rotational degree of freedom of the car was restricted,
so it can only vertically excite the bridge.
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Figure 2. Schematic view of the simply supported beam under moving sprung mass.

Table 1. Properties of the simply supported beam.

Properties Unit Symbol Value

Length m L 25
Mass per unit kg/m μ 18, 360

Stiffness Nm2 EI 4.865 × 1010

Table 2. Properties of the sprung moving mass.

Properties Unit Symbol Value

Body mass kg mb 16, 500
Axle mass kg mt 700

Suspension stiffness Nm−1 Ks 8 × 105

Suspension damping Nm−1 Cs 2 × 104

Tire stiffness Nm−1 Kt 3.5 × 106

Velocity m/s V 1.25, 2.5, 4, 8

Finite Element Model (FEM) of a simply supported bridge under moving sprung mass was
established in which the bridge and vehicle were considered with the detail shown in Tables 1 and 2.
To establish this FEM, ABAQUS software was used. In the first step, the gravity applied to the model,
and the car then starts to move along the bridge at a constant velocity in the second step. The static
and dynamic analysis were performed using full Newton algorithm. The vehicle was modelled using
3 reference points and two springs in which it can moves along the bridge. These three reference
points refer to the body, axle and the contact between the wheel and the bridge. Therefore, the masses
related to the body and axle were assigned to two of these reference points (in Figure 2, mb and mt are
masses of body and axle). The interaction type in ABAQUS software was defined as frictionless-hard
contact and it was assigned to the third reference point (the black circle in Figure 2). Therefore, the
vehicle can easily vibrate in the vertical direction and move along the bridge. Typically, bridges are
the low damped system [1,7,25] and therefore, the present paper ignores the damping in the bridge.
Only vehicle has damper in its spring as described in Figure 2 and Table 2.

As listed in Table 2, the moving sprung mass passed the bridge at four different velocities.
During each passage, the acceleration data were recorded at nine nodes along the bridge at the
sampling frequency of 2000 Hz. Figure 3 shows these uniformly distributed nodes along the bridge.
Five different damage scenarios were also considered, and are listed in Table 3. A rectangular profile
was considered for the bridge section area. Decreasing the height of this profile can model the damage
with different height ratio. The bridge length was divided into 500 finite elements and the crack was
introduced to the bridge by decreasing the section area of two of these elements. The crack depth to
the beam height ratio was considered to be the damage ratio.
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Figure 3. Schematic location of nodes to obtain acceleration data.

Table 3. Five damage scenarios considered in the numerical model of the simply supported beam.

Scenario 1 2 3 4 5

Crack depth to the beam height ratio 30% 40% 30% 40% 40%
Location At node 3 At node 3 At node 6 At node 6 At node 3 and 6

Name N3D30 N3D40 N6D30 N6D40 N3N6D40

Note: The scenarios are designated with N (damage location) and D (ratio). For example, N6D40 refers to a
scenario where the damage ratio is 40% at node 6.

5. Trend Lines and Damage Localization

5.1. Applying SGF on Each Acceleration Data

An example of acceleration data obtained from node 5 (middle of the bridge) is shown in Figure 4.
First the noise-free acceleration data are used to illustrate the proposed method. This could help the
readers to understand the proposed method better. The noisy acceleration data are then used to prove
that the proposed method is insensitive to the noise.

Figure 4. Acceleration response at the middle of the bridge under moving sprung mass with speed of
2.5 m/s.

As mentioned in Section 2, the order of the polynomial function used in the SGF was considered
to be r = 3 in this paper. The authors found that selecting SGF span according to the first natural
frequency of bridge (i.e., SGF span = sampling frequency/first natural frequency) leads to a trend
line which shows the first natural frequency of the bridge. The first natural frequency of the simply
supported beam in non-damage condition without the present of moving sprung mass is 2.9332 Hz.
Therefore, SGF span = 2000/2.9332 = 681.85. Since the SGF span, 2S + 1, should be considered to be
an odd number, the SGF span in the case of non-damage condition is considered to be 683. The SGF
span must be determined for each scenarios separately. The trend line of Figure 4 is plotted in Figure 5.
Figure 5 clearly shows that the trend line only has the first natural frequency of the bridge which is
2.9332 Hz. The SGF is separately applied on all acceleration signals obtained from the bridge.
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Figure 5. Trend line belongs to Figure 4.

5.2. Damage Localization

The insensitivity of DIs based on the modal parameters such as natural frequency were addressed
by many researchers [5,40,41]. Choosing a proper DI from non-modal parameters can be either more
sensitive or save time (because it does not need to solve the equation of motion) [2]. In this paper, in
order to damage localization/quantification, an energy-based DI is employed [31,42]. To this end, the
energy of signal can be determined using:

E =
∫
(Tr)2dt (3)

where Tr is the trend line calculated using SGF. E is the energy of the signal. Obviously, the amplitude
of the trend lines determined from different nodes of the bridge are different and need to be normalized
as follow:

γi =

(
EINi

EIN

)
(4)

where EINi is the energy of the trend line in non-damage condition at node i and EIN is arithmetic
mean of EINi calculated from all nodes. γi is normalization factor. Therefore, an energy-based DI can
be defined as:

DIi =

(
Ei

E

)
× 100

γi
(5)

where Ei is the energy of the trend line at node i and E is arithmetic mean of Ei calculated at all nodes.
If there is no damage in the bridge, the DIs along the bridge keep constant value of 100. Damage
changes the distribution of energy in the bridge, so it is supposed to have a pick at the energy of trend
line at the vicinity of the damage. Figure 6 shows the DIs calculated along the bridge for different
single damage scenarios. To have a better understanding, the DIs of each case in Figure 6 are connected
to each other using splines. Figure 7 shows the multi-damage localization using proposed DI.
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(a) The spline of DIs along the bridge subjected to
moving sprung mass with a speed of 1.25 m/s.

(b) The spline of DIs along the bridge subjected to
moving sprung mass with a speed of 2.5 m/s.

(c) The spline of DIs along the bridge subjected to
moving sprung mass with a speed of 4 m/s.

(d) The spline of DIs along the bridge subjected to
moving sprung mass with a speed of 8 m/s.

Figure 6. The spline of DIs along the bridge of different scenarios and different velocities. (a) velocity =
1.25 m/s, (b) velocity = 2.5 m/s, (c) velocity = 4 m/s, (d) velocity = 8 m/s.

Figure 7. The spline of DIs along the bridge for the case of multi-damage, N3N6D40, with different
velocities.

Figures 6 and 7 prove that the proposed method along with energy-based DI can accurately locate
the damage, especially in lower speed. Increasing the velocity decreases the accuracy of the proposed
method. Therefore, for example, velocity 8 m/s cannot detect the damage location in two scenarios
namely; N3D30 and N3N6D40 accurately.

5.3. Damage Quantification for Single Damage Scenarios

As shown in Figure 6 he spline of DIs for different single damage scenarios intersect each other
at a certain point. For the bridge considered in this paper, this intersection is on the length 12 m.
As shown in Figure 8, the relative gradient of the spline value at the damage position to the intersection
can be used for damage quantification. Table 4 lists the relative slops of splines at the damage position
of different single damage scenarios.

As mentioned above, it is clear that the damage cannot be quantified in higher velocities since it
cannot be located with high accuracy. Table 4 also shows this inaccuracy. Therefore, at lower velocities,
the slope of 0.3 and 0.5 stand for 30% and 40% damage at the bridge.
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Figure 8. The schematic view of relative slope between the max of spline and the intersection point.

Table 4. Relative Slope corresponding to different velocities of single damage scenarios.

Scenario Velocity (m/s) Slope Scenario Velocity (m/s) Slope

N3D30

1.25 0.31

N3D40

1.25 0.52
2.5 0.34 2.5 0.47
4 0.06 4 0.33
8 −0.24 8 0.20

N6D30

1.25 0.32

N6D40

1.25 0.55
2.5 0.25 2.5 0.46
4 0.23 4 0.52
8 0.47 8 0.81

Average 0.27 Average 0.49

5.4. Considering the Noise

Due to the lack of access to the experimental result, the proposed method was numerically proved.
However, it is proved that temperature variation, road profile and other environmental phenomena
may have effect on the results. Therefore, a signal of noise using white noise was randomly produced
and manually added to the acceleration signals. To calculate the amount of noise, the root mean square
(RMS) ratios of the noise to the signal calculated for all signals. The RMS ratios of the noise to the signal
for each node for velocity 1.25 m/s are up to 25%. Increase the speed leads to have more amplitude in
acceleration data, so the ratio of noise to the signal will decrease accordingly. The spline of DIs belong
to different scenarios and velocities are shown in Figure 9.

(a) The spline of noisy and noise-free DIs along the
bridge subjected to moving sprung mass with a
speed of 1.25 m/s for single-damage scenarios.

(b) The spline of noisy and noise-free DIs along the
bridge subjected to moving sprung mass with a
speed of 1.25 m/s for multi-damage scenario.

Figure 9. The spline of noisy and noise-free DIs along the bridge subjected to moving sprung mass
with a speed of 1.25 m/s. (a) single damage scenarios, (b) multi-damage scenario.

As shown in Figure 9, the proposed method is insensitive to the 25% noise at the velocity 1.25 m/s.
The effect of this much noise on the results will decrease by increasing the velocity. It is because
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of decreasing the RMS ratio of the noise in higher velocity. However, the effect of velocity is more
than noise, so the proposed method is more sensitive to velocity than noise. Since the SGF is used as
de-noising technique, the proposed method still can accurately locate/quantify the damage.

5.5. Baseline Estimation

As illustrated above, The DIs calculated using Equation (5) successfully locate the damage. In fact,
Equation (4) plays the rule of baseline for the proposed damage detection method in Equation (5).
Therefore, in this section, a way to estimate Equation (4) for intact bridge is described. Table 5 lists
the values of normalization factor for different velocities in noise-free condition. However, based on
Figure 9, there is almost no difference between the value of noisy and noise-free conditions. Therefore,
only noise-free values are listed in Table 5 and shown in Figure 10.

Table 5. Normalization factor, γi, for all four velocities.

Speed Node 1 Node 2 Node 3 Node 4 Node 5 Node 6 Node 7 Node 8 Node 9

1.25 0.1732 0.6233 1.1773 1.6273 1.8000 1.6286 1.1775 0.6212 0.1718
2.5 0.1732 0.6212 1.1759 1.6221 1.7980 1.6287 1.1815 0.6258 0.1736
4 0.1761 0.6283 1.1824 1.6270 1.7970 1.6254 1.1746 0.6184 0.1707
8 0.1753 0.6228 1.1813 1.6308 1.7997 1.6270 1.1758 0.6175 0.1697

Figure 10. The spline of normalizing factors for different velocities.

Figure 10 proves that the spline of different velocities fall on each other. It means that it is possible
to use one of them as the baseline for all the velocities between 1.25 to 8 m/s. Since the splines follow
a Gaussian distribution, therefore, it is possible to estimate the normalizing factor in other places
without accelerometers. These two advantages provide a huge feasibility for the proposed method
since keeping a constant velocity before and after damage is very difficult.

6. Discussion

This section discusses the effect SGF with different order and span on the results. The changes in
natural frequencies is also reported here. All the cases studied here are under moving sprung mass
with velocity 1.25 m/s.

6.1. The Effect of Different Spans of SGF

To optimize the accuracy of the proposed method, the span of SGF is separately determined for
each scenario. This section discusses the effect of selecting a unique span for all cases. Therefore,
no matter what is the natural frequency of the bridge, SGF with unique span is applied to all cases.
Figure 11 shows the spline of DI calculated using SGF with different spans for cases N3D40 and N6D30.
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Figure 11. The spline of DIs for different application of SGF with unique span. All the results are for
velocity = 1.25 m/s.

As shown in Figure 11, all the splines can be used for damage localization. From this figure, it can
be seen that there is no difference between different SGF spans in the case N3D40. However, the case
N6D30 slowly changes by increasing the SGF span. The peak value in the case N6D30 with the span
683 (red solid line) is easier to recognize than other similar cases. Therefore, for a small percentage of
damage, choosing SGF span according to the natural frequency makes results more visible.

6.2. The Effect of Different Order of SGF

This subsection provides the results of proposed method using SGF with different orders.
Figure 12 plotted the spline of DIs for case N3D40 using SGF with order 0 to 5.

Figure 12. The spline of DIs for using SGF with different orders. All the results are for velocity =
1.25 m/s.

Figure 12 illustrates that the proposed method cannot accurately locate the damage using SGF
with orders 0 and 1. Although there are maximum in the splines for these two orders at the correct place,
with another peak in node 7 (length = 17.5) causes a wrong prediction of existing a multi-damage in the
bridge. SGF with order 2 and more falls on each other and gives accurate prediction of damage location.
By increasing the order of SGF, the accuracy of damage quantification increases slightly. The use of SGF
with order 3 gives enough accuracy to have a precise prediction of damage localization/quantification.

6.3. Vehicle-Bridge Interaction

The environmental conditions such as temperature variation can change the natural frequencies.
The interaction between vehicle and bridge also causes shift in the natural frequencies of both bridge
and vehicle. Moreover, it increases the maximum vertical deflection of the bridge as well. Many factors
such as weight, velocity, springs, and damper of the vehicle can increase the vertical deflection of the
bridge. There are some literature addressed this effect [43–45]. Since this study proposed a damage
detection methodology and focused on localizing the damage in the bridge subjected to the moving
load, therefore, the effect of vehicle’s parameters (except velocity) are not considered. Only velocity
variation was addressed in this paper.
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The effect of interaction between bridge and vehicle is illustrated here using two terms namely
Dynamic Amplification Factor (DAF) and frequency response of the beam. DAF is defined as below:

DAF =
ddyn−max

dsta−max
(6)

in which ddyn−max is the maximum deflection under moving vehicle and dsta−max = FL3/48EI is the
maximum static deflection if the vehicle stands in the middle of the bridge. The DAF values are listed
in Table 6. This table clearly shows that by increasing the velocity, the maximum amplitude of the
acceleration response and the DAF are increased accordingly. Figure 13 shows the frequency response
of the beam from acceleration response recorded in the middle of the bridge. Figure 13 also shows the
increase of speed leads to have a wider frequency response.

Table 6. The max acceleration recorded in the middle of the bridge and the DAF for different velocities.

Velocity 1.25 m/s 2.5 m/s 4 m/s 8 m/s
Max acceleration 0.0110 m/s2 0.0290 m/s2 0.0324 m/s2 0.0656 m/s2

DAF 1.55 1.76 1.96 2.01

Figure 13. The frequency response of the middle of bridge under moving load with different velocities.

6.4. The Effect of Damage on Natural Frequencies

There are various damage detection methods declare that the natural frequency should be changed
at least 5% to have an accurate detection of damage. Some of them addressed that even temperature
variation sometimes changes the natural frequency more than 5% [1,42]. It is also proved that natural
frequency is an aspect of whole of the structure and therefore, a damage (especially a small damage)
cannot change the modal parameter such as natural frequencies.

Damage decreases the natural frequencies and makes the bridge softer. Table 7 lists the natural
frequencies of the bridge in different cases. Table 7 clearly proves that the proposed method is very
sensitive to small changes in the natural frequencies and it might be a good choice for practical
applications.

Table 7. Natural frequencies of the bridge for each case.

Scenarios 1st Natural Change 2nd Natural Change 3rd Natural Change
Frequency % Frequency % Frequency %

WD 2.933 — 11.602 — 25.638 —
N3D30 2.921 0.4 11.537 0.5 25.622 0.1
N3D40 2.909 0.8 11.475 1.1 25.608 0.1
N6D30 2.916 0.5 11.577 0.2 25.589 0.2
N6D40 2.900 1.1 11.553 0.4 25.533 0.4

N3N6D40 2.877 1.9 11.424 1.5 25.502 0.5

211



Sensors 2020, 20, 1983

7. Conclusions

The main objective of this paper was to locate and quantify the damage in the bridge structure.
Therefore, this paper investigated the direct use of SGF to develop a single-stage trend line-based
damage detection method for a BHM system. The accuracy of the proposed method was numerically
verified using a simply supported beam under moving sprung mass with different velocities.
The acceleration data at different places along the beam were recorded, manually polluted with
noise, and their trend lines were determined using adjusted SGF. Using normalized energy-based DIs
calculated from these trend lines accurately located and quantified the damage. Therefore, it is proved
that the trend line of an acceleration signal has signature of damage, so it can be used for damage
detection purpose. Additionally, the results prove that the order=3 and span base on the first natural
frequency can optimize the accuracy of the proposed method. Therefore, the objective of this study is
fully achieved.

The main advantages of the proposed method is as follow:

• Since the SGF is a de-noising technique, the proposed method is essentially insensitive to the
noise.

• The proposed method could locate/quantify the damage in noisy/noise-free environment.
• Fitting a Gaussian curve to the normalization factor makes the proposed method as a baseline-free

method.
• The proposed method can locate the damage in a multi-damage scenario.

The last but not least, the proposed method does not need neither prior knowledge of damage
nor knowledge of input data. Therefore, the proposed method is categorized as output-only damage
detection method. This feature makes the proposed method very suitable for practical cases. It should
also be mentioned that the main practical limitation for this method is the velocity. Increasing the
velocity decreases the accuracy of the proposed method.
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Abstract: Although numerous references present the beneficial effects on surface integrity of ultrasonic
vibration-assisted ball burnishing (UVABB), nothing has been reported about the dynamic behavior
of the UVABB tool, workpiece, and machine triad during the process. In this paper, a dynamic
monitorization through a set of 5 accelerometers is tested to analyze the interactions between the
tool–workpiece–machine mechanical assembly. A UVABB tool attached to a milling machine and
equipped with a piezoelectric stack that is able to assist the process with a 40-kHz vibration is tested on
a milled C45 steel surface. First, the natural frequencies of the mechanical system are obtained through
hammer impact tests. Then, the vibratory signals transmitted during the execution of the process are
monitored and compared to those: two feed velocities and two burnishing preloads, all with and
without vibration-assistance. Results show that the proposed accelerometer set is valid to assess the
behavior of a UVABB process. The system’s natural frequencies are not varied by vibration-assistance
and are not excited when the piezoelectric is functioning. It is confirmed that UVABB is safe for the
machine and the tool, and there is no unexpected excited frequencies due to the piezoelectric excitation.

Keywords: accelerometer; process monitoring; natural frequencies; ball burnishing; ultrasonic;
piezoelectric; surface integrity

1. Introduction

The high standards that today’s industry demands from workpieces has had no precedents in
history due to the high competitiveness present in key sectors foreconomical development. Mechanical
components from machine-tools, automobiles, aircraft, trains, moulds, and many other industrial
elements are clear examples of workpieces on which excellence must be searched in terms of surface
integrity or geometrical tolerance [1]. More specifically, an adequate surface roughness, elevated
surface hardness and high compressive residual stress fields are basic to guarantee a long lifespan of
those parts, as well as to avoid unexpected failures when subjected to cyclic stress.

Ball burnishing is a finishing process that is highly extended nowadays because of its robustness
and its capability to provoke a comprehensive effect on surface integrity (i.e., improvement of the
triplet roughness–hardness–residual stress) [2]. The operation consists of plastically deforming the
irregularities of the target surface by means of a controlled force transmitted by a sphere [3]. Its
versatility to treat concave and convex surfaces has supported its expansion in the industry [4].
However, scientific and technical knowledge has focused historically on its conventional version,

Sensors 2020, 20, 2562; doi:10.3390/s20092562 www.mdpi.com/journal/sensors217



Sensors 2020, 20, 2562

namely, the non-vibration-assisted ball burnishing (NVABB) [5]. However, the last years have witnessed
the extension of a second variant, consisting of accompanying the ball during its displacement with
an alternative oscillation in the perpendicular direction. This version of the process is referred to as
vibration-assisted ball burnishing (VABB) [6].

What is the interest of assisting the process with an additional vibration? Kozlov et al. (1995) [7]
explained that the yield strength of a material can change if, while experimenting plastic deformation,
an exogenous vibratory source causes a variation in the driving force magnitude. This variation of
the elastoplastic properties of a material is called acoustoplasticity [8]. The scientific interpretation
of this effect is that the subsequent wave which is transmitted through the material’s structure as a
consequence of the external vibration enhances the mobility of dislocations inside the crystal lattice
and, therefore, increases the capacity of plastic deformation observed macroscopically. This causes
a decrease of the yield strength and, as a consequence, eventually enables further deformation with
lower external forces. Therefore, assisting the ball-burnishing process through a vibration contributes
to obtaining better results with regards to its conventional version [9].

Numerous past studies can be found giving experimental evidence that acoustoplasticity can be
effectively applied to improve manufacturing processes on different alloys such as carbon steel [10],
magnesium [11], or aluminum alloys [12], as well as pure materials such as 99.99% pure copper [13].
For instance, Jung and Siang (2008) [10] proposed the introduction of ultrasonic vibration by means
of a piezoelectric stack attached to a polishing tool to assist the process itself on a mold steel alloy.
As a consequence, the average surface roughness Ra decreased to 0.036 μm, while the nonassisted
process resulted in a higher value: 0.100 μm. Furthermore, the ball used for the process experienced
28% less wear. The introduction of vibration-assistance in machining processes has also proved to be a
satisfactory practice on alloys such as SUS304 stainless steel or cuprous alloys, as many researchers
highlight [14–16]. The effects of ultrasonic-vibration-assistance are linked to a conspicuous decrease
of machining forces and chip thickness, which results in lower chatter and higher stability of the
process. The consequence is surfaces showing lower surface roughness and an increase in the lifespan
of machining inserts.

Numerous systems are used to deliver vibration-assistance into manufacturing processes [1], but
around 80% of them use similar systems as the one object of study in this paper: 20- or 40-kHz resonant
systems with low amplitude movement—from 3 to 20 μm [17]. By making the system resonant, the
stability of the vibratory behaviour is stabilized in time. Indeed, Babitski et al. [18] observed that
systems that could work under different amplitude regimes showed unstable behaviour, and that
caused a fall of almost 50% in the final surface roughness obtained. This kind of linear vibratory system,
ideal for transmitting a high-frequency 1D oscillating movement, is based on a slender sonotrode on
whose tip the burnishing ball or the machining insert is installed. Its design must be robust enough to
guarantee an overall tool rigidity to satisfy two conditions. First, to prevent the tool from excessively
deforming under bending stress (in lathe setups, where the tool works as a cantilever) or by buckling
and bending in milling machine setups. Secondly, undesired transverse vibrations must be avoided.
Indeed, a combination of these effects could lead the process to actually harm the surface [19] and
derive in a higher surface roughness than expected [14,15].

The ultrasonic-vibration-assisted ball-burnishing (UVABB) process has been extensively reported
by Jerez-Mesa et al. (2018) [20]. This tool works so that vibrations are introduced through a sonotrode at
whose tip the burnishing ball is installed, and whose length changes as an effect of thickness variation
of a piezoelectric stack subjected to a difference of potential [21]. This tool is used for the monitoring
and sensor installation during the works reflected in this paper. Figure 1 shows the design referred
to. Its characterization lead to the conclusion that the working conditions (precharge or feed velocity
during the process) are not influenced by the active resonant frequency of 40 kHz. For that reason, in
this study, vibrations are monitored up to a maximum frequency of 24 kHz as transmitted by the tool,
or 5 kHz on the workpiece.
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Figure 1. Ultrasonic vibration-assisted ball-burnishing (UVABB) tool equipped with a 1D linear
displacement system through piezoelectric stack designed by Jerez-Mesa et al. (2018) [20]. (A) General
scheme of the piezoelectric system; (B) Real image of the prototype used for vibration monitoring.

Monitoring the condition of the UVABB tool during the application of the process is vital to obtain
good results on the target workpiece [22]. In fact, guaranteeing that the effect of the vibratory movement
is fully concentrated on the process itself is basic to ensure that there are no setbacks that could affect
the operation, or hinder the effect of vibration-assistance. This could lead to a variety of consequences,
from energy waste to surface integrity hindering. Therefore, with the aim of guaranteeing that this takes
place, this paper presents the characterization of the machine–tool–workpiece ensemble to determine
the natural frequencies of these elements, as well as identify other harmonic components forced by
the process’s progress. In UVABB, the source of excitation could be the different dynamic elements
composing the machine itself, or the excitation module that takes part of the tool. If the machine’s
or tool’s natural frequencies were to be coincidental with these excitation sources, undesired and
unfavorable couplings could occur between resonant states.

Figure 2. Surface texture modification through UVABB with the prototype object of study—after results
obtained previously by Jerez-Mesa et al. (2018). (A) Before UVABB; (B) After UVABB [9].

In this paper, a prototype whose effectiveness has been confirmed in previous experiments on
a similar carbon steel alloy (Figure 2) is the object of study [9]. Therefore, the monitorization that
is featured in this paper is fundamental to know in-depth the phenomena occurring during the
UVABB process that could affect the results. Furthermore, it is also its aim to understand whether the
interaction of the burnishing ball with the original surface could lead to secondary excitations and
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cause tool malfunctions. Therefore, the knowledge generated here is of utter importance for industries
(i.e., transportation, biomedical, etc.) interested in incorporating the UVABB in their production lines.
Currently, the authors have not found previous bibliographical references dealing with this kind of
monitoring and modal study of a process where so many excitation sources are present.

2. Materials and Methods

2.1. Experimental Setup

To characterize the machine–tool–workpiece ensemble, impact tests were performed. Additionally,
the signals transmitted in different directions were monitored during the application of the UVABB
process. The UVABB tool was installed on a CNC LAGUN MC600 milling machine (LAGUN Machinery
Ltd., Vitoria, Spain), and the target workpiece was fixed on the milling table. With this design, the
rigidity conditions of the assembly are only influenced by the variation of the parameters that are
objects of study, namely, the burnishing preload and the vibration assisting the process.

The workpiece is constituted by a 100 mm × 80 mm × 60 mm hot-rolled C45 (according to the
UNE-EN 10027-1:2017 standard) steel block with a Vickers hardness of 242 ± 5 HV1. The surface to
be burnished was prepared by a previous milling operation with an 8-mm-diameter hemispherical
tool, consisting of adjacent passes with a 0.7-mm offset. The cutting velocity was 400 m/min, and
800 mm/min was the selected feed velocity. The result is a periodic peak–valley surface showing
an average roughness Ra of 17.7 μm. The ulterior burnishing operation was invariably performed
perpendicular to this machining direction.

To monitor the vibrations, 5 accelerometers (Table 1) were installed: 2 on the tool and 3 on the
workpiece. The overall setup is shown in Figure 3.

Table 1. Accelerometer set used in the sensorization of the machine–tool–workpiece setup.

Measurement Direction Accelerometer Frequency Range (Hz) Weight (g)

Parallel to tool axis (AH) MMF Type KS91B 0.3–30,000 1
Perpendicular to tool axis (AV) Brüel and Kjær Type 4397 1–25,000 2.4

Workpiece’s X, Y, and Z directions KISTLER Type 8752A50 0.5–5,000 115

Figure 3. Experimental setup of accelerometers on the workpiece (A1, A2, and A3) and on the tool (AV and AH).
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2.2. Monitoring of the UVABB Force

The actual load transmitted by the UVABB to the target surface is governed by the compression
of a spring installed inside the tool-holder [20]. As the tool is fixed to the milling machine spindle, this
compression is proportional to its vertical posFnew Fiuition and, ultimately, the plunging coordinate
programmed in the CNC routine. In this case, different tests were conducted with two different vertical
coordinates Z—namely, −0.4 and −3.3 mm—that can be translated into nominal preload values of 250
and 400 N, respectively.

This force was monitored during all tests with a dynamometric table KISTLER 9129AA (Kistler
Instrumente AG, Winterthur, Switzerland), on which the workpiece was rigidly mounted. The resulting
transmitted force signals were acquired through a KISTLER 5070A12100 amplifier (Kistler Instrumente
AG, Winterthur, Switzerland). All of them were processed to compute the mean and maximum force
attained during all tests, to confirm the stability of the process and guarantee the nonvariation of the
rigidity conditions.

2.3. Monitoring of Vibrations during UVABB

The characterization of the rigid system composed by the combination of the tool pressing the
workpiece’s surface during the process was carried out by performing different tests varying different
process parameters, as shown in Table 2. The objective was to determine whether the basic process
descriptors could affect the frequency response of the mechanical system or,on the contrary, whether
they only depended on its configuration.

• Feed velocity during linear tool displacement v f .
• Nominal preload force Fp. This term refers to the amount of force excerted due to the

precompression of the tool with the milling machine of the surface, consequence of spring
compression. It is expressed like this to differentiate it to the actual burnishing force, which can
vary during the NVABB and UVABB process due to different sources.

• Number of passes on the same target surface n.
• Activation of the vibrations (ON) or not (OFF), i.e., vibration-assisted process or not, respectively.

Table 2. Parameters varied and combined during different burnishing tests.

Fp (N) vf (mm/min) Vibration n

250 400 90 900 ON OFF 1 3 5

2.4. Impact Tests

The natural frequencies of a mechanical system can be determined by obtaining its frequency
response signal that results when it is excited by means of a controlled source. Both continuous
(sinusoidal or stochastic) and transient excitation can be applied to obtain that signal. In the last case,
the obtained signal only lasts during short times. Of all possible methodologies to undertake this
action, the impact through an instrumentalized hammer was chosen. This technique is more simple
and easy to apply, but it was mostly chosen due to the fact that it allows the user to excite the system in
different directions and positions that could have been unreachable if other methods were chosen [23].
Furthermore, it guarantees that no load effect affects the results.

The impact tests were undertaken with a KISTLER 9722A2000 impact hammer (Kistler Instrumente
AG, Winterthur, Switzerland) with a steel tip 9902A. The maximum excitation frequency of this
device is 9.3 kHz and the maximum force is 11 kN. These descriptors are very adequate, as previous
works evidenced that the natural frequency of this kind of tool is in no case higher than 5 kHz [24].
The excitation was performed by applying a rectangular window, and an exponential window was
used for the response analysis. A total of 6400 lines were taken for a 1-Hz resolution.

Both the workpiece and the tool were impacted in different directions, as is shown in Figure 4.
In addition, each test was undertaken under various circumstances, as is reflected in Table 3. It is
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obvious that vertical impacts on the tool can only be performed if it is not loaded on the workpiece’s
surface, whereas the setup enables the test operator to perform the tests under different loading
conditions. Like that, it can be quantified how the natural frequency changes with regards to the
overall system rigidity.

Figure 4. Schemes showing all types of performed impacts. (A) Vertically on the tool; (B) Horizontally
on the tool; (C) Vertically on the workpiece attached to the dynamometric table.

Table 3. Conditions under which all impact tests were performed.

Impacted Element Direction Preload Force Fp (N) Piezoelectric Transducer

UVABB Tool

Vertical Unloaded OFF
ON

Horizontal

Unloaded OFF
ON

250 OFF
ON

400 OFF
ON

Workpiece Vertical
Unloaded OFF

400 OFF
ON

Ulterior measurements and analyses were performed with a compact data acquisition Brüel &
Kjær3053-B-120 and the PULSE Reflex software, respectively. Six different acquisition channels were
used, five of them for the respective measurement points shown in Figure 3 and another one for the
input signal generated by the impact with the hammer. Signal acquisition was performed utilizing
a Hanning window, with a maximum frequency of 6400 Hz and 51,200 lines with a resolution of
0.125 Hz.

3. Result Discussion

3.1. Impact Tests

The natural frequencies found for the UVABB tool, and resulting from processing the signal
registered by accelerometers AH and AV (Figure 4A,B), are presented in Table 4. Values not included in
the table are missing due to the fact that they were not excited during the tests. These values evidence
that, by changing the load exerted on the workpiece surface changes the rigidity of the system and,
therefore, its natural frequencies. However, it can also be seen that these values are not sensitive to
piezoelectric excitation, i.e., there is no modal change during a UVABB process compared to an NVABB
operation. All values were deduced from the frequency response functions (FRF) and Bode diagrams
to confirm coherence between the input signal generated by the hammer and the corresponding FRF.
Figure 5 shows one as an example.
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Figure 5. Frequency response functions (FRF) and Bode diagram obtained by AH accelerometer after
impact test on the UVABB tool: unloaded and vibrations ON.

Table 4. Natural frequencies obtained through impact tests on the UVABB tool.

Testing Condition
1st Frequance (Hz) 2nd Frequance (Hz) 3rd Frequance (Hz)Fp (N) Vibration

Vertical impacts

Unloaded OFF 519 1471 -
ON 519 1490 -

Horizontal impacts

Unloaded OFF 284 - -
ON 584 - -

250 N OFF 390 - -
ON 390 510 -

400 N OFF 407 645 4257
ON 410 635 4231

On the other hand, natural frequencies measured on the workpiece are presented in Table 5.
These are the result of processing signals acquired by accelerometers A1, A2, and A3 installed on the
workpiece’s surface (Figure 4C), such as the FDF and Bode diagram shown in Figure 6. Once again, the
results demonstrate the invariability of natural frequencies of the mechanical system composed by the
machine–tool–workpiece triplet, regardless of the preload level or the situation of the piezoelectricity
in terms of excitation.

Furthermore, the magnitude of the obtained natural frequencies are much lower than the
hammer’s maximum excitation frequency and also the resonant frequency on which the functioning of
the UVABB tool is based—being less than 20% from that value. After all the results explained above, it
can be asserted that the performance of the UVABB process is robust in terms of dynamic response of
the whole system, and does not change with the loading conditions or the external excitement of the
piezoelectric stack for which the UVABB accounts for.
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Figure 6. FRF and Bode diagram obtained by A3 accelerometer (vertical direction) after impact test on
the unloaded workpiece.

Table 5. Natural frequencies obtained through impact tests on the workpiece through vertical impacts
and machine-tool on.

Measurement Direction Accelerometer
Measuring Condition

1st Freq. (Hz) 2nd Freq. (Hz)Fp (N) Vibration

Burnishing direction (X)
A1 Unloaded - 1018 1766

A2 400 N OFF 1017 1761
A3 ON 1017 1758

Perpendicular to burnishing direction (Y)
A1 Unloaded - 1017 1899

A2 400 N OFF 1017 -
A3 ON 1017 -

Vertical (Z)
A1 Unloaded - 1016 2001

A2 400 N OFF 1017 2007
A3 ON 1017 2000

3.2. Vibration Monitoring

The vibratory signals acquired during the ball-burnishing tests were processed and analyzed in
both time and frequency domains. In those signals, no components with frequencies higher than 6 kHz
were detected. Therefore, that value was taken as a threshold to analyze the results and evidenced that
there are significant differences between vibrations measured on the workpiece and on the UVABB
tool, as is explained in the following paragraphs.

The signals acquired on the workpiece through accelerometers A1, A2, and A3 in the time domain
for both tested feed velocities evidenced the presence of periodic impacts that derive in a similar
time behavior in all three spatial directions (Figure 7). However, the signal corresponding to the
900 mm/min test presents more random components, so the periodicity of those impacts is more
difficult to determine.
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Figure 7. Signals measured on the workpiece during the UVABB process with a 250-N nominal preload
in all three spatial directions. (A) 90 mm/min; (B) 900 mm/min.

The spectral analysis of those time signals can be associated to the functioning of the milling
machine and are present since it is turned on. Its amplitudes are higher in both longitudinal directions
X and Y (accelerometers A1 and A2), with values that almost double the signal recorded in the vertical
direction Z (accelerometer A3), as can be seen in Figure 8. It can also be appreciated that the natural
frequencies are indeed excited between 1000 and 2000 Hz, as was already shown in Table 5.

Figure 8. Signals showing natural frequencies of the workpiece being burnished at 900 mm/min, 400 N,
3 passes, and vibrations ON. (A) Accelerometer A1; (B) Accelerometer A2; (C) Accelerometer A3.

The vibratory signals acquired on the tool are very different from the ones acquired on the
workpiece, these are presented above. Indeed, the signals acquired along the vertical direction of the
tool (accelerometer AV) is highly periodic and remains the same regardless of the testing conditions,
unlike the signals recorded along the horizontal direction (accelerometer AH) that evidence different
behavior depending on the feed velocity of the test (Figure 9). Tests performed with a 900 mm/min
feed velocity show that their periodicity fits more exactly with the periodic repetition of its vertical
signal’s correspondents.
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Figure 9. Signals measured on the UVABB tool along its vertical and transverse directions, during tests
with vibrations ON. (A) 90 mm/min, 250 N, 1 pass. (B) 900 mm/min, 400 N, 3 passes.

The spectral analysis of the same signals measured on the tool show that its natural frequencies,
measured during the preliminary impact tests, are indeed excited during the process, and that
excitation is higher when a 900-mm/min feed velocity is selected to perform the process. For instance,
Figure 10 shows the spectrum obtained from the signals recorded by the AH and AV accelerometers,
depicting those excitation zones around 394 Hz and 1000 Hz that constitute the natural frequencies of
the system. Amplitudes are higher in the horizontal measurements than in the vertical ones.

Figure 10. UVABB tool excitation signals measured on the longitudinal and radial directions. 900
mm/min, 400 N, 1 pass, vibrations OFF. (A) AH sensor; (B) AV sensor.

The presented results take us to the conclusion that during the ball-burnishing process performed
with an UVABB tool, whether transmitting vibrations or not, the natural frequencies of that tool are
actually excited. However, there is no evidence that it interferes with the interaction of the tool and the
workpiece, or the vibratory signal that the former transmits to the latter. The signal arriving to the
workpiece seems to change depending on the feed velocity with which the process is performed, as
the period of the repetitive signal changes in the time domain. However, it is only a consequence of
the process’ kinematics, and does not affect its effectiveness.

The higher amplitudes of the signals measured by accelerometers A1 and A2 are justified by
the interference that the workpiece’s surface performs on the tool as it moves on it to perform
plastic deformation. In the vertical direction (accelerometer A3), that movement is constrained by the
compression load of the UVABB on the tool, and for that reason it presents a lower magnitude.
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3.3. Monitoring of the Burnishing Force

The acquisition and processing of the burnishing forces during all tests confirm that the average
preloads that were exerted were around the nominal values of 250 and 400 N (Figure 11). The forces
prove to be relatively stable, regardless of the testing conditions. This observation is more clear in the
tests performed with the highest feed velocity. For 90 mm/min tests, the maximum force variation
is 8%.

Figure 11. Average and maximum burnishing forces registered during all tests.

This variation is quite natural during the application of this kind of ball-burnishing test, and does
not negatively affect the results. As highlighted previously by Jerez-Mesa et al. (2018), the source
of change could be attributed to the absorption of the surface irregularities by the spring inside the
tool during the process [9]. However, until now, no physical explanation had been formally found to
explain the fact. Here, a clear correspondence of the signal acquired by the vertical accelerometer of
the tool (AV), the burnishing force variation, and the topological profile on which the ball rolls during
the experiment, confirms the hypothesis exposed before (Figure 12). On the other hand, these points
also allow the researchers to confirm that the low-frequency vibrations observed during the process
have an intrinsic nature and depend mostly on the type of roughness that the original surface presents.

Figure 12. Vibratory signal acquired by the AV accelerometer (red), roughness profile (blue), and
burnishing force (green) variation registered during the VABB process—90 mm/min, 400 N, and
5 passes—.
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4. Conclusions

In this paper, a monitoring setup composed of five accelerometers and a dynamometric table is
proposed to monitor and evaluate the dynamic response of triad formed by an UVABB tool, milling
machine, and C45 steel workpiece. The proposed structure has proved to succeed in characterizing the
whole system in terms of the vibratory signals transmitted through the mechanical elements during
all kind of tests—vibration-assisted or not, and with different burnishing preloads. Furthermore, it
has been proven that the natural frequencies of the tool and machine are not excited by the vibratory
signals deployed during these tests. Finally, it has been found that the source of variation of the
burnishing force—that should in theory be constant due to the fact that it depends on the compression
of a spring inside the tool at a macro level—has a micrometrical origin, to the extent that the frequency
variation of the force is coincidental with the roughness height variation of the profile being treated.

These results are fundamental to defend the implementation of the UVABB process in productive
lines, with no risk of harming the hardware or provoking unexpected effects on the systems sharing the
manufacturing layout. Furthermore, it shows that the introduction of an ultrasonic vibration-assistance
does not harm the process or jeopardize the results that could be obtained from it.
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Abstract: Acoustic emission (AE) has been used extensively for structural health monitoring based on
the stress waves generated due to evolution of cracks in concrete structures. A major concern while
using AE features is that each of them responds differently to the fractures in concrete structures. To
tackle this problem, Mahalanobis—Taguchi system (MTS) is utilized, which fuses the AE feature
space to provide comprehensive and reliable degradation indicator with a feature selection method
to determine useful features. Further, majority of the existing investigations gave little attention
to naturally occurring cracks, which are actually more difficult to detect. In this study, a novel
degradation indicator (DI) based on AE features and MTS is proposed to indicate the performance
degradation in reinforced concrete beams. The experimental results confirm that the MTS can
successfully distinguish between healthy and faulty conditions. To alleviate the noise from the DI
obtained through MTS, a noise-removal strategy based on Chebyshev inequality is suggested. The
results show that the proposed DI based on AE features and MTS is capable of detecting early stage
cracks as well as development of damage in concrete beams.

Keywords: concrete crack detection; acoustic emission features; Mahalanobis—Taguchi system

1. Introduction

Concrete beams are widely used in construction of buildings, dams, and bridges. Heavy load,
aging, disasters like earthquake can cause severe damage to beam in concrete structures. It is crucial
to assess the performance deterioration in concrete structures for preventing economic losses and
ensuring safe operations. The detection of the fractures is important to examine the damage in concrete
structures. This is usually managed through regular visual inspections that is very difficult to perform
because of the inaccessible locations where the fractures have taken place. To overcome this problem,
many sophisticated monitoring methods have been considered that use direct or indirect measurements
from various sensors for diagnosing fractures in concrete structures [1,2]. These condition monitoring
methods can be divided into direct and nondirect methods. Direct methods can be of noncontact or
contact type depending upon whether the sensors are directly attached to the test specimen/structure.
For instance, direct noncontact techniques include ultrasonic propagation imaging [3] and photographic
techniques [4–6], whereas direct contact techniques incorporate methods like fiber optics [7] and 2D
strain sensing sheets [8]. On the other hand, nondirect methods typically employ monitoring systems
based on nondestructive (NDT) techniques such as acoustic emission (AE), thermal methods, ultrasonic
methods, vibration analysis, etc. for condition monitoring of the concrete structures [9]. NDT can reveal
the internal status of the materials and provide real-time information on the condition of the structure.
Of all these methods, recently, AE has been proven to be very effective for composite materials like
concrete [10–17]. During the fracture process in concrete beams, materials release energy and generate
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mechanical waves that propagate through the solid. These mechanical waves can be detected by
mounting AE transducers on surface of the concrete specimen [1,3,4,7–10,13] and consequently, the
present condition of the concrete structures can be determined. Since pores and interfaces create
heterogeneity, it is a complex task to assess the integrity of the concrete structures.

AE is a feasible tool for data-driven real-time monitoring of concrete structures. Waves involved
in AE are related to source mechanism that helps to identify the crack from sensor responses. AE is
different from other NDT techniques for two reasons. The first is its unique ability to detect the dynamic
processes such as crack propagation and debonding in materials associated with the performance
degradation of the structures. The second is that the AE signals of the concrete beams under heavy load
can effectively characterize and identify cracks in structures. Generally, the AE signals are classified
into two types considering the shapes of the waveforms [4]: (1) Burst type: signals having definite
starting and ending points and (2) continuous type: waves with no definite ends having variant
amplitude and frequencies. The burst type AE signals are acquired from the brittle materials and they
are associated with crack propagation characteristically. Consequently, many research works [8–23]
have adopted AE technique for evaluating degradation in concrete structures. These research articles
provided effective approaches for crack/fracture diagnosis in concrete beams, but they failed to address
certain key issues that are described as follows:

• The previous researches exploited numerous features such as rise time, decay time, amplitude,
energy, ringing counts, RA and AF, etc. for detecting and classifying fractures in concrete structures.
Among these features, it is difficult to exactly define features having greater sensitivity to the
crack growth. It may happen that certain features are capable of detecting fractures but fail to
recognize incipient cracks. Similarly, features sensitive to incipient cracks might not be effective in
predicting crack severity (fractures) during final failure stages. It is further emphasized that not
only the diagnosis of early stage cracks but the assessment of degradation in concrete structures
over their full lifetime is also important to prevent catastrophic failures.

• In many cases, machine learning-based classification algorithms necessitate prior knowledge
of failure data in order to implement condition monitoring of concrete structures. In real-life
scenarios, there is limited access to such datasets which leads to construction of inefficient
degradation assessment models.

• The existing AE features exhibit irregular fluctuations, which make it difficult to determine the
time-instants of initial crack occurrence precisely. Further, these features may show nonmonotonic
behavior with the increase in degradation severity. This can create false alerts resulting in wrong
maintenance decisions.

Thus, it becomes a prerequisite to develop an inclusive degradation indicator (DI) that combines
the diagnosis capabilities of individual features and contains less noise. A lot of previous works have
considered AE features extracted through the flexural test conducted on concrete beams. Most of
these works focus on fault classification (minor/intermediate/severe), crack classification (tensile/shear),
fracture identification, analyzing load against AE history, etc. Existing literature lacks in building a
solid DI for the degradation assessment of the concrete beams over time. To fill this gap and tackle the
above challenges, in this paper, Mahalanobis–Taguchi system (MTS) is utilized to fuse the useful AE
features and develop the DI [24]. MTS is a diagnosis and forecasting method that combines MD and
Taguchi’s robust engineering method in a system with multiple dimensions. Mahalanobis distance
(MD) is used to form a multidimensional measurement scale and define Mahalanobis space (MS) [25].
The MS is used as a reference point of the scale having a group of observations that we can consider as
normal. Since MD constructs the measurement scale by incorporating single class samples instead
of the whole training data, it can solve the class imbalance problems [25]. MD can be calculated
using the distances between the center of the MS and the observations that we are evaluating. If an
observation has an MD lesser than the threshold, we consider the observation to be normal. On the
contrary, if an observation has a larger MD than the threshold, we can consider that to fall under
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abnormal category. For concrete fracture identification, MD itself can determine fractures provided
that we have appropriate features. Even though MD has been used effectively for cluster analysis and
damage classification [26–30], it lacks in mechanism to choose good features that can facilitate us with
better trend for DI. Therefore, Taguchi’s robust engineering method that uses orthogonal arrays (OAs)
and signal-to-noise ratios (SNRs) is combined with MD to obtain useful features. To the best of our
knowledge, this simple yet efficient technique has not been well explored in the existing literature
covering composite materials like concrete beams. However, the DI developed using MTS may contain
noise and it can be hard to assess the performance degradation due to heavily scattered MD points. To
eliminate noise and achieve a monotonic DI, a noise-removal (NR) strategy is suggested [31]. The NR
strategy uses the Chebyshev’s inequality to define threshold limits for the beginning of degradation
and subsequently, modifies the existing MTS plot to obtain the final DI. Chebyshev’s inequality has
been used to detect outliers in data distributions and can be used to monitor changes in the degradation
state [32,33]. Overall, the main contributions of the paper are summarized as follows:

• A novel DI showing the time history of the performance degradation of concrete beams is proposed.
The DI allows us to observe the development of concrete degradation, beginning from the crack
formation till absolute failure of the beams. The DI encompasses wide range of AE features
merged by MTS classifier for reflecting the concrete health condition based on the time history of
flexural bending test conducted on it. The DI does not require any prior knowledge of failure data
for the purpose of degradation assessment.

• A noise-removal (NR) strategy based on Chebyshev inequality is suggested to process the
MD in order to obtain smooth and monotonic DI that tends to increase with the growth in
degradation severity.

The remainder of this paper is organized as follows. In Section 2, related works are discussed
in detail. Section 3 presents the theoretical details of AE features and MTS. Section 4 provides the
details of proposed methodology, including the concrete test system for AE data acquisition and DI
development. Experimental results and discussions are provided in Section 5. Finally, the paper is
concluded in Section 6.

2. Related Works

Carpinteri et al. [8] presented a study on numerical modeling accompanied by in-situ monitoring
for concrete beams. Yu et al. [10] monitored slow dynamics of microcracks in polymer concrete (PC)
beams using AE. The AE data was clustered using k-means clustering algorithm to classify damage
states and characterize microdamage mechanisms. Das et al. [11] designed a framework based on
hand-crafted features like rise-to-amplitude (RA) and average frequency (AF) that were clustered
using an unsupervised clustering algorithm and further separated by a support vector machine (SVM)
hyperplane to classify damage conditions. Aggelis et al. [12] investigated the possibility of having
feedback from digital image correlation to AE outputs for estimating the fracture behavior of hybrid
textile-reinforced concrete beams. Aggelis et al. [13] conducted fracture tests on different types of
concrete beams including plain concrete and steel fiber-reinforced concrete with variant coatings, water
content ratio, fiber contents, and shapes. Simple cracking modes were characterized and validated
based on the AE parameters like AF and RA. Banjara et al. [14] focused on the damage progression
in reinforced concrete beams using AE signals. The AE parameters such as AE energy, AE counts,
hits, rise time, and amplitude were found effective to detect crack initiation and classify crack types
like shear or tensile cracks. Also, the crack initiation could also be detected using the same method.
Tsangouri et al. [15] suggested that it is not possible to characterize complex fractures in concrete
beams by just observing the changes in mechanical properties, and therefore, AE was used to study the
concrete degradation process. The damage-initiation process was determined based on the distribution
of cumulative AE hits under increasing load. Kaiser and Felicity effects were considered too. Severity
assessment of the damage was done by load/calm ratios. Yue et al. [16] used AE to detect the fracture

233



Sensors 2020, 20, 3402

mode and microcrack initiation in concrete beams. The strain energy release and macrocrack formation
was also identified using AE. Chen et al. [17] studied the effect of loading rate on concrete fracture
behavior using AE technique. It was found that the rigidity of concrete has profound effects on loading
rate. Cumulative AE hits and ringing count were used to detect the initiation of the concrete boundary
effect as well as severity of cracks. ElBatanouny et al. [18] utilized AE to map crack growth and identify
areas of prominent damage activity leading to the failure of scaled concrete beams made up of glass
fiber-reinforced polymer with no shear reinforcement. Their technique successfully distinguished
between flexural and shear cracks. Ranjith et al. [19] suggested a long-term AE monitoring technique
to diagnose the microcracking events in concrete beams. AE parameters like RA and AF were used to
detect crack types and location. Ohno and Ohtsu [20] utilized same parameters, i.e., RA and AF to
detect cracks in concrete beams. Yun et al. [21] presented an AE-enabled monitoring system for carbon
fiber reinforced polymer concrete. Sagar et al. [22] collected AE data using incremental cyclic loading
and exploited AE energy as a key parameter to identify damage in concrete beams. Huang et al. [23]
utilized bandwidth, frequency, sensitivity of the embedded AE sensors, etc. for health monitoring of
the concrete beams. Study conducted in [23] showed that AE sensors had broad frequency bandwidth
and were quite sensitive to crack propagation.

Khatir et al. proposed a method for crack detection by improving the training process of artificial
neural network (ANN) parameters by adopting Jaya algorithm [34]. Results were found to be accurate
and could successfully predict the potential damage after increasing the regression and controlling
the crack propagation. Study conducted in [35] investigated the influence of the beam energy and
ion dose of the helium-focused ion beam (He-FIB) on processing damage. The proposed method can
perfectly predict the amorphous damage profile induced by He-FIB. Tiachacht et al. proposed a new
method to identify and quantify damage in two- and three-dimensional structures [36]. The proposed
methodology was investigated numerically through finite element method and MATLAB program.
It was effective to estimate the severity of structural damage. Some other works based on inverse
problem, optimization techniques, and ANN in the field of fracture and damaged identification were
carried out by [37–42].

Ebrahimkhanlou et al. [43] have used nonlinear dimensionality reduction, k-means clustering,
and hidden Markov models to recognize AE patterns for containment structures. These structures
may suffer from hidden declamation cracks, and it is very hard to detect them. Validation was done
using large-scale concrete walls, and early detection of declamation was successfully performed.
Ebrahimkhanlou et al. used AE techniques to monitor a large-scale curved, post-tensioned concrete
wall under monotonically increasing prestressing loads [44]. A network of AE sensors was built
mounted on the outer surface of the wall to determine patterns in AE signals. Clustering of the AE
signals were achieved using k-means clustering algorithm. Sequence of those signals were modeled
using the Markov model. Ebrahimkhanlou et al. further proposed an AE-based method to monitor
delamination for post-tensioned concrete containment structures in [45]. AE data were analyzed using
both time-driven and hit-driven features extracted from AE. In [46], an AE monitoring approach was
proposed for old steel bridges strengthened with post installed shear connectors. The proposed method
leverages the difference in AEs from shear connectors before and after they engage in shear transfer.

3. Technical Background

3.1. Acoustic Emission Burst (AEB) Features

AE signals obtained from the concrete structures have special parameters/features that can describe
AE events. The AE features considered in this paper are the ones used to characterize AE bursts.
Features we have considered are peak amplitude, rise time, decay time, AE counts, and AE energy.
These parameters will be collectively referred as AEB features in our study. The AEB features are
considered to be good measures for detecting cracks and possess good relation to the concrete structural
health condition. Figure 1 describes the AEB features, which are further defined as follows [47,48]:
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Figure 1. Definition of the acoustic emission (AE) features.

Peak amplitude: The voltage that is measured as the highest one in AE waveform is regarded as
the peak amplitude.

Rise time: It is defined as the time interval between the triggering time and the peak of the
AE signal.

Decay time: Decay time is opposite to rise time. It is defined as the time when the amplitude
decreases from the peak value to the lowest within the set threshold.

Counts: AE count is the number of times when the signal crosses the threshold. This feature is
also used to measure the strength of the hits and AE activity.

Energy: Finally, AE energy is the area measured within the rectified signal envelope.

3.2. Mahalanobis–Taguchi System (MTS)-Based Classifier

The first step to implement MTS is to calculate the MDs of the normal observations. In order
to do this, features that denote normal condition are defined first. After that, data of all the features
presenting normal condition are collected. MDs of all the normal observations are calculated next. Let
as assume the constructed feature set be:

Fm×n = [ fuv]m×n, (1)

where fuv represents the uth observation of the vth reference, m presents the total number of observations,
and the total number of features are denoted by n. By definition, it is necessary for every single variable
to contribute equally to find out MD. Therefore, the observations in F has to be normalized. It can be
normalized using the following equation:

Nuv =
(

fuv − f v

)
/σv, (2)

where Nuv represents the normalized test feature and σ is the standard deviation. f v and σ can be
calculated as:

f v =
1

a
∑a

u=1 fuv
, (3)

σ =

√∑a

u=1
( fuv − f v)

2
/(a− 1), (4)

where a is the number of healthy observations in the dataset. Finally, MD is calculated using the
following equation considering the normalized test feature:

MD(u) =

√
1
q

NuvC−1NT
uv, (5)
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where C is the correlation matrix for the feature we normalize. One critical issue that arises while
calculating MDs is multicollinearity. It occurs if there are profound correlations among the features. It
leads to an approximate singular correlation matrix that imposes difficulty to compute MDs. We have
used Gram–Schmidt orthogonalization process (GSP) [49–51] to tackle this issue of multicollinearity.
Thus, MDs can be computed using GSP and the computation process is as follows:

Let us assume Q1, Q2, . . . , Qy to be linearly independent vectors. For these vectors, there exist
mutually orthogonal vectors that can be represented as O1, O2, . . . , Oy. These mutually orthogonal
vectors have same linear span. The Gram–Schmidt vectors considering the assumed variables are:⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

O1 = Q1,

O2 = Q2 − QT
2 O1

OT
1 O1

O1

.

.

.

Oy = Qy − QT
2 O1

OT
1 O1

O1 − . . .− QT
y Oy−1

OT
y−1Oy−1

Oy−1

(6)

Assuming that j refers to a particular feature we are interested in, we can write: Qj =

[q1 j, q1 j, . . . , qnj]
T and Oj = [o1 j, o1 j, . . . , onj]

T, where j = 1, 2, 3, . . . , y. The MD for the kth observation of
the jth feature can be calculated using the following equation:

MD2
k =

1
y

⎛⎜⎜⎜⎜⎜⎜⎝o2
1 j

σ̂2
1

+
o2

2 j

σ̂2
2

+ . . .+
o2

ky

σ̂2
y

⎞⎟⎟⎟⎟⎟⎟⎠, (7)

where k = 1, 2, 3, . . . , n and σ̂ represents the standard deviation of the jth feature.
In the second step, MS is used to calculate the MDs of the abnormal group. MS can be denoted as

the zero-point, unit distance and is used as the reference point for the measurement scale. For our
implementation, abnormal group consists of feature points associated with the crack formation in the
concrete beam. Features extracted from the abnormal condition should also be normalized. They are
normalized adopting the mean and standard deviation of the corresponding features in the normal
group. The correlation matrix that corresponds to the normal group is used to calculate the MDs of the
abnormal condition. MDs of the abnormal condition are supposed to have higher values and a sharp
rise in the time-history plot can be observed.

The third step involves finding out useful features to feed the system. As mentioned earlier,
MD itself is enough to build time-history trend for faulty conditions. The problem is that we cannot
assure features that we have used, if all of them are useful. Using too many features some of which
are not even worth using can make the computation process slower. Therefore, Taguchi method is
used to select the useful features for calculating MDs. Useful features are sorted out using OAs and
SNRs. In MTS, useful feature determination is performed using a two-level OA. Level one includes
the feature we are dealing with, whereas level two excludes the feature we are interested in. SNRs
calculated from the abnormal conditions are used as response column for every single combination of
OA. Usually, larger-the-better type SNR is used to sort out useful features. It is calculated using the
following equation:

SNR = −10 log10

⎛⎜⎜⎜⎜⎝ 1
m

∑m

t=1

1
MD2

t

⎞⎟⎟⎟⎟⎠, (8)

where m is the number of the abnormal conditions and MDt is the MD of the tth abnormal condition.
We have to calculate the effective gain of each feature after computing the SNR. SNRL−1 refers to

the average SNR of all the runs including the feature and SNRL−2 represents the same excluding the
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feature we are interested in. Thus, the effective gain of a particular feature can be found using the
flowing equation:

Gain = SNRL−1 − SNRL−2. (9)

If the gain we calculate is positive, we consider the feature for our system. Otherwise, we exclude
the feature while calculating the degradation indicator associated with our concrete crack detection.
As the feature points of the increasing timeline would eventually correspond to the abnormal data, we
will figure out the potted line is sharply rising giving us insight that crack formation has taken place.

4. Methodology

The proposed methodology can be divided into two main steps. The first one is the acquisition
of raw AE data mining the degradation in concrete. For this purpose, an experimental setup was
developed to conduct three-point bending test on concrete beams in the presence of an external load.
The second one is building an effective DI by utilizing AEB features and MTS classifier that will help
us to assess the performance degradation in concrete beams. These steps have been described into the
upcoming sections.

4.1. Experimental Test Bed and Data Acquisition

The test bed was developed in our laboratory for acquiring AE data. Usually, flexural test is used
to evaluate the tensile strength of concrete beam and measure its ability to endure failure caused due to
bending. This test is carried out using either three-point bending or center-point bending. Three-point
bending is implemented in such a way that half of the total load is applied at every one-third of the
concrete beam span length. Thus, the concrete beam experiences maximum stress over its central
one-third portion. On the contrary, in center point bending, the entire load is applied at the center
of the concrete beam. According to American Society for Testing and Materials (ASTM), the length
of the concrete beam should be at least three times greater than its depth [52]. In present case, the
tested concrete specimen had a depth of 300 mm. We have fixed the span length to 2400 mm for the
experiment. For such large length, it is necessary to use three-point bending test to ensure uniform
spread of cracks in the beam. As such, experiments were conducted using three-point bending test
on reinforced concrete beams. Proportion of the materials used to build the concrete beams for our
experiments are described in Table 1.

Table 1. Elements of the 24 MPa concrete beams used in the experimental setup.

Elements Amount

Cement 280 kg/m3

Water 202 kg/m3

Sand 777 kg/m3

Coarse aggregate 988 kg/m3

Steel reinforcement: Korean Standard Reinforced
Steel Bar, D16 (SD400) 4% of total cross-sectional area of a beam

Figures 2 and 3 depict the concrete beam test bed designed for collecting AE signals. Figure 2
presents the schematic diagram for the placement of the sensors in the concrete beam and the three-point
bending test. Figure 3 presents the actual setup developed in the laboratory. The length and depth
of the concrete beam was 2400 and 300 mm, respectively. A gradually increasing external load was
applied for a certain time to initiate cracks. The loads were applied through two locations lying at
a distance of 800 mm from each other. The load velocity was kept at 2 mm/s. Different types of
sensors were tested for data acquisition. Three types of sensors were used in the experimental setup:
R3I [53], WD [54], and R15I [55]. For each sensor type, the experiment was conducted three times in
the same condition for reproducibility test. Among these three sensors, we have chosen to use R3I
sensor. R3I sensor was chosen due to its better performance. This sensor is built for structural health
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monitoring of concretes and geological structures [53]. R3I sensors specialize in rejecting high-acoustic
background noise and work fine when placed in proximity. A major concern while using AE sensors
is the attenuation of stress waves before it reaches the sensors. Before carrying out the fracture tests,
pencil lead break (PLB) tests were implemented at appropriate locations to check the responsiveness of
different sensors towards AE waves. It was observed that among the three sensors, the R3I sensor
possessed better sensitivity towards the AE signals generated by PLB tests. As such, the R3I sensor was
utilized to acquire the AE signals from the concrete beam specimens. Eight sensors in each experiment
were placed in the concrete beam. As concrete beams are three-dimensional rectangular entity with 6
surfaces, we have tried to cover all the surfaces using eight sensors in total. The AE sensors were fixed
to the surface of concrete specimen by using mounting tapes and glue gels. Locations were put as far as
possible from the loading machine, mostly at the end points of the concrete so that the cracks/fractures
formed due to load do not interrupt the position of the sensors. We have followed two strategies while
placing the sensors. The first one is to cover all the six surfaces of the concrete beams and another
is the interruption avoidance to the sensors due to crack formation. To obtain intrinsic information,
the AE signals were collected at a sampling rate of 10 MHz, and the total signal length was taken as
approximately 17.25 min. The R3I sensors contained an integrated filter and preamplifier with gain of
40 db. The sensors have an operating frequency range of 10–40 kHz. No prior AE threshold was set
while conducting the experiments. Instead of this, an adaptive threshold level depending upon the
maximum amplitude of acquired AE signals was utilized. This was done to minimize any possible
information loss in an AE signal because of large threshold setting caused by ambiguous judgement
of background noise levels. A constant threshold level for all AE signals may create false triggers
for bursts and lead to inaccurate calculation of AEB features. As such, the threshold level was set
empirically to 10% of the peak amplitude of an AE signal. Figure 4 portrays the AE signals for two
different conditions of the concrete beam. The first condition was the normal mode when there was no
crack/fracture formation. The second condition denotes the state of abnormal condition of the concrete
beam caused by an external load resulting in fracture formation.

Table 2. Specifications of the experiments.

Specification Value

Number of sensors per experiment 8
Types of sensors R3I, WD, R15I AE sensors
Selected sensor R3I

Total number of concrete beams used for all the tests 10
Minimum signal acquisition time 9 min
Maximum signal acquisition time 17.25 min

Type of concrete used 24 MPa
Steel bars used for reinforcement Korean Standard Reinforced Steel Bar, D16 (SD400)

Initial load 1.03 kN
Final load 107.6 kN

Load velocity 2 mm/s
Type of displacement In-plane

Location from which the displacement was measured Mid-span
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Figure 2. Schematic diagrams of the setup: (a) placement of the sensors and (b) the flexural test for the
concrete beam (three-point bending).

Figure 3. Actual experimental set-up of the three-point bending test for concrete beam: (a) whole setup
and (b) measuring scale used to measure the cracks.
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(a)                                      (b) 

Figure 4. Collected noisy AE signals from the three-point bending test: (a) normal condition and
(b) abnormal condition.

After the load was applied gradually, cracks were formed in the concrete specimen. The data
of the applied load and corresponding displacement was carefully recorded. This helps to validate
the output results by comparing the load and displacement curves with the AE features acquired
during the failure history of concrete specimen. Figure 5 presents the load vs. displacement graph that
shows us the increase of displacement as the load was increased through time. The concrete beam’s
in-plane displacement was measured at its mid-span using linear variable differential transformer
(LVDT). The LVDT was fixed to the bottom surface of concrete beam specimen. Figure 6 portrays the
concrete specimen after the failure has occurred due to gradually applied load. Table 2 describes the
specifications of the experiments conducted in the laboratory.

Figure 5. Load vs. displacement plot.

 
Figure 6. Severe fracture that took place after applying a gradually increasing load.
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4.2. Proposed Technique for DI Development Using MTS and NR Strategy

The proposed DI for performance degradation assessment of concrete structures was constructed
into the following steps:

Step 1. The AE signals were collected in real time from the experimental setup designed for implementing
three-point bending tests on the reinforced concrete beam.

Step 2. The AEB features discussed in Section 3.1 were extracted from the raw AE signals.
Step 3. MDs of the normal observations were calculated. For this, features that denote normal condition

were defined first. After that, data of all the features presenting normal condition were collected.
MDs of all the normal observations were calculated next.

Step 4. MS was used to calculate the MDs of the abnormal group. For our implementation, abnormal
group consisted of feature points associated with the fracture formation in the concrete beam.
Features extracted from the abnormal condition were normalized. They were normalized
adopting the mean and standard deviation of the corresponding features in the normal group.
The correlation matrix that corresponded to the normal group was used to calculate the MDs of
the abnormal condition.

Step 5. Taguchi method was used to select the useful features for calculating the MDs for the final plot.
Useful features were sorted out using OAs and SNRs. The SNRs obtained from the abnormal MDs
representing fractures in the concrete were used as the response column for each combination
of OA.

Step 6. The MD was processed using the NR strategy to remove noise and obtain a monotonic DI. The
suggested NR strategy was implemented as follows: First, the NR approach utilizes Chebyshev
inequality to define threshold limits for declaring the beginning of degradation in concrete beams.
Mathematically, the Chebyshev inequality is given as P

(∣∣∣N − μn
∣∣∣ > ε) ≤ σn/ε2

n, where N denotes
the MD values estimated for normal or healthy conditions, μn and σn denote the mean and
standard deviation, respectively, of dataset N, and P denotes the probability of the elements in
data N deviating εn away from the mean μn. Let us assume that the threshold set for incipient
crack detection is μn + εn where εn = 3σn, then the Chebyshev inequality states that no more
than 89% (=1 − 1/32) of the values in N are more than 3 standard deviations away from the
mean value. Thus, an accuracy of 89% can be achieved in discriminating the faulty MD values
from the healthy ones. Second, the MD values below the threshold are set to zero and the MD
deviations above the threshold are added successively over time to form the desired DI. Let MDi,
(i = 1, 2, . . . , L) be the MD time-series to be processed for removing the noise, then the final DI is
obtained as follows:

DI(i) = DI(i− 1) + DIt(i), where DIt(i) = MD(i) − (μn + 3σn). (10)

DIt(i) = 0, if MD(i) ≤ μn + 3σn. (11)

Figure 7 further provides a layout of the above discussed steps for estimating the performance
degradation in concrete beams.
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Figure 7. Proposed framework for building degradation indicator (DI) for degradation assessment of
concrete beams.

5. Result Analysis

The analyses in this paper were carried out using the MATLAB software. The proposed technique
discussed in Section 4.2 is applied to validate its potential in predicting degradation of concrete beam
specimen. First, the AEB features are extracted from the acquired AE signals. Trends of five AEB
features (peak amplitude, rise time, decay time, AE counts, and AE energy) over the entire failure
history of concrete specimen are displayed in Figure 8a–e. An AE signal sample can contain many
bursts and therefore, a time-window of 1000 data points is taken to compute AEB features. The
threshold is set to 10% of the maximum value, and the features calculated for different windows are
averaged. Figure 8a, shows very high increase as the crack becomes critical leading to fractures. In
Figure 8b, a sharp increase in the time-history curve is observed as the cracks are formed. Figure 8c
shows a sharp decline in decay time curve after the development of cracks. In Figure 8d, the time
history of AE counts can distinguish between the normal and crack mode since higher AE counts
are observed in presence of cracks. Figure 8e shows that high energy values are reported as cracks
develop in the concrete beam. Overall, it is observed that the AEB features like peak amplitude, rise
time, counts, and AE energy first show a slow growth indicating the occurrence of cracks. Then, they
rise sharply after certain time signifying the crack size has drastically enlarged leading to fractures
and the concrete beam has failed completely onward. For decay time, the trend is not very much
clear unless the failure stage is reached where a sudden decrease in decay time is observed. Also,
the crack propagation is rapid due to brittle nature of concrete. Consequently, there is less time
between crack initiation, fracture, and critical failure. After the concrete beam fails totally, it will not
be able to sustain the applied load and no valid AE signals are recorded. Hence, the AEB features
show irregular variations and inconsistent trends after attaining maximum value at fracture. It can
be realized that different features show different behavior in terms of spikes when there is a crack,
and also the oscillation density is different around the moment of crack initiation. For instance, the
time-history curve of peak amplitude shows minimal oscillations, whereas the time-history curves of
remaining features oscillate heavily and show noisy behavior. Figure 8a–e further show that these
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features possess different sensitivities to the evolution of cracks and change by different magnitudes
as cracks propagate to fracture. In addition, features like AE energy increase when cracks appear
but immediately decrease to lower levels and follow a nonmonotonic trend. However, the specific
reason for obtaining the mentioned features is to get good enough variation in data for the faulty
conditions with respect to the healthy ones. Table 3 presents the mean values of individual AEB
features for a time-window of 100 s considered under different health states of concrete specimen.
It can be clearly seen that there are significant changes in feature values as the concrete condition
changes from normal to incipient (crack) and then to severe (fracture). This is necessary to build up
the Mahalanobis feature space for discriminating the faulty conditions from the normal conditions
and achieve accurate performance degradation assessment of concrete specimen. After the features
have been extracted, the reference feature space for MTS classifier is constructed. For this purpose, the
concrete specimen is assumed to be in healthy conditions for the initial 200 s and as such, the first 200
feature vectors form the reference data for training MTS classifier. The remaining feature vectors are
tested against the reference feature set, and the corresponding MD is estimated. To choose the better
features for calculating our final MD, we have used Taguchi’s method. Table 4 shows the response
table for the SNRs of all the features in both levels. Using Equation (9), we can calculate the gain for
each feature, and it can be observed that AE counts, decay time, and rise time have positive gains and
are selected for plotting the MD that correspond to the concrete’s failure history.

 

 

(e) 

Figure 8. Time history of acoustic emission burst AEB features over the entire life of concrete beam:
(a) peak amplitude, (b) rise time (c) decay time, (d) AE counts, and (e) AE energy.
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Table 3. Mean values of different acoustic emission (AE) features in every 100 s of the healthy (normal
mode) and faulty condition (fracture mode).

AEB Feature
Mean of Feature Values
for 100 s (Normal Stage)

Mean of Feature Values
for 100 s (Incipient

Crack Stage)

Mean of Feature Values
for 100 s (Failure Stage)

Peak amplitude 5.7462 × 10−4 V 6.1033 × 10−4 V 0.0022 V
Rise time 235.3067 s 241.1678 s 319.5551 s

Decay time 565.3067 s 565.0535 s 567.0314 s
AE counts 12.4312 (unitless) 13.157 23.6754
AE energy 1.5437 × 10−6 V2 6.080 × 10−6 V2 0.012345 V2

Table 4. Response table for signal-to-noise ratios (SNRS) to sort out useful features.

AEB Feature Level 1 Level 2 Gain

Peak amplitude 15.02 15.73 −0.71
Rise time 16.42 14.33 2.09

Decay time 16.86 13.89 2.97
AE counts 16.13 14.62 1.51
AE energy 14.00 16.75 −2.75

A plot of the MTS for the concrete’s failure history is presented in Figure 9a. The plot combines
together all the fault information from each AE feature selected via MTS and reflects the performance
degradation of the concrete beam in a more comprehensive manner. It can be observed from Figure 9a
that the plot contains less noise and presents a clearer degradation trend as compared to the individual
AEB features. However, the MTS curve still contains minor oscillations before it begins to grow fully,
which in turn can lead to undesirable maintenance alarms. To achieve further accuracy, it is finally
processed using the NR technique to obtain the recommended DI plotted in Figure 9b. Figure 9b
shows that the DI is completely free of noise which makes it easier to determine the moment of early
degradation more conclusively. In addition, the DI increases monotonically as the concrete specimen
progresses towards failure. This gives an exact impression of the increase in degradation severity. The
DI starts growing at a time-step of 311 s indicating that the incipient cracks have developed and the
degradation of concrete has begun. The DI continues to increase rapidly till complete failure of the
concrete beam has taken place. Thus, the results confirm that the proposed technique has a good
potential in predicting the performance degradation in concretes with higher accuracy and less chances
of incorrect maintenance decisions.

Figure 9. Time-history of Mahalanobis distance (MD) and DI over the entire lifetime of concrete beam:
(a) fusing all the selected features in MD and (b) DI using MD and noise-removal (NR) approach.
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6. Conclusions

The paper proposes an approach combining AEB features and MTS to build a novel DI for
assessing performance degradation of concrete beams. First, the raw AE signals are acquired from
the test bed where the concrete beam is subjected to a three-point bending test. Second, five features,
namely, peak amplitude, rise time, decay time, AE counts, and AE energy are extracted to form
the feature space. These features are supplied to the MD classifier which distinguishes the damage
conditions from the healthy ones. Third, the usefulness of the extracted features is determined through
Taguchi’s robust engineering method using OAs and SNR. The SNRs obtained from the abnormal MDs
representing fractures in the concrete beam are used as the response for each combination of OA. Rise
time, decay time, and AE counts are selected in the process as better features due to their positive gain.
Finally, MDs are calculated with the sorted-out features and the final MD plot is filtered to remove
noise and build a reliable DI for the concrete beam. The new DI can effectively trend the degradation in
concrete beam over its time history. The DI could successfully highlight the time when the premature
cracks occur and also, the time when failure took place. The proposed method is industry friendly
in the sense that it depends only on the healthy data and does not require any previous information
of the failure data. Our upcoming work will be to use hybrid feature space and machine learning
algorithms, both supervised and unsupervised, for crack detection and crack type classification in real
concrete structures.
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Abstract: Neutral axis passing through the stiffness centroid of a structure is correlated with structural
health conditions. Traditional techniques rely on gauge arrays to observe strains at their installation
positions, and then locate a neutral axis through the intercept of the strain diagram. However,
these localization results will be severely deviated if any damages exist among gauges or inside
structures. In this paper, a novel technique is proposed to locate the neutral axis by measuring and
analyzing ultrasonic coda waves in a network of transducers. Because of multiple trajectories, coda
waves are sensitive to minor changes in a large volume of media that are not limited to direct paths
between sensors. This technique is not only capable of locating a neutral axis with great efficiency
and accuracy, but can also indicate global structural health and inner damages. The applicability of
the technique is demonstrated by monitoring a 30 m concrete T-beam subjected to four-point loading
tests. With an array of transducers placed at the surface, the neutral axes in the large region are
located. The localization results also show clear trends that the global neutral axis moves up as the
loads increase, which indicates the beam contains certain degrees of inner damage.

Keywords: ultrasonic coda wave; data acquisition; signal processing; sensor technology; neutral axis
locating; nondestructive testing; structural health monitoring

1. Introduction

The neutral axis refers to the curve that passes through the stiffness centroid of a structure and it
does not experience any deformation within the cross-section under loading [1]. Since this centroid is
only dependent on the material and geometrical properties, theoretically, the neutral axis location is
constant. However, concrete structures are continually subject to mechanical, chemical, and thermal
effects, which impose some types of damages on them. These damages, which result in material
loss and stiffness reduction, will relocate the neutral axis. The relocation will increase stresses in the
tension zone, and further worsen damages and shift neutral axis until a new balanced state is reached.
Any change in the locations indicates the stiffness variations, which implies the structure has suffered
from damages or deterioration. Hence, the neutral axis is a potentially powerful tool for structural
health evaluation and minute damage detection if its location can be determined properly [2].

Current techniques rely on structural analysis and strain gauge measurements to locate the neutral
axis. Concrete is a multi-composite material made of cements, sand grains, aggregate stones, steel bars,
and porosities. The property of each composite under variable environmental effects, together with
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geometrical properties, construction tolerances, and damages, contribute different uncertainties in the
localization [3,4]. Thus, structural analysis requires a large number of tests to estimate uncertainty
statistics in composite and construction as a priori knowledge. Additionally, the analysis results in
general only provide approximate ranges of average axis locations in healthy structures. On the other
hand, the general idea of gauge measurements is to install gauge arrays along the vertical direction of
structural cross-section to collect the strain profiles at positions where they are exactly placed. Then the
neutral axis is located at the height corresponding to the zero deformation through the intercept of
the strain diagram [5–7]. However, gauge measurements do not carry any information about the
areas among their installation positions. Consequently, this technique has limited detection range
closed to gauge arrays, and any nonlinear variations/damages appearing among gauges will cause the
inaccurate localization results even if plenty of gauges are placed closely. Furthermore, gauges may
suffer irreversible deformations and damages when cracking or significant changes take place nearby.
Another major limitation of both analysis and gauge techniques is their inapplicability to inner damage
detection. This issue is largely circumvented in non-destructive testing and evaluation (NDT&E) of
in-service structures since sensor embedment for them is generally unavailable. Due to the brittle
nature, structural failure is usually initiated by micro-cracking inside concrete at an early stage, but the
neutral axis located by gauges mounted on the surface cannot give any indicators of inner damages.
Over the past several decades, few techniques have been proposed to solve these problems.

Ultrasonic waves constitute one of the primary tools in concrete structural NDT&E applications [8,9].
Measuring velocity, amplitude, and nonlinearity of direct waves show promise for detecting thickness,
delamination, and damages [10]. However, the high heterogeneities contained in multi-composite
concrete cause strong multiple scattering behaviors during the propagation of ultrasonic waves. As a
result, the energy of direct waves is significantly attenuated and mostly transformed into long-lasting
waveforms arriving later in the record, which form the coda waves [11]. These features are well-known
to severely affect the performance of traditional direct wave-based techniques. Fortunately, previous
studies in the fields of optics, acoustic, and geophysics demonstrate that noise-like coda waves contain
detailed information about internal structures, and they are very sensitive to changes occurring in the
large volume of a medium [12–27]. This sensitivity is attributed to the fact that coda waves propagate
following complex trajectories not limited to the direct path between two sensors, and they may traverse
the regions of interest repeatedly. Thanks to these properties, coda waves have been successfully used
for several NDT&E applications, mostly on laboratory scales. Depending on practical applications,
these coda wave-based techniques can generally be separated into two categories: evaluation of global
structural health [16–20] and characterization of cracks [21–26]. The first category focuses on global
structure monitoring through the use of coda wave interferometry (CWI) [27] or diffusion equation [11]
to quantify coda signal changes. Then, with the help of a sensor network and further analysis, such as
Mahalanobis distance [18] and diffusivity [20], the location, type, and magnitude of changes can be
estimated up to a certain extent. The other category aims at identifying the locations, depths, and
numbers of cracks with a high degree of accuracy. Its general concept is to first calculate coda waveform
variations. An inversion procedure is then adopted to calculate the density of changes at each localized
position through inverse algorithms, such as maximum likelihood [23], sensitivity kernel [24–26], and
interpolation [21]. For additional details on the techniques, we refer the reader to the literature reviews
published in References [20,25].

This paper proposes a novel technique to locate the neutral axis in concrete using coda wave
measurements in a network of transducers. When applied to a 30-m T-beam subject to four-point
bending tests, the neutral axis in a large region are located within seconds using limited numbers of
fixed transducers placed at the surface. The localization results indicate global structural health and
locate multiple micro-cracks up to an applicable extent. Compared to current techniques, the main
advantages of this novel one includes: 1) coda wave reflects changes occurring in a large volume, and,
thus, their neutral axis locating results can indicate both surface and inner damages of concrete. 2) The
technique is straightforward and efficient so that the neutral axis in a large structure can be located

250



Sensors 2020, 20, 3895

within seconds by using limited numbers of fixed transducers. 3) Ultrasonic transducers will not be
damaged by significant changing states nearby, and they are reusable by simply gluing on surface
without drilling requirements.

In this paper, Section 2 describes the methodology and Section 3 introduces the materials and
equipment. The measurements and data processing are illustrated in Section 4. We present and discuss
the experimental and analysis results in Section 5. Then the paper is concluded in Section 6.

2. Methodology

2.1. Principle

Strain gauge benefits from its electrical resistance dependence on geometry of concrete to infer
stress changes. A changing stress state in concrete will slightly stretch or compress the internal
electrical conductor of gauges, and further increases or decreases the electrical resistance end-to-end.
Since concrete elasticity is relatively stable at low stress levels below serviceability, the stress changes
can be estimated from the electrical resistance measurements. However, the internal conductors may
encounter irreversible deformation beyond their elasticity limits if cracking or significant medium
changes appear nearby.

Neutral axis can be located with a minimum of two parallel gauges in a cross-section. Figure 1
illustrates two strain measurements with one at the top at and one at the bottom ab with distance h
between them. Assuming a linear strain distribution, the neutral axis height y is the intercept of the
strain diagram [6].

y =
abh

ab − at
+ b (1)

For three or more parallel gauge measurements, the location of the neutral axis can be determined
by simply averaging the positioning results from all available gauge pairs, or by finding the best fit
lines based on least-square and maximum-likelihood algorithms [28].

Since gauges can only measure the strain changes at positions where they are exactly placed.
Thus, their localization results of neutral axis will be inaccurate if any damages or non-linear variations
appear among the gauges. In addition, the results also cannot give any indication of inner damages.
On the contrary, coda waves propagate following complex multiple scattering trajectories that are not
limited to the direct path between two sensors, and they may traverse the regions of interest repeatedly
(see Figure 2). The unperturbed coda wave Eu(t, r) observed at a given position r is a sum of the partial
waves AX(r, t) from all the trajectories X in a medium.

Eu(t, r) =
∑

AX(t, r) (2)

When medium changes over time t, the dominant effect is a variation in the arrival time ΔtT
(or speed ΔvT) of each partial wave. The perturbed coda wave Ep(t, r) can be expressed by the
equation below.

Ep(t, r) =
∑

AX(t− tT, r) (3)

In a summary, coda wave has traveled a large volume for a long time so that small changes
anywhere in media result in a notable absolute time lag, which makes it ideal for NDT&E applications.
Figure 3 shows the great sensitivity of coda waves following a medium change as an example. The blue
curve represents the unperturbed wave, and the red curve represents the perturbed wave under a
small load. Coda waves at the late part of the signal (window 2) show obvious phase changes, whereas
the direct waveforms in the single scattering regime (window 1) are nearly invariable.
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Figure 1. A cross-section with two parallel gauges measures strains at the top at and at the bottom ab.
By assuming linear strain distributions, the neutral axis height y is found as the intercept of the strain
diagram at and ab.

 
Figure 2. Principle of ultrasonic transmission measurements and propagation paths for (a) a direct
wave and (b) a coda wave.

Figure 3. Ultrasonic wave measurements for the same geometry and sample without loads (unperturbed
wave) and subjected to a small load (perturbed wave). While the direct waveforms are nearly invariable,
coda waves at the late part of the signal show clear phase changes.

2.2. Coda Wave Interferometry

Code wave interferometry (CWI), which is a technique initially developed from seismology [29],
was recently extended to compare ultrasonic waveforms in concrete. It is based on computing the
degree of similarity of the unperturbed and perturbed coda waves [27].
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CC =

∫ T+Tw

T−Tw
Ep[t(1 + ε)]Eu(t)dt′√∫ T+Tw

T−Tw

{
Ep[t(1 + ε)]

}2
dt
∫ T

0 [Eu(t)]
2dt′

(4)

where
ε =

t
t
= −v

v
(5)

In this case, the cross-correlation CC is a function of the dilation rate ε. As shown in Figure 3,
the results of the velocity change Δv/v in coda waves can be considered as dilation in time (i.e.,
time change Δt/t). The ε value is determined by maximizing the CC, i.e., making the perturbed wave
in a chosen time window best resemble the associated unperturbed wave. T and Tw are the center time
and half width of the time window, respectively.

Interpreting the ε and CC results are able to distinguish different types of changes in concrete.
If stress changes exist by selecting appropriate ε values, the dilation effects between waveforms are
removed and CC values should be large. In this case, the compression or dilation of the perturbed
signal with negative or positive ε values indicates a decrease or increase of propagation velocity.
However, damages worked as extra scatters will cause waveform distortions. Consequently, CC should
be kept at low values no matter what ε value is selected.

Then to locate the neutral axis, lines connecting all available receiver pairs are used to determine
the coordinates corresponding to the stress invariant (i.e., ε = 0) through linear intercepts of ε diagrams.
This procedure looks similar to the strain intercepts illustrated by Equation (1). However, ε values
calculated from coda wave measurements carry information about changes and damages occurring in
a large volume of media. Thus, this method can locate the axis at positions without placing transducer
arrays, and the localization results are highly correlated with both surface and inner damages.

3. Materials and Equipment

3.1. Concrete T-Beam

The concrete T-beam weighing about 65 tons was removed from a bridge after being in service for
more than 15 years. It was made of typical materials of No. 40 concrete (40 MPa specified compressive
strength), reinforcements, and pre-stressed strands. The lifting was performed by two overhead cranes
on the truck, and then the T-beam was transported to a National Bridge Structure Safety Engineering
Lab, Beijing and installed on its supports.

The T-beam is 30 m in length and 1.6 m in height. Its widths at the top and bottom surfaces are 1.7
and 0.4 m, respectively. Figure 4 shows the detailed dimensions. During the service period, the T-beam
has experienced a large amount of mechanical loads, corrosions, and environmental effects, and it can
well represent plenty of in-service large concrete structures in the real world.

 

Figure 4. The front and right views of the concrete T-beam (unit: cm).
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3.2. Ultrasonic Transducers

The ultrasonic transducer RS-2A designed by Softland Times Scientific & Technology Co. Ltd.
has broadband working frequency of 60∼400 kHz. It is 15 mm in thickness and 18.8 mm in diameter.
As shown in Figure 5, a total of 14 RS-2A transducers were glued on the east web near the center
line using the coupling medium of high vacuum silicone grease. During the experiment, this region
was checked carefully and no cracks appeared, whereas the opposite west face contained several
pre-existing cracks. The sizes of these cracks were measured by optical observations with a microscope
and a simple rule, and their widths were on the order of a millimeter. Experimental results described in
Section 5 will show that these micro-cracks are detected and located even though no transducers were
placed at the west face. In this case, six transducers S1∼S6 working as sources were placed horizontally
at 90 cm height, and the distance between two adjacent sources is 60 cm. Eight transducers served as
receivers were positioned along two parallel lines: R1∼R4 and R5∼R8 were placed in grids at 60 cm and
113 cm heights, respectively. We note that there is no need for perfect regular spacing, and operators
can place receivers at their own convenience.

Figure 5. Schematic layout of the transducers and gauges networks (unit: cm).

In addition, 10 strain gauges G1∼G10 were installed along two vertical lines at the heights of 55,
75, 95, 115, and 130 cm. Additionally, the concrete elasticity modulus are estimated to be 32,500 MPa.

3.3. Excitation and Measurement Equipment

A high power ultrasonic system RITEC SNAP 5000 was connected to each source to successively
emit the identical excitation impulse. The response signals detected by each receiver were first amplified
by a Smart AE amplifier, and then collected with a customer-made NI PXI-1000 Data Analyzer that
can measure up to eight channels simultaneously. Each source-receiver pair has an independent time
trigger and counter to accurately record the excitation and observation time. Furthermore, strain gauge
observations were performed with a DH3821 multi-channel static strain test and analysis system.

4. Acoustical Measurements

4.1. Measurement Procedure

Figure 6 shows the four-point bending test conducted on the T-beam. Two hydraulic jacks were
placed symmetrically close to the mid-span, and the distance between them is 450 cm. The loads of
each jack were increased from 0 to 50 kN with a fixed step of 10 kN.
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Figure 6. Photographs of (a) four bending test, (b) transducer and gauge networks, and (c) excitation
and measurement equipment.

The excitation ultrasonic impulse was selected at 150 kHz with 300 Vpp excitation voltages.
Higher frequencies corresponding to shorter waves are more sensitive to weak changes in media but
will enhance wave energy attenuations due to scattering and dissipation effects [11]. The frequency
chosen at 150 kHz is a trade-off result between the detection capability and sensitivity based on
several trials, and this value is consistent with the typical frequencies used to generate coda waves
in concrete [11,15]. Furthermore, using single-frequency impulses, as opposed to transient bursts,
can simplify the data processing and increase the transmission range. The sampling frequency was set
at 2.5 MHz frequency that conforms to the Nyquist sampling theorem.

At each loading step, successive excitations-acquisitions of wave signals were made for all
available source-receiver pairs. Specifically, for each measurement, only one source was activated to
generate the impulse every 6 milliseconds, and all the receivers continuously measured the response
signals. In order to increase signal-to-noise ratios (SNR), the excitation was reproduced 50 times and
the measurements were recorded consecutively within 0.3 s. Then, this source was turned off and
the next source was switched on to emit the identical impulses 50 times, and the measurements were
repeated for all the receivers. Thus, each loading step includes 48 measurements corresponding to
6 × 8 source-receiver pairs and each measurement contained 50 full coda waveforms. Since the signals
are observed in an extremely short time, the environmental conditions can be treated as constants.
As a result, the waveforms within each cycle have an extremely high degree of similarity, and their
correlation values generally are greater than 0.998.

4.2. Data Processing

The data processing is straightforward without any requirement of frequency filtering and
time-window selection. For each source-receiver pair, 50 cycles of measurements within 0.3 s at each
loading step are averaged. Then, the average full waveform at 0 kN load is used as the reference
(i.e., unperturbed waveform) to quantify the waveform variations at another loading step (i.e., perturbed
waveform) through Equation (4). In this case, directly using the full waveforms instead of a specific
part not only simplifies the data processing but also proves the generality of the proposed technique.

Figure 7 shows the average waveforms corresponding to the S1-R1 and S1-R8 pair measurements
at 0 kN and 20 kN loads. Similar to Figure 3, a part of the waveforms is enlarged to denote the details of
their variations caused by the load. For the S1-R1 pair, the time compression is found in the waveform
at 20 kN relative to its reference waveform, which implies compression forces play a major role in this
region. In contrast, the clear time dilation is observed in the S1-R8 waveforms indicating tension effects.
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Figure 7. The averaged waveforms at 0 kN and 20 kN loads collected with: (a) the S1-R1 pair and
(b) the S1-R8 pair.

5. Results and Discussions

In Section 5.1, the stress changing status from structural analysis as well as strain gauge and
coda wave measurements are evaluated. In Section 5.2, the neutral axis locations determined by coda
wave observations are presented to evaluate the global structural health. The associated results from
structural analysis and gauge measurements are also presented for comparison. In Section 5.3, the coda
wave-based localization results are further analyzed to indicate the crack positions.

5.1. Evaluation of Stress Changes

Figure 8 shows the structural analysis values of the stress changes at the receivers R1∼R8 positions.
A finite element model was established to obtain the results where a linear elastic stress-strain
relationship was adopted for the analysis. The modeling results also agree well with the results
calculated with the classic stress-bending moment equation. For R1∼R4 placed in the upper portion of
the T-beam, their locations experience the changing compressive stresses that increase linearly with the
loads. On the other hand, the changing tensile stresses, appearing at the R5∼R8 positions of the lower
portion, also linearly increase as the loads increase.

The stress changing values measured with the G1∼G10 strain gauges are illustrated in Figure 9,
which are in basic agreement with the analysis results. For the G1, G2, G9, and G10 gauges placed in
the lower portion, their stress changes decrease almost linearly as the loads increase. At the same time,
the stress changes at the G4∼G7 positions increase. The stress changes at the G3 and G8 positions are
close to 0, which implies the neutral axis is located near them.

Figure 10 presents the ε calculation values corresponding to the source S1 excitation. They show
the same trend with the analysis results depicted in Figure 8, i.e., the ε values of R1∼R4 and R5∼R8
increase and decrease approximately linearly with the loads. These results prove that ε values (i.e., coda
waveforms) can well recognize compression and tension stress changes in concrete. The ε results from
the source S2∼S6 excitations are also in accord with this trend, and they are not shown in this case for
the sake of simplicity.
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Figure 8. The structural analysis results of the stress changes at the R1∼R8 positions.

Figure 9. The values of stress changes measured by the strain gauge G1∼G10.

 
Figure 10. The ε values corresponding to the source S1 excitation and receivers R1∼R8 measurements.

5.2. Localization of the Neutral Axis

Based on the elastic beam theory, the neutral axis position corresponds to the reinforcements,
pre-stresses strands, and concrete composite. It could be located by transforming the steel area in
uncracked concrete into an equivalent concrete area [30]. Note that the concept of neutral axis in this
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paper refers to zero stress/strain change under applied load, which is not the absolute zero stress/strain
location. The structural analysis shows the neutral axis in intact cross-section is located at the height
of 100 cm from the bottom. When the cracks are fully developed in the tension zone and concrete
completely lose its ability to resist tension forces, the neutral axis will move up to the height of 152.3 cm.
As shown in Figure 11, the theory height of the neutral axis between the intact and fully cracked
conditions range from 100 to 152.2 cm.

 
Figure 11. Reinforcements and pre-stressed strands in the cross section at the midspan (unit: cm).

Then, for all available transducers at the upper (R1∼R4) and lower (R5∼R8) portions of the T-beam,
lines connecting them are utilized to locate the coordinates of the stress invariant (ε = 0) through the
linear intercepts of the ε diagrams. There are 4 × 4 receiver pairs for each of six source excitations,
which implies 96 coordinates of the neutral axis locations can be determined at each loading step.
Figures 12a and 13a illustrate their location distributions and the mean heights under different loads
where the localization results from gauge measurements and structural analysis are also denoted.

 
Figure 12. All the neutral axis locations determined by ultrasonic transducers, gauge gauges, and
structural analysis. (a) The neutral axis locations at 20 kN; (b). The neutral axis locations at 30 kN;
(c) the neutral axis locations at 40 kN, and (d). The neutral axis locations at 50 kN.

As illustrated in Figure 12, 10 strain gauges only estimate the neutral axis heights at two cross
sections along the x-axis, whereas the localization results determined by 14 ultrasonic transducers
almost cover the entire cross section. In Figures 12a and 13a, there are two main differences among
analysis and measurement results: (1) at the starting state (Figure 12a), the mean heights determined by
gauge and wave measurements and are similar, but they are smaller than the analysis values. (2) The
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gauge-determined heights in Figures 12a and 13a are always below the analysis results, and their
mean heights slightly decrease as loads increase. However, the coda wave-determined heights vary
around the analysis results along the x-axis, and their mean values increase linearly with loads. These
phenomena are explained and discussed below.

 
Figure 13. (a) The mean heights of neutral axis determined by transducers, gauges, and analysis, and
(b) the neutral axis heights corresponding to each source excitation.

In the region where the gauges are placed (i.e., the east face in Figure 5), there are no cracks
existing and appearing during the experiments. However, the opposite west web contains several
pre-existing micro-cracks, i.e., the whole structure is not completely healthy. According to linear
theory and structural analysis, the neutral axis location moves up if the T-beam loses any part of
its stiffness by cracking. The neutral axis locations determined by coda waves are obeying the
laws, whereas the localization results from gauge measurements show the “move down” behavior,
which is incorrect. This problematic phenomenon is also found in some other gauge observations
in literature [4,6]. In multi-composite concrete, the issues of load redistribution, nonlinear thermal
gradients, damages, corrosions, strain concentrations, and de-planation may contribute to non-uniform
stretching behaviors at certain places. Since gauges only have detection capabilities at positions where
they are exactly placed, their localization results only reflect the changes occurring in very limited
areas of the undamaged surface. On the contrary, coda waves have traveled large volumes for a long
transit time so that their neutral axis locations can indicate the global structural conditions not only
limited to their installation positions.

5.3. Localization of Micro-Cracks

The mean heights of neutral axis determined by all available transducers evaluate global structural
health. Further analysis with transducer networks, e.g., evaluate localization results from different
source-receiver pairs, can locate inner micro-cracks up to a certain extent. Figure 13b shows an example
of the mean heights under varied loads corresponding to each source excitation. The S1, S2, and S5
heights keep lower than the analysis value, whereas the S3 and S4 heights are always higher than the
analysis value. All of their heights are varied in a limited range of 1∼3 cm as loads increase. Thus,
the region between S3 and S4, either at the surface or inside concrete, contains damages. Additionally,
the damages are not significantly worsened during the loading procedure. Furthermore, the S6 heights
increase linearly as loads, and its height at 50 kN exceeded the associated S3∼S4 heights, which indicates
that the outer part of the S6 position experiences the cracking effect during the loading procedure.
These predictions are very consistent with our observations presented in Figure 5. In particular,
the ultrasonic transducers are placed at the T-beam’s east face without cracks, but, at the opposite west
web, one crack (crack 1) exists in the region between the S3∼S4 locations and two cracks (cracks 2 and
3 at the bottom) near S6 gradually get bigger under loading.

The localization results of neutral axis by a network of transducers indicate rough positions
of multiple micro-cracks. More transducers and closer placement as well as analysis of different
source-receiver pairs (i.e., sensor network) can lead to higher resolution. In a recent study, several
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other coda wave-based techniques such as maximum likelihood [23] and diffusion imaging [24–26]
are developed for precise localization of cracks. Integrating them with this proposed technique will
be an important task of our future work. Currently, an automatic detection system based on these
techniques is being developed to simultaneously real-time monitor structural health and pinpoints
crack positions.

6. Conclusions and Future Work

This paper describes an original technique to locate the neutral axis of large concrete structures
by using coda wave measurements in a network of transducers. The applicability of the technique is
demonstrated by monitoring a 30-m pre-stressed T-beam subjected to four-point bending tests causing
stress changes. The experimental results show that this technique can locate the neutral axis at certain
places without having to place transducer exactly there, and it is very efficient. Therefore, a neutral axis
in a large region can be located in seconds with limited numbers of fixed transducers. The localization
results indicate global structural health under varied loads as well as detect and locate multiple inner
micro-cracks up to an acceptable extent.

In the real world, concrete structures are continuously subject to mechanical, chemical, and
environmental effects that degrade their structural integrity. The neutral axis tied to material and
geometry is directly correlated with the centroid of stiffness of a structure. This novel technique has the
advantages of great efficiency, high sensitivity, easy operation, and low cost in neutral axis localizations.
Implementation of it on in-service structures might promote novel NDT&E technology development
for structural health monitoring and infrastructure asset management.
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Abstract: Principal component analysis (PCA)-based method is popular for detecting the damage
of bridges under varying environmental temperatures. However, this method deletes some
information when the damage features are projected in the direction of nonprincipal components;
thus, the effectiveness of PCA-based methods will decrease if the deleted information is related to
bridge damage. To address this issue, a hybrid method is proposed to detect the damage of bridges
under environmental temperature changes. On one side, the PCA-based method is applied to deal
with the nonprincipal components; on the other side, the Gaussian mixture method (GMM) is used to
classify all the principal components into different clusters, and then the novel detection method is
implemented to detect bridge damage for each cluster. In this way, all the damage feature information
is saved and used to detect bridge damage. The numerical example and example of an actual bridge
show that the proposed hybrid method is effective in detecting bridge damage under environmental
temperature changes. The GMM is effective for classifying the natural monitoring frequency data
of actual bridges, and the relationship between the natural frequencies of actual bridges and the
environmental temperature is not always linear.

Keywords: damage detection; bridges; time-varying temperature; principal component analysis;
Gaussian mixture method

1. Introduction

Using the advanced sensing technique, structural health monitoring (SHM) technique can diagnose
the structural damage and assess the structural safety of bridges by using the different types of structural
response [1–4]. The core mission of SHM is to detect potential damage of bridges; thus, some methods
for damage detection have been proposed [5–8], and among them, vibration-based approaches have
shown excellent potential. Bridges inevitably suffer from the actions caused by varying environmental
temperatures; furthermore, the abovementioned actions may mask the changes in damage features—e.g.,
the natural frequencies of bridges—caused by structural damage. Sohn et al. found out that the natural
frequencies of the Alamosa Canyon Bridge changed about 6 percent per day with the variation of
environmental temperature [9]. Farrar et al. investigated the change of the natural frequencies of the
I-40 Bridge, the results showed that the serious artificial damage occurred in this bridge only caused little
change of the natural frequencies [10]. The similar research results were obtained in references [11,12],
and the results showed that the changing of natural frequencies caused by the structural damage of
the Z24 Bridge in Switzerland was less than the variation of the natural frequencies induced by the
environmental temperature changes. Therefore, some vibration-based methods, especially data-driven
methods, focus on mitigating the influence of environmental temperatures on the results of damage
detection for bridges.
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One type of data-driven algorithm [13–17] focuses on establishing the relationship between the
environmental temperature and damage features first, and then the generated model is applied to
eliminate the effects of the environmental temperature. Additionally, the relationship between the
environmental temperature and damage features of bridges is not always close to linear. Although
some metamodel-based methods [18–22] is investigated to establish the abovementioned relationship,
it is difficult to obtain an accurate relationship model, which may decrease the sensitivity of the method
for structural damage assessment. Another type of data-driven diagnostic algorithms [23–25] do not
require environmental temperature data at all, and the effects of environmental temperature on damage
features are described as latent variables during the entire process of damage detection.

Among these methods, PCA [26] is widely adopted for detecting the damage of structures by
using the data obtained from SHM system. With the orthogonal decomposition technique, PCA is
proper to establish the baseline statistical model (pattern) using the measured data of structures
under the healthy condition, and then the damaged condition of structure could be detected by
utilizing the pattern recognition techniques [27,28]. Using this idea, PCA has been applied to detect
the nonlinearity effects of structural integrity of an offshore structure [29], diagnose the abnormal
condition of composite structures [30], and monitor the stress conditions of cylindrical specimens using
PZTs [31]. Additionally, PCA only needs the simple calculation process, so it also has been adopted for
detecting the damage of structures under the environmental temperature changes. Koo et al. proposed
a temperature-free damage index based on PCA [32] by using the impedance information of structures.
Bellino et al. verified that PCA is effective to detect the damage of both the linear time-invariant
systems and the linear time-varying system [33]. Giraldo et al. proposed a method to localize the
damage in the structure regardless of the environmental conditions [34]. Reynders et al. proposed
kernel PCA based method to eliminate environmental influence for damage detection of structures [35].
Zhu et al. presented a temperature-driven moving PCA method to separate the thermal-induced
response and detect the abnormal condition of structures [36].

The method proposed by Yan et al. [37,38] is a representative and effective PCA-based method to
mitigate the influence of environmental temperatures on the results of damage detection of structures.
The basic concept of this PCA-based method is to generate the covariance matrix of damage features
first, and then all the damage features are projected in the direction of the nonprincipal component
of the abovementioned covariance matrix. All these projected damage features are believed to be
uncorrelated with the effects of environmental temperature variations because the direction of the
principal component represents the influence of the environmental temperature. Next, the novelty
detection [39,40] is applied to detect bridge damage by using the projected damage features. As described
above, with the PCA-based method, some information is removed when the damage features are
projected in the direction of nonprincipal components. If this deleted information is related to bridge
damage, the effectiveness of the PCA-based method will weaken. Similar conclusions were also
found in [41].

To overcome the abovementioned issue, a hybrid method which combines the PCA-based
method and Gaussian mixture method (GMM) [42,43] is proposed in this study. GMM is a density
model comprising a number of Gaussian distribution components, so GMM also is a method for
the cluster analysis. PCA combined with GMM has been carried out for several fields such as
speaker identification [44,45], tracing of moving objects [46], process monitoring of industry chemical
processes [47], flood damage detection [48], fault diagnosis [49], etc. In this study, the combination
between PCA and GMM is being applied for the first time to detect the damage of bridges under
changing environmental temperature. With the proposed hybrid method, all the damage features
are simultaneously projected in the direction of the principal components and the direction of the
nonprincipal components. The PCA-based method is applied to address the nonprincipal components.
For the damage features projected in the direction of the principal components, the GMM is utilized
to classify all the projected damage features into different clusters. For each cluster, all the projected
damage features satisfy the Gaussian probability distribution; thus, the novelty detection based on
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Gaussian probability distribution is implemented to detect bridge damage. Using this approach, all the
damage feature information is saved and used to detect the damage of bridges.

In this context, the layout of this paper is as follows. In Section 2, the details of the proposed hybrid
method are described. A numerical example is used to compare the damage detection performance of
the PCA-based method and the proposed hybrid method in Section 3. In the next section, the natural
frequency data collected for an actual bridge are utilized to verify the effectiveness of the proposed
method. Finally, the conclusions are drawn.

2. Hybrid Method for Damage Detection of Bridges under Environmental Temperature Changes

In this section, the PCA based method is briefly reviewed, and then the issue of weakening
the effectiveness of this method for detecting damage of bridges is proposed. To address this issue,
the novelty detection method combined with GMM cluster analysis is presented to address the main
components of damage features, which are introduced in detail. Finally, the procedure of the proposed
hybrid method is described.

2.1. Discussion of the Effectiveness of the PCA-Based Method for Damage Detection of Bridges

Different response information for a structure can be used to establish damage features and
detect the damage of bridges. For convenient description, the natural frequency monitoring data for a
bridge are adopted to establish the damage features in this study. Assuming that n modes of natural
frequencies are observed for a bridge, the matrix of natural frequency monitoring data, i.e., the damage
feature matrix, is generated as

f= [f1, f2, · · · , fv, · · · , fm

]
n×m

(v = 1, 2, · · · , m), (1)

where fv =
{
fv1, fv2, · · · , fvi, · · · , fvn

}T(i = 1, 2, · · · , n) is the vector of natural frequencies at the vth
sampling time and m is the total number of monitoring samples. According to statistical theory,
the sample mean and covariance of f are defined as the following vector and matrix, respectively

-
f =

{
E(f)

}
=

1
m

m∑
v=1

fv, (2)

Σ =
1
m

m∑
v=1

(
fv −

–
f
)(

fv −
–
f
)T

, (3)

with Equation (3), the covariance matrix of f is obtained by using the natural frequency monitoring
data. The above generated covariance matrix can be divided into three parts by using the technique of
singular value decomposition (SVD). The decomposition of the covariance matrix is carried out as

Σ = USVT, (4)

where S is the singular value matrix, which is a diagonal matrix, and U and V are the singular vector
matrices. The singular value matrix is defined as

S =

[
S1 0
0 S2

]
S1= diag

(
s1, s2, · · · , sr

)
S2= diag

(
sr+1, sr+2, · · · , sn

) (5)

where diag(·) represents the diagonal matrix and sr is the rth normalized singular value. All the
singular values are arranged in descending order.
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For the PCA-based method, the larger a singular value is, the more information the component
possesses; thus, the singular values are applied to determine the principal components and
nonprincipal components. As described in Equation (5), the matrices S1 and S2 represent the
singular values corresponding to the principal components and nonprincipal components, respectively.
Correspondingly, the singular vector matrix U is divided into two parts as

U= [ U1 U2
]
, (6)

where U1 consists of the first r column vectors of matrix U and U2 is composed of the last n− r column
vectors of matrix U.

For convenient description, an example with two-dimensional damage features is used to express
the basic concept of the PCA-based method. As shown in Figure 1, each sample point is obtained by
using two damage features, f1 and f2, and it is obvious that there are two directions among all the
damage features. The direction of the principal components represents the main trend of the damage
features, and for a healthy bridge, this trend is determined by the effects of environmental factors such as
the environmental temperature. Conversely, the direction of the nonprincipal components is orthogonal
to the direction of influence of the environmental temperature, so all the damage features are projected
in this direction to alleviate the effect of the environmental temperature. Specifically, the damage
features projected in the direction of nonprincipal component θ2 are obtained by the equation

θ2 = UT
2 f, (7)

Figure 1. Schematic diagram of the PCA-based method with a two-dimensional example.

After obtaining θ2, the probability distribution of θ2 for a healthy bridge state is generated
by statistical analysis. With the generated statistical characteristics of the probability distribution,
the Mahalanobis distance is applied to calculate the discriminant metrics of θ2, and then the threshold
is established by using all the discriminant metrics. When the damage features of the state to be
diagnosed are obtained, with Equation (7), the damage features are projected in the direction of the
nonprincipal components generated using the monitoring data in the healthy state, which are defined
as θ∗2. The discriminant metric of θ∗2 is calculated in the same way as θ2. If the values of a discriminant
metric is larger than the established threshold, the bridge is considered to be damaged.

With the abovementioned approach, the PCA-based method is commonly applied to mitigate the
influence of fluctuating environmental temperatures on the results of damage detection of bridges.
The key of the PCA-based method is to utilize the information projected in the direction of the
nonprincipal components, i.e., θ2 and θ∗2, and all this information is believed to be uncorrelated with
the effects of varying environmental temperatures and mainly measurement noise. When structural
damage occurs to a bridge, θ∗2 includes some structural damage that does not satisfy the probability
distribution of θ2, so the damage will be detected successfully.
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For the healthy state of bridge, the damage features projected in the direction of principal
component θ1 are obtained by the equation

θ1 = UT
1 f, (8)

Similarly, for the state to be detected for damage, the damage features projected in the direction of the
principal components θ∗1 can be obtained. In theory, when damage occurs to a bridge, the information
related to damage should be included in all the components of the damage features, i.e., θ∗1 and θ∗2.
When θ∗2 includes the information related to structural damage, the PCA-based method works well
for detecting bridge damage under varying environmental temperatures if the difference between
θ2 and θ∗2 caused by damage is larger than the effects of measured noise included in θ2. When θ∗2
does not have any information related to structural damage, the PCA-based method cannot detect the
structural damage, regardless of how serious the bridge damage is. Unfortunately, we cannot know in
advance when and where the structural damage will occur; thus, it cannot be assured that θ∗2 includes
information related to the structural damage. Accordingly, the PCA-based method may weaken the
effectiveness of bridge damage detection in some cases. To address this issue, we proposed a hybrid
method to simultaneously use all the information included in θ∗1 and θ∗2. The PCA-based method
is utilized to deal with the nonprincipal component information, and the novel detection method
combined with GMM cluster analysis is applied to deal with principal component information. In this
way, all the information related to structural damage is saved and used to detect bridge damage.

2.2. Classification of the Damage Features Projected in the Direction of Principal Components Using GMM

As discussed in the above section, the Mahalanobis distance based on a Gaussian probability
distribution is applied to calculate the discriminant metrics of θ2; however, for the damage features
projected in the direction of principal component θ1, a Gaussian probability distribution is not valid
because the environmental temperature is nonstationary. To address this issue, the GMM is used
to classify θ1 into several clusters, and for each cluster, the components of θ1 satisfy the Gaussian
probability distribution. Therefore, the novel detection approach based on the Mahalanobis distance is
implemented for every cluster.

After obtaining θ1, combined with the environmental temperature monitoring data, the following
matrix is defined as

Ξ =
[
T, [θ1]

T
]
m×(r+1)

T = {T1, T2, · · · , Tm}T
θ1= [θ11,θ12, · · · ,θ1g · · · ,θ1r

]T
, (g = 1, 2, · · · , r)

(9)

where the vectorθ1g consists of m terms, e.g.,
{
θ1g,1,θ1g,2, · · · ,θ1g,m

}
, and T represents the environmental

temperature monitoring data. Ξ is sampled from a (r + 1) dimensional continuous random
distribution, and the density of the abovementioned probability distribution F(Ξ) is estimated
by the following equation.

F(Ξv) =
α∑
β=1

τβΦβ
(
Ξv
∣∣∣μβ,σβ), (10)

where α represents the total number of clusters; τβ is the mixing proportion of the βth cluster (
∑
τβ = 1).

Φβ
(
Ξv
∣∣∣μβ,σβ) is the multivariable Gaussian density for the βth cluster with mean μβ and covariance

σβ, which is defined as

Φβ
(
Ξv
∣∣∣μβ,σβ) = 1√

(2π)r+1∣∣∣σβ∣∣∣ exp
[
−1

2

[
Ξv − μβ

][
σβ
]−1[

Ξv − μβ
]T]

, (11)
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Expectation maximization (EM) algorithm is a common way to estimate the parameters defined in
Equations (10) and (11) by using the following two steps.

For the first step, the following posteriori probability is obtained by given τβ, μβ, and σβ of the
βth cluster

γξβ =
τβΦβ

(
Ξv
∣∣∣μβ,σβ)

α∑
β=1
τβΦβ

(
Ξv
∣∣∣μβ,σβ) , (ξ = 1, 2, · · · ,ϑ), (12)

where γξβ is the posteriori probability; ϑ is the total number of samples for the βth cluster.
For the second step, after obtained γξβ, the new values of τβ, μβ, and σβ can be calculated by

the equations

τβ =
Φβ
ϑ

, (13)

μβ =
1

Φβ

ϑ∑
ξ=1

γξβΞv, (14)

σβ =
ϑ∑
ξ=1

γξβ
[
Ξv − μβ

][
Ξv − μβ

]T
, (15)

If we assume that all the elements of θ1 defined in Equation (9) are independent of each other,
repeating the abovementioned two steps, the log-likelihood estimation is utilized to estimate the
parameters τ, μ, and σ by maximizing the following objective function.

ς(τ,μ,σ) = ln

⎛⎜⎜⎜⎜⎜⎝ m∏
v=1

F(Θϑ)

⎞⎟⎟⎟⎟⎟⎠ = m∑
v=1

ln

⎛⎜⎜⎜⎜⎜⎜⎝ α∑
β=1

τβΦβ
(
Ξv
∣∣∣μβ,σβ)

⎞⎟⎟⎟⎟⎟⎟⎠, (16)

With the GMM described above, the damage features projected in the direction of principal
components are separated into different clusters. Under each cluster, all the projected damage features
satisfy the Gaussian probability distribution. Therefore, the novel detection method based on the
Mahalanobis distance can be applied to detect bridge damage.

2.3. Procedure of the Proposed Hybrid Method

Following the contents described in the previous two sections, all the damage features are projected
in the direction of principal components and the direction of nonprincipal components. For the healthy
state of bridge, the residuals of the projected damage features are defined as

γh1 =
{
γh1,1,γh1,2, · · · ,γh1,β, · · · ,γh1, α

}
γh1,β = θh1,β −

–
θh1,β

(17)

γh2 = θh2 −
–
θh2, (18)

where θh1 and θh2 represent the projected damage features θ1 and θ2 under the healthy state of bridge,
respectively; γh1 and γh2 are the residuals of the projected damage features θh1 and θh2, respectively;

the subscript h represents the healthy state of bridge;
–
θh1,β is the mean value of θh1,β; and

–
θh2 is

the mean value of θh2. Using Equation (3), the covariance values of γh1 and γh2 can be obtained,
and with the Mahalanobis distance, the discriminant metrics of residuals are calculated with the
following equations.

ηh1 =
{
ηh1,1,ηh1,2, · · · ,ηh1,β, · · · ,ηh1,α

}
ηh1,β =

√
Diag(

[
γh1,β

]T[
¶h1,β

]−1[
γh1,β

]) (19)
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ηh2 =
√

Diag([γh2]
T[¶h2]

−1[γh2]
)
, (20)

where ηh1 and ηh2 are the discriminant metrics of γh1 and γh2, respectively; ¶h1,β is the covariance
matrix of θh1,β; ¶h2 is the covariance matrix of θh2; and Diag(·) represents the operator used to generate
the vector based on the diagonal elements of the matrix.

Under the healthy state of the bridge, the threshold values of discriminant metrics are defined as

ρ1 =
{
ρh1,1,ρh1,2, · · · ,ρh1,β, · · · ,ρh1,α

}
ρh1,β = ηh1,β

∣∣∣
0.95

(21)

ρ2 = ηh2

∣∣∣
0.95, (22)

where ·| 0.95 is the calculation operator used to obtain the median of the 95% confidence level of the
probability distribution of the discriminant metrics.

Under the state to be diagnosed for damage, using the same process as described above,
the residuals of the projected damage features are defined as

γd1 =
{
γd1,1,γd1,2, · · · ,γd1,β, · · · ,γd1,α

}
γd1,β = θd1,β −

–
θh1,β

(23)

γd2 = θd2 −
–
θh2, (24)

where θd1 and θd2 represent the projected damage features θ1 and θ2 under the state to be detected
for damage of bridge, respectively; γd1 and γd2 are the residuals of the projected damage features
θd1 and θd2, respectively; and the subscript d represents the state to be diagnosed for damage of
bridge. Similar to Equations (19) and (20), the discriminant metrics of residuals are calculated by the
following equations.

ηd1 =
{
ηd1,1,ηd1,2, · · · ,ηd1,β, · · · ,ηd1,α

}
ηd1,β =

√
Diag(

[
γd1,β

]T[
¶h1,β

]−1[
γd1,β

]) (25)

ηd2 =
√

Diag([γd2]
T[¶h2]

−1[γd2]
)
, (26)

where ηd1 and ηd2 are the discriminant metrics of γd1 and γd2, respectively.
Assuming the total number of monitoring data samples under the state to be diagnosed is l,

ηd1 and ηd2 are vectors consisting of l elements, e.g., ηd2 is described as

ηd2 =
{
η1

d2, η2
d2, · · · , ηp

d2, · · · , ηl
d2

}
(p = 1, 2, · · · , l), (27)

Then, the discriminant factor is defined as⎧⎪⎪⎨⎪⎪⎩ z = 1
(
ηd1,β ≥ ρ1

)
or

(
η

p
d2 ≥ ρ2

)
z = 0

(
ηd1,β < ρ1

)
&
(
η

p
d2 < ρ2

) , (28)

where η j
d2 is the jth element of ηd2, i.e.,

{
η1

d2, η2
d2, · · · , η j

d2, · · · , ηl
d2

}
1×l

. If the value of z is equal to one,
the results obtained with the monitoring data are abnormal at this moment; if the value of z is equal to
zero, the results obtained with the monitoring data are normal.

In theory, when structural damage to bridges occurs, abnormal results will be identified by
using the proposed method. If the abnormal results calculated by Equation (28) are obtained at some
measurement times, the occurrence of structural damage is not guaranteed. When damage occurs to
bridges, e.g., the generation of concrete cracks, structural damage is generally not self-healing, and the
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extent of damage increases over time. Therefore, abnormal results should be treated as a trend change.
Based on this point, the cumulative damage index is defined in this study, and it is described as

qd =
l∑

p=1

zp, (29)

where zp, as described in Equation (28), is a sample of a Bernoulli trial with a given success rate PR
and qd is the cumulative damage index. As shown in Equation (29), the cumulative damage index
follows a binomial probability distribution. Therefore, the inverse cumulative distribution function of
the binomial distribution can be used to determine the cumulative threshold for damage detection of
bridge, which is defined as

Pr =

Q∑
p=0

l!
p! · (l− p)!

PRp(1− PR)l−p, (30)

where P is the probability that there are Q successes in l trials based on the given success rate PR,
such as 0.95. The value Q is the threshold for the damage decision. If the value of the cumulative
damage index qd is larger than the value of Q, the bridge is believed to be in a damage state, and vice
versa. The entire procedure of the proposed hybrid method is shown in Figure 2.
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projected damage features
under different cluster by
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Classifying all the
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(9) to Eq. (16)
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Figure 2. Diagram of the proposed hybrid method for detecting the damage of bridges.
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3. Numerical Example

3.1. Description of the Numerical Bridge-Like Model

The bridge-like structure introduced by Yan et al. [37] is depicted in Figure 3; this structure has three
spans and is discretized with 32 equal-size beam elements. The modules of elasticity of the materials
are temperature dependent according to Figure 4, as in [37]. The first six modes of natural frequencies
are used to form the damage features. The values of these frequencies are contaminated with Gaussian
noise with a standard deviation equal to 5% of the frequency of interest. In this study, to make the
simulated variation of air temperature close to the real condition, the annual air temperature changing
and the daily air temperature fluctuation are simultaneously considered during the simulation process.
The annual air temperature variation is simulated by extending the changing trend of environmental
temperature monitoring data which are described in Section 4. The changing range of simulated air
temperature is also similar to the results of measured data. The daily air temperature fluctuation is
simulated by considering the daily temperature difference and the daily temperature changing trend.
The daily temperature difference is defined as 10 ◦C, and the daily temperature changing trend is
simulated by using the sinusoidal function, which simulates the temperature changing from 6:00 a.m.
to 6:00 a.m. the next day. The simulated environmental temperature is shown in Figure 5. The changes
in the first six modes of the natural frequencies are shown in Figures 6 and 7. As shown in these figures,
the correlation between natural frequencies and the environmental temperature is obvious. We use
this example to compare the damage detection performance of the proposed hybrid method with that
of the PCA-based method.

Figure 3. Simulated bridge-like structure.

 
(a) (b) 

Figure 4. Modulus of elasticity as a function of temperature: (a) concrete; (b) steel.
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Figure 5. Simulated temperature variations.

Figure 6. Changes in the natural frequencies (mode 1 to mode 3).

Figure 7. Changes in the natural frequencies (mode 4 to mode 6).

3.2. Comparison of the Performance Levels of the PCA-Based Method and the Proposed Hybrid Method

Using the data for the first six modes of the natural frequencies of this bridge-like structure,
the singular values of the covariance matrix described in Equation (3) are obtained by using singular
value decomposition. As shown in Figure 8, it is obvious that there is only one principal component.
With the GMM, the results of the cluster analysis are obtained, as shown in Figure 9. All the natural
frequency data shown in Figures 6 and 7 are applied to generate the healthy state model of this
bridge-like structure, i.e., to generate θ1 and θ2. Additionally, other data (each mode of a frequency
is simulated for 720 samples) are simulated for different cases to compare the damage detection
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performance of the PCA-based method with that of the proposed hybrid method. A total of three cases
are considered, as described in Table 1.

Figure 8. Singular values for determining the principal components.

 

(a) (b) 

Figure 9. Results of principal component classification by using the GMM. (a) two-dimensional results,
(b) three-dimensional results.

Table 1. Descriptions of all cases for the numerical example.

Case Number Description of Case

Case 1 Healthy structure
Case 2 Damaged structure with 20% reduction in stiffness at element 17
Case 3 Damaged structure with 20% reduction in stiffness at element 7

As shown in Figure 10, for the healthy case, both the PCA-based method and the proposed hybrid
method make the correct decision because all the values of the cumulative damage index are lower
than the threshold. For case 2, it is obvious that the values of the cumulative damage index are larger
than the threshold at the first sampling point for both methods. Case 2 is similar with the damage
case described in [37], and the result of PCA-based method, shown in Figure 11, is similar with the
result obtained by [37]. Notably, both methods can effectively detect structural damage. However,
the PCA-based method is more sensitive to the damage that occurred at element 17 than is the hybrid
method. Moreover, in case 3, the PCA-based method cannot detect the damage that occurred at element
7. In this case, most of the information related to the damage that occurred at element 7 should exist in
the principal component θ1, and this information is deleted by the PCA-based method. For the hybrid
method, no information related to damage at element 7 is deleted; thus, the hybrid method can work
well for case 3, shown as Figure 12.
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Figure 10. Comparison of the results of damage detection (case 1).

Figure 11. Comparison of the results of damage detection (case 2).

Figure 12. Comparison of the results of damage detection (case 3).

4. Example of an Actual Bridge

In this section, the natural frequencies monitoring data obtained from an actual bridge are applied
to verify the performance of the proposed hybrid method. This bridge is healthy, and there is no known
damage to the structure, so only the damage detection performance of the proposed hybrid method is
verified. As shown in Figure 13, a three-span continuous-beam bridge [50], which is one part of an
interchange bridge, is taken as an example. The SHM system of this bridge began operation in October
2015. The acceleration monitoring data for the first year are utilized to demonstrate the effectiveness
of the proposed hybrid method. The arrangement of six acceleration sensors is shown in Figure 14.
The hourly acceleration data are used to identify the natural frequencies of the bridge by using the
eigensystem realization algorithm (ERA) [51]. The variations in the natural monitoring frequencies are
shown in Figure 15. Additionally, the changes in the environmental temperature monitoring data are
shown in Figure 16. Each point on the curve shown in Figure 16 represents the average environmental
temperature in each hour. By comparing the results in the above two figures, it is obvious that the
natural frequencies of this bridge exhibit a negative correlation with the environmental temperature.
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Figure 13. Photograph of an actual bridge.
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Figure 14. Arrangement of acceleration sensors (unit: m).

(a) 

Figure 15. Cont.
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(b) 

(c) 

(d)

(e) 

Figure 15. Cont.
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(f) 

Figure 15. Natural monitoring frequencies: (a) mode 1; (b) mode 2; (c) mode 3; (d) mode 4; (e) mode 5;
(f) mode 6.

Figure 16. Environmental temperature monitoring data.

The covariance matrix of natural monitoring frequency data is generated by using all the
monitoring data shown in Figure 16. Then, the singular values of the abovementioned covariance
matrix are obtained by using singular value decomposition. As shown in Figure 17, the first four
components are selected as the principal components. With the GMM, the results of cluster analysis are
obtained, as shown in Figure 18. The results of cluster analysis show that all the natural frequencies are
generally classified into two clusters, which correspond to the winter and summer. The relationship
between the natural frequencies of this bridge and the environmental temperature is nonlinear.

Except for the last 500 samples of natural monitoring frequency data shown in Figure 15, all the
other data are applied to generate the healthy state model of this bridge, i.e., to generate θ1 and θ2.
The last 500 samples are utilized to verify whether the proposed hybrid method will make the wrong
decision in damage detection. The results of damage detection are shown in Figure 19, and both the
PCA-based method and the proposed hybrid method make the correct decision.

277



Sensors 2020, 20, 3999

Figure 17. Singular values for determining the principal components of an actual bridge.

  

     (a) 

 

(b) 

 

      (c) 

 

(d) 

Figure 18. Cont.
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 (e) 

 

(f) 

  

(g) (h) 

Figure 18. Results of the cluster analysis of principal components for an actual bridge:
(a) two-dimensional results of the first principal component; (b) three-dimensional results of
the first principal component; (c) two-dimensional results of the second principal component;
(d) three-dimensional results of the second principal component; (e) two-dimensional results of
the third principal component; (f) three-dimensional results of the third principal component;
(g) two-dimensional results of the fourth principal component; (h) three-dimensional results of
the fourth principal component.

Figure 19. Results of damage detection for an actual bridge.

5. Conclusions

In this study, a hybrid method is proposed to detect the damage of bridges under environmental
temperature changes. The following conclusions are drawn from the analysis.
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(i) The results of the numerical example show that the PCA-based method may fail to detect
damage when the information related to structural bridge damage is mostly stored in the principal
components of the covariance matrix composed of damage features because some effective information
is deleted by the PCA-based method. The proposed hybrid approach can effectively solve the
abovementioned issue.

(ii) The numerical example and example of an actual bridge show that the proposed hybrid
method is effective in detecting bridge damage under environmental temperature changes.

(iii) The results of cluster analysis for the actual bridge example show that the GMM is effective
for classifying the natural monitoring frequency data of actual bridges, and the relationship between
the natural frequencies of actual bridges and the environmental temperature is not always linear.

(iv) Compared with the PCA-based method, the proposed hybrid method requires environmental
temperature monitoring data to classify the principal components. If these environmental temperature
data cannot be supplied by the SHM system of a bridge, the application conditions of the proposed
hybrid method will not be satisfied.
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Abstract: A vast amount of civil infrastructure is constructed using reinforced concrete, which can
be susceptible to corrosion, posing significant risks. Corrosion of reinforced concrete has various
causes, with chloride ingress known to be a major contributor. Monitoring this chloride ingress would
allow for preventative maintenance to be less intrusive at a lower cost. Currently, chloride sensing
methods are bulky and expensive, leaving the majority of concrete infrastructures unmonitored.
This paper presents the design and fabrication of a miniature, low-cost device that can be embedded
into concrete at various locations and depths. The device measures localized concrete resistance,
correlating to the chloride ingress in the concrete using equations listed in this paper, and calculated
results from two experiments are presented. The device benefits from a four-probe architecture,
injecting a fixed frequency AC waveform across its outer electrodes within the cement block. Voltage
across the internal electrodes is measured with a microcontroller and converted to a resistance value,
communicated serially to an external computer. A final test showcases the ability of the device for
three-dimensional mass deployment.

Keywords: self-sensing; concrete; sensor; circuit; miniature; measurement; impedance; resistance

1. Introduction

1.1. NDT Methods

There exist multiple methods to sense corrosion development in reinforcement concrete. These
methods can be categorized into two key groups, destructive and non-destructive. Destructive testing
(DT) methods require the concrete sample to be damaged to evaluate its properties. Non-destructive
testing (NDT) methods evaluate the properties of the concrete sample without causing damage to
the sample.

This paper focuses on NDT methods, as these methods have shown capability for fast and
reliable structural health diagnosis, with several reported approaches utilizing reinforced concrete
structure [1–5]. Commonly, passive sensors are being used to perform measurements. These sensors
use radio frequency resonance for power and communication [6–9]. Most of these sensors utilize an
inductive-capacitive tank to improve the sensing mechanism. A downside is that exposure promotes a
reaction with time, making the unit unstable over prolonged periods.

Other methods include the galvanostatic pulse method [10,11], polarization resistance
measurement method [12,13], Wenner method of impedance measurement and ground penetrating
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radar (GPR) [14,15]. The Wenner method measures corroded steel reinforcement bars at the concrete
surface, where corrosion is identified using low frequency alternating current (AC) waveforms injected
across the steel reinforcement and calculated using Faraday’s Laws of electrolysis. An increase in
corrosion produces a reduction in impedance over time [16].

Another NDT method maps direct current (DC) electrical resistivity using embedded sensors [17].
It is based on the property of materials to oppose the flow of electrical current due to the nature of the
medium, its porosity and the electrolyte content [17]. It is not advised to measure concrete resistance
through injecting DC into the sensing block, as this will not result in accurate resistance readings,
due to polarization effects within the concrete matrix [18]. As concrete is not a purely resistive medium,
utilizing a DC measurement will also induce a reactive electrical component. Injecting an AC signal
into concrete reduces reactance and is the preferred method for measuring the resistive component of
concrete. Adding functional fillers near their percolation concentration can improve the signal-to-noise
ratio (SNR) [19] (see Section 2.1 for further details).

Prior to this work, a popular method used to provide measurements at multiple depths was GPR.
This method induces radar waves to measure reflected waves off surfaces where there is a change in
density/dielectric. This technique uses longer wavelengths as depth increases. GPR is costly, requires
sophisticated data analysis and only provides localized monitoring. Internal reflections from the
concrete can induce a poor reading and increase SNR as depth increases.

Another method to perform measurements at multiple depths is to use ultrasonic sensors to image
the internal structure of concrete. Ultrasonic testing induces high frequency sound waves into the
medium and measures reflected waves at the surface of the sensor [20–22]. This method has been used
with multi-sensor arrangements. Due to the shorter wavelengths than GPR, it is limited to shallow
depth measurements.

The goal of this study was to develop a miniature, multi-electrode, non-destructive embedded
sensor to monitor electrical resistivity of concrete by means of measurements at multiple depths
at a low cost [23]. In this study, we selected concrete polarization resistivity measurement as a
suitable method of infrastructure health monitoring, as it is accurate, non-destructive and suitable for
miniaturization [24–26]. Research has found that the electrical resistivity of concrete is an effective
parameter to evaluate the risk of concrete corrosion [27].

1.2. Embedded Devices

Previous attempts to develop low-power embedded devices for sensing concrete corrosion have
been reported in the literature. From these attempts, it was found that most embedded sensors do
not optimize peak power operation. The DC electrical resistivity method uses embedded sensors
relying on injecting DC current to measure resistance. Peak power consumption may not be optimized,
as the embedded sensor measures a higher resistance than an AC injecting embedded sensor, therefore
requiring higher current injection. Embedded wireless sensors require an inductively coupled external
power supply connection, and they have been reported as consuming as high as 150 mA of current at
12 V during peak power operation [28].

This paper presents an effective, low-cost, miniature, resistance measurement device for the
detection of concrete corrosion, utilizing a four-probe sensing technique [29], with a highly stable,
efficient, fixed frequency AC waveform for injecting current across the external probes. The internal
probes monitor and sense the voltage, and an internal algorithm calculates the effective resistance of
the sample under test. Peak current consumption of 8 mA from a 3.3-V source effectively shows the
device’s competitively low peak power consumption during operation, allowing multiple sensors to be
embedded off a single power supply. This opens the potential for a three-dimensional measurement of
concrete on different axes running at peak power for continuous chloride ingress monitoring, showing
the novelty of the device.
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The device developed to detect concrete corrosion includes the following key components: sensing
element, sensing device and interface (see Figure 1). Each component performs a specific role in the
measurement of the resistance of concrete and is described in the following sections.

Figure 1. Internal components and system architecture of the concrete resistance measurement device.

1.3. Previous System

The proposed sensing device is an improved iteration of our previously developed sensing
device [30] with a complete redesign of hardware and software. This includes a new waveform
generation method, analog measurement method and external interfacing, with two revisions
developed. Improving the sensing device was done to further lower power consumption and
size of the device. The previous iteration consumed 25 mA peak current at 3.3-V supply voltage, due to
the microcontroller generating the 100 kHz waveform. The internal clock speed of the microcontroller
was continuously running at 32 MHz to generate this waveform. Components used on this iteration
were large in size, with surface mount components selected for the new iteration to reduce overall size
for embedding into concrete. The previous iteration provided clean results successfully emulating the
Keysight E4980AL; however, it was observed to have slight voltage deviation after long periods of
time. For this reason, developing a clean waveform generation and measurement circuit was needed
for removing any DC offset the circuit might be inducing.

The use of a sinusoidal/triangular waveform was observed to provide little measurement difference
between manufactured devices as compared to a square waveform. Thus, results between devices are
more closely related. Different waveforms injected across the block were tested to show their validity,
with square, ramp and sinusoidal providing results to measure resistance [30].

2. Sensing Element

Measuring the resistance of concrete using this device requires a novel composition of a cement
paste. The pre-made device is intended to be embedded in new reinforced concrete infrastructure during
construction. Measuring local resistance near the device would determine the surrounding concrete
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condition. A higher number of sensing devices would result in higher resolution of surrounding
concrete condition.

For this study, the cement paste was formed into a sensing block where the electronic circuitry in
the sensing device can determine the electrical resistivity, which can be correlated to chloride ingress
and other electrolytes. This is shown in the Section 4, where resistivity and chloride ingress are
calculated from the sensing devices resistance measurement.

2.1. Cement Chemistry

The electrical resistivity of a material, represented by rho (ρ), is a measure of how strongly a
material opposes the flow of electrical current. The range of electrical resistivity of concrete depends
strongly on the concrete moisture content, with wet concrete behaving as a semiconductor with
a resistivity in the range of 104 Ω·cm. Dry concrete behaves as an insulator with a resistivity of
1011 Ω·cm [31]. Therefore, a conductive filler is a necessary ingredient for fabricating this sensor
to overcome the high resistivity of concrete [32]. Adding conductive filler reduces the percolation
concentration, which is the lowest concentration of filler at which insulating material is converted to
conductive material. Several conductive fillers have been investigated including carbon nanotubes,
carbon fiber and graphite, however micro steel fibers were chosen for their outstanding properties,
including higher abrasion resistance; resistance to micro crack propagation; improvements to the
tensile and flexural strength by 120% and 25%, respectively, from adding 0.53% of steel fiber (60-μm
diameter and 5-mm length); non-hazardous to work with; relatively cheap (around $0.1 per gram);
provides low electrical resistivity; and enhances its sensitivity to the presence of chloride [33–36].
The micro steel fibers can also be used to evaluate stress, strain and crack propagation or damage of
the blocks [37–41]. Functional fillers such as micro steel fiber can reduce the resistivity to 200 Ω·cm
and thus aid resistance measurements and improve SNR. One requirement of the device is be able to
sense chloride presence in the pore water of the paste. The relationship of chloride ingress to electrical
resistivity of cement paste containing 0.1 wt% micro steel fibers is presented in Figure 2.

Figure 2. Relationship of electrical resistivity and chloride ingress containing 0.1% micro steel fiber.

Using Equation (1), we can relate the electrical resistivity of the cement paste to chloride ingress.

[Cl−] = 1.4656ρ2 − 8.0614ρ+ 11.112
Cl = Chloride Concentration
ρ = Electrical Resistivity

(1)
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Relating electrical resistivity to the device’s resistance measurement is done using Equation (2).

ρ = R A
l

ρ = Electrical Resistivity
R = Resistance

A = Cross Sectional Area o f Piece
l = Length o f Piece

(2)

where we extend the use of embedded sensors to determine chloride ingress in concrete to provide
an indication of chloride ingress to the reinforcement, and thus when the onset of depassivation to
the steel reinforcement [42] may occur. Therefore, continuously monitoring the device will reveal the
occurrence of chloride ingress, allowing for remediation action to be taken.

2.2. Cement-Paste-Based Sensing Block

Multiple samples of cement-paste-based sensing blocks were constructed in two different sizes.
Size 1 measured 80 mm × 20 mm × 20 mm and Size 2 measured 100 mm × 100 mm × 375 mm. These
samples were exposed to 0.4% chloride ingress with 0.1% micro steel fiber. Exposing to 0.4% chloride
is a method used for chloride exposure in previous research projects [43]. Size 1 was allocated for
use in aiding the development of the sensing device shown in Figure 3a, and Size 2 was allocated for
the use in testing of the sensing device shown in Figure 3b. Sizes 1 and 2 utilize copper electrodes
embedded into the sensing-blocks spaced 15 mm apart on the two most outer probes and 40 mm
between inner probes.

  
(a) (b) 

Figure 3. Cement paste-based sensing blocks: (a) Size 1; and (b) Size 2.

2.3. Resistance Measurement

An AC waveform must be applied to the sensing blocks to enable an accurate reading of resistance.
With a high enough AC waveform frequency, the reactance can be minimized from the impedance
readings, and the true resistance of the sensing block is conveyed. For this reason, the Keysight
E4980AL LCR meter [44] was used as an AC waveform reference to verify that the developed sensing
device is performing accurately. Calibrating the sensing device with the Keysight LCR meter also
means that proper correction factors can be applied for an accurate reading.

Measuring the capacitance and inductance of the sensing block was done using an Agilent
U1731B [45] to determine the reactance. The condition of the cement blocks while conducting this
measurement was different to when first conducted including the condition of the electrodes. At 120 Hz,
the block measures 5.7 nF of capacitance and 20.42 H of inductance. At 1 kHz, the block measures
330 pF of capacitance and 805 mH of inductance. The capacitive reactance is determined by:
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Xc = 1
2∗π∗ f ∗C

Xc = Capacitive Reactance
f = Frequency

C = Capacitance

(3)

The inductive reactance is determined by:

Xl = 2 ∗π ∗ f ∗ L
Xl = Inductive Reactance

f = Frequency
L = Inductance

(4)

The total reactance is determined by:

X = Xl−Xc
X = Reactance

Xc = Capacitive Reactance
Xl = Inductive Reactance

(5)

Using these equations, the reactance of the cement block resulted in 216.6 kΩ at 120 Hz and
476.9 kΩ at 1 kHz. This increase in impedance declines with frequencies higher than 10 kHz, as shown
in Figure 4. For this reason, 100 kHz was the selected frequency [46]. This frequency balances
low impedance and low power, as an increase in waveform frequency can result in higher power
consumption and circuit complexity.

Figure 4. Impedance of concrete.

3. Sensing Device

An accurate device that can measure within ±10 Ω of a reference value with minimal deviation
over time is presented. This device is low power, low cost and has two form factors: small and extra
small footprints. These devices can be embedded into concrete with appropriate ingress protection and
successfully measure resistance where calculation for resistivity and chloride ingress can be achieved,
as shown in the Section 4. Figure 5 presents the electronic schematic.

288



Sensors 2020, 20, 4313

Figure 5. Electronics schematics of the sensing device.

3.1. Waveform Generation

Previous methods of waveform generation incorporated a constant current DC voltage supply
injected into a transistor switching at 100 kHz, fed into a capacitor, emulating a square wave generator
while consuming low power. The waveform fed across the cement block by the previous device is
pictured in Figure 6. This method is simplistic in design and could be implemented with a minimum
number of components; however, this method did not provide a clean waveform for feeding into the
sensing block over an extended period of time. For the waveform to be effective after prolonged periods,
very low DC offset values from the waveform are required, meaning positive and negative cycles of
the waveform must be identically mirrored. Such a requirement is very complex to achieve because
many electronic components output a DC quiescent offset current, leading to charge retention within
the cement block. Thus, the cement block requires a highly purified, zero-offset AC waveform to be
fed into it while maintaining low cost, low power and a small footprint, but with large sample volume
(relative to footprint). In addition, the design should be able to operate in an array configuration within
concrete masses.

 

Figure 6. Previous waveform delivered to the sensing element.

New electrical components were required to redesign a new waveform generator that provides a
highly purified AC waveform. This redesigned circuit begins with an LTC6992, a voltage-controlled
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pulse width modulator generator. The modulated output is set to a 50% duty cycle with a frequency of
100 kHz using passive components to select the frequency with Equation (6).

F = 1 MHz
NDIV

∗ 50 kΩ
RSET

F = Frequency
NDIV = Internal Frequency Divider

RSET = Setting Resistor

(6)

The output waveform from the PWM generator is a square wave in the positive domain with a
3 V DC offset (supply voltage). This waveform is fed into a custom, active band-pass filter, specifically
a narrow bandpass filter tuned to a center resonant frequency of 100 kHz. The resonant frequency
is found using Equation (7) where the −3 dB low pass frequency and −3 dB high pass frequency
multiplied and square rooted determines the resonant frequency.

fr =
√

fl ∗ fh
fr = Resonant Frequency
fl = Low Pass Frequency

fh = High Pass Frequency

(7)

The active band pass filter is a second-order Butterworth filter with a 12 dB/octave roll off at its
high and low pass filters. The Q-factor determines the overall width of the actual pass band between
upper and lower −3-dB corner points with a Q-factor of 2, leaving headroom for tolerances in passive
components to not meet the 100-kHz center frequency. The active component of the bandpass filter is
the LTC6258 operational amplifier with passive components determined from Equation (8), with R1

and R2 determined from the Q-factor.

fr = 1
2∗π∗C∗√R2∗R1

fr = Resonant Frequency
C = Capacitor
Rn = Resistor

(8)

The active band pass filter converts the square wave into a purified sinusoidal/triangular waveform
with a 3 V DC offset. The output from this bandpass filter is regulated from active circuitry, meaning a
resistor is needed to provide a load on the output. This DC offset sinusoidal/triangular waveform is
fed into a unity gain buffer operational amplifier. The chosen buffer amplifier is the LTC6247. The high
impedance input of the operational amplifier ensures very little current is drawn from the main
waveform circuitry, while also ensuring a correct voltage drop across the cement block is achieved,
acting as an unregulated voltage output. The final stage of the waveform generator is to remove the
DC offset. This is achieved from an AC coupling capacitor tuned to the resonant frequency of the
circuit, in this case 100 kHz, with a value of 2 μF achieved using Equation (9).

C = 1
2∗π∗ f ∗Xc

C = Capacitance f = Frequency
Xc = Capacitive Reactance

(9)

Total circuit power draw from the waveform generator is only 0.42 mW with only 1 mA required
at a 1.2-V peak-to-peak voltage. Reducing the peak-to-peak voltage will reduce the power consumption
further. The waveform is sinusoidal/triangular in nature with very little DC offset. The new waveform
fed across the cement block is pictured in Figure 7.

290



Sensors 2020, 20, 4313

 

Figure 7. New waveform delivered to the sensing element.

Running the new waveform generator in temperature conditions between 18–25 ◦C, over 8 h,
the frequency deviation was within ±5 Hz tolerance at 100 kHz. Running the waveform generator
through a dummy resistor showed a voltage deviation of ±0.2 mVAC after the same extended period
of time. Samples were taken for these tests with the HP 34970A data acquisition unit [47], taking over
100 samples in 15-min intervals. Results from these tests are shown in Figure 8a,b.

 
 

(a) (b) 

Figure 8. Test conducted over 8 h using HP 34970A: (a) AC voltage deviation; and (b)
frequency deviation.

3.2. Cement Block

The electrical properties of the cement block do not behave as a simple resistor. Small conductive
material and four metal probes embedded into the cement block have a capacitive effect when a current
is injected. This means any DC injected into the cement block will lead to charge retention, creating a
DC offset to near supply level voltage, inducing reactance.

3.3. Measurement System

The measurement technique for the sensing device utilizes a four-probe technique, allowing
conversion to a resistance value. The Atmel microcontroller ATxmega16E5 was chosen as the central
processing unit, with an in-built 12-bit analog-to-digital converter (ADC) reading a high-resolution
analog voltage from the cement blocks. On the front end of the ADC is a unity gain buffer operational
amplifier. The chosen buffer amplifier is the LTC6247. The high impedance input of the unity gain
buffer ensures no current from the waveform generator is to be fed into the microcontroller. It also
serves the purpose of half wave rectifying the AC waveform. Traditionally, this is done with a diode in
series with the ADC, however diodes contain a forward voltage as high as 0.7 V when the measured
voltage could be as little as 0.01 V depending on the cement chloride ingress. Using the unity gain
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buffer ensures no voltage drop, as it is an active component, while consuming minimal power. Two
LTC6247 operational amplifiers were used, both containing two channels. One was used for voltage
measurement across the block and another was used for a resistor in series with the cement block to
measure current across the block. All front ends of the operational amplifiers are AC coupled with
a capacitor using Equation (4). A voltage divider on the front-end of the operational amplifiers is
also used with a high resistance value as to not consume too much power, while providing a cleaner
reading on the input of the operational amplifier. The four outputs of these operational amplifiers are
fed to the multiplexed input of the ADC converter of the microcontroller. A capacitor can be added
to the output of the operational amplifiers as to improve signal quality by means of storing charge
converting the signal into a DC output; however, they also increase the power consumption, making
them optional when more resolution is needed.

3.4. Software

Software used in the sensing device begins with an initialization of peripherals and ports.
The program works by continuously sampling the multiplexed input of the ADC. The voltages read
by the ADC are an AC waveform, only reading the positive domain. For this reason, the program
takes multiple samples and collects the highest sample looking for the peak of the waveform. Once the
program detects the peak of the waveform, the root-mean-square (RMS) value can be calculated by
multiplying the voltage by 0.707. The first two analog inputs are across the series resistor where the
voltage is read by the program. These two RMS voltages are subtracted from each other and calculated
using Equation (10), where resistance is of a known fixed value.

I = V1−V2
R

I = Electrical Current through Resistor
Vn = Sensed Voltage through Resistor

R = Resistance

(10)

After the program calculates the current, the last two analog inputs are read from the cement
block, where the program calculates the resistance of the cement block using Equation (11).

R = V1−V2
I

R = Resistance o f Cement Block
Vn = Sensed Voltage through Cement Block
I = Electrical Current through Cement Block

(11)

After the program calculates the resistance of the cement block, the results are transmitted to a
computer to be displayed to the user, at a sampling rate of 1 s. The flowchart in Figure 9 displays the
main modules of the C program uploaded to the ATxmega16E5 microcontroller.

3.5. Interfacing

The communication method for the sensing device is via a wired interface. The communication
protocols are either transistor–transistor logic or serial peripheral interface, selected in the program.
A USB-to-TTL converter is used for communicating to the computer, also providing a 3.3-V power
supply to the circuit. This USB-to-TTL converter uses a CP2102. SPI can be used for communication to
multiple sensing devices via the four-wire interface only selectable from the small footprint variant.

3.6. Revisions

Two revisions of the sensing device were fabricated. These revisions are of two form factors,
small (see Figure 10a–c) and extra small (see Figure 10b). These footprints are similar in size to large
aggregate of concrete, with potential to be made wireless through communications to nearby sensors.
The first revision measures 20 mm× 20 mm× 80 mm and includes external electrodes for the four-probe
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sensing included in the printed circuit board. This revision can be configured to run USB output or
SPI output via external wires. The second revision is a smaller version measuring 3 mm × 15 mm
× 15 mm and includes a connector for connecting external probes for the four-probe sensing. This
revision includes a USB connector on the back.

 

Figure 9. Software flowchart run on the microcontroller.

 

(a) Small Footprint. 

  
(b) Small and Extra Small Footprint. (c) Small Footprint with USB Interface. 

Figure 10. Two device form factors of small and extra small for embedding into concrete: (a) small
revision dimensions are 20 mm × 20 mm × 80 mm; (b) extra small revision dimensions are 3 mm ×
15 mm × 15 mm. (c) A standard USB A connector and an Australian Dollar, measuring 25 mm, are
shown for comparison.

3.7. Complete Concrete-Based Sensing Device

A key aim of this device was that the sensing devices could be integrated into the concrete itself.
For this reason, protecting the circuitry was of high importance. A 3D printed enclosure was fabricated
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and adhered onto the PCB itself, with external probes protruding out the enclosure and one cable for
interfacing. After testing the sensing device on multiple cement blocks sized 80 mm × 20 mm × 20 mm,
the sensing device was implanted into a concrete block measuring 100 mm × 100 mm × 375 mm. Total
power consumption of the sensing device running at full sampling rate is 26 mW, drawing 8 mA of
current at 3.3-V supply voltage. The device will only operate when connected through USB.

4. Results and Discussion

Using the Keysight E4980AL LCR meter to compare the resistance readings of five
cement-paste-based sensing blocks to the manufactured device was done to ensure the device is
within ±10 Ω. Blocks 1–5 are of Size 1 dimensions. The results of the testing Blocks 1–5 are displayed
in Table 1.

Table 1. Experiment 1 resistance measurement results in Ω.

Resistance Measurement Keysight E4980AL Sensing Device

Block 1 325 330
Block 2 278 271
Block 3 439 440
Block 4 433 430
Block 5 477 475

Equation (2) was used to calculate the resistivity of the blocks to find chloride ingress. The results
of calculating resistivity are displayed in Table 2.

Table 2. Experiment 1 resistivity calculation results in Ω·m.

Resistivity Calculation Keysight E4980AL Sensing Device

Block 1 1.63 1.65
Block 2 1.38 1.36
Block 3 2.2 2.2
Block 4 2.17 2.15
Block 5 2.39 2.38

Calculating the chloride ingress of the blocks was then done using Equation (1), and the results
are displayed in Table 3.

Table 3. Experiment 1 chloride calculation results in M.

Chloride Calculation Keysight E4980AL Sensing Device

Block 1 1.87 1.8
Block 2 2.78 2.86
Block 3 0.47 0.47
Block 4 0.52 0.55
Block 5 0.22 0.23

These results show the sensing device performed within the expected region of results.
This demonstrates the effective region of resistance is 400–550 Ω for detecting chloride presence,
as this is 2–2.74 Ω·m of resistivity, which correlates to minimal chloride presence to above 0.6% chloride
presence. This justifies the ±10 Ω tolerance range, as chloride presence produces a significantly
larger signal.

Embedding two devices into large cement-paste-based sensing blocks of Size 2 dimensions was
completed to show effectiveness even when embedded. Figure 11a,b shows the embedding of the
device. Measurement results were taken when the sensing blocks were submerged in a tank of CaOH
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liquid solution to aid the curing process and prevent the added chloride ions in the cement-paste-based
sensing blocks from leaching out. The results from embedding the device are shown in Table 4.

 
(a) 

 
(b) 

Figure 11. Sensing device embedded into sensing element: (a) sensing device pre-concrete pouring;
and (b) sensing device post-concrete pouring.

Table 4. Experiment 2 resistance measurement results in Ω.

Resistance Measurement Sensing Device

Block 1 321
Block 2 330

The calculated resistivity of the blocks is shown in Table 5.

Table 5. Experiment 2 resistivity calculation results in Ω·m.

Resistivity Calculation Sensing Device

Block 1 1.6
Block 2 1.65

The calculated chloride ingress of the blocks is shown in Table 6.
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Table 6. Experiment 2 chloride calculation results in M.

Chloride Calculation Sensing Device

Block 1 1.97
Block 2 1.8

These results show a clean and effective solution for the measurement of chloride ingress, ready for
the implementation into the novel composition of cement paste. Testing the device in water connected to
a computer is pictured in Figure 12a–c. The test was conducted using basic tap water and demonstrated
the sensing devices ability to measure non-concrete materials. The results from testing five times in
water are displayed in Table 7 with results averaged after 10 samples.

 
(a) 

 

 

(b) (c) 

Figure 12. Sensing device tested in water and results displayed on laptop: (a) close-up of resistance
displayed on laptop; (b) resistance displayed on laptop; and (c) sensing device in water.
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Table 7. Experiment 3 resistance measurement results in Ω.

Resistance Measurement Sensing Device

Sample 1 624
Sample 2 622
Sample 3 628
Sample 4 614
Sample 5 631

Running the sensing device on one of the small blocks for 10 h shows the voltage deviation over
time for continuous monitoring. The higher resistance values are due to leaving the blocks out for an
extended period from when the blocks were first manufactured. This is due to there being no water
ionic conductivity, required for detecting chloride ingress. The results from this test are displayed in
Figure 13a. Figure 13b shows the setup of the device with the sensing element mounted directly to the
sensing device. The system was powered and communicated to a computer for 10 h.

 
 

(a) (b) 

Figure 13. Sensing device mounted to sensing block, run for 10 h to show deviation: (a) voltage
deviation over 10 h; and (b) sensing device setup.

The results from this test show that the temperature change throughout the day increased the
offset observed in the results. The reduction of the resistance towards the end of the test shows that the
device has the ability not to induce DC offsets by using the new waveform.

Further future work can be done on this project including further miniaturization of the PCB and
integration of an RFID induction coupler to power the system and transmit data wirelessly. Power
consumption from these revisions is within the capabilities of RFID induction coupling.

5. Conclusions

This paper demonstrates the suitability of a novel sensing device embedded into concrete to
measure the electrical resistance, and by correlation the ingress of chloride in concrete pore water.
Using the zero-offset AC waveform that injects current into a four-probe architecture across the outer
electrodes, the electrical resistance of the cement is determined. Chloride ingress in the local pore water
can be estimated to enhance early detection of the onset of reinforcement corrosion. This was tested
with five cement blocks and compared with the Keysight E4980AL LCR meter, shown to be operating
within ±10 Ω of specifications. The low power operation of the device allows for multiple different
power and communications options, with RFID induction or hardwired connection, as demonstrated
in the study. The small form factor of the device means embedding it into concrete will only require a
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small footprint, allowing for multiple sensors to be embedded at different depths, meaning a resistance
matrix can be determined, showing chloride ingress in a three-dimensional space. By embedding an
array of sensors within reinforced concrete, the sensors can be used to improve management of new
civil infrastructure in aggressive environments.
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Abstract: A nonlinear feature extraction-based approach using manifold learning algorithms is
developed in order to improve the classification accuracy in an electronic tongue sensor array.
The developed signal processing methodology is composed of four stages: data unfolding, scaling,
feature extraction, and classification. This study aims to compare seven manifold learning algorithms:
Isomap, Laplacian Eigenmaps, Locally Linear Embedding (LLE), modified LLE, Hessian LLE,
Local Tangent Space Alignment (LTSA), and t-Distributed Stochastic Neighbor Embedding (t-SNE) to
find the best classification accuracy in a multifrequency large-amplitude pulse voltammetry electronic
tongue. A sensitivity study of the parameters of each manifold learning algorithm is also included.
A data set of seven different aqueous matrices is used to validate the proposed data processing
methodology. A leave-one-out cross validation was employed in 63 samples. The best accuracy
(96.83%) was obtained when the methodology uses Mean-Centered Group Scaling (MCGS) for data
normalization, the t-SNE algorithm for feature extraction, and k-nearest neighbors (kNN) as classifier.

Keywords: manifold learning; feature extraction; classification; electronic tongue; machine learning;
t-SNE; LTSA; isomap; locally linear embedding

1. Introduction

Sensor arrays that are composed of electrochemical sensors can be used to discriminate different
types of aqueous matrices, preserve flavor, detect anomalies, or quantify any analyte within an aqueous
matrix [1]. The system known as the electronic tongue is composed of an array of non-selective sensors
made of different materials that have the cross sensitivity property with which independent signals
are captured by each sensor [2]. The process is managed by an electronic data acquisition component
that controls the test carried out with the sensors, which in the case of electrochemicals measures,
for example, can be voltammetric or potentiometric [3]. Finally, the data are sent to the pattern
recognition system responsible for processing signals through multivariate data analysis and machine
learning algorithms. Signal processing in electronic tongues sensor arrays aims to solve a classification
or regression problem via machine learning algorithms [4].

In 2007, Tian et al. [5] developed the multifrequency large amplitude pulse voltammetry (MLAPV)
method for electronic tongues. This method is a combination of waveforms of LAPV with different
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frequencies. The MLAPV electronic tongue has better discrimination ability thanks to the combination
of several sensors of different materials and specific frequency segments in the voltammetry excitation
signal. The MLAPV electronic tongue has been successfully used in applications of classification
of aqueous matrices such as yogurt [6], tea [7], rice wine [8], black tea [9], monofloral honeys [10],
and waters [11]. Furthermore, the MLAPV electronic tongue has demonstrated its correct application
in the classification of different types of substances into data sets of seven [12,13] and thirteen [14]
different aqueous matrices.

It is necessary to consider the feature extraction in the process, as most studies in classification
makes use of pattern recognition [15]. Feature selection and feature extraction are two different steps
to treat features on patter recognition tasks, the first attempts to select relevant features of the raw
data and eliminate irrelevant features. Furthermore, feature extraction methods are dimensionality
reduction techniques that transform the features of the raw data while preserving the content of
global information [16]. Different methods to perform the dimensionality reduction process include:
(a) Feature Extraction from Original Response Curves, (b) Feature Extraction from Curve Fitting
Parameters, (c) Feature Extraction from Transform Domain, and (d) Feature Extraction from Phase
Space [17].

This work shows a pattern recognition methodology for MLAPV electronic tongue classification.
One of the stages in this methodology is dimensionality reduction, which is conducted using manifold
learning, when considering that the signals obtained by each sensor in the MLAPV electronic
tongue have a particular manifold [18]. Manifold learning searches the intrinsic low-dimensional
embedding structures within high-dimensional data [19]. It has demonstrated its effectiveness in
applications, such as hyperspectral data [20], financial markets [19], high-dimensional datasets [21],
and structural health monitoring (SHM) for damage classification [22,23]. There are two types of
manifold learning methods: local and global. The global approach tries to preserve geometry at all
scales. Conversely, the local approach pursue to map close points in the manifold to close points in
the low dimensional representation. Local approaches can become more effective and provide useful
results in a wider range of manifolds by improving its representational capacity [24].

Dimensionality reduction should not only be used for visualization or as pre-processing on very
high dimensional data, but also as a general pre-processing technique on numerical data to raise
the classification accuracy [25]. In recent years, some works related to feature extraction algorithms
and their use in classification tasks in sensor arrays have been developed. For instance, Zhang and
Tian in 2014 [26] developed the kernel discriminant analysis method to perform classification in an
electronic nose. Other studies related to the use of manifold learning algorithms in electronic nose-type
sensor arrays include [27–29]. Among the books with relevant topics from the perspective of signal
processing, manifold learning, and machine learning strategies in electronic nose sensor arrays is [30].
In 2019, Zhu et al. [31] used principal component analysis (PCA), linear discriminant analysis (LDA),
Kernel PCA (KPCA), and Laplacian Eigenmaps in an electronic nose automatic system for predicting
the freshness of crabs. In 2020, Leon-Medina et al. [32] developed a machine learning classification
methodology based on nonlinear feature extraction algorithms applied to solve odor recognition
problems in electronic noses. The methodology was based on the combination of some dimensionality
reduction algorithms and a k-nearest neighbors (kNN) classifier to perform a holdout cross validation
in a dataset of six gases and a total of 3600 measurements. A study on tea quality gradation with the
application of manifold learning algorithms to extract effective features in a potentiometric electronic
tongue was developed in [33]. The study found that better results were obtained by kernel LDA
and kernel Locality preserving projections (KLPP). In [34], different machine learning algorithms are
compared in order to determine the best behavior in an electronic tongue. The authors found that
random forests was the best classifier. Finally, the work of Gutierrez et al. in 2013 [35] emphasizes the
features extracted from the signal shape in a cyclic voltammetric electronic tongue.

Different works related to signal processing of a MLAPV electronic tongue have been developed in
recent years. In 2018, Zhang et al. [14] developed a MLAPV electronic tongue that uses feature selection
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through a filter-based approach to select a feature vector, enter a subspace learning method, called local
discriminant preservation projection (LDPP), and ultimately trained a kernel extreme learning machine
that serves as classification algorithm. In their study, 5-fold cross validation was executed in an
imbalanced data set of 13 different aqueous matrices and 114 measurements, reaching a classification
accuracy of 98.22%. An active feature selection (ASF) strategy was developed in 2018 by Liu et al. [13].
The ASF strategy is based on a discrete wavelet transform (DWT) to select features from a MLAPV
electronic tongue. Four machine learning classifiers were compared: (kNN), Support Vector Machines
(SVM) with linear and radial basis function kernels, and Random Forest. The best classification
accuracy with a hold-out cross validation procedure was achieved by the combination of the ASF-DWT
method with kNN, reaching a value of 84.13% with standard deviation of ±0.0125. An alternative
feature extraction method named feature specificity enhancement (FSE) for dimensionality reduction
in a MLAPV electronic tongue sensor array was also proposed by Liu et al. in 2020 [12]. The authors
combined an extreme learning machine classifier with the FSE method to obtain 95.24% of classification
accuracy in a hold-out cross validation methodology with a data set of 7 different aqueous matrices.
Table 1 shows a summary of the works related to signal processing in MLAPV electronic tongues.
The reader can refer to [3] for an extensive review in signal processing methodologies in electronic
tongues.

Table 1. Summary of different works related with pattern recognition methodologies in MLAPV
electronic tongues.

ID Reference
Electronic
Tongue

Type

Balanced/
Unbalanced

Number
of

Classes

Data
Processing

Stages

Best
Combination of

Methods

Cross
Validation

Method

Best
Recognition

Accuracy

1 [36] MLAPV Balanced 5

Normalization
Feature

Extraction
Classifier

Normalization
0–1

STFT
CNN-AFE

5 fold
cross

validation
99.9%

2 [1] MLAPV Unbalanced 13

Normalization
Feature

Extraction
Classifier

Group Scaling
PCA
KNN

5 fold
cross

validation
94.74%

3 [14] MLAPV Unbalanced 13

Filter Feature
Selection
Feature

Extraction
Classifier

sliding
window-based

smooth filter
LDPP
KELM

5 fold
cross

validation
98.22%

4 [13] MLAPV Balanced 7
Feature

Selection
Classifier

ASF-DWT
KNN

Leave one
out cross

validation
84.13%

5 [37] LAPV Balanced 4
Feature

Selection
Classifier

DWT
ELM

Hold out
cross

validation
95%

6 [12] MLAPV Balanced 7
Feature

Extraction
Classifier

FSE
KELM

Leave one
out cross

validation
95.24%

7 [38] MLAPV Balanced 5

Normalization
Feature

Selection
Classifier

Baseline
substraction
+autoscale

DWT
RBF ANN

10 fold
cross

validation
98.33%

As a contribution, this work aims to present an artificial taste recognition methodology for
signal processing in MLAPV electronic tongues, based on the use of manifold learning algorithms in
the dimensionality reduction stage. The methodology explores new ways to carry out multivariate
data analysis and properly perform the pattern recognition stage showing the high relevance of the
algorithms’ subject for interpreting data from electronic tongues. The current manuscript is different
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from the previous published works, since it uses the Mean Centered group scaling method as the
pre-processing stage to normalize the data that are obtained by sensors of different materials in the
electronic tongue. Seven different manifold learning algorithms are compared: Isomap, Locally Linear
Embedding (LLE), Laplacian Eigenmaps, modified LLE, Hessian LLE, Local Tangent Space Alignment
(LTSA), and t-Distributed Stochastic Neighbor Embedding t-SNE. Besides, we also compare the
performance of five different supervised machine learning classifiers: KNN, SVM, multi layer
perceptron artificial neural network (MLP ANN), adaptive boosting (Adaboost), and Gaussian process
classifier. It evaluates the influence of parameter variation and target dimensions in the classification
accuracy on a data set of seven different aqueous matrices. This data set is characterized by being
multiclass, balanced and a small sample. Furthermore, to the best of our knowledge, t-SNE is the first
attempt of data processing in electronic tongues, therefore, this works aims to give a variation to the
classic PCA method, which is widely used by the chemometric community and provides a new way of
processing data in electronic tongues.

The structure of the paper is as follows. Section 2 reports on the theoretical background of
each step of the developed methodology: scaling, feature extraction, classification, and validation.
Next, the Section 3 describes the data set of seven aqueous matrices used to validate the current
methodology. The artificial taste recognition methodology is explained in detail in Section 4.
Subsequently, Section 5 shows the results and discussion obtained by applying the methodology
in a dataset of 7 different aqueous matrices. Section 6 outlines the main conclusion of this research.

2. Theoretical Background

Signal processing in an electronic tongue sensor array is a data fusion process performed for
artificial taste recognition. Data come from several sensors of different materials; consequently,
as in the human tongue, there are millions of taste buds. Cross sensitivity is used to obtain signals
from each sensor in different aqueous matrices and, thus, be able to identify them. In this research,
manifold learning algorithms for nonlinear feature extraction are used to obtain a group of features at
the entrance to different supervised machine learning classifiers, following some important concepts
and methods are briefly described.

2.1. Electronic Tongue

Electronic tongues are devices composed of three main parts. First, an electrochemical cell
composed of the sensor array that allows the interaction with the analytes. Second, an electronic data
acquisition unit that controls the current, voltage, and frequency in the electrochemical measures.
This, through a central processing unit and D/A and A/D converters, allows for communication
with a computer. The measurements are recorded and processed by an external computer. As third
component, a multivariate data analysis is performed by a pattern recognition system, thus determining
qualitative or quantitative results. Figure 1 illustrates the main parts of an electronic tongue
sensor array.

Sensor array DAQ Unit Pattern recognition system

Figure 1. Electronic tongue components.

304



Sensors 2020, 20, 4834

2.2. Data Unfolding

The response measures that are obtained by an MLAPV electronic tongue are referred to as
discretized currents in time. Thereby, a measure is obtained by each one of the electrodes that
composed the electronic tongue. Following the formulation proposed by Pozo et al. [39], the discretized
measurements of the sensor can be arranged to form a matrix, as follows [1]:

X =

⎛
⎜⎜⎜⎜⎜⎜⎜⎝

x11 x12 · · · x1K
...

...
. . .

...
xi1 xi2 · · · xiK
...

...
. . .

...
xI1 xI2 · · · xIK

⎞
⎟⎟⎟⎟⎟⎟⎟⎠

∈ MI×K(R). (1)

This matrix X ∈ MI×K(R), where MI×K(R) is the vector space of I × K matrices over R,
which contains information from I ∈ N experimental trials and K ∈ N time instants.

When considering that, in the case of the electronic tongue, an array of sensors is used, J ∈ N

is the number of sensors (working electrodes) at each experiment, and there is a number J of the
aforementioned matrix (Equation (1)). Thus, the resulting three-way data matrix with I × J × K has
to be unfolded to obtain a two-way matrix following an unfolding procedure through the E-type
method [40]. In the E-type method, for each sensor, the matrices presented in Equation (1) are
concatenated to create a larger matrix X ∈ M(I)×(J·K)(R), as follows [39]:

X =

⎛
⎜⎜⎜⎜⎜⎜⎜⎝

x1
11 x1

12 · · · x1
1K x2

11 · · · x2
1K · · · xJ

11 · · · xJ
1K

...
...

. . .
...

...
. . .

...
. . .

...
. . .

...
x1

i1 x1
i2 · · · x1

iK x2
i1 · · · x2

iK · · · xJ
i1 · · · xJ

iK
...

...
. . .

...
...

. . .
...

. . .
...

. . .
...

x1
I1 x1

I2 · · · x1
IK x2

I1 · · · x2
IK · · · xJ

I1 · · · xJ
IK

⎞
⎟⎟⎟⎟⎟⎟⎟⎠

. (2)

2.3. Mean-Centered Group Scaling

The data collected by the MLAPV electronic tongue are arranged as a matrix X in Equation (2);
these data come from several sensors, and the magnitudes measured by these sensors may have
different scales [41]. Thus, the data must be rescaled applying a pre-processing stage. One method for
scaling the data is the mean-centered group scaling (MCGS) [42]. Group scaling is frequently used
when the data have several blocks of equal variables. In this case, the blocks are the number of sensors
J and each block comprises variables in some given units of measure, but different sensors use different
units [1]. In MCGS, the mean of all measurements of the sensor in the same column is considered in
the normalization, as follows [39]:

μN =
1

IK

I

∑
i=1

K

∑
k=1

xN
ik , N = 1, 2, . . . , J (3)

σN =

√√√√ 1
IK

I

∑
i=1

K

∑
k=1

(xN
ik − μN)

2, N = 1, 2, . . . , J (4)

where μN and σN are the mean and the standard deviation of all the elements in matrix XN , respectively.
More precisely, μN and σN are the mean and the standard deviation of all the measurements of sensor
J, respectively.

In MCGS, the mean of all measurements of the sensor in the same column is considered in the
normalization. More precisely, we define the following:
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μN
k =

1
I

I

∑
i=1

xN
ik , k = 1, . . . , K, N = 1, 2, . . . , J (5)

where μN
k is the arithmetic mean of the measurements located at the same column, which is, the mean

of the I measurements of sensor J in matrix XN . Therefore, the elements xN
ik of matrix X would be

scaled—using MCGS—-to create a new matrix
�

X = XMCGS = (�x
N
ik ) as

�x
N
ik :=

xN
ik − μN

k
σN , i = 1, . . . , I, k = 1, . . . , K, N = 1, 2, . . . , J (6)

2.4. Dimensionality Reduction

Owing to the large number of measurement points obtained in each experiment, unfolding is
carried out in such a way that the data of each sensor are ordered one next to the other. There is
a matrix of size (I)× (J · K) , where I is the number of experiments, J the number of sensors, and K
is the number of measurement points per experiment. However, the (J · K) quantity is characterized
by a high dimensionality. Therefore, a feature extraction step is run to reduce dimensionality and
create a feature vector of a considerably smaller size, which contains relevant information for each
class, in order to facilitate the classifying for machine learning algorithms, such as kNN. Different
dimensionality reduction techniques are reported in the literature to eliminate irrelevant and redundant
features. The selection of an appropriate feature extraction method can help enhance the processing
speed and reduce the time and effort required to extract valuable information [43].

2.5. Manifold Learning

In this work, manifold learning [44] is used as a dimensionality reduction technique.
Seven different nonlinear manifold learning algorithms—Isomap, LLE, Laplacian Eigenmaps,
modified LLE, Hessian LLE, LTSA, and t-SNE—were compared to identify the best one in terms
of classification accuracy. In the following sections, these algorithms are briefly described.

2.5.1. Isomap

Isomap [45] is a dimensionality reduction method that aims to preserve geodesic distances.
This distance between two vertices is the length in terms of the number of edges of the shortest path
between the vertices. This method is a variant of the multidimensional scaling algorithm in which
the Euclidean distances are substituted by geodesic distances. After finding the geodesic distances,
the next step is to run multidimensional scaling, performing the eigende composition of the Gram
matrix and selecting the λ most important eigenvectors to represent the low-dimensional space [46].

2.5.2. Locally Linear Embedding

The LLE [47] is a manifold learning algorithm where each sample point can be linearly represented
by its closest neighbors [48]. LLE eliminates the need to estimate pairwise distances between widely
separated data points and, in this method, the sampled data resides locally linear patch of the manifold.
The LLE method consist on three stages (1) select neighbors, (2) reconstruct with linear weights, and,
finally, (3) map to embedded coordinates. For further details, the reader is referred to the original
paper of Roweis and Saul [47].

2.5.3. Laplacian Eigenmaps

Laplacian Eigenmaps [49] is a local nonlinear dimensionality reduction algorithm that uses the
Laplacian of the graph concept for finally solving a sparse eigenvalue problem. In Laplacian Eigenmaps,
local properties are based on pairwise distances between close neighbors [50]. Laplacian Eigenmaps
is composed and three stages (1) constructing the graph, next (2) choosing the weights and finally
(3) Eigenmaps. For further details, the reader is referred to the original work of Belkin and Niyogi [49].
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2.5.4. Modified LLE

The modified LLE [51] is based on multiple linearly independent local weight vectors for each
neighborhood. Modified LLE shows the existence of linearly independent weight vectors that are
approximately optimal. The local geometric structure that is determined by multiple weight vectors is
much stable and improves the original LLE algorithm [51]. For further details, the reader is referred to
the original paper of Zhang and Wang [51].

2.5.5. Hessian LLE

Hessian LLE [52] is a local dimensionality reduction technique. The Hessian matrix represents
information on the curviness of the high-dimensional data manifold. An Eigenanalysis of the Hessian
matrix is performed in order to find the low-dimensional data representation that minimizes the
curviness of the manifold. In Hessian LLE, a constraint that the low-dimensional data representation
is locally isometric is imposed. Hessian LLE replaces the manifold Laplacian of the original LLE
algorithm by a new manifold Hessian [53].

2.5.6. Local Tangent Space Alignment (LTSA)

LTSA [54] represents the local geometry of the manifold using tangent spaces learned by fitting
an affine subspace in a neighborhood of each data point. Those tangent spaces are aligned to give
the internal global coordinates of the data points concerning to the underlying manifold by way of
a partial Eigendecomposition of the neighborhood connection matrix [54]. The procedure of LTSA
algorithm is as follows: identify neighbors, obtain tangent coordinates, develop Hessian estimator,
develop quadratic form, find approximate null space, perform an Eigenanalysis, and identify the
dimensional subspace corresponding to the smallest eigenvalues. Finally, find basis for null space.

2.5.7. t-Distributed Stochastic Neighbor Embedding (t-SNE)

t-SNE [55] reduces the tendency to crowd points in the center of the distribution. t-SNE is an
improved version of the SNE [56] algorithm, the latter is hampered by a cost function that is difficult to
optimize. There are two main stages in the t-SNE method. (1) A probability distribution is predictable
among the pairs of high-dimensional data points, so that similar objects are assigned a high probability
of being selected and dissimilar points are assigned small probability of being chosen. (2) t-SNE
designates a uniform probability distribution model in the low-dimensional map by minimizing the
Kullback—Leibler divergence [57]. The authors have successfully used the t-SNE algorithm in other
research, such as [42,58]. For a detailed explanation, the authors suggest the reading of the t-SNE
original work [55].

2.6. Supervised Machine Learning Classifiers

Five different supervised machine learning algorithms were compared in the classification stage,
among them were: KNN, SVM, MLP ANN, Adaboost, and Gaussian process classifier. Because of
these classifiers being well known, the authors suggest the reading of the following works, for more
details [59–61].

The parameters used in this study for each one of the classifiers were for kNN the number of
neighbors was set to two and an Euclidean distance was used. For SVM, a cubic kernel function,
box constraint level equal to one, and one vs one multiclass method were used. For the MLP ANN
alpha was equal to one and a maximum of 1000 iterations was set. For Adaboost, the number of
estimators was equal to 50 and we use a learning rate of 1. Finally, for the Gaussian process classifier,
a radial basis function kernel was used.
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2.7. Leave-One-Out Cross Validation

The leave-one-out cross validation (LOOCV) technique was used to verify the correct behavior of
the developed artificial taste recognition methodology. LOOCV is used due to the few experiments
conducted. In this sense, the use of LOOCV avoids the possible overfitting in the classification model.
In the literature, some works adopt leave-one-out cross validation in order to evaluate the performance
of a classification algorithm when the number of instances in a data set or that for a class value is
small [62].

2.8. Performance Measure

In this work, the classification performance that is used to compare and evaluate the behavior of
the developed methodology is the classification accuracy, defined as the ratio of correct classifications
over the total number of samples. This accuracy is shown in the following equation:

accuracy =
TP + TN

TP + TN + FP + FN
(7)

where TP are true positive, TN are true negative, FP are false positive, and FN are false negative values
in the confusion matrix obtained after perform LOOCV.

3. Dataset of a MLAPV Electronic Tongue

In 2018, Liu et al. [13] developed a MLAPV electronic tongue composed of an auxiliary electrode
sensor of pillar platinum, a reference electrode sensor of Ag/AgCl, and six working electrodes
of different materials, such as gold, platinum, palladium, titanium, tungsten, and silver. In the
experiments, the fourth electrode was broken. For this reason, the data obtained by the titanium
electrode were not considered in data analysis.

For each drink, three different concentrations of the original solution were mixed with distilled
water. These three concentrations were 14%, 25%, and 100%, named as low, medium, and high
concentrations. Three replicates were made for each of the concentrations for a total of nine samples
per aqueous matrix [13]. Therefore, the data set is composed of a total of 63 measurements. Tests were
conducted on seven different aqueous matrices: red wine, white spirit, beer, black tea, oolong tea,
maofeng tea, and pu’er tea. The data set used to validate the developed artificial taste recognition
methodology is shown in Table 2.

Table 2. Data set of 7 aqueous matrices used to validate the developed artificial taste recognition
methodology.

ID Aqueous Matrices Samples

1 red wine 9
2 white spirit 9
3 beer 9
4 black tea 9
5 oolong tea 9
6 maofeng tea 9
7 pu’er tea 9

4. Artificial Taste Recognition Methodology

The pattern recognition methodology developed in this study consists first in having the raw
data obtained by the multi-frequency and large amplitude pulse voltammetry tests with the electronic
tongue of five different materials. These data correspond to a size of 2050 measurement points per
sensor. Second, the data arrangement and unfolding is performed. In this way, different data obtained
by each sensor are ordered one after another toward the right, forming a feature vector per each
measure of 10,250 measurement points. As previously explained, the data set used to validate the
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current signal processing methodology of MLAPV electronic tongues consists in measuring seven
different aqueous matrices, with nine samples per class for a total of 63 measurements. Therefore,
the final unfolded matrix has a size of 63 × 10,250. Subsequently, the third stage is data normalization,
where the data obtained from the different sensors are scaled through the MCGS method for taking into
account differences in the measures obtained by each material in the aqueous matrix. Subsequently,
in the fourth stage, a dimensionality reduction procedure is achieved through manifold learning
algorithms. In this study, a comparative study of seven different algorithms is conducted to determine
the best one in terms of classification accuracy when varying the number of target dimensions and
the proper parameters of each manifold learning algorithm. These algorithms perform the feature
extraction stage by minimizing intra-classes distances and maximizing inter-classes distances between
each class of aqueous matrix.

The dimensionality reduction stage allows for to obtain a feature vector of low size, thus facilitating
the work done by the machine learning classification algorithm in stage five. In this case, five different
supervised machine learning algorithms were compared. The next stage in the methodology is
process validation with the LOOCV method, in which one sample is trained and evaluated with the
others. The LOOCV method is used for the few samples available for each class. After the cross
validation process, a confusion matrix is obtained. Finally, in the last stage, the accuracy classification
is calculated from the confusion matrix obtained. The six stages that compose the developed artificial
taste recognition methodology previously are shown in Figure 2.

The fine tuning of the different parameters of each algorithm is an important process to achieve a
high classification accuracy. Therefore, the first parameter to configure is the number of groups in the
MCGS method. In this case, the electronic tongue is composed of five electrodes, so the number of
groups is set to five. The next parameter to configure is the k number of neighbors belonging to the
manifold learning algorithm used. We searched in a range from seven to 63 neighbors, in order to find
the best accuracy calculated through the KNN classifier and LOOCV. Finally, the target dimension
to embed the scaled data is selected according to the high accuracy found in a range from two to
17 dimensions.

Raw data

Data 
normalization

Mean Centered 
Group Scaling

MCGS

Unfolding
data arrangement

Manifold 
Learning

-t-SNE,    -Isomap
-LLE,   -LTSA

-Laplacian Eigenmaps
-Modi ed LLE
-Hessian LLE Classi ers

-KNN
-SVM

-MLP ANN
-Adaboost

-Gaussian process 

Leave One Out
Cross Validation

LOOCV

Performance 
measure

Accuracy

Figure 2. Manifold learning based artificial taste recognition methodology.

5. Results and Discussion

5.1. MCGS Scaling

The excitation signal of a MLAPV electronic tongue includes several frequency segments in
one time cycle in order to stimulate different transient pulse-like responses. Better discrimination
ability can be achieved by the combination of working electrodes with specific frequency segments.
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Unfolded raw data from the five working electrodes are shown in Figure 3a. The different response
peaks can be observed in Figure 3. The multiple frequency pulse signal used in the MLAPV electronic
tongue is composed by three different frequencies, 0.2 Hz, 1 Hz, and 2 Hz, as well as five different
pulse amplitudes 1 V, 0.8 V, 0.6 V, 0.4 V, and 0.2 V. Figure 3b shows the scaling values after applying
the MCGS method.
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Figure 3. (a) Original signal versus (b) normalized signal by mean-centered group scaling
(MCGS) method.

5.2. Manifold Learning, Dimensionality Reduction and Classification

In the study conducted by Zhang in 2018 [14], a filter and the selection of 30 features per electrode
were used to form a 150th dimension feature vector. In this study, algorithms of manifold learning were
used for performing a feature extraction stage. In this sense, the features extracted properly belong to
the manifold and do not correspond at any time to features of the waveform. A comparative study is
conducted with seven manifold learning algorithms: Isomap, Laplacian Eigenmaps, modified LLE,
Hessian LLE, LTSA, LLE, and t-SNE. The number of target dimensions that form the feature vector
at the input of each supervised machine learning classifier has a minimum of two dimensions and
a maximum of seventeen. The scatter plots of the manifold learning algorithms are depicted in Figure 4,
showing the first three dimensions of each manifold learning algorithm.

Figure 4a shows the three-dimensional scatter plot of the Isomap algorithm. The index of each
class corresponds to the list of the seven aqueous matrices listed in Table 1. Figure 4a shows that the
first five aqueous matrices are mixed, and it is not possible to differentiate them. Conversely, there is
a clear separation of the sixth and seventh aqueous matrices, corresponding to maofeng tea and pu’er
tea, respectively. A similar situation occurs in the modified LLE (Figure 4c) and LLE (Figure 4d)
methods. In Figure 4b, the Laplacian Eigenmaps method shows results where the classes are mixed
together; therefore, a supervised classification algorithm is needed and, in this case, it allows for the
correct classifying of different classes in the dataset.
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Figure 4. Three dimensional scatter plots after applying (a) Isomap; (b) Laplacian Eigenmaps;
(c) Modified Locally Linear Embedding (LLE); and (d) LLE. The numbers in the legend refers to
the seven classes of aqueous matrices, as follows: red wine (1) white spirit (2), beer (3), black tea (4),
oolong tea (5), maofeng tea (6), and pu′er tea (7).

The next step in the artificial taste recognition methodology is to execute a classification stage
once the feature vector is formed, utilizing the named manifold learning methods. In this case,
a kNN classifier is used with Euclidean distance, and a hold out cross validation is performed.
Consequently, a confusion matrix is obtained in every classification process.

A study on the variation of the parameter of k neighbors in the kNN is performed. As shown in
Figure 5, the best result achieved was an average accuracy of 96.83%, when k = 2 neighbors was used.
The behavior of this k parameter of the classifiers has a tendency to decrease accuracy as k increases.

A hyper parameter must be tuned in each manifold learning algorithm to determine the best
values—in this case, according to the behavior in the accuracy. The parameter variation in each
manifold learning method is shown in Figure 6. The Isomap, Laplacian Eigenmaps, modified LLE,
Hessian LLE, LTSA, and LLE have the same k hyperparameter in common due to the nature of the
methods, where the local properties are based on pairwise distances between near neighbors. The value
of k varies between 7 and 63, because 7 is the minimum number of samples per class and 63 is the total
number of samples in the classes.
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Figure 5. Accuracy behavior due to the variation of neighbors number in kNN classifier algorithm.
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Figure 6. Accuracy sensitivity of k parameter variation in (a) Isomap; (b) Laplacian Eigenmaps;
(c) Modified LLE; and, (d) LLE.

Consequently, in Figure 6a the best value of k for the Isomap algorithm was k = 54 with
an accuracy of 90.48%. Isomap has a tendency to increase the precision as k increases, in the Figure 6b,
k = 22 for Laplacian Eigenmaps and a maximum accuracy of 80.16%. In general, the behavior is
oscillating and varies from a minimum accuracy of 48% for Laplacian Eigenmaps. In Figure 6c, the best
value of k was 56 for modified LLE with an accuracy of 92.06%. Subsequently, it slightly descends and
remains constant. Finally, in the Figure 6d the best value for k was k = 11 for LLE, with an accuracy of
88.00%. Otherwise, in the case of LLE as k increases, the accuracy decreases.
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The effect of the perplexity variation in the t-SNE algorithm and its influence on the classification
accuracy is shown in Figure 7. The perplexity can be interpreted as a smooth measure of the effective
number of neighbors. The performance of t-SNE is fairly robust to changes in the perplexity, and the
typical values are between 5 and 50 [55]. The best perplexity found was 38 with an accuracy value of
96.83% reached by the combination of the t-SNE and kNN methods.
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Figure 7. Effect of the perplexity parameter variation belonging to the algorithm t-Stochastic Neighbor
Embedding (SNE) on the classification accuracy.

Figure 8 shows the two-dimensional and three-dimensional scatter plots obtained with the t-SNE
algorithm. In these diagrams it is observed that the classes cannot be easily distinguished, however,
the special emphasis is made on the t-SNE method, as it had the best behavior in the classification
results obtained with kNN and leave one out cross validation.
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Figure 8. (a) Two-dimensional and (b) three-dimensional scatter plots after applying t-SNE for a
perplexity of 38. The numbers in the legend refers to the seven classes of aqueous matrices as follows:
red wine (1) white spirit (2), beer (3), black tea (4), oolong tea (5), maofeng tea (6), and pu′er tea (7).

The confusion matrix presented in Figure 9 was obtained after applying the t-SNE algorithm
combined with the kNN classification model. This confusion matrix represents an accuracy of 96.83%.
To the best of our knowledge, this paper presents, for the first time, an accuracy of 96.83% in the seven
aqueous matrices dataset, which surpasses the aforementioned results of the article developed by
Liu et al. [13] (84.13%) and the work by Liu et al. in 2020 [12] (95.24%). It should be noted that the
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differences in accuracy between the works by Liu et al., and the methodology developed in this work
are due to the fact that each paper uses different methods of feature extraction, this comparison can be
observed in the Table 3. It can be observed in the confusion matrix of Figure 9 that the classes of white
spirit (2), beer (3), oolong tea (5), maofeng tea (6), and pu′er tea (7) are totally classified, while those of
red wine (1) and black tea (4) present a sample error per class.

Actual class Predicted Class

1 2 3 4 5 6 7
1 8 0 1 0 0 0 0
2 0 9 0 0 0 0 0
3 0 0 9 0 0 0 0
4 0 1 0 8 0 0 0
5 0 0 0 0 9 0 0
6 0 0 0 0 0 9 0
7 0 0 0 0 0 0 9

Figure 9. Confusion matrix obtained after applying t-SNE and 2-NN with LOOCV.

Table 3. Comparison of achieved classification accuracy in the seven aqueous matrices multifrequency
large amplitude pulse voltammetry (MLAPV) electronic tongue dataset.

Research Articles Methods Accuracy

Liu et al., 2018 [13] ASF-DWT + KNN 84.13%
Liu et al., 2020 [12] FSE + KELM 95.24%

In the present article MCGS + t-SNE + KNN 96.83%

A variation of the number of target dimensions was obtained by the t-SNE algorithm as input
to the kNN classification model. The best classification accuracy of 96.83% was obtained when 8
and 10 dimensions were selected as targets in the dimensionality reduction algorithm. As shown in
Figure 10, when the number of dimensions increases, the accuracy also increases. However, after a
determined number of dimensions, the accuracy behavior stabilizes.

Figure 10 shows the accuracy behavior when varying the number of target dimensions of the t-SNE
algorithm. Here, the number of dimensions is seen as an important tuning parameter. Thus, we inspect
the behavior of accuracy between 2 and 17 dimensions. We found that the best dimensions to embed
the data with the t-SNE algorithm are the eight and 10 dimensions. This shows the possibility of
having not only one but more optimal dimensions in the dimensionality reduction process. The reason
is that, in each different dimension, the distances between classes are different. The t-SNE algorithm
maximizes the between-classes separability and within-class compactness. In this case, in the search
for the optimal dimensions, the KNN algorithm with two neighbors as classifier is set and fixed.
Finally, different STD were obtained, for example, in the case of eight dimensions, 0.9683 ± 0.018
was obtained and 0.9683 ± 0.011 was obtained for 10 dimensions. Therefore, the best accuracy was
finally obtained after performing a tuning process. First, the perplexity parameter in t-SNE algorithm
was defined as 38. Second, it was found that the accuracy of 96.83% was reached by the eight and
10 dimensions, which shows that the accuracy depends on the selected target dimension. This occurs
because the KNN classifier algorithm responds in the best way to the feature vectors created with the
eight and 10 target dimensions.
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Figure 10. Variation of the number of target dimensions obtained by the t-SNE algorithm as input of
the kNN classification model.

Table 4 shows the classification accuracy results given by the LOOCV of the compared supervised
machine learning classifiers varying the manifold learning method. The best combination of methods
was t-SNE with kNN reaching an accuracy of 96.83%. From Table 4, it can be detected that the
behavior of the manifold learning algorithms fluctuates with a similar trend, depending mainly
on the classifier used. In general, it can be observed that the best accuracies were obtained by the
KNN classifier. The next algorithms in terms of classification accuracy were SVM and MLP ANN.
Finally, the classifying algorithms with the worst performance were Gaussian process classifier and
Adaboost, respectively.

Table 4. Accuracy average and standard deviation of classification accuracies, values obtained after
performing n = 10 experiments. Varying the classifiers with respect to the manifold learning algorithms.
The number of target dimensions was equal to 8.

Classifier t-SNE Isomap Laplacian LLE Modified LLE Hessian LLE LTSA

KNN 0.9683 ± 0.018 0.8730 ± 0.028 0.8413 ± 0.038 0.8730 ± 0.017 0.7778 ± 0.022 0.7619 ± 0.027 0.8254 ± 0.022
SVM 0.7940 ± 0.034 0.7940 ± 0.032 0.7780 ± 0.038 0.7460 ± 0.035 0.7300 ± 0.003 0.6670 ± 0.014 0.6980 ± 0.024

MLP ANN 0.7619 ± 0.022 0.7777 ± 0.012 0.7460 ± 0.029 0.3968 ± 0.025 0.3968 ± 0.005 0.3492 ± 0.019 0.3968 ± 0.014
Adaboost 0.2857 ± 0.016 0.2857 ± 0.005 0.2698 ± 0.022 0.2857 ± 0.019 0.1428 ± 0.012 0.2698 ± 0.022 0.1269 ± 0.003

Gaussian Process 0.4444 ± 0.005 0.4285 ± 0.027 0.5396 ± 0.024 0.6031 ± 0.015 0.5873 ± 0.017 0.4920 ± 0.027 0.6666 ± 0.005

A comparative study was performed to show the accuracy behavior of each manifold learning
algorithm when the number of target dimensions changes. Besides, the results with and without the
application of the MCGS method at the beginning of data processing are shown in Tables 5 and 6,
respectively. The accuracy values presented in Tables 4–6 correspond to the average and standard
deviation of classification accuracies, these values were obtained after performing n = 10 experiments.
It can be observed that the application of the MCGS method generates an increase in the classification
accuracy of all manifold learning algorithms.

As reported in Table 6, the size of the feature vector that enters to the kNN classifier varies
from two to seventeen dimensions. In general, the worst behavior was obtained by the Laplacian
Eigenmaps algorithm, while the best behavior was obtained by t-SNE algorithm. In Table 6, t-SNE
was the only method capable of achieving an accuracy of 96.83% when 8 and 10 dimensions were used.
When 4 dimensions were used Isomap reaches 95.24% and Laplacian Eigenmaps reached a maximum
of 92.06% of classification accuracy. Furthermore, LLE reaches 92.06% when 12 dimensions were
selected, while the maximum accuracy obtained for modified LLE was 92.06% when 5 dimensions
were used. Finally, the best behavior for Hessian LLE with 90.48% and LTSA with 88.89% were reached
for two dimensions.
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Table 5. Accuracy Average and standard deviation of classification accuracies, values obtained
after performing n = 10 experiments. varying the dimensions with respect to the manifold learning
algorithms. Data without MCGS applied.

D t-SNE Isomap Laplacian LLE Modified LLE Hessian LLE LTSA

2 0.7460 ± 0.045 0.7143 ± 0.003 0.5873 ± 0.005 0.7460 ± 0.011 0.6825 ± 0.003 0.6667 ± 0.023 0.7302 ± 0.007
3 0.7937 ± 0.034 0.8095 ± 0.026 0.7937 ± 0.011 0.7619 ± 0.023 0.7302 ± 0.023 0.7619 ± 0.006 0.7778 ± 0.011
4 0.8730 ± 0.017 0.9048 ± 0.033 0.8413 ± 0.003 0.7460 ± 0.010 0.8413 ± 0.008 0.8571 ± 0.008 0.7778 ± 0.017
5 0.8889 ± 0.028 0.8571 ± 0.005 0.8571 ± 0.034 0.7937 ± 0.005 0.8413 ± 0.017 0.8571 ± 0.003 0.8254 ± 0.020
6 0.9365 ± 0.022 0.8730 ± 0.011 0.8889 ± 0.025 0.8413 ± 0.003 0.8095 ± 0.003 0.8571 ± 0.011 0.8095 ± 0.005
7 0.8889 ± 0.013 0.8571 ± 0.028 0.8413 ± 0.028 0.7937 ± 0.033 0.8413 ± 0.037 0.8095 ± 0.033 0.8095 ± 0.016
8 0.9206 ± 0.015 0.8413 ± 0.022 0.8254 ± 0.017 0.8571 ± 0.022 0.7619 ± 0.005 0.7937 ± 0.024 0.6825 ± 0.003
9 0.9206 ± 0.016 0.8254 ± 0.027 0.7619 ± 0.003 0.8730 ± 0.019 0.7460 ± 0.011 0.7460 ± 0.020 0.6667 ± 0.008
10 0.9048 ± 0.003 0.8254 ± 0.011 0.7143 ± 0.011 0.8413 ± 0.004 0.6825 ± 0.018 0.7460 ± 0.027 0.7460 ± 0.005
11 0.9206 ± 0.034 0.8254 ± 0.009 0.7937 ± 0.019 0.8730 ± 0.008 0.5873 ± 0.017 0.7460 ± 0.029 0.6825 ± 0.014
12 0.9206 ± 0.005 0.8889 ± 0.003 0.7937 ± 0.018 0.8571 ± 0.005 0.6190 ± 0.009 0.6508 ± 0.015 0.7460 ± 0.016
13 0.9048 ± 0.018 0.8413 ± 0.012 0.6825 ± 0.008 0.7778 ± 0.015 0.6190 ± 0.003 0.7460 ± 0.012 0.6667 ± 0.023
14 0.9206 ± 0.008 0.8095 ± 0.017 0.7302 ± 0.004 0.8095 ± 0.019 0.6825 ± 0.030 0.6508 ± 0.016 0.6825 ± 0.027
15 0.9048 ± 0.025 0.8413 ± 0.013 0.6667 ± 0.009 0.7937 ± 0.023 0.6349 ± 0.032 0.6508 ± 0.005 0.6825 ± 0.004
16 0.8571 ± 0.003 0.8413 ± 0.007 0.6825 ± 0.029 0.7937 ± 0.027 0.6508 ± 0.011 0.6825 ± 0.033 0.7460 ± 0.026
17 0.8730 ± 0.025 0.8413 ± 0.015 0.6825 ± 0.005 0.7937 ± 0.035 0.6508 ± 0.012 0.6825 ± 0.026 0.6667 ± 0.033

Table 6. Accuracy varying the dimensions with respect to the manifold learning algorithms. Data with
MCGS applied.

D t-SNE Isomap Laplacian LLE Modified LLE Hessian LLE LTSA

2 0.7302 ± 0.039 0.8730 ± 0.025 0.8413 ± 0.008 0.7937 ± 0.007 0.8571 ± 0.011 0.9048 ± 0.003 0.8889 ± 0.032
3 0.8254 ± 0.013 0.9048 ± 0.038 0.8254 ± 0.005 0.8254 ± 0.005 0.8095 ± 0.027 0.8730 ± 0.032 0.8571 ± 0.011
4 0.9206 ± 0.025 0.9524 ± 0.011 0.9206 ± 0.012 0.8889 ± 0.009 0.9048 ± 0.008 0.8889 ± 0.022 0.8571 ± 0.006
5 0.9206 ± 0.025 0.8889 ± 0.007 0.9048 ± 0.017 0.8571 ± 0.011 0.9206 ± 0.009 0.8730 ± 0.029 0.8730 ± 0.005
6 0.9206 ± 0.047 0.8889 ± 0.000 0.8889 ± 0.004 0.8571 ± 0.005 0.8730 ± 0.013 0.8730 ± 0.005 0.8889 ± 0.016
7 0.9524 ± 0.017 0.8889 ± 0.010 0.8730 ± 0.027 0.8730 ± 0.021 0.8254 ± 0.018 0.8254 ± 0.008 0.8889 ± 0.025
8 0.9683 ± 0.018 0.8730 ± 0.028 0.8413 ± 0.038 0.8730 ± 0.017 0.7778 ± 0.022 0.7619 ± 0.027 0.8254 ± 0.022
9 0.9524 ± 0.015 0.8730 ± 0.033 0.8730 ± 0.026 0.8889 ± 0.005 0.7143 ± 0.014 0.7937 ± 0.035 0.7937 ± 0.034
10 0.9683 ± 0.011 0.8730 ± 0.040 0.8571 ± 0.029 0.8889 ± 0.020 0.7619 ± 0.005 0.7937 ± 0.012 0.7937 ± 0.003
11 0.9524 ± 0.019 0.9206 ± 0.032 0.7937 ± 0.022 0.8889 ± 0.022 0.6508 ± 0.027 0.7619 ± 0.014 0.8413 ± 0.016
12 0.9524 ± 0.011 0.9206 ± 0.012 0.8095 ± 0.020 0.9206 ± 0.029 0.6508 ± 0.010 0.7619 ± 0.022 0.8254 ± 0.018
13 0.9524 ± 0.011 0.9206 ± 0.037 0.7619 ± 0.014 0.8889 ± 0.032 0.6349 ± 0.032 0.7460 ± 0.029 0.7937 ± 0.015
14 0.9524 ± 0.015 0.9048 ± 0.022 0.7460 ± 0.015 0.9048 ± 0.022 0.6349 ± 0.027 0.7937 ± 0.009 0.8413 ± 0.003
15 0.9524 ± 0.015 0.8413 ± 0.024 0.7619 ± 0.018 0.8571 ± 0.008 0.6190 ± 0.003 0.7460 ± 0.007 0.7937 ± 0.005
16 0.9206 ± 0.014 0.8413 ± 0.013 0.7778 ± 0.014 0.8730 ± 0.021 0.6508 ± 0.005 0.8254 ± 0.011 0.7937 ± 0.034
17 0.9206 ± 0.014 0.8413 ± 0.015 0.6825 ± 0.010 0.8889 ± 0.026 0.6508 ± 0.018 0.8254 ± 0.023 0.7937 ± 0.023

6. Conclusions

The developed artificial taste recognition methodology allowed for correctly classifying aqueous
matrices measured through a MLAPV electronic tongue. The leave-one-out cross validation was
used, as the data set selected to validate the methodology had a few samples. The classes in the
data set belong to 7 different aqueous matrices with 9 samples per class for a total of 63 samples.
With the application of this artificial taste recognition methodology, the best results yielded 96.83% of
classification accuracy, which means that it only mistook 2 out of the 63 total samples.

This methodology is composed of six stages: data unfolding, data normalization through MCGS,
dimensionality reduction with a manifold learning algorithm, classification through a kNN machine
learning model, cross validation, and performance measures calculation. In this study, seven manifold
learning algorithms were compared: Isomap, Laplacian Eigenmaps, modified LLE, Hessian LLE, LTSA,
LLE, and t-SNE. The findings indicate that the best algorithm was t-SNE, as it achieved the most
accurate results.

The parameters of the algorithms influence the accuracy of classification and it is recommended
to calibrate them. Particularly, in the t-SNE algorithm, the perplexity parameter exerted the most
influence. Additionally, the variation of the number of neighbors in the kNN algorithm was examined,
and k = 2 and Euclidean distance were found to be the best selections. Moreover, the number of target
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dimensions obtained by the feature extraction algorithm influenced the results in the classification
accuracy. In particular, the best classification accuracy results were achieved when the t-SNE algorithm
reduced the dimensionality of the original data to 8 and 10 dimensions.

For future studies, the implementation of the developed methodology will be examined in
other types of electronic tongues, such as those that are potentiometry- or cyclic voltammetry-based.
The evaluation of other types of classifiers and the development of a portable instrument for measuring
time and accuracy when implementing the methodology is also suggested.
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ASF active feature selection
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LDPP local discriminant preservation projection
LLE locally linear embedding
LOOCV leave-one-out cross validation
LTSA local tangent space alingment
MCGS mean-centered group scaling
MLAPV multifrequency large amplitude pulse signal voltammetry
PCA principal component analysis
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SHM structural health monitoring
TN true negative
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t-SNE t-distributed stochastic neighbor embedding
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Abstract: The article discusses an important issue in connection with the technique of mobile
Global Navigation Satellite System (GNSS) measurements of railway track coordinates, which is
digital filtering performed to precisely determine railway track axes. For this purpose, a measuring
technique is proposed which bases on the use of a measuring platform with a number of appropriately
distributed GNSS receivers, where two of them determine the directional base vector of the platform.
The receivers used in the research had high measuring frequency in the Real Time Kinematic (RTK)
operating mode and enabled correction of the obtained results in post–processing. A key problem
discussed in the article is the method for assessing the quality of the measurement results obtained
from GNSS receivers, and their preparation for further processing making use of geometrically
constrained parameters of the base vector and specialized digital filtering, among other elements,
to precisely determining the track axis. The obtained results confirm the applicability of the used
method of GNSS signal processing.

Keywords: track geometry surveying; GNSS mobile measurements; condition monitoring;
Savitzky–Golay filter; Whittaker filter; sensor data pre–processing

1. Introduction

In terms of their shaping, railway tracks have a precisely defined geometric layout which
determines the maximum acceptable speed of trains running on them. Therefore, attempts have been
made to find the best method to describe the geometric layout of the rail track axis, as it is subject to
deformations during exploitation. The International Union of Railways (UIC) reported, at the end of
2017, that there are about 1140 thousand km of railway tracks in operation, annual passenger transport
reaches as much as nearly 3940 billion passenger–km, while cargo transport stands at 10665 billion
tonne–kilometres. Consequently, each failure of railway infrastructure leads to substantial transport
disturbances and generates costs. For this reason, periodic inspection of the technical condition of a
railway transport system is essential for maintaining its high reliability and safety. One method for
monitoring the shape of the rail track axis consists of performing periodic control measurements of
geodetic coordinates of the track, which are then used to determine its real axis and compare it with the
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design. The shape of the axis cannot take the form characterised by variable curvature over a relatively
long distance [1–4]. This issue gains ever more importance when taking into account details of the
technique for cataloguing measurements of a railway track [5–12] and methods to determine the shape
of its axis [3,13,14]. The coordinate measuring is usually done using a surveying instrument installed
at some height above the track axis. This is also the case in the recently introduced and commonly
used method based on a mobile total station, which enables continuous measurement of coordinates.
The measurements make use of a special railway track geodetic reference frame. Computations are
made in the Cartesian coordinate system, PL–2000 in Poland (Gauss–Krüger projection for World
Geodetic System–WGS 84), therefore, correcting the recorded coordinates of the existing track axis
requires determining railway grid directions in the horizontal plane at each measuring point, which can
be difficult for points situated on an arc. This approach is both time–consuming and disruptive to
normal operations on the railway line. Furthermore, its results can depend on a subjective assessment
by the personnel performing the measuring.

The increasing accuracy of GNSS measurements provides new opportunities for developing
effective inspection methods and designing track axis adjustment projects. Numerous tests have
proved that for mobile GNSS receivers, it is possible to achieve a positioning accuracy of about 0.5 cm.
The main advantages of the measuring wagon–platform based multi–sensor GNSS measurement
method [15–18] are its mobility, high measuring rate, high positioning accuracy, and the lack of any
need to perform relatively complex transformations to assess results as well as the possibility to
automatize the measurements. Compared to tacheometric methods, the GNSS method does not
require the constructing and maintaining of a specialized surveying grid. Basic difficulties in its
application result from the high technological advancement of measuring instruments (availability,
service) and the need to operate on large sets of measured data. The developed methods of mobile
multi–receiver GNSS measurements outperform the remaining stationary and quasi mobile techniques
(i.e., those with a measuring trolley guided manually by the operator) [19,20]). This results from
the fact that in this method, the time needed for precise geodetic coupling to physical infrastructure
situated along the track is omitted, and the synchronized measuring signals are recorded with a
relatively high frequency. In many countries, GNSS techniques are introduced to support determining
of track coordinates; however, their use for accurate (in the global sense) mapping of track axis,
especially in areas with varying access to satellites, is still a challenging issue [21–34]. That is why the
research project InnoSatTrack included an attempt to build a platform for multi–sensor track geometry
measurement [35].

In the article, the authors report the results of the comparative analysis of data recorded by a
multi–receiver GNSS mobile platform during measurements performed on a selected railway line
section. A new task was, therefore, formulated, using of geometrically constrained GNSS receivers
forming the base vector of the measuring vehicle, referring to its modulus and direction, for evaluating
the quality of the measurement. The proposed multi GNSS structure of the measuring system provides
opportunities for further consideration of the vector perpendicular to the base vector as well as
considering a single measurement as a quasi–repeated measurement or making use of the so–called
parametric method for observational adjustment. Attention has also been paid to the presence of
incorrect measurement results generated by disturbances in the GNSS signal recording and by relatively
small, compared to an urban canyon for instance, infrastructure obstacles, such as railway and road
viaducts. An algorithm is proposed for detecting incorrect data with the use of the Savitzky–Golay
filter [36]. All this information was used in the algorithm for filtering the disturbed GNSS coordinates.
For this purpose, the Whittaker filter was used, which belongs to the group of discrete penalized
least square filters and is resistant to relatively long intervals of data absence in measuring data
sequences [37,38]. It is noteworthy that this is the first application of this type of GNSS data filtering to
precisely determine the railway track axis coordinates.
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2. Mobile Multi GNSS Measuring Platform

GNSS measurements can generally be divided into either static or kinematic [18]. Static measurements
include a large amount of excess information. In the offline process, this data is corrected based on the
information from the reference stations, thus ensuring the highest accuracy of measurements; however,
this method cannot be applied in this type mobile measurements. For the GNSS receiver in motion,
the results of measurements refer to the current position in time, and this position is determined
based on observations from a number of surveying epochs, which does not ensure as high a level
of accuracy as that in stationary measurements. The precise position measurement of a receiver in
motion can be done in RTK mode. However, in this case, direct communication with the reference
station or a system of reference stations in Real Time Network (RTN) mode is required [16]. Since this
communication is not always fully provided in the railway line areas, a kinematic method should be
used in post–processing, which means that the position measurements of the receiver in motion should
include correcting calculations performed after the measurement has been completed.

Mobile measurements require GNSS receivers with the option of precise kinematic measurement
and high–frequency data recording, 20 Hz for instance. This particularly refers to measurements
performed at different receiver speeds and/or in different environmental and terrain conditions. When a
single GNSS receiver is used, possible measuring errors may exceed acceptable levels, which decreases
the final accuracy of the railway track axis coordinates evaluation. Applying several receivers increases
the density of measurements as well as enabling the evaluation of their accuracy and eliminating
incorrect results. Moreover, it enables obtaining a number of additional parameters describing the
railway track geometry [16–18,39–42].

The track axis coordinate measurement should be performed using the instrumentation situated
in the track cross section axis, and the measuring sensor should be placed on the plane connecting
the heads of the two rails forming the track. Because of structural restrictions, among other factors,
this arrangement is not possible in mobile GNSS measurements. Instead, the GNSS receiver is installed
at some height over this plane, resulting from the overall dimensions of the measuring platform,
the dimensions of the system fixing the receiver to its frame, and the height of the receiver itself.
As a consequence, all longitudinal and/or lateral track inclinations, in particular those characteristic
of horizontal track arcs with constant or varying curvatures, cause that the real horizontal receivers’
position differs from the reference position. In this situation, the track axis coordinates measured by
the GNSS receiver are subject to an error which should be eliminated. Correction of the recorded
coordinates is possible if other sensors, measuring longitudinal and lateral inclination angles of the
measuring platform frame, are installed close to the GNSS receiver. Mobile measurements make use of
various specially designed or standard versions of wagons, motor cars, and locomotives. The higher
the receiver is installed relative to the track plane, the greater the effect on the track axis evaluation
accuracy. Increasing this accuracy requires relevant post–processing with combined use of the results
obtained from both GNSS receivers and inclinometers.

Figure 1 shows a concept for a mobile measuring platform with six GNSS receivers distributed on
a typical flatcar. Two receivers A and B, which are of particular importance in the presented method,
are situated above the bogie pivot pins, along their vertical axes. They form the so–called fixed base of
length Lb. Taking into account the movement direction of the platform, the base vector marked in the

figure was obtained. The coordinates of GNSS receivers composing the base vector
→

AB can be used for
evaluating the correctness of track axis location measurements in the global coordinate system.
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Figure 1. Mobile measuring platform with receivers A, B, . . . , F and marked base vector
→

AB.

This concept was implemented using a standard flatcar (type 401Z, Figure 1). The main parameters
of this platform are: mass—19.9 × 103 kg, loading deck height above rail head—1292 mm, frame
length—11000 mm, frame width—3100 mm, distance between boogie pivot pins—7000 ± 10 mm,
transverse tolerance in pivot axis distribution +2/−3 mm, boogie axis spacing—2000 mm,
arc passing—90 m, maximum speed—100 km/h. The GNSS receivers’ layout on the platform
and the distances between them are schematically shown in Figure 2. The method of single direct
measurement was used to measure the wagon’s symmetry axes, i.e., the pivot pin axes, in such a way
that the tolerance of the layout of GNSS receivers was within ± 1 mm.

Figure 2. Layout of GNSS receivers A, B, . . . , F on measuring platform.

Figure 3a shows a view of the measuring platform with GNSS receivers and the remaining
measuring and DAQ (data acquisition equipment). The tribraches and GNSS receivers were mounted
on aluminium profiles transversely fixed to the flatcar. The measuring train consisted of a 401Z flatcar,
on which the measuring and DAQ equipment was installed, an additional separating wagon, and a
DH–350 motor car. The additional wagon was used to increase the distance between the platform
and the motor car cab, thus reducing the risk that the GNSS receivers are disturbed by the cab during
the measurement.

To allow the proper interpretation of the results of GNSS measurements, they are presented, for
both stationary and mobile mode, in the Cartesian coordinate system Y, X on Y(ti), and X(ti) plots
for both curved and straight railway line sections. The results are compared between different GNSS
receivers, in particular between receivers A and B defining the fixed base of the measuring platform.
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(a) (b)

Figure 3. Test stand: (a) view of mobile measuring platform with receivers A, B, . . . , F installed on
401Z flatcar; (b) general map of part of railway line No. 211 between Chojnice and Brusy stations
(https://www.openrailwaymap.org).

3. Results of Multi GNSS Measurements of Railway Track

3.1. Stationary Measurements

The presented results of measurements were recorded during the experimental ride performed
in December 2019 on the test stand shown in Figure 3b. The measurements were done using
new–generation GNSS receivers and the network of reference stations RTK/RTN operating in Poland.
The applied GNSS receivers, model R10 made by Trimble, were fixed on the platform as shown in
Figure 2. During a relatively short platform stop of 3.7 min, before starting mobile measurements,
each receiver collected 4440 records. The receivers acquire raw data with 20 Hz frequency, four of
them operated simultaneously in RTK 1 Hz mode, and one in 20 Hz mode. Selected quality indicators
describing the effect of the almanac on position evaluation are shown in Figure 4. The presented data
were collected at one second intervals during the entire static condition time. Both the horizontal
dilution of precision (HDOP), which did not exceed a value of 1.3, and the number of space vehicles
(SVs), which was not less than 10, correspond to the excellent rating. At this level of parameters,
positional measurements are considered accurate enough to meet the majority of railway applications.

(a) (b)

Figure 4. Measurement quality indicators of receivers A and B: (a) HDOP characterising the position
accuracy in 2D space; (b) number of space vehicles.
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For the results collected in the above way, RTN corrections were introduced in post–processing.
The corrected results of stationary measurements are shown in Figure 5, in the Cartesian coordinate
system WGS 84 (in Poland PL–2000), for each of receivers A, B, . . . , F. Each position was determined in
coordinates Y, X, where the Y values increases from West to East, while the X values increases from
South to North.

Figure 5. Results of position measurements for receivers A, B, . . . , F on static condition.
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Based on the values acquired by receivers A, B, . . . , F, their arithmetic means were calculated
and taken as position coordinates. The standard deviations of these positions were also calculated.
The obtained results are collated in Table 1. For the presented measurements, the maximum standard
deviation was slightly above 1 cm.

Table 1. Position coordinates of GNSS receivers determined for stationary measurements.

Receiver
Coordinates Y, X Standard Deviation

Y [m] X [m] σY [mm] σX [mm]

A 6,473,870.062 5,961,286.486 6.70 6.80
B 6,473,873.743 5,961,292.432 12.82 10.20
C 6,473,870.691 5,961,286.092 5.88 6.79
D 6,473,869.418 5,961,286.889 7.34 5.27
E 6,473,874.379 5,961,292.044 8.52 10.77
F 6,473,873.109 5,961,292.835 5.43 4.88

The results obtained from the GNSS receivers were used for calculating the distances between
antennae and the slopes of lines passing through the measuring points. The lines to be used for
determining the railway track axes are those passing through points A–B, C–E, and D–F as well as the
lines determined from measurements for three points: C–A–D and E–B–F (Figure 2). Table 2 compares
characteristic distances between receivers which were determined from GNSS measurements with
those measured directly using a total station and class I measuring tape. The relative error of fixed

base vector
→

AB length is less than 0.1%.

Table 2. Measured distances between receivers and their errors.

Section
Distance

[mm]
GNNS Distance

[mm]
Absolute Error

Δ [mm]
Relative Error

δ [%]

AC

750

742.2 7.8 1.04
AD 759.7 9.7 1.29
BE 745.0 5.0 0.67
BF 751.2 1.2 0.16

CD
1500

1501.9 1.9 0.03
EF 1496.2 3.8 0.25

CE
7000

7001.9 1.9 0.03
AB 6993.2 6.8 0.10
DF 6998.5 1.5 0.02

BC

7040

7036.4 3.6 0.05
AE 7048.7 8.7 0.12
AF 7042.3 2.3 0.03
BD 7030.7 9.3 0.13

CF
7159

7163.4 4.4 0.06
DE 7154.4 4.5 0.06

After expressing in angles the line slopes between the abscissa and a given line passing through
the central points of the receivers, the mean value was calculated for the three angles for lines A–B,
C–E, and D–F, which was equal to 58.208◦ with maximum deviation of 0.04◦, and another mean value
for lines C–A–D and E–B–F (perpendicular to lines A–B, C–E, D–F), which was equal to 31.983◦ with
maximum deviation of 0.07◦.

These results reveal that the slope for the line directed along the measuring platform was
determined more precisely than for the line in the normal direction. The sum of these two angles, which
should theoretically equal 90◦, differs by 0.2◦ from this value. Here, and of high importance, is the layout
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tolerance of the receivers–changing the receiver’s position by ±1 mm changes the inclination angle by
0.02◦ for lines directed along the platform and by as much as 0.08◦ for lines in the normal direction.

The coordinates of the receivers composing the base vector were used for evaluating the correctness
of track axis position measurements in the global coordinate system. After comparing the results shown
in Figure 5 with the dimensions of the antenna layout on the platform, measured by independent
methods, a conclusion can be made that the quality of the results in stationary measurements is good
and the maximum absolute errors are close to 1 cm.

3.2. Mobile Measurements on Straight Track Section

The GNSS receivers used in the research acquire the measurements synchronically with a frequency
of 20 Hz. During the measurement, the receiver’s coordinates Y(ti), X(ti) are acquired with time interval
ti+1 − ti = 50 ms for each of receivers A, B, . . . F. Graphic interpretation of the results obtained during
2.5 s of acquisition on the straight horizontal track section are shown in Figure 6. This shows 50 samples
for each receiver. For instance, receiver C obtained: C1, C2, . . . , C50, where C(ti) = Ci. In the described
situation, the speed of the measuring platform was relatively low and the trace of the measurements
recorded by receivers A, C, D does not coincide with that of receivers B, E, F. Thus, the interpretation
of the results of mobile measurements differs from that of the stationary measurements performed
on the static condition. A single measurement result is obtained for each position of the measuring
platform. A higher density of measurements can be achieved by using a larger number of receivers,
or receivers operating with higher frequency, 100 Hz for instance.

Figure 6. Results acquired on the straight horizontal track.

In static conditions, the results are most frequently averaged, while for mobile measurements,
results which are evidently incorrect are omitted. The quality evaluation criterion for the obtained
measurement results can be formulated based on samples acquired by several GNSS receivers,

in particular, the most reduced system of two receivers A, B composing the base vector
→

AB of the
measuring platform (Figure 1).

Figure 7 presents selected results of measurements for receivers A, B form the base vector of the
measuring platform, and – for better clarity – receivers C, D. The platform position and dimensions
are also sketched symbolically onto the figure. These results are partially repeated in the expanded
scale of several meters in Figure 7b, i.e., the result A(tn) = An for time tn. Since the receivers A, B are
geometrically constrained to compose the base vector, they are placed in the symmetry axis of the
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platform and, as a consequence, after time tk the receiver B will acquire a sample in the vicinity of
sample An. A similar situation occurs for receivers C–E and D–F. This result will be marked Bn+k,
where k depends on the platform’s speed. Since the length of the base vector is Lb = 7000 mm and the
speed of platform was v = 2.84 m/s, then in this case k = 50, and tk = 2.5 s.

(a) (b)

Figure 7. Results acquired by multi GNSS platform: (a) for longer section on straight railway track;
(b) in expanded scale for receivers A, B, C and D.

During mobile GNSS measurements, both the environmental and terrain conditions vary,
which affects the quality of the obtained results. Figure 8 shows characteristic base vector parameters
as elements of a qualitative evaluation of the measurement made by receivers A, B form this vector.

Figure 8. Waveforms of qualitative parameters of measurements on a straight railway track

section—determined for base vector
→

AB.

The distance between these receivers measured directly was Lb = 7000 mm, while the distance
calculated based on Y, X coordinates (marked lb) is close to this value. The relative error of the base
vector length did not exceed 0.24%. The slope of this vector, marked ΔX/ΔY and calculated as the
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difference quotient (Xn+1 − Xn)/(Yn+1 − Yn), varied slightly from 1.594 to 1.608, i.e., was nearly constant
along this straight section of railway track. The vehicle speed v shown in Figure 8 was obtained
from components vY, vX, calculated as difference quotients of vehicle position changes to sampling
times. Visible small speed variations result from the limited accuracy of measurements and numerical
rounding in a relatively short measuring cycle of 50 ms. The vehicle speed was practically constant
and approximately equal to v = 2.83 m/s.

During the post–processing of mobile measurement results, the sporadic appearance of samples
with large deviations of coordinate values from those recorded by other receivers was observed.
These errors, seen in sequences from a few to several dozen samples taken from different GNSS
receivers, were not caused by environmental disturbances.

Figure 9a shows the coordinate changes for receivers A, B. The correct waveform is observed for
coordinates Ai while for coordinates Bi, it reveals some disturbances due to incorrect measurements.
These incorrect samples can be easily detected in the set of acquired data by comparing the calculated (lb)
and directly measured (Lb) base vector lengths. Since the platform motion on the track is well defined
and cannot change rapidly, calculating difference quotients of coordinates will enable identification
of the receiver with incorrect measuring data. The base length lb calculated from GNSS coordinates
and compared with length Lb is one of the quality evaluation criteria for both measurements alone as
well as their further processing and filtering. Figure 9a shows a noticeable change of the base length
lb, determined with relative error δ of more than 10%. Using the expanded scale, discrete measuring
points are shown for receiver B and coordinate BX – the observed step change is of the order of 0.5 m.

(a) (b)

Figure 9. Example of incorrect dataset: (a) waveforms of correct and incorrect results acquired by
receivers A and B, complemented by the calculated base length lb and its relative error δ; (b) correct
results acquired by receivers A, C and D, and incorrect results acquired by receiver B.

Figure 9b shows the same part of the dataset in the Cartesian coordinate system Y, X.
Correct measurement results were visibly acquired by receivers A, C, and D, (to preserve the clarity
of the picture, the results from receivers E and F are omitted). Along the horizontal straight track section,
the track axis can be easily determined, and this axis should coincide with the results acquired by receiver B.
Correct results (black circles) can be seen in the upper and lower parts of the picture, while the middle part
reveals large deviations. This effect is particularly noticeable when comparing correct sample B(t = tn) = Bn

with incorrect sample Bn+1, and a further 50 samples collected with the sampling time of 50 ms. This sequence
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of coordinates reveals large measuring errors. The measuring platform moved at a relatively low speed,
v = 10 km/h, and covered a distance of about 7.08 m during the recorded time of 2.55 s.

The satellite signal can be lost when the platform passes some environmental disturbances along
the way. In this case, the GNSS receiver either does not generate results at all, or the results are recorded
irregularly. Samples showing breaks in the receivers’ operation, after interrupting of the measuring
platform by road and railway viaduct, are shown in Figure 10. When the platform passed under the
road viaduct, the signal was completely lost by all receivers, while when passing under a lattice truss
railway viaduct, the signal loss was temporary and its intensity varied for each receiver.

(a) (b)

Figure 10. Results of GNSS signal loss when the measuring platform passed: (a) under road viaduct;
(b) under lattice truss railway viaduct.

Figure 10 shows the results of measurements acquired by three GNSS receivers: A, C, and D. As the
measuring platform passes under the road viaduct, the measurement results reveal a noticeable break.
At the platform speed v = 30 km/h, this break was approximately equal to 10 s and the measurement
results in this situation are burdened with extremely large errors. Furthermore the time after which
correct results can be acquired once the obstacle has been passed is relatively long.

In the above situation, to more precisely determine the railway track axis, the results which
are missing due to satellite signal loss should be complemented using other measuring techniques,
for instance, an inertial measurement unit (IMU) with a Kalman filter algorithm, frequently used for
this purpose e.g. [43]. When the time of signal loss is relatively short, incorrect samples can be identified
using the measuring platform base vector, and then corrected using relevant error reduction algorithms.

3.3. Mobile Measurements on Railway Track Arc Section

Figure 11 shows the results of measurements performed on a geometrically complex railway
track segment consisting of a straight section and a circular arc linked together by transition curves.
Figure 11a refers to the case when the measuring platform moves along the straight section and the
transition curve, while Figure 11b covers a longer track section of nearly 1 km in length, with the
transition curves and the circular arc. As in previous figures, only the results acquired by receivers A,
B and C, D are shown. The obtained results were post–processed to determine the base length lb and
slope ΔX/ΔY in an way identical manner to that applied in Figure 8.
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(a) (b)

Figure 11. Results acquired on a geometrically complex railway track segment: (a) straight section
changing to circular arc; (b) section consisting of transition curves and circular arc.

Based on the data presented in Figure 11a,b, the waveforms of selected quality parameters
were calculated and shown in Figure 12a,b. The calculated fixed base length is practically constant
(the maximum relative error does not exceed δmax = 0.7%). The slope changes smoothly from a
constant value, characteristic for the straight section, to higher values on the transition curve and
circular arc. These values can be extremely high in the areas where the base vector direction coincides
with the meridian direction, and in those cases, they should be limited in the numerical procedure.
Precise evaluation of such a situation would require transforming the measured coordinates to another
global system, rotated about a given angle. It is noteworthy that even when the simplified procedure
making use of formulae with difference quotients was applied, no disturbances were observed in
slope calculations.

(a) (b)

Figure 12. Waveforms of qualitative parameters of multi GNSS measurements: (a) straight section of
track changing to circular arc; (b) section consisting of transition curves and circular arc.
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Figure 12 additionally shows velocity vector components vY, vX, and its absolute value v.
The velocity components were calculated as difference quotients of coordinates. A simple filtration
method based on calculating a moving average from 10 measuring samples was applied. The absolute
velocity value v is presented as the moving average against the non–filtered values. The average speed
for the entire test ride was 2.89 m/s.

4. Digital Filtering of Railway Track Coordinates

The data obtained from GNSS receivers should be checked with respect to their quality. For this
purpose, it is proposed to use the measuring platform base vector and the Savitzky–Golay filter [36]
to detect incorrect measurement results. In a further step of the analysis, a smoothing–interpolating
Whittaker algorithm is used together with the weight coefficient P indicating incorrect data [37].
These filters are well described in the literature and widely used [44,45]. Numerous software packages
such as MATLAB or LabVIEW, make it possible to filter datasets based on smoothing algorithms.
However, their use for determining railway track coordinates is being proposed for the first time.

The main advantage of the Savitzky–Golay filter (SGF) is that it does not introduce delay.
The operation of the SGF results directly from the Stone–Weierstrass theorem. Its essence can be
expressed as local polynomial regression (LPR), reached in the convolution process via approximating
successive sequences of adjacent data points by low–degree polynomials. This method consists of
selecting a symmetric window with respect to the analysed data point and attributing the value of
the polynomial function to this point at a central window index. This process is repeated for all
points, thus obtaining a smoothed signal and its differences (playing the same role as derivatives
for continuous functions). The filter requires parametrization, i.e., assuming the degree n of the
approximating polynomial and the window dimension m. Automatic parametrization of the filter is
possible [38].

To detect incorrect measurement results, a difference method similar to those used for filtering
continuous signals has been used. The motion of the measuring platform is well defined and cannot
change rapidly, therefore, the measurement results are coupled together and carry the same correlated
signal, which justifies the use of SGF. The assumed polynomial degree was n = 2 and window width
m = 11. The detection index P, defining the measurement correctness of each data point pi, i = 1, 2, 3,
. . . , was assumed as equal to 0—for incorrect data and 1—for correct data. This index was calculated
via differentiating, i.e., approximating the second time derivatives of components ∂2Y/∂t2 and ∂2X/∂t2

with SGF. Then, the values differentiated in the above way underwent thresholding and normalization.
This procedure emphasizes the presence of data points with high rates of change, which are considered
disturbances in the measuring process and should be eliminated.

In the second stage of data post–processing, the Whittaker algorithm was used [37]. Basic advantages
of this algorithm include:

• correct operation even when relatively large parts of values are missing, by introducing the weight
coefficient 0 or 1,

• single–parameter control of exit signal smoothness,
• possibility of cross–validation.

The mathematical foundations of the Whittaker algorithm are as follows [37] taking the data set ξi
of length N. The distances, or time intervals, between the data points are equal. A smooth series σλ
should be found to match ξi. To solve this problem, a compromise between two contradictory goals,
which are fidelity and roughness of the matching series, should be found. The smoother the series σλ
the more it will differ from ξi.

The level of fidelity of series σλ to the data set can be measured as the sum of difference squares:

S =
N∑

i=1

(ξi − σλ)2 (1)
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The roughness of ξi, in turn, can be expressed by N-order differences. The sum of the difference squares
gives a simple and effective measure of roughness of ξi:

R =
N∑

i=1

(
Δ2ξi

)2
(2)

Combining these two goals gives the sum Q = S + λR, where parameter λ can be adjusted so as to
obtain the right balance between fidelity and roughness. An objective choice of λ can be made using,
for instance, cross–validation [37].

The essence of the penalized least square method is finding the values of ξi which will minimize
Q. Making use of matrix calculus, Q can be expressed as:

Q = |ξ−σλ|2 + λ|Dξ|2, (3)

where the symbol |•|2 means the quadratic norm of an arbitrary vector, i.e. the sum of squares of its
components, and D is the matrix such that Dz = Δz. Making use of matrix calculus, the relations for
the vector of partial derivatives can be found:

∂Q
∂ξT

= −2(ξ−σλ) + 2λDTDσλ (4)

Making (4) equal to zero, a system of linear equations is obtained:(
I + λDTD

)
σλ = ξ, (5)

where I is the unit matrix.
When significant fragments of value are missing in the input signal, the algorithm can be modified

to operate effectively in this situation as well. Using the concept of detection index P, a formal record
of weight vector P with components pi and values 0 or 1, respectively, for missing and correct data is
introduced. The resulting fidelity measure is then formulated as:

S =
N∑

i=1

pi(ξi − σλ)2 = (ξi −σλ)
T

P(ξi −σλ), (6)

where P is the diagonal matrix with values pi on the diagonal. As a result, the equation system (6)
takes the form: (

P + λDTD
)
ξλ = Pξ (7)

In the analysed case, the input data ξ i to the Whittaker algorithm are the measured coordinates
Y(ti) = Yi, X(ti) = Xi, for i = 1, 2, 3, . . . , where ti+1 − ti = Ts is the constant sampling time, and the weight
vector P with data correctness indices pi is obtained using the Savitzky–Golay filter. The parameter λ
was assumed to be equal to 1000, based on the performed numerical experiments.

Qualitative analysis was performed for the measurement results shown in Figure 11b. For receivers
A, B, no incorrect data was acquired, this was also confirmed by the base vector parameters. The Y, X
coordinates of receivers A, B were filtered using the Whittaker algorithm with parameter λ = 1000
to obtain the smoothed values Y*, and X*. Figure 13 shows the differences between the coordinates
before and after filtration, i.e., Y(ti) − Y(ti)*, and X(ti) − X(ti)*. The presented results reveal that the
filtration smooths the majority of data to within 1 cm.
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(a) (b)

Figure 13. Results of filtration based on Savitzky–Golay and Whittaker algorithms calculated as
differences of coordinates before and after filtration: (a) coordinate Y; (b) coordinate X.

An important parameter is the measuring vehicle’s speed v(t), which can be calculated from the
vehicle’s position derivatives, in this case: from coordinate differences. The differentiation calculations
were performed for SGF windows with 5, 7, 9 and 11 points. For this type of data, with small
amplitude changes and small sampling time, the results were close to each other and had slightly
smaller amplitude for wider windows.

When analysing the longer section of track from Figure 11b, the applied incorrect data detection
algorithm sporadically detected incorrect data for receiver B, as sequences of some points in length.
Depending on the selected window width m, only part of the detected incorrect data points coincided
with each other.

The operation of filters on the data with concentrated incorrect values was checked for the
data presented in Figure 9a. The analysis was performed for a selected short dataset consisting of
200 samples with 57 incorrect values. The results of filtration are shown in Figure 14. Figure 14a
presents the calculated base vector length lb and the data detector P, which indicates a slightly wider
interval of incorrect data due to a relatively large width of the applied window (m = 11). The relative
error δ of length Lb in the area of incorrect data is approximately equal to 10%.

After eliminating incorrect data and processing the remaining data with the Whittaker algorithm,
the corrected values BY*, BX* were obtained. They are shown in Figure 14a while Figure 14b, being a
complement to that data, presents, among other parameters, the base slope related to the reference
value for receiver A and the value A* obtained from digital filtration. This slope was also determined
for non–filtered coordinates from receiver B and processed data B*. For the straight railway section,
this slope should be constant. The relative error in slope estimation exceeded 10% in some cases.

Figure 14b shows the relative errors of the base vector related to its length and slope. The relative
length error δl was calculated from the reference data of receiver A and the data of receiver B after
filtration, i.e., B*. The relative slope error δYX of this vector was also calculated from data A, B*.
Higher values of these errors were observed in the incorrect data range. The maximum errors were
equal to: δlmax = 0.31%, δYX = 0.25%.The analysed straight railway track section can be described by
the linear equation in the slope–intercept form, which can be obtained using the least square method
for coordinate errors of receivers A, B, and their values after filtration A*, B*, respectively. For receiver
A, no incorrect data was observed, and the straight line obtained from data A or A* can be considered
the reference for the data acquired for receiver B and their corrected values B*. The difference in values
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between the reference equation and that obtained from the data for receiver B varies from 0.2 to 0.27 m,
while for the equation obtained based on corrected values B*, it is practically constant and equal to
0.01 m. Additionally, Figure 14b shows the vehicle speed v, which was obtained from differentiating
coordinates after their correction with a 5–point window.

(a) (b)

Figure 14. Results of filtering based on Savitzky–Golay and Whittaker algorithms: (a) waveform of
data detector, correction of receiver B results to B*, base vector length and relative error; (b) speed,
base vector slope, and relative error.

Data filtration was also performed for datasets with a partial loss of signal when the measuring
platform passed under viaducts. The results of these measurements are shown in Figure 15. The straight
track section selected for analysing was over 200 m long and the data collected when passing this
section comprises nearly 600 samples. Due to signal loss and significant changes of coordinate values,
each correct data detector P, based on SGF and windows with 5, 7, 9, and 11 points, precisely detected
the range of incorrect measurement data. Figure 15 shows coordinates of receivers A and B composing
the base vector after Whittaker filtration. Figure 15a represents the situation when the measuring
platform passes under the road viaduct, while Figure 15b—under the lattice truss railway viaduct.
Both figures present changes of the calculation base length lb* obtained from processed data A* and B*.
For the measurements made when passing under the road viaduct, the maximum relative error of base
length was 2.6%, while for the railway viaduct—1.1%.

To verify the GNSS results and their filtration, additional measurements of track axis coordinates
were made using the spatial resection method and free total station. The total station was placed on
selected points along the track, and the positions of these points were determined using the resection
method for four points of Special Railway Surveying Grid. The prism was mounted on the track
gauge meter, and relevant measuring offsets were taken into consideration. The measurement of prism
coordinates was done every 10 m.

Figure 16 shows the results of total station measurements, marked T. For the datasets from
Figures 9 and 14, collected on the straight horizontal track section, the track axis was determined
from five successive measurements and described by the reference linear equation. Four successive
measuring points and the track axis are marked in Figure 16. At the background of the track axis,
the results of GNSS measurements for receivers A and B are shown, along with their values A* and B*
obtained in the filtration process. The distance of the GNSS measurement point from the line defining
the track axis, measured in the direction perpendicular to this axis, defines the absolute error ε.
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(a) (b)

Figure 15. Results of measurements and their filtration in situations when the measuring platform
passed under: (a) road viaduct; (b) railway viaduct; where: A, B—acquired coordinates, A*, B*—their
values after filtration, lb—base length, base slope, relative error of base length, and detector signal.

(a) (b)

Figure 16. Measurement results obtained from receivers A, B and total station T, and distribution of
absolute errors: ε for A, B and ε* for A*, B*: (a) receiver A; (b) receiver B.

Figure 16a shows the situation when all data recorded by receiver A are correct. The decrease of
the relative error ε* for filtered values, as compared to the error ε for non–processed data can be seen.
The value of error ε* reached a maximum of 7 mm. The track axes determined from data A and A*
practically coincide with the reference axis calculated from total station data.

Figure 16b presents the results for receiver B. In the interval with incorrect data, the absolute
error of non–processed data is large, up to 0.6 m. The absolute error ε* for filtered values only slightly
exceeds 5 mm. The track axis determined from data B is shifted by a constant distance of 0.14 m with
respect to the reference axis. For the data B*, processed and complemented in the manner resulting
from the filtration algorithms, the track axis practically coincides with the reference axis.
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The performed analysis testifies to the correctness of the adopted assumptions concerning detection
and filtration algorithms applied to the acquired GNSS data.

5. Conclusions

New opportunities concerning mobile satellite measurements of railway tracks axes are provided
by a measuring platform equipped with at least two GNSS receivers installed above bogie pivot pins,
which define the base vector of the vehicle. This approach makes it possible to determine more precisely
the track axis as well as the position and length of straight track sections, positions, lengths and radii of
circular arcs, and positions, and types and lengths of transition curves. Moreover, the base vector can
be used for qualitative evaluation of the obtained measurement results, i.e., identification of correct
and incorrect data. Having greater numbers of receivers provides opportunities for better control of
the results.

The sporadic appearance of samples with a relatively large deviations of coordinate values from
those recorded by other receivers was observed. These errors were not caused by environmental
disturbances. It has been shown that the sensitivity of the method is sufficient for both the identification
of incorrect measurements and in the case of GNSS signal loss due to obstacles. The novel method
developed to identify incorrect measurement results with the Savitzky–Golay filter is reliable, simple,
easy to use and is characterised by high speed of numeric calculations (possible use of sparse matrices).
The obtained incorrect data detector was used in the Whittaker smoothing algorithm. The performed
analyses and the obtained results testify to the correctness of the method adopted for processing the
data acquired by GNSS receivers.

Future work concerning mobile GNSS measurements can include implementation of automatic
parametrization of the two developed filters. Also of some interest is the potential use of signal
differentiation provided by the Savitzky–Golay filter for analysing smoothed signals with the Whittaker
algorithm. It is also planned to use fusion of the filtered data with the results of measurements coming
from independent inclinometers, accelerometers and/or INS modules to improve the quality of input
data to then be used in algorithms of precise track axis evaluation. This also refers to corrections of
longitudinal and lateral track inclinations resulting from GNSS receiver positions at a relatively large
height above the track plane.
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Abstract: Increasing the length of wind turbine blades for maximum energy capture leads to larger
loads and forces acting on the blades. In particular, alternate bending due to gravity or nonuniform
wind profiles leads to increased loads and imminent fatigue. Therefore, blade monitoring in
operation is needed to optimise turbine settings and, consequently, to reduce alternate bending.
In our approach, an acceleration model was used to analyse periodically occurring deviations from
uniform bending. By using hierarchical clustering, significant bending patterns could be extracted
and patterns were analysed with regard to reference data. In a simulation of alternate bending effects,
various effects were successfully represented by different bending patterns. A real data experiment
with accelerometers mounted at the blade tip of turbine blades demonstrated a clear relation between
the rotation frequency and the resulting bending patterns. Additionally, the markedness of bending
shapes could be used to assess the amount of alternate bending of the blade in both simulations and
experiments. The results demonstrate that model-based bending shapes provide a strong indication
for alternate bending and, consequently, can be used to optimise turbine settings.

Keywords: blade bending; accelerometers; condition monitoring; wind energy

1. Introduction

With a newly installed wind energy capacity of 60.4 GW worldwide, installations increased by
19% in comparison to 2018 and finally started to contribute to the global demand to reduce carbon
emissions [1]. Maximising the energy capture per turbine results in fewer turbines per farm, thereby
leading to a reduction in the levelised costs of energy. This aspect even comes into effect considering
the higher costs of the components of larger turbines [2].

During the last 20 years, the energy capture per turbine could significantly be enhanced by
increasing the height and diameter of turbines. For instance, the average rated newly installed capacity
in the United States of 2.43 MW at an average rotor diameter of 115.6 m in 2018 corresponds to an
increase of 239% in capacity and of 41% in blade length in comparison to the year 1998 [3]. Moreover,
the largest prototype turbine in the world started to operate with a rotor diameter of 220 m in 2019 [4].

Intense research is being conducted on blade design since the relative mass and volume of the
blade per meter needs to be reduced when designing longer and more efficient blades. Longer blades
also experience higher aerodynamic and gravitational loads on the structure itself as well as on pitch
bearings and drive trains [2,5].

1.1. Relevance

While aerodynamic simulations help blade engineers to design blade geometries and material
composites, blade monitoring in operation is particularly important to assess blade behaviour.
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First, continuous monitoring allows for detecting damage and irregular behaviour of the blades
at an early stage, thereby reducing consequential damage. This helps to reduce maintenance and
repair costs and shortens standstill times in comparison to scheduled visual inspection [6]. Second,
safety of technicians on site as well as of individuals is increased. Damage types such as breaking of
components of the blade, partial blade breaks, and even loss of a blade can be prevented if detected
at an early stage [7]. Third, monitoring in operation can be used to optimise turbine settings and to
examine blade behaviour. Consequently, continuous monitoring helps to adjust simulations and comes
full circle.

In our approach, we focus on continuous monitoring regarding bending of the blade. During
its typical lifetime of 20 years, a blade experiences more than 28 million rotations based on 4000 h of
operations per year at an average rotational speed of 0.1 Hz. Ideally, blades experience quasi-static
wind loads and constant bending. However, blades are also affected by dynamic wind effects such as
periodic wind effects, i.e., vertical and horizontal wind shear (yaw), as well as aperiodic wind effects,
i.e., turbulences, which lead to periodic and aperiodic bending, respectively [8]. Additionally, gravity
leads to alternate bending of blades, especially at low wind speeds when stiffening effects are low.
Figure 1 visualises alternate bending in the case of wind shear, i.e., wind speed decreasing from top to
bottom relative to the turbine.

Deflection and the resulting stress during alternate bending increase with blade length and
therefore gain importance in current blade trends. Over the lifetime of a turbine, alternate bending
leads to increased loads and resulting fatigue. Therefore, online monitoring of blade bending is needed
to assess the extent of alternate bending and to optimise turbine settings.

Figure 1. Sketch of blade bending for (i) no bending, (ii) constant bending, and (iii) bending due to
wind shear: visualisation of blade bending (left) and effective blade radius across rotation (right).

1.2. Related Literature

Simulating periodic wind effects and the resulting behaviour of the blades helps to understand the
forces acting on the blades. Kragh and Hansen [9] studied the potential to use yaw misalignment for
reducing blade loads in wind shear conditions by simulating a 5 MW reference turbine. Their results
showed that steady-state load variations could be reduced by adapting yaw misalignment depending
on the turbulence level. Dai et al. [10] studied aeroelastic modelling by comparing aerodynamic loads
and deflections for two different solving algorithms. While maximum deflection in yaw conditions
occurred at about 90° and 270° azimuth angle, the authors could also show that results varied for
different solving algorithms. Additionally, Ke et al. [11] investigated wind-induced fatigue of large
turbines in periodic wind effects. Furthermore, Liew et al. [12] studied individual pitch control (ICP)
to prevent alternate bending by guiding blades along a preset trajectory but did not consider feasible
sensor solutions for measuring tip deflection yet.
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Simulations offer a cheap and fast way to evaluate blade bending but require an estimate
of material properties and wind effects. A mismatch between simulated properties and actual
behaviour of the blade can only be detected by performing measurements in operation. For example,
White et al. [13] reported a mismatch of simulated and experimentally measured eigenfrequencies.
Therefore, simulations need to be complemented by continuous measurements during operation.

Mounting sensors on the blade is promising for determining blade position and bending in
operation. Accelerometers have been used to determine blade eigenfrequencies for damage detection
in various structural health-monitoring approaches [14,15]. Also, White et al. [16] studied tip deflection
by using an array of accelerometers on a 9 m smart blade and presented promising results in the first
deflection tests. However, sensors were placed on the inside of the blade, where mounting positions
are limited due to support structures. In contrast, Loss et al. [17] mounted a triaxial accelerometer on
the outside of a blade at 90% of the blade length. Features regarding nonuniform movement of the
blade were extracted; however, an analysis on bending shapes across the rotational movement of the
blade has not been conducted yet. Additionally, Fu et al. [18] installed triaxial gyroscopes at 20% of the
blade length and trained an artificial neural network to detect tip clearance. Although gyroscopes are
promising in blade monitoring, stability and robustness of the purely on artificial intelligence based
method have not been evaluated.

Besides mounting sensors on the rotor blade itself, remote sensing has also been studied for
monitoring blade bending. Zhang et al. [19] embedded antennas into the blade tip as well as on the
outside of the blade root for ultra-wideband (UWB) sensing. Therefore, deflection could be estimated
with a maximum deviation of 0.13 m when performing measurements on a test rig. Additionally,
Moll et al. [20] used a radar-based system for detecting artificially introduced damage in rotor blades.
However, monitoring was restricted to the measurement range of the radar system in front of the
turbine tower. Finally, Grosse-Schwiep et al. [21] tested laser scanning for detecting blade shapes.
However, Yuan [22] reported drawbacks such as a trade-off between sensitivity and costs as well as
safety hazards of high-power lasers in the related field of aerospace structures.

1.3. Approach and Objective

In our approach, we measure acceleration at the blade tip to detect deviations from the ideal
uniform rotation. By using a model solely based on measured acceleration, our method is independent
of material properties and exact blade geometry, which are often not available from the manufacturer.
The two main objectives of our method are the optimisation of turbine settings for reducing alternate
bending as well as the detection of deviating bending behaviour due to damage of components. By
mounting energy self-sufficient sensors on the outside of the blades, our solution allows for flexible
mounting positions and can also be used for retrofitting existing turbines.

This paper is structured as follows: Section 2 presents our method including the model of
acceleration measurements (Section 2.1), the calculation of bending shapes representing characteristic
blade bending (Section 2.2), and the pattern recognition task (Section 2.3). A simulation of periodic
wind effects and the resulting bending shapes is included in Section 3. Section 4 presents a real data
experiment using triaxial accelerometers mounted at a minimum of 80% blade length on two different
test turbines. Finally, the results are discussed in Section 5 and conclusions are drawn in Section 6.

2. Method

The process for creating model-based bending shapes from acceleration measurements consists
of six parts (see Figure 2): First, a model for simulating acceleration measured by a sensor at any
position and orientation on the blade was developed (Section 2.1). Second, preprocessing was applied
to filter steady-states of the turbine, which will be described in further detail in context with real data
evaluation (Section 4.2). Then, bending shapes were computed, which indicate the deviation from
measured acceleration to the ideal uniform rotational movement (Section 2.2). Bending shapes were
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then grouped to distinct patterns and used to create a morphing circle, which arranged bending shapes
with regard to their similarity (Section 2.3).

Figure 2. Overview of data processing.

2.1. Model of Acceleration Measurements

First, the coordinate system of the acceleration model is specified in the following. The turbine
coordinate system (referred to as axes xt, yt, and zt in the following) was aligned to the centre of the
turbine hub, as shown in Figure 3a, with the rotation angles being defined as the following:

• αt: rotation around the yt-axis due to rotational movement of the blade.
• βt: pitch angle of the blade around the xt-axis.
• γt: orientation of the blade around the zt-axis, e.g., due to bending.

The measurement axes of the accelerometer are specified as xs, ys, and zs. The orientation of the
sensor on the blade needs to be known in order to align the sensor coordinate system to the turbine
coordinate system. For a sensor coordinate system as shown in Figure 3a and a mounting position
of the sensor at γs = 0° and βs = 0°, the sensor coordinate system was then aligned to the turbine
coordinate system at a rotation angle of αt = 90° (horizontal alignment of the blade, with the blade
pointing to the right) with xs = xt, ys = yt, zs = zt. It needs to be noted that the origin of the sensor
coordinate system was located at the sensor, while the centre of the turbine coordinate system was
located at the centre of the turbine hub. Therefore, the coordinate systems only differed in x-direction
and rotation around the y-axis, and consequently, the subscripts for all axis and angles will be dropped
in the following except for αt and αs.

2.1.1. Static Acceleration

The triaxial measurement of gravitational acceleration ag and centrifugal acceleration ac at a
rotation angle αt(k) are independent of the position and bending of the blade at rotation angle αt(k − 1)
and will therefore be summarised as static acceleration As the following. Static acceleration was
simulated as

As = Rx · Rz ·

⎛
⎜⎝Ry,t ·

⎛
⎜⎝ag

0
0

⎞
⎟⎠+

⎛
⎜⎝−ac

0
0

⎞
⎟⎠
⎞
⎟⎠ , (1)

with Rx being the rotation matrix of the sensor around the x-axis due to pitch β, Rz being the rotation
matrix of the sensor around the z-axis due to the sensor orientation γ, and Ry,t being the rotation
matrix of the sensor around the y-axis of the turbine coordinate system due to rotational movement of
the turbine. Acceleration due to gravity was adopted as 1g = 9.81 m/s2, while higher precision could
be obtained when taking the place of manufacture for the accelerometer and the operating location of
the turbine into account. Acceleration due to the centripetal force was calculated as ac = (2π f0)

2R for
a rotation frequency f0 of the turbine at a mounting radius R of the sensor.
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Depending on the orientation of the sensor, constant acceleration ac and acceleration due to
gravity ag were measured by all three axes of an accelerometer to different extents (see Figure 4).

(a) (b)
Figure 3. (a) Coordinate systems of the turbine and sensor and (b) the resulting change in orientation
of the sensor due to blade bending, adapted from [17].

Figure 4. Simulation of the measured acceleration for varying mounting positions with β ∈ {0°, 3°, 5°},
γ ∈ {0°, 3°, 5°} and R = 55 m: steady movement and no wind effects were simulated.

In case of constant bending of the blade, the effective position of the sensor in the coordinate
system was changed correspondingly. In our approach, bending of the blade due to wind effects
was simulated by applying the bending function fblap/edge = a f lap/edge · xb flapwise and edgewise to
the blade.

Flapwise bending is caused by the normal forces acting on the blade and deflects the blade away
from the wind out of the rotor plane. Edgewise bending acts across the chord-wise axis of the blade
and is caused by the forces in the rotational direction of the blades, which deliver the shaft torque for
turning the motor [23]. Additionally, torsional bending, i.e., twist of the blade, occurs [24], although it
is expected to affect the blade less than flapwise and edgewise bending due to the higher torsional
stiffness of the blade.

The material properties of the blade must be known for calculating the exact bending function.
Since material properties and exact geometry are frequently unavailable from the manufacturer, we
kept our method independent of those parameters. Therefore, our approach focused on the change of
the effective sensor position and the resulting changes in pitch and rotation (see Figure 3b).

Bending of the blade results in a change of the effective position of the accelerometer, i.e., radius
R, pitch angle β, and orientation γ. In edgewise bending, the blade is bent within the rotational plane,
which changes the effective position of sensor by a rotation around the ys-axis at αs. Measurements
of both the gravitational and the centripetal force are influenced by this rotation. In contrast,
the measurement of the centrifugal force ac is not influenced by the rotational position of the blade
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αt due to the rotational movement of the blade. In addition to edgewise bending, flapwise bending
deflects the blade out of the rotational plane, which corresponds to a rotation around the z-axis by γs

just as torsional bending leads to a rotation around the x-axis at βs.
Consequently, our model was adapted to

As = Rx,s · Rx,t︸ ︷︷ ︸
Rx

· Rz,s · Rz,t︸ ︷︷ ︸
Rz

·Ry,s ·

⎛
⎜⎝Ry,t

⎛
⎜⎝ag

0
0

⎞
⎟⎠+

⎛
⎜⎝−ac

0
0

⎞
⎟⎠
⎞
⎟⎠ (2)

with Rx and Rz describing the overall rotation of the sensor due to pitch and orientation, respectively;
Rx,t and Rz,t describing the original rotation at the mounting position of the sensor due to pitch and
orientation, respectively; and Rx,s and Rz,s describing the additional rotation for pitch and orientation
due to bending, respectively.

2.1.2. Dynamic Acceleration

Since the sensor coordinate system represents a moving coordinate system with reference to a
fixed coordinate system, an accelerometer mounted on a turbine blade measures Coriolis acceleration
and Euler acceleration in addition to static acceleration.

The acceleration due to the Coriolis force was calculated with

Acp = −2 · �ω × �vr (3)

as described in [25], with �ω being the rotational speed ω = 2π f0 in the direction of the rotational axis
yt and with �vr being the velocity of the movement from position Pk−1 to position Pk in the rotating
frame, i.e., the sensor coordinate system. The effective position of the sensor Pk at rotation angle αk
with the same bending as at rotation angle αk−1 results in

Pk,bk=bk−1
= Ryt(αt,k − αt,k−1) · Pk−1 (4)

and, consequently, the velocity results in

vr =
d
dt

(
Pk − Pk,bk=bk−1

)
. (5)

In contrast to Coriolis acceleration, Euler acceleration relates to the reference frame, i.e., the turbine
coordinate system, and results from a nonconstant angular velocity as [25]

Ae = − d
dt
�ω × Pk. (6)

Since Coriolis acceleration relates to the sensor coordinate system, the resulting changes in
position were small in comparison to Euler acceleration. Both accelerations will be referred to as
dynamic acceleration Ad = Acp + Ae in the following.

2.1.3. Overall Model

The overall acceleration measured by the sensor then resulted in a combination of both static and
dynamic acceleration:

As,d =

⎡
⎢⎣ax

ay

az

⎤
⎥⎦ = As + Ad. (7)
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Dynamic acceleration only occurred if bending of the blade was not constant (Coriolis acceleration)
or if the angular velocity was not constant (Euler acceleration). In the following, tower shadow, the most
dynamic periodic wind effect, has been chosen for demonstration purposes.

Tower shadow specifies a decrease in the flow field near the tower (αt = 180°) and was simulated
according to

Vtower(y, x) = V0a2 y2 − x2

(x2 + y2)2 (8)

with V0 being the static mean wind speed, a being the tower radius, and x and y being the longitudinal
and the lateral distances from the blade to the tower mid-line, respectively [26]. Simulated 3D
acceleration in the presence of tower shadow for a sensor mounted at a turbine blade can be seen
in Figure 5. A characteristic change in static acceleration can be seen at a rotation angle of 180°
when the blade passes the tower. Dynamic acceleration slightly increases before and after the blade
passes the tower due to a change in angular velocity; however, overall acceleration is dominated by
static acceleration.

Figure 5. Comparison of static acceleration and overall acceleration of all three axes simulated for
β = γ = 0° and R = 55 m.

2.2. Bending Shapes

Measured acceleration in alternate bending conditions was then analysed by using the model
described in Section 2.1. Periodically occurring differences between the model and measured acceleration
were used to create bending shapes reflecting these differences with reference to the rotation angle αt.
Bending shapes were then used to extract significant bending patterns and were prepared for an analysis
with regard to reference data. For demonstration, tower shadow was simulated following Equation (8).

2.2.1. Estimation of the Rotation Angle

The rotation angle αt had to be estimated to relate the temporal occurrence of the signal to the
position of the sensor across the rotational circle of the blade.

First, the measurement axis with the most uniform acceleration was used to estimate the rotation
frequency f0. According to our model, the sensor axis xs was aligned best to the direction of the
centripetal force. Therefore, the sensor axis xs was affected by rotational stiffening effects of the blade
and experienced the least fluttering and noise.

The influence of noise and nonuniform rotation was minimised by applying a moving mean
filter with a filter length of 10% of the signal length. Then, the rotation frequency f0 was estimated
by the robust nonlinear least square fitting the model ax, f it = m1 · (2π f0t + m2) + m3 to measured
acceleration ax.

Second, the vector sum aav =
√

a2
x + a2

y + a2
z was used for calculating the rotation angle

αt since it represented maxima and minima of the 1g-modulation independently of pitch and
orientation of the sensor. Again, robust nonlinear least square fitting was used to fit the model
aav, f it = n1 · sin(2π f0t + n2) + n3 to aav, with f0 being adopted from the first calculation step
(see Figure 6, left). Then, the rotation angle was calculated as αt = cos(aav, f it)

−1. Since the reference
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signal had to reflect the constant angular speed of the turbine in case of uniform rotation, a straight line
was fitted to all data points in which αi − n · π/2 < ε to obtain the rotation angle αt (see Figure 6, right).

Figure 6. Left: fitting a reference signal to measured av-acceleration for angle estimation. Right: estimation
of rotation angle αt at constant angular speed.

2.2.2. Model Fitting

With αt and f0 known, the model developed in Equation (2) was then used to fit a reference signal
Sx,y,z describing uniform bending according to

Sx,y,z = Rx(β) · Rz(γ) · Ry,s(αs) ·

⎛
⎜⎝Ry,t(αt) ·

⎛
⎜⎝ag

0
0

⎞
⎟⎠+

⎛
⎜⎝−ac

0
0

⎞
⎟⎠
⎞
⎟⎠ (9)

to measured acceleration Ax,y,z describing nonuniform bending by minimising the cost function

J = ||Sx,y,z − Ax,y,z||22. (10)

Nonlinear least square fitting of parameters β, γ, αs, and R was used. While all angles were
initialised at 0°, the initial estimate of the radius R was set at

R0 =

√
∑i=x,y,z δ2

i

(2π f0)2 (11)

with δi being the DC acceleration δi = min(ai) + 0.5 · (max(ai)− min(ai)) in each direction in m/s2.
Fitting boundaries were set at β = ±45°, γ = ±20°, αs = ±30°, and R = R0 ± 3 m. Figure 7 shows the
resulting model-based fitting for our test signal.

Figure 7. Model-based fitting for bending due to tower-shadow with sensor mounting position
simulated as β = γ = 0° and R = 55 m.

No fitting was applied to the vector sum aav, and the resulting reference had been calculated from
fitted functions in the x-, y-, and z-directions as

Sav =
√

S2
x + S2

y + S2
z . (12)
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The difference of model-based fitting and measured acceleration Dx,y,z,av = Sx,y,z,av − Ax,y,z,av

specifies the deviation of measured acceleration from uniform bending of the blade across the rotational
movement of the turbine. Therefore, the deviation signal Dx,y,z,av was used to analyse nonuniform
bending in the following.

2.2.3. Shape Computation

Angular resampling was used for analysing the difference signal Dx,y,z,av. The rotation angle αt was
used to align the signal to multiples of 0° to 360° rotations. Additionally, each rotation was resampled
to Ns = 1000 samples to enable comparability of different rotation frequencies.

For the following analysis, so-called Bending Shapes were created by taking the median of all
single rotations for each measurement. Therefore, it could be assessed if differences from uniform
bending occurred periodically and were significant or if they resulted from nonperiodic deviations
due to noise or nonperiodic wind effects. The averaged cross-correlation coefficient of all rotations
of Dx,y,z,av in each direction was used to assess the significance of bending shapes. Only shapes with
large cross correlation in all directions were analysed in the following since our approach focused on
period alternate bending.

Normalisation of bending shapes was applied for both pattern recognition and visualisation.
Maximum of all deviations was used as a scaling factor. If shapes resulting from a single measurement
were analysed, shapes were scaled to the maximum deviation across all directions. In case of an overall
pattern recognition task, shapes were scaled separately to the maximum deviation for each direction.
All shapes were then scaled to the deviation range of [0.5g, 1.5g] for visualising shapes by means of
polar plots. Resultingly, the unit circle represented uniform bending and radii smaller and greater
than the unit circle corresponding to measured acceleration smaller and greater than the model-based
reference, respectively. Figure 8 shows the resulting bending shapes for periodically varying bending
due to tower shadow.

Figure 8. Bending shapes for simulated tower shadow for sensor mounting at β = 0° = γ = 0° and
R = 55 m at a rotation frequency of f0 = 0.2 Hz.

2.3. Pattern Recognition and Morphing Circle

The resulting bending shapes were analysed with regard to different turbine settings and
bending effects. If external reference data are used in algorithm development, several difficulties
can arise: First, reference data are frequently not available to the operator. Second, several reference
measurements are not conducted on every turbine, e.g., measurements of the wind profile. Third,
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resolution of measurements might be insufficient, e.g., the pitch angle is often only measured with an
accuracy of 1°. Therefore, we analysed bending shapes independently of reference data during the
first stage of analysis.

By analysing shapes regarding their similarity, pattern classes could be identified. This was a
4-step procedure which will be explained in the following and is illustrated in Figure 9.

Figure 9. Overview of shape analysis and creation of bending patterns: colours of single elements
represent different classes, and shapes of elements represent varying properties of bending shapes.

1. Unsorted Shapes:

Identified bending shapes of varying environmental conditions (bending effects) and operational
settings (mounting position of the sensor) were collected and normalised separately for each
measurement direction as described in Section 2.2.3. Part 1 of Figure 9 displays the identified
bending shapes as single elements, with colour representing affiliation to different classes.

2. Hierarchical Clustering:

(a) Hierarchical clustering was used for assigning shapes to different classes by using a similarity
measure [27]. The average Euclidean distance across all positions αt between each pair of shapes
was used as a distance measure. Agglomerate clustering was used, which uses bottom-up
clustering by first treating all elements as single classes and then continuously merges classes.
Part 2 of Figure 9 shows an example of assigning elements to four different classes.

(b) The minimum number of elements per class was set to Nc = 3 in order to exclude one-time
events and to solely find classes representative of particular environmental or operational
conditions. In case a class with a smaller number of elements was created, these elements were
saved to a separate outlier class. We set the number of classes to N = 10, which resulted in a
total of 11 classes including the outlier class N + 1. Iterative clustering was conducted as long
as any class consisting of fewer elements than Nc was created.
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(c) Finally, all elements of the outlier class were tested regarding their affiliation to any of the
regular classes. For each class Ci, pair-wise Euclidean distances between all elements were
used to form a distance group G1 and the distances from any element of the outlier class CN+1

to all elements of class Ci were used to form a distance group G2.

Then, the significance of the affiliation of distances to groups G1 and G2 was tested by
conducting an analysis of variances (ANOVA) with

F =
Sw

Sb
, (13)

which tested the mean square (MS) Sw within groups G1 and G2 against the mean square Sb
between both groups. The mean square was defined as the sum of squared deviations from
the mean divided by the degrees of freedom [28]. In case elements from both groups stemmed
from the same distribution, the F-score was small and the corresponding significance level
p was large. The significance level was calculated for all classes Ci. If the highest significance
level (largest p-value) exceeded p = 0.1, the tested element of the outlier class was moved to
the respective regular class Ci.

3. Circle Arrangement:

The median of all class elements represented the bending pattern of each class. For visualisation, all
patterns were arranged in a circle by minimising the Euclidean distances between patterns PCi

min
Ci ,Cj

|PCi − PCj |. (14)

Part 3 of Figure 9 displays a circle along which classes are arranged, with coloured bows representing
the arrangement of classes along the circle.

4. Morphing Circle:

Finally, all elements of each class were sorted by their Euclidean distances (see Figure 10). Elements
were arranged within each class so that similar elements were located in the centre and the remaining
elements were arranged to both sides with the first and last element having the largest distances
between each other. This resulted in a morphing procedure from one bending shape to the other.
At class boundaries, the order was either kept or reversed to align elements with the smallest
distances, as shown in Figure 10. This arrangement could then be used for jointly visualising
patterns and reference data. Part 4 of Figure 9 visualises the single elements along the morphing
circle, with colour corresponding to different classes and shapes of single elements corresponding
to varying properties of bending shapes.

Figure 10. Sorting of shapes along a morphing circle. Left: arrangement of class elements θi,k by using
Euclidean distances. Middle to right: reversing the order of elements to achieve matching boundaries
between classes.
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3. Simulation

Alternate bending at varying mounting positions of the sensor has been simulated, and the
resulting bending shapes and bending patterns have been analysed. First, the simulation of alternate
bending is summarised in Section 3.1. Then, the results on bending shapes and patterns regarding
different measurement axes as well as mounting radii are presented in Sections 3.2 and 3.3.

3.1. Alternate Bending Effects

Alternate bending of the blade is caused by two different effects, which are (i) nonuniform wind
conditions, i.e., yaw and wind shear, and (ii) gravity acting on the blade. As pointed out in detail
in Section 2.1.3, blade bending consists of flapwise, edgewise, and torsional bending and can be
measured by an accelerometer mounted at the blade tip.

The following effects have been simulated:

1. Wind shear: depending on the surface conditions on site, a nonuniform wind profile leads
to an increase in wind speed with height; hence, the blade encounters different wind speeds
across the rotation angle αt. Wind speed was simulated as V(z) = VH · (z/H)φ, with VH being
the wind speed at hub height H, φ being the empirical wind shear exponent set to 0.2 in the
simulation, and z = h0 + R · cos(αt) being the effective blade height at rotation angle αt and blade
radius R [11].

2. Gravity: gravity counteracts bending due to wind load in case of a downwards movement of
the blade and enhances bending due to wind load in case of an upwards movement of the
blade. This leads to a sinusoidal increase and decrease of bending, which was simulated as
B(αt) = −c · sin(αt) for clockwise rotation with c = 0.08.

3. Yaw: if the alignment of the turbine to the wind direction is not sufficiently exact, wind loads
differ for the left and the right half-plane of the rotation circle. The yaw-afflicted wind profile
was simulated following the definition in [9] as V(αt) = VH · cos(θm · sin(αt)) for a yaw angle of
θm = −20°.

4. Tower shadow: the simulation of tower shadow has already been discussed in detail in
Section 2.1.3 and has been used as a test signal for visualising our method.

The bending factor was then derived from the wind speed as B(αt) = V(z)/VH . Flapwise and
edgewise bending were simulated as

f f lap/edge(αt) = B(αt)a f lap/edge · Lb (15)

with L being the length of the blade at the mounting position of the sensor. To the knowledge of the
authors, there were no measurements on alternate bending available from the literature. Therefore,
the bending simulation of a 30 m blade as described in [10] was used as an evidence. Bending was
simulated for a 60 m blade as a f lap = 2 × 10−4, aedge = 0.2 · a f lap, and b = 2.4. The ratio of flapwise
bending to edgewise bending was slightly decreased in comparison to the referenced 30 m blade
since a decrease in stiffness for longer blades was assumed. Figure 11 displays flapwise deflection for
simulated alternate bending as defined in Equation (15).
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Figure 11. Flapwise deflection for simulated bending under bending effects at a mounting position of
R = 55 m on a 60 m blade.

3.2. Simulated Bending Patterns

Alternate bending was simulated for a 60 m rotor blade with sensors mounted at a blade radius
of 55 m. First, the effect of the mounting angle has been evaluated. Figure 12 shows the resulting
morphing circle for x-, y-, z-, and av-acceleration. One needs to note that clusters were not aligned
across directions, i.e., cluster Ci of x-acceleration does not correspond to cluster Cj of y-acceleration.

The results show that bending shapes were assigned to different clusters for different bending
effects with only one exception, which is cluster C1 in the x-direction representing both constant
bending and bending due to gravity. In contrast, a bending effect might be represented by different
classes since the number of clusters for hierarchical clustering was set to a constant number of
10 clusters. When comparing x-, y-, z-, and av-acceleration, the influence of the mounting angle of the
sensor clearly vanishes in the av-direction. This is reflected by the fact that clusters were most similar
for a distinct bending effect in the av-direction. Consequently, the effect of the mounting angle can be
ignored when considering patterns of av-acceleration.

Figure 12. Effect of mounting angles on resulting bending patterns: mounting angles simulated as β

and γ varying from −8° to 8° in 4° steps for a rotation frequency of f0 = 0.2 Hz. Patterns are displayed
along the morphing circle with Ci#j specifying the cluster number i with j members. Bending effects
are displayed along the coloured inner circle.

The resulting morphing circle for all combinations of bending effects is displayed in Figure 13.
The arrangement of classes along the morphing circle clearly represents different bending effects.
For example, classes in the clockwise direction from C5 to C8 represent bending due to tower shadow,
while classes in clockwise direction from C10 to C7 represent bending due to wind shear.

3.3. Resulting Bending Patterns

Additionally, the effect of the position of the sensor along the blade length was evaluated.
Acceleration measurements were simulated for two sensors mounted at 50 m and 60 m. Figure 14
displays resulting bending shapes in the case of wind shear. The characteristics of shapes were more
pronounced if the sensor was mounted at a larger radius of the blade, i.e., the deviation of shapes from
the unit circle increased. This was to be expected since blade deflection increases with increasing radial
position along the blade; therefore, variations in bending were reflected in the markedness of bending
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shapes. Consequently, the markedness of blade shapes can be used to assess the amount of alternate
bending of the blade.

Figure 13. Resulting bending patterns for combined bending effects for a sensor mounting position of
β = γ = 0° and R = 55 m and a rotation frequency of f0 = 0.2 Hz: bending effects are displayed along
the coloured inner circle.

Figure 14. Bending shapes for sensors mounted at R = 50 m, R = 60 m, and β = γ = 0°.

4. Real Data Experiment

Methods have been verified by applying model-based bending shapes to real data measured
on the tip of wind turbine blades. The feasibility of shape computation as well as the generation of
the morphing circle was tested, and the resulting bending shapes were evaluated with reference to
simulated patterns.

4.1. Measurement Setup

Acceleration was measured by placing three sensors at a minimum of 80% blade length.
To circumvent placement restrictions by support structures inside the blades, sensors were placed
on the outside of the blade by integrating a triaxial Micro-Electromechanical Systems (MEMS)
accelerometer (Analog Devices ADXL345 [29]) into a sensor solution developed by eologix [30].
This thin and robust sensor, originally developed for ice detection, is energy self-sufficient and powered
by a solar cell. The sensors were mounted on the outside of the blades by means of self-adhesive
erosion protection tape.

Acceleration was measured at 400 Hz in measurement campaigns of 10 s duration. Wireless data
transfer in a licence-free short-range device frequency band was used to send data to a base station,
which was mounted in the nacelle of the turbine and subsequently transferred data into a data base.

354



Sensors 2020, 20, 5337

In total, three sensors were tested on two different blades. The first blade was 63 m long,
and sensors S1 and S2 were placed at 88% and 98% of the blade length, respectively. Data were
collected in a 2.5-month test period from mid-February till end of April. In this period, the blade
temperature was between 1.7 °C and 22 °C.

The second blade was 49.5 m long, and the third sensor S3 was placed at 80% of the blade length.
The test period was significantly longer, with 7 months of data collection from mid-December till
mid-July. This also allowed for collecting data at a larger temperature range from −11.5 °C to 32.4 °C.

The two blades were located at two different sites with varying environmental conditions.
A weather mast to collect more information about wind profiles, shear winds, etc. was not available.
The blades were fully functional and both test turbines operated under standard conditions during the
full test period.

4.2. Data Preprocessing

Preprocessing had to be applied to acceleration measurements before bending shapes were
computed. First, nonidealities of the sensor were calibrated following the approach described in [31].
Calibration of measurements was performed during standstills of the turbine to remove the impact of
constant offset and cross-axis sensitivity, which had been identified as the major nonidealities for a
MEMS accelerometer as used in this study.

Second, mounting positions of the sensors were aligned to the model so that measurements in
the x-, y-, and z-directions corresponded to measured directions xs, ys, and zs of the sensor coordinate
system, as defined in Figure 3a.

Finally, only measurements taken during constant rotation frequency were considered in order to
reduce nonstationary effects during gearing or pitching of the turbine. For this, only measurements
with 0.01 Hz ≤ f0 ≤ 0.3 Hz and minimum variability of the 1-g modulation amplitude were analysed.

In total, 569 measurements and 548 measurements were analysed during a 2.5-month test period
for sensors S1 and S2, respectively, and 1749 measurements were analysed during a 7-month test
period for sensor S3.

4.3. Results

Bending shapes were computed, and a morphing circle was created separately for all three sensors.
Since reference measurements regarding blade bending are rarely performed by turbine operators and
measurement resolution of operational data is often insufficient, no external reference data have been
included into the analysis. Instead, the date and time of the measurement, the rotation frequency of
the turbine, and the temperature measured by each sensor were used to analyse bending patterns and
to prove the concept of our method.

4.3.1. Cluster Size

Bending patterns of the morphing circle are displayed in Figure 15 for all three sensors. For each
sensor, more than 82% of bending shapes were distributed into two main classes; for sensor S3,
class C1 itself represented 93% of shapes. The most frequent pattern, which was assigned to class C1
by the algorithm, was also the most regular one for all three sensors. This shows that uniform bending
of the blade happens in many cases. However, bending patterns deviate from the unit circle for the
second largest classes C5 and C3 for sensors S1 and S3, respectively, indicating nonuniform bending
of the blade. When analysing the remaining patterns, distinct patterns are apparent which deviate
from uniform bending, i.e., a unit circle shape, for all three sensors. The minimum number of elements
per class was set to Nc = 3; hence, each class does not correspond to a one-time event but represents
certain operational and environmental conditions, e.g., pitch, yaw, and wind profile, which lead to
alternate bending.
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Figure 15. Morphing circle for sensors S1, S2, and S3 and patterns C1–C11 each in av-acceleration.

4.3.2. Evaluation of Sensors S1 and S2

When comparing sensors S1 and S2 mounted on the same blade, similar patterns occur for both
sensors. However, the analysis was performed separately for each sensor. Therefore, class numbers do
not correspond to each other for different sensors. For example, class C5 of sensor S2 resembles class
C8 of sensor S1 and class C8 of sensor S2 resembles class C4 of sensor S1 although the shape being
more pronounced. Since sensor S2 was mounted at a larger blade radius than sensor S1, this comes
as no surprise since the effect of alternate bending is expected to increase with increasing radius.
A similar effect has also been observed in the simulation (see Figure 14).

Evaluating single measurements and the resulting bending patterns confirms those findings.
Even though measurements were not scheduled synchronously for both sensors, events could be
found for which measurements occurred within a 2-min interval and for which the rotation frequency
varied less than 2%. Therefore, turbine settings and operational conditions can be assumed reasonably
steady during those events. Two examples of such measurements can be seen in Figures 16 and 17.
Bending patterns clearly correlate for both sensors for all measurement directions and are more
pronounced for sensor S2 mounted at a larger radius than sensor S1. Consequently, markedness of
patterns can be used to assess the extent of alternate bending.

Figure 16. Joint analysis, event 1: Comparison of bending patterns for sensors S1 and S2.
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Figure 17. Joint analysis, event 2: Comparison of bending patterns for sensors S1 and S2.

4.3.3. Evaluation of Sensor S3

Bending patterns are expected to vary between blades due to deviating geometry and materials as
well as between wind park sites due to varying wind profiles. Bending patterns significantly differed
for sensor S3, which was mounted at both a different turbine type and at a different site. Generally,
patterns were not as marked as for sensors S1 and S2; however, periodic deviations could be observed
for patterns C5 and C8.

4.3.4. Evaluation of Reference Data

Date and time of the measurement, the rotation frequency, and the temperature of the blade
were correlated with bending patterns. Reference data were normalised to [0, 1] and visualised by
displaying each reference measurement along the radius of the morphing circle, see Figure 18.

A clear relation between the rotation frequency and resulting bending patterns can be noted.
For all sensors, low rotation frequencies resulted in more uniform bending and bending patterns were
assigned to the most uniform class C1, while high rotation frequencies resulted in nonuniform bending
corresponding to classes C5 (S1), C3 (S2), and C2 (S3). For sensor S3, there were few additional
elements assigned to class C2 at low rotation frequencies since the two main shapes were very similar.

Generally, patterns were more variable and more pronounced for higher rotation frequencies
despite the fact that blade stiffness increases with rotation frequency.

This may result from higher forces acting on the blade in wind shear and yaw conditions at higher
wind speeds. At the same time, the results suggest that the effect of alternate bending due to gravity
was low for the blades monitored in this study.

Additionally, certain bending patterns occurred at distinct rotation frequencies which can be
observed for patterns C4, C3, and C6 (S1) and C6, C8, and C2 (S2). This effect had also been observed
in [17]. Also, patterns C5 and C8 of sensor S3 occurred at a distinct rotation frequency at distributed
measurement times. The corresponding patterns reflect periodic alternate bending at fp ∼ 7 f0,
which suggests that blade modes were excited by the rotation frequency of the turbine.

Moreover, the temporal occurrence of patterns was analysed to detect changes in the bending
behaviour of the blade over time. Short-term changes can be observed for class C6 of sensor S1,
which occurs during a very limited time interval. The temporal occurrence can also be used to monitor
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a permanent long-term change in bending behaviour but could not be detected in this study due to a
limited monitoring period.

An effect of the temperature on bending patterns could not be observed in the presence of the
dominant influence of the rotation frequency.

Concludingly, a clear relation between bending patterns and the rotation frequency of the turbine
could be found in the real data evaluation and proves the concept of the method.

Figure 18. Visualisation of reference data for sensors S1, S2, and S3: normalised reference data are
displayed across the radius of each polar plot. Top: measurement time t of a 2.5-month test period
for sensors S1 and S2 and a 7-month test period for sensor S3. Middle: rotation frequency f0 of
0.1 Hz–0.23 Hz (S1 and S2) and 0.1 Hz–0.24 Hz (S3). Bottom: Temperature ranges of 1.65 °C–21.0 °C
(S1), 1.9 °C–21.7 °C (S2), and −11.5 °C–32.4 °C (S3), respectively. The colour of data points corresponds
to the rotation frequency of the turbine. Bending shapes of av-acceleration are displayed.

4.3.5. Evaluation of the Bending Simulation

When comparing real data bending patterns to simulated patterns as shown in Figure 13,
it appears that tower shadow either hardly influenced monitored blades or that the simulation
exaggerated the influence of tower shadow. However, influences of both simulated patterns C7
(apple-like patterns) and patterns C5, 3, 4, 10, and 9 (tooth-like patterns) were found in real data
patterns of sensors S1 and S2, e.g., patterns C8, C4, and C3 for sensor S1 and patterns C5, C6, and C8
for sensor S2. In our simulation, these patterns resulted from combining both vertically (wind shear)
and horizontally (yaw) varying wind profiles, with tower shadow partly simulated (tooth-like patterns)
and partly not simulated (apple-like patterns).

Therefore, the properties of simulated bending patterns are partly reflected in real measurement
bending patterns. Even though it is not possible to relate the extent of each alternate bending effect to
a real data bending shape, our method provides a strong indicator for detecting alternate bending.
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5. Discussion

In this study, a method for monitoring alternate blade bending by placing an accelerometer at
the blade tip was developed. Model-based bending shapes were derived by analysing the difference
between measured and modelled acceleration at the blade tip. Hierarchical clustering was used to
extract significant bending patterns. By introducing a minimum cluster size in the classification process,
only representative patterns were identified and outliers due to nonstationary conditions were assigned
to a separate outlier class. Additionally, bending shapes were arranged to a so-called morphing circle,
in which patterns were sorted regarding their similarity. This method was then used to analyse bending
shapes with reference to the rotation frequency, temperature, and temporal occurrence.

A simulation of alternate bending due to wind effects and gravity was successfully used to test
our method regarding its distinguishability of alternate bending effects. Additionally, a real data
experiment with three accelerometers revealed significant correlation of the rotation frequency with
resulting bending shapes. While the impact of alternate bending was small for low frequencies,
bending shapes were more pronounced and variable for high rotation frequencies in all sensors.

In future work, it is planned to collect data from (i) tip sensors on each turbine blade, (ii) sensors
on several turbines of the same type, as well as (iii) sensors on different turbine types. Additionally,
measurements will be synchronised to allow for a joint analysis of bending shapes. Finally, an evaluation
of findings presented in this paper with reference to high accuracy wind profile measurements is highly
desirable and will be conducted in the future.

6. Conclusions

The current trend of increasing the blade length for maximum energy capture results in larger
loads and forces acting on the blades. Alternate blade bending in nonuniform wind profiles needs to
be minimised to reduce loads and to prevent blade damage. Therefore, the lifetime of turbine blades is
increased, costs are minimised, and the overall competitiveness of wind energy as a renewable source
of energy is increased.

In this paper, we propose a novel approach for continuously monitoring blade bending in
operation of the turbine, which is characterised by the following advantages:

• Accelerometers at the blade tip allow for a qualitative assessment of alternate bending at
reasonable mounting effort.

• The sensors used in this study operate wirelessly and self-sufficiently; therefore, no restrictions
on the mounting positions exist and sensors can even be used for retrofitting of existing turbines.

• No properties of the blade such as geometry and material, which are often not available by the
operator, are needed.

• No environmental and operational parameters of the turbine are needed for evaluation. However,
reference measurements at high accuracy are desirable for verification purposes.

Therefore, our method can be used to optimise turbine settings in nonuniform wind profiles with
reasonable mounting effort and no restrictions on blade types. Additionally, our method can also be
applied to detect deviating bending behaviour due to damage or aging of components in long-term
monitoring applications.
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Abbreviations

The following abbreviations are used in this manuscript:

ICP Individual pitch control
UWB Ultra-Wideband
ANOVA Analysis of variance
MS Mean square
MEMS Micro-Electromechanical Systems
IMU Inertial measurement unit
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Abstract: The acoustic emission (AE) method is a very popular and well-developed method for
passive structural health monitoring of metallic and composite structures. AE method has been
efficiently used for damage source detection and damage characterization in a large variety of
structures over the years, such as thin sheet metals. Piezoelectric wafer active sensors (PWASs)
are lightweight and inexpensive transducers, which recently drew the attention of the AE research
community for AE sensing. The focus of this paper is on understanding the fatigue crack growth
AE signals in thin sheet metals recorded using PWAS sensors on the basis of the Lamb wave theory
and using this understanding for predictive modeling of AE signals. After a brief introduction,
the paper discusses the principles of sensing acoustic signals by using PWAS. The derivation of a
closed-form expression for PWAS response due to a stress wave is presented. The transformations
happening to the AE signal according to the instrumentations we used for the fatigue crack AE
experiment is also discussed. It is followed by a summary of the in situ AE experiments performed
for recording fatigue crack growth AE and the results. Then, we present an analytical model of
fatigue crack growth AE and a comparison with experimental results. The fatigue crack growth AE
source was modeled analytically using the dipole moment concept. By using the source modeling
concept, the analytical predictive modeling and simulation of the AE were performed using normal
mode expansion (NME). The simulation results showed good agreement with experimental results.
A strong presence of nondispersive S0 Lamb wave mode due to the fatigue crack growth event was
observed in the simulation and experiment. Finally, the analytical method was verified using the
finite element method. The paper ends with a summary and conclusions; suggestions for further
work are also presented.

Keywords: structural health monitoring (SHM); acoustic emission (AE); fatigue crack growth; high
cycle fatigue (HCF) experiment; AE signal mode separation; predictive modeling

1. Introduction

Engineering structures are prone to various types of failures during their operation.
The failure mechanism during their operation depends on the mechanism of the external loading,
working conditions, the microstructural changes inside the structure, etc. Various kinds of damages
in metallic structures include fatigue, friction, static failure, etc. It is important to detect the damage
initiation in its early stage to prevent catastrophic failure. Structural health monitoring (SHM)
is an emerging technology with multiple applications in the evaluation of critical structures. Acoustic
emission (AE) is a passive SHM method having a lot of potential for early-stage detection of damages
and prevention of the formation of the complete failure of the structure. In the AE method, there are
several approaches for damage detection, of which physics-based approaches are receiving a lot of
attention these days due to their comprehensive scope. In physics-based approaches, a fundamental

Sensors 2020, 20, 5835; doi:10.3390/s20205835 www.mdpi.com/journal/sensors363



Sensors 2020, 20, 5835

understanding of the AE source is necessary to identify the correct AE signals and separate them from
the noise and the signals due to confounding factors (environment, temperature changes, friction in
joints, etc.) [1].

Analytical modeling of the AE source has also been performed by many researchers [2].
The theoretical studies and experiments were performed to understand the underlying principles,
the source mechanism, and used those understandings for simulations. These studies helped to
understand the AE signal signature and source mechanism in both theoretical and experimental
perspectives. A generalized theory of AE and its source mechanism representations for a half-space
were developed by Ohtsu and Ono [3]. Ohtsu and Ono further continued the work by performing the
simulation of tensile crack and shear crack in half-space [4]. This paper describes how significant the
source mechanism is in forming the signal characteristics. The analytical models consider the source
as a self-equilibrating seismic moment tensor due to buried microcrack or dislocations [5]. However,
these studies focused on half-space applications such as earthquake seismology. Many researchers
also reported analytical studies of AE in plate structures. Weaver and Pao [6] studied the response
of an infinite elastic plate to dynamic loading using the method of superposition of normal modes.
In this research, Pao studied the numerical results of the surface response of a plate at different
locations from the source for different modes of the Rayleigh-Lamb spectrum. Gorman and Prosser [7]
studied the normal mode solution to the classical plate bending equation for its applicability to AE.
An experimental and theoretical comparison for a pencil lead break in a plate was presented in this
paper. Lysak [8] presented a generalized investigation of growing crack acoustic emission from the
standpoint of fracture mechanics. An analytical relationship between crack parameters and AE signal
parameters was obtained in this research. AE source modeling in plates for various modes of fracture
was also studied by researchers [9]. In a recent analytical study of AE guided wave propagation in
a plate [10], the AE source was modeled as Helmholtz excitation potentials.

Numerous studies were done to solve the AE forward problem by utilizing numerical finite
element method (FEM) models [11–14]. Several studies considered the AE source as either a monopole
or a dipole point source [15]. Finite element modeling works performed by Hamstad, Sause, and Prosser
showed how the Lamb wave propagation in plates happens due to an AE activity [11,15,16]. Hora and
Cervena investigated the difference between nodal sources, line sources, and cylindrical sources to
build geometrically more representative acoustic emission sources [17].

In general, the FEM AE models in metallic structures considered dipole or monopole AE
source definitions according to the microcrack orientation. Multiple dipoles in orthogonal directions
represent the fiber breakage and matrix crack source representations in the case of composite
material AE source definitions. These models require definition of the source dipoles/monopoles,
as well as the force-time curves. Some researchers recently modeled the crack growth by local
degradation of the material stiffness utilizing a cohesive zone element approach for AE prediction [18].
Cuadra et al. [19] presented an experimental data-driven computational approach to simulate crack
initiation as an acoustic emission source directly. In this research, two modeling approaches,
including cohesive zone element and Extended Finite Element Method (XFEM) finite element
formulations, were implemented leveraging experimental mechanical and full-field nondestructive
evaluation information provided by the digital image correlation method. Other researchers used
peridynamic formulation withhomogenization and mapping between elastic and fracture parameters
of the microscale peridynamic bonds and the macroscale parameters of the composite [20].

AE signals travel as guided waves in thin metallic plates. Therefore, the modeling of AE in
thin metallic plates can be approached through the guided wave modeling approach. The analytical
modeling of guided waves is very useful for quick numerical predictions for simple geometries [21–23].
The FEM method has been proven as a very reliable method for modeling guided wave propagation.
However, FEM simulations use extensive computational time. Many numerical techniques were
developed to solve this problem. Finite difference equations [24], semi-analytical finite element method
(SAFE) [25,26], boundary element method [27], global matrix method (GMM), spectral finite element
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method [28,29], combined global analytical local FEM analysis [30], analytical global-local method [31],
hybrid SAFE-GMM method [32], etc. were developed to improve the computation efficiency of guided
wave propagation.

In metallic structures, the AE technique has been used for fatigue crack growth damage detection
and source localization. The AE due to fatigue crack growth, as well as wave scattering from fatigue
cracks [33–38], has been studied by many researchers. The acoustic emission signatures of fatigue
damages in an idealized bevel gear spline and two different AE signal signatures for plastic deformation
and crack jump were identified by Zhang et al. [39]. The AE signal signatures recorded by piezoelectric
wafer active sensor (PWAS) transducers during a fatigue crack growth event in thin metallic plates
were studied by Bhuiyan et al. [40–42]. In this research, under a slow frequency of fatigue loading
(<0.25 Hz), for a short advancement of crack length, the AE signals were recorded, and eight signal
signatures were discovered related to crack growth and crack rubbing and clapping. AE signals
during fatigue crack rubbing/clapping [43] and vibration-induced fatigue crack rubbing/clapping were
also studied experimentally and analytically [44]. The correlation between acoustic emission count
rates and crack propagation rates was studied by Roberts and Talebzadeh [33]. Signal processing
methodologies and clustering techniques have been used by researchers to differentiate AE signals due
to various activities [45]. Different techniques have also been developed for the correlation between
crack characteristics and AE signal features [46–49].

The AE signal features such as duration, rise time, counts, and frequency contents are
strongly dependent on the characteristics of the physical phenomenon that generated the AE
signal [50]. Several studies have utilized AE measurements to identify the corresponding fracture
mechanisms [51,52]. Time-frequency domain-based approaches and modal separation approaches
were used for this purpose. The time-domain features of AE measurements are strongly affected by
experimental conditions, whereas frequency content is not changed. Thus, the frequency spectrum
of AE signals can give more reliable information about the physical phenomenon that produced the
AE signals [53].

Many researchers used time-frequency representations of the AE signals for distinguishing the
signal types. Suzuki et al. [54], used the wavelet transform for analyzing the AE signals from a
longitudinal glass-fiber-reinforced composite sample under tensile loading. The authors analyzed
the AE signals recorded using piezo patches and classified the signals into four types using the
wavelet transform method. Correlation of signal types to Mode-I fiber fracture, Mode-I matrix
crack, and Mode-II disbonding was also performed in this research. Many researchers proved the
time-frequency transform technique as a very useful tool for AE signal analysis [55–57]. In the present
paper, we use both frequency spectrum analysis and time-frequency decomposition analysis of AE
signals for AE signal characterization.

The present paper discusses the predictive modeling of the fatigue crack growth AE signals in
thin sheet metals. The novelty of the present research is the derivation of a closed-form solution for
predictive modeling of fatigue crack growth AE signals sensed using PWAS sensors in thin plates and
its experimental validation. The paper starts with the theoretical principles of modeling the AE signals
according to the instrumentation used and the working principles of PWAS sensors. Then, it discusses
a brief review of the in situ AE experiment and the results. Subsequently, the paper derives the
theoretical expression for predictive modeling of PWAS sensed AE signals due to a fatigue crack
growth event in thin metallic plates, followed by a comparison with the experimental results. Finally,
the paper verifies the analytical solution derived from a comparison with FEM results. The final part
of the article presents the summary and conclusions, and makes suggestions for further work.

2. AE Modeling Methods

This section discusses the modeling methods used for AE prediction. Due to a fatigue crack
source, an acoustic wave is generated. The wave transmits through the metallic plate, recorded by the
AE instrumentation. During the transmission from the source to the digitization at the data acquisition
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(DAQ), the wave passes through a few pieces of equipment. The acoustic signals are modified
when they pass through the instrumentation according to their specifications. These transformations
happening to the acoustic signals are discussed in this section.

2.1. AE Signal Flow Diagram

The AE signal flow diagram from the initiation at the source to the digitization at the DAQ is
presented in Figure 1. The sudden dynamic disturbance at the AE source location causes the generation
of AE waves. In thin metallic plates, the AE waves travel as Lamb waves. The AE waves propagate
in the plate and then reach the PWAS transducer, resulting in a strain field. The strain field at the
transducer causes it to generate a response in the form of voltage. The voltage sensed by the transducer
is then magnified when it reaches the pre-amplifier. Lastly, the amplified signal is recorded by the
DAQ as a digitized signal.

Figure 1. Acoustic emission (AE) signal flow diagram from initiation to digitization at the data
acquisition (DAQ).

The block diagram of the signal transformations happening during the signal acquisition process
is explained in Figure 2. When the AE signal passes through each element of the AE signal acquisition
system, a transformation according to the frequency response of the element happens. Due to an AE
source such as a fatigue crack growth in thin plates, the generation of AE waves happens according to
the structural transfer function of the source on the plate. In thin-walled plates, the AE waves travel
as Lamb waves. When the AE waves reach the PWAS sensor, the Lamb waves are modified by the
PWAS transfer function or PWAS tuning, which depends on the Lamb wave mode. A signal amplifier
was used between the DAQ and the PWAS. The signal amplifier used in the present experiment was a
MISTRAS 2/4/6 pre-amplifier, which is a bandpass filter from 30 to 700 kHz. The DAQ system used
has a bandwidth of 0–2 MHz. When the signal passes through each element, a modification happens
according to the transfer function/bandwidth of the element.

Figure 2. Block diagram of AE signal flow.
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2.2. PWAS Transfer Function

In Section 2.1 we have discussed the transformations happening in the AE signal during each
stage in the signal flow path. The signal amplifier and DAQ have a specific bandwidth to transfer the
signal. The signal reception by PWAS depends on the tuning of the PWAS transducer on the metallic
plate. The tuning of the Lamb waves by the PWAS depends on the Lamb wave mode. A closed-form
expression for PWAS sensing of Lamb waves is derived in this section. The PWAS senses the in-plane
strain caused by the AE waveform and converts it into an equivalent voltage. A schematic of the
sensing of Lamb waves by a PWAS sensor is presented in Figure 3.

Figure 3. Schematic of Lamb wave sensing of piezoelectric wafer active sensor (PWAS).

The interaction between electrical and mechanical variables can be described by linear relations
for linear piezoelectric materials. The tensorial form of constitutive relation between electrical and
mechanical variables is established as follows:

Ei = −giklσkl + β
T
ikDk, (1)

Sij = sE
ijklσkl + gkijDk, (2)

where Ei is the electric field, gikl is the piezoelectric voltage coefficient, σikl is the stress on the PWAS,
βT

ik is the impermittivity coefficient, Dk is the electric displacement, Sij is the strain on the PWAS,
and sE

ijkl is the compliance.
Considering the one-dimensional (1D) PWAS sensing assumption, we get

S1 = sE
11σ1 + g31D3, (3)

E3 = −g31σ1 + β
T
33D3. (4)

Eliminating stress between equations, we get

g31S1 − sE
11β

T
33D3 = g2

31D3 − E3sE
11. (5)
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Upon rearranging, we get

g31S1 + E3sE
11 = (g2

31 + sE
11β

T
33)D3, (6)

where
D3 =

CeV3

A
, (7)

E3 = −V3

ta
, (8)

where Ce is the external capacitance, V3 is the voltage, A is the area of the PWAS, and ta is the thickness
of the PWAS.

For infinitesimal area dA and voltage dV, substituting Equations (7) and (8) into Equation (6),
we get

g31S1dA− dV3

ta
sE

11dA = (g2
31 + sE

11β
T
33)

CedV3

dA
. (9)

Upon rearranging, we get

g31S1dA

(g2
31 + sE

11β
T
33)
− sE

11dV3dA(
g2

31
βT

33
+ sE

11

)
βT

33ta

= CedV3, (10)

where
dA
βT

33ta
= Cc, the capacitance of PWAS. (11)

Substituting Cc into Equation (10), we get

g31S1

(g2
31 + sE

11β
T
33)
− CcsE

11dV3(
g2

31
βT

33
+ sE

11

) = CedV3. (12)

Upon rearranging, we get

dV3 =
g31S1dA(

Ce +
sE
11β

T
33Cc

g2
31+sE

11β
T
33

)(
g2

31 + sE
11β

T
33

) . (13)

The external capacitance is usually very small compared to the capacitance of the PWAS,
i.e., Ce << Cc. Considering a very small value of Ce, we get

dV3 =
g31(

sE
11β

T
33Cc

)S1dA. (14)

This voltage is due to the strain at an infinitesimal area dA. The total voltage sensed by the PWAS
can be obtained by integrating the voltage over the area Sc. Thus, we get the total voltage sensed by
PWAS as follows:

V3 =
g31(

sE
11β

T
33Cc

)∫
Sc

S1dA. (15)
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3. Review of AE Experiments

3.1. Specimen Preparation

For capturing AE during fatigue crack growth in thin metallic plates, an experimental specimen
was designed. A commonly used aircraft material, aluminum 2024-T3, was chosen for preparing the
test specimens. A shear metal cutting machine was used for preparing coupons of 103 mm width,
305 mm length, and 1 mm thickness from a large plate of aluminum 2024-T3. Such a wide specimen
was designed for allowing a long crack formation in the specimen. First, a 1 mm hole was drilled at
the geometric center of the specimen. Then, fatigue loading in an MTS machine was applied to the
specimen for generating a pre-crack of 4 mm tip-to-tip length. The maximum and minimum loads
applied for the cyclic fatigue loading were 13.85 kN and 1.38 kN. Then, the specimen was taken out of
the MTS machine, and the PWAS sensor was installed at a distance of 25 mm from the pre-crack. Then,
a nonreflective clay boundary (NRB) was implemented on the specimen to prevent the reflection of the
AE signals from the boundaries. PWAS sensors were bonded using M-Bond AE-15 adhesive, which is
resilient to the disbonding of PWAS during extended durations of cyclic loading. M-Bond AE-15 is an
epoxy system with two components: a resin and a curing agent. The resin and curing agent were mixed
in a specific proportion and stirred for 5 min. This mixture was used to bond the PWAS to the specimen.
The PWAS was bonded to the specimen using the mixture and cured for 3 h at 60 ◦C as recommended
by the epoxy manufacturer. The capacitance of the PWAS was measured before bonding and after
bonding. The capacitance values made sure that the PWAS, as well as the bonding, was defect-free.
The NRB was applied to the specimen to prevent AE signal reflections from the plate boundaries and,
thus, to receive reflection-free, clean AE signals. After the AE sensor and NRB implementation on the
specimen (Figure 4), the cyclic fatigue loading was continued. The crack was grown an additional
5.4 mm (until the crack length reached 9.4 mm tip to tip), simultaneously capturing the AE signals.
The wide geometry of the specimen was desired for this work so that the acoustic waves generated
would travel a longer distance to the edges. This hypothesis, in turn, means the signals die out due to
geometric spreading and material damping before reaching the sensor after the reflection from the
boundaries. The properties of the Al 2024-T3 specimen were as follows: modulus of elasticity 73 GPa,
density 2767 kg/m3, and Poisson’s ratio 0.33.

 

Figure 4. AE test specimen bonded with the PWAS sensor. Nonreflective clay boundaries (NRB)
were provided on the specimen to avoid the reflection of AE signals from the specimen boundaries.
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3.2. AE Experimental Set-Up

After installing the sensor and NRB, the fatigue loading was continued to grow the crack and
capture AE signals simultaneously. The experimental set-up for capturing the AE signal from a fatigue
crack growth event is presented in Figure 5. The test specimen installed with the PWAS transducer was
mounted on the MTS machine. The bond quality assurance of PWAS sensors was performed periodically
by electromechanical impedance spectroscopy (EMIS). The acoustic pre-amplifier connected to the
PWAS sensor is a bandpass filter, with a filtering range between 30 kHz to 700 kHz. The pre-amplifier
operates with either a single-ended or differential sensor provided with 20/40/60 dB gain (can be
selected using a switch). A 40 dB gain was selected in the present experiment. The pre-amplifier was
connected to the MISTRAS AE system. For capturing any high-frequency AE signals, a sampling
frequency of 10 MHz was chosen. The timing parameters set for the MISTRAS system were as
follows: peak definition time (PDT)= 200 μs, hit definition time (HDT) = 800 μs, and hit lockout time
(HLT) = 1000 μs.

Figure 5. Experimental set-up for capturing AE signals during fatigue crack event.

3.3. Experimental Results

In this experiment, the AE signals during fatigue crack growth events recorded using PWAS were
identified. Two examples of the AE signals are presented in Figure 6a,b. The frequency spectrum of
the signals is also presented in Figure 6c,d. As we observe, the time-domain signal has a sharp rise in
the beginning. The frequency spectrum of the signal also has specific peaks and valleys in both signals,
which are comparable to each other. A detailed discussion of the results of the experiment is presented
in Joseph and Giurgiutiu [58].

The group velocity dispersion curve of a 1 mm aluminum plate is presented in Figure 7. The S0
and A0 Lamb wave modes travel at different velocities with the S0 Lamb wave mode at a higher
velocity than the A0 mode. The group velocity dispersion curve of 1 mm aluminum is superimposed
in the time-frequency plot of the AE signal in Figure 6e,f. From the time domain, as well as the
time-frequency domain representation superimposed with the group velocity dispersion curve of
the AE signal, we observe the strong presence of S0 mode in the experimentally observed AE signal.
This observation proves that the AE signals from fatigue crack events travel as Lamb waves.
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(a) (b) 

  
(c) (d) 

  
(e) (f) 

Figure 6. AE signals recorded during fatigue crack growth event: (a) Experimental AE signal-1;
(b) experimental AE signal-2; (c) frequency spectrum of experimental signal-1; (d) frequency spectrum
of experimental signal-2; (e) Choi-Williams transform of experimental signal-1; (f) Choi-Williams
transform of experimental signal-2.

Figure 7. Group velocity dispersion curve of 1 mm aluminum plate.
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4. Predictive Modeling of Fatigue Crack AE

4.1. Predictive Modeling of Fatigue Crack Growth AE

In this section, the analytical predictive modeling of AE signals due to the fatigue crack growth
process is presented. The schematic of the AE source modeling approach for a fatigue crack growth
event is presented in Figure 8. Figure 8a shows the fatigue specimen with a pre-crack and the fatigue
loading applied to the specimen. A schematic of the zoom-in of the fatigue crack tip is presented in
Figure 8b. During the fatigue crack growth, the crack propagation was observed to happen in the
z-direction (creating a fracture surface in y–z plane). Therefore, the normal to the fracture surface is
the x-direction. The fatigue loading applied during the experiment was also in the x-direction, as we
observe from Figure 8a. A fracture in which the loading and normal to the fracture plane are in the same
direction is called a Mode-I fracture. Thus, a fatigue crack growth event in the present experimental
set-up is considered as a Mode-I fracture process from the definitions of fracture mechanics.

Figure 8. Schematic of the AE source modeling methodology: (a) Fatigue crack specimen schematic
with loading; (b) schematic of zoom-in of the crack tip; (c) edge view of the fatigue crack tip with the
schematic of moment tensor excitation corresponding to Mode-I fracture.

The edge view of the fatigue fracture process is presented in Figure 8c. Assuming a 1D waveguide,
and considering that the Lamb wave is decoupled from the shear horizontal waves, one can represent
the effective excitation due to such a Mode-I fracture as an M11 dipole moment excitation, as we observe
in Figure 8c.

Therefore, the M11 dipole moment component excitation represents a Mode-I fracture process in a
1D waveguide and the equivalent of the excitation happening during fatigue crack growth event. Next,
for the predictive modeling of the AE, using a closed-form solution of the wavefield due to the dipole
moment, excitation needs to be derived. The wavefield due to a concentrated moment excitation is
derived from the wavefield due to a concentrated force following the approach mentioned by Aki and
Richards [5]. The method is discussed in short below.

Suppose a couple moment is generated due to a force vector Q applied at the position ξ(α, β) and
another force vector Q applied at ξ′(α, β+ ΔXj) in the opposite direction to that of the force applied
at ξ′(α, β+ ΔXj), where ΔXj is a small distance in the Xj direction as shown in Figure 9.
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Figure 9. Couple force applied for generating the moment. As we limit the separation of the forces to
zero, the couple becomes a concentrated moment at ξ(α, β).

The displacement field at an arbitrary point x due to a point force Q at an arbitrary point ξ(α, β)
and Q at ξ′(α, β+ ΔXj), as shown in Figure 9, is denoted as uξi and uξ

′
i , respectively. If the material is

linearly elastic and the displacement field has a linear relation with force applied, we can write

uξi = QiG(x;α, β), (16)

uξ
′

i = QiG(x;α, β+ ΔXj), (17)

where G is the Green function for a point force. The displacement field at x due to a couple with the
moment Mij = QiΔXj can be written from Equations (16) and (17) as follows:

u
Mij

i = uξi − uξ
′

i = QiG(x;α, β) −G(x;α, β+ ΔXj), (18)

= QiΔXj
G(x;α, β) −G(x;α, β+ ΔXj)

ΔXj
. (19)

For an infinitesimally small distance ΔXj, we apply the limits to get

u
Mij

i = Limit⎛⎜⎜⎜⎜⎜⎝ ΔXj → 0
Qi →∞
QiΔXj = Mij

⎞⎟⎟⎟⎟⎟⎠
QiΔXj

G(x;α, β) −G(x;α, β+ ΔXj)

ΔXj
. (20)

Using the first-order differential formula, Equation (20) can be written as

u
Mij

i = Limit⎛⎜⎜⎜⎜⎜⎝ ΔXj → 0
Qi →∞
QiΔXj = Mij

⎞⎟⎟⎟⎟⎟⎠
QiΔXj

G(x;α, β) −G(x;α, β+ ΔXj)

ΔXj
= Mij

∂
∂Xj

G(x;α, β)). (21)

Thus, the displacement field for a moment tensor component with forces acting in the i direction
and separated in the j direction is given as

u
Mij

i = Mij
∂
∂Xj

G(x;α, β)). (22)
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4.1.1. Wavefield Due to M11 Dipole Excitation

A through-thickness M11 dipole moment excitation was considered, as presented in Figure 10
for representing the dipole moment excitation due to the present Mode-I fracture case. Therefore,
for predictive modeling of the Mode-I fracture case, a closed-form solution for M11 dipole moment
excitation response at the PWAS is required, which is derived in this section.

Figure 10. Through-thickness M11 excitation.

First, the velocity field due to a through-thickness force excitation was derived. Then, the velocity
field due to a through-thickness dipole M11 dipole moment excitation was derived using the principle
in Equation (22). Next, the strain field equation was derived from the velocity field equation. Finally,
from the strain field equation, a closed-form solution for PWAS voltage response was derived using
Equation (15).

In-Plane Line Force Excitation—Normal Mode Expansion (NME)

The wavefield, due to the dipole moment excitation, is derived from the wavefield due to the force
excitation. For obtaining the through-thickness M11 moment tensor excitation field, a through-thickness
force excitation, as presented in Figure 11, is considered. The limiting process of the through-thickness
couple forces separated by an infinitesimal distance converts the force to a moment and the wavefield
due to the force to a wavefield due to a moment, as discussed in Figure 9. The separation of the forces
required for obtaining the moment M11 in Figure 10 from the force in Figure 11 is in the x-direction.
The normal mode expansion (NME) was used for obtaining the solution for the elastodynamic field
due to the through-thickness force excitation in a thin plate, as presented in Figure 11.

Figure 11. The through-thickness line force excitation in the x-direction.

We let the elastodynamic state 1 represent the field due to a body force excitation, F1, acting on
the control volume. Hence, we represent state 1 as the sum of normal modes.

v1 =
∑
m

am(x)vm(y) = v1(x, y)

T1 =
∑
m

am(x)Tm(y) = T1(x, y)
, (23)

where am(x) is the modal participation factor or normal mode expansion coefficient, which corresponds
to the excitation. This coefficient needs to be determined. The summation contains all wave modes
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that significantly contribute to the total wave field. The notations v and T represents the velocity
and stresses of the wave fields. Since v1 and T1 represent a single-mode component, the same set
of amplitude coefficients is used for particle velocity and stress field. The normal mode expansion
coefficient am is a function of x. The wave mode amplitude consolidation for different modes changes
with the nature of the excitation source. vm(y) is the velocity modeshape, and Tm(y) is the stress
modeshape of the normal mode.

Elastodynamic state 2 is assumed as the wave field of mode n, expressed as follows:

v2(x, y) = vn(y)e−iξnx

T2(x, y) = Tn(y)e−iξnx

F2 = 0
, (24)

where vn(y) is the velocity modeshape, Tn(y) is the stress modeshape, and ξn is the wavenumber of the
Lamb wave mode.

For two elastodynamic states of the plate, the complex reciprocity relationship can be given as

∇ · (ṽ2 · T1 + v1 · T̃2) = −ṽ2 · F1 − v1 · F̃2, (25)

where ~ represents the complex conjugate. Expanding the “del” operator, substituting Equations (23)
and (24) into Equation (25), and simplifying, we get

+d∫
−d

∂
∂x (ṽn(y)eiξnx ·∑

m
am(x)Tm(y) +

∑
m

am(x)vm(y) · T̃n(y)eiξnx) · x̂dy+

(ṽn(y) · T1 + T̃n(y) · v1) · ŷ
∣∣∣+d
−d eiξnx = eiξnx

∫ +d
−d (−ṽn(y) · F1)dy

. (26)

Upon further simplifying, we get

4Pnn
∂
∂x

eiξnx · an(x) = eiξnx
∫ +d

−d
(ṽn(y) · F1)dy, (27)

where Pmn is the orthogonality relation in the general form represented as follows:

Pmn = −1
4

+d∫
−d

ṽn(y)Tm(y) + vm(y) · T̃n(y) · x̂dy. (28)

Due to the orthogonality condition of the Lamb wave modes, Pmn = 0 [59] for m � n, in the case of
a propagating Lamb wave mode. Thus, only Pnn exists in Equation (27).

Considering the Lamb wave propagating in a 1D plate, the lamb velocity vector is given as

ṽn(y) = [ṽn
x(y) ṽn

y(y)]. (29)

In Equation (25), F1 is the body force excitation. For a through-thickness dynamic force excitation
acting as shown in Figure 11, F1 can be expressed as follows:

F1 = [ Fxδ(x) 0 ]. (30)
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Simplifying Equation (27) using Equations (29) and (30), assuming the location of fatigue crack
source as the origin and waveform measurement location as x, the closed-form expression for normal
mode expansion coefficient is given as

ax
n(x) =

Fx

d∫
−d

ṽn
x(y)dy

4Pnn
e−iξn(x). (31)

Substituting the normal mode expansion coefficient into Equation (23), we get the expression for
the velocity field due to a through-thickness dynamic force excitation in the x-direction (as shown in
Figure 11) as follows:

v1 = vFx =
∑

m
ax

m(x)vm(y) =
∑

m

Fx

d∫
−d

ṽm
x (y)dy

4Pmm
vm(y)e−iξm(x). (32)

For unit force excitation, the equation becomes

vFx =
∑

m
ax

m(x)vm(y) =
∑

m

d∫
−d

ṽm
x (y)dy

4Pmm
vm(y)e−iξm(x). (33)

Line Moment (M11) Excitation Field

Two force excitations separated by an infinitesimal distance and the limiting process of that
distance that goes to zero create a dipole moment excitation, as shown in Figure 12a. In the figure,
PWAS is located at a distance of rc from the source, and sr is the radius of the PWAS. The limiting
process of the separation turns the excitation to a moment excitation. The through-thickness M11 dipole
moment excitation is presented in Figure 12b. In Equations (16)–(22), it was shown that the wavefield
due to through-thickness dipole moment excitation can be obtained from the displacement field due to
through-thickness force excitation from the limiting process, explained as follows:

uM11
Q1

(x) = lim⎛⎜⎜⎜⎜⎜⎝ ΔX1 → 0
Q1 →∞
Q1ΔX1 →M11

⎞⎟⎟⎟⎟⎟⎠
[Q1ΔX1]

[
G(x;α, β) −G(x;α+ ΔX1, β)

ΔX1

]
= M11

∂G(x;α, β)
∂X1

. (34)

 

 

(a) (b) 

Figure 12. The through-thickness M11 moment excitation.
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Here, the G is the velocity field due to the force excitation presented in Equation (33). Following the
limiting process in Equation (34), the velocity field due to M11 line source is obtained from Equation (33)
as follows:

vM11 =
∂
∂x

(vFx) = M11

∑
m
−iξm

d∫
−d

ṽm
x (y)dy

4Pmm
vm(y)e−iξm(x). (35)

The displacement field can be obtained from the velocity field as follows:

uM11 = vM11 /iω = M11

∑
m
−iξm

d∫
−d

ṽm
x (y)dy

4Pmm
vm(y)e−iξm(x)/iω, (36)

where ω is the angular frequency measured in radians per second. The in-plane strain is the spatial
derivative of the displacement field as follows:

SM11 =
∂
∂x

(uM11) = M11

∑
m
−ξm

2

d∫
−d

ṽm
x (y)dy

4Pmm
vm(y)e−iξm(x)/iω. (37)

The strain field is sensed by the PWAS and converted to the equivalent voltage by the PWAS.
Following Equation (15), the total voltage sensed by PWAS can be obtained from the integral as follows:

VPWAS
M11

=

∫
Sc

V3 =
g2

31(
sE

11β
T
33Cc

)∫
Sc

εxxdS, (38)

where Sc represents the limits of integration over the PWAS. Substituting Equation (37) into Equation (38),
we get

VPWAS
M11

=
g2

31(
sE

11β
T
33Cc

)∫
Sc

M11

∑
m
−ξm

2

d∫
−d

ṽm
x (y)dy

4Pmm
vm(y)e−iξm(x)/iωdS. (39)

Rearranging the integral term, we get

=
g2

31(
sE

11β
T
33Cc

)M11

∑
m

d∫
−d

ṽm
x (y)dy

4Pmm
vm(y)

∫
Sc

ξm
2e−iξm(x)dS/iω. (40)

Suppose the PWAS is located at a distance of rc from the source. Additionally, let sr be the radius
of the PWAS. Then, the limit of integration Sc is from rc to 2sr. Substituting the limits of integration,
we get

=
g2

31(
sE

11β
T
33Cc

)M11

∑
m

d∫
−d

ṽm
x (y)dy

4Pmm
vm(y)

rc+2sr∫
rc

ξm
2e−iξm(x)dx/iω. (41)
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Performing the integration and substituting the limits, we get

=
g2

31(
sE

11β
T
33Cc

)M11

∑
m

d∫
−d

ṽm
x (y)dy

4Pmm
vm(y)

(
ξm

2 e−iξm(rc+2sr) − e−iξm(rc)

−iξm

)
/iω. (42)

Rearranging the terms, we get a closed-form expression for the voltage sensed by the PWAS
as follows:

VPWAS
M11

=
g2

31(
sE

11β
T
33Cc

)M11

∑
m

d∫
−d

ṽm
x (y)dy

4Pmm
vm(y)ξm

(
e−iξm(rc) − e−iξm(rc+2sr)

)
/ω. (43)

4.1.2. Mode-1 Fracture AE Simulation

The dipole moment source definition for Mode-I fatigue crack growth was used for simulation
of fatigue crack growth AE. For the time domain of the dipole source excitation, a commonly used
wide-band cosine bell function excitation from the literature [14] was assumed. The mathematical
representation for the function is given as follows:

E(t) = −1 t < 0
E(t) = 0.5(1− cos(pi(t/τ))) − 1 t > 0
τ = Rise time

. (44)

The flow chart for predictive simulation of AE signal propagation is presented in Figure 13.
First, the Fourier transform of the cosine bell excitation function, E(t), was performed. Then,
the structural transfer function G of the Mode-I fracture formation was calculated. A Mode-I fracture
has an equivalent AE source excitation of the M11 dipole moment. Thus, the structural transfer function
G is the closed-form solution derived in Equation (43) for a unit excitation. Then, the structural transfer
function for a Mode-I fracture was multiplied with the cosine bell excitation function in the frequency
domain to obtain the frequency domain of the signal at the receiver. Finally, the inverse Fourier
transform of the frequency domain of the signal at the receiver was performed to obtain the AE signal
prediction at the receiver PWAS.

The variables in the numerical simulation were taken from the experiment. The dimension of the
PWAS used during the experiment was 7 mm. For the simulation, the PWAS dimension, 2 sr, was also
taken as 7 mm. The location of the PWAS rc was taken as 25 mm. The material properties corresponding
to the aluminum 2024-T3 specimen were considered (70 GPa Young’s modulus, 0.33 Poisson’s ratio,
and 2780 kg/m3). The rise time parameter of the equation was adjusted to obtain the best similarity
between the experiment and simulation. The frequency content of the excitation function varies
according to the rise time, which is assumed. This, in fact, varies the frequency content of the resulting
predictive simulation. The rise time was adjusted to have a good similarity between the experimental
observation and simulation. The cosine bell function excitation was adjusted to a rise time of s,
as shown in Figure 14, to match the simulation closely with the experimental observation.

The wavenumber plot for S0 and A0 Lamb wave modes for 1 mm aluminum 2024-T3 is presented
in Figure 15. By using the expression in Equation (43), the normalized PWAS tuning curve for M11

moment excitation was plotted for the S0 and A0 Lamb wave mode, as shown in Figure 16. For an M11

excitation, a strong S0 mode content was observed, and no A0 mode response was excited.
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Figure 13. Predictive simulation of AE signal flow chart.

 
(a) (b) 

Figure 14. Adjusted cosine bell function excitation used for predictive modeling: (a) Time-domain of
the cosine bell function excitation; (b) frequency spectrum of the cosine bell function excitation.

Figure 15. Frequency-wavenumber plot of 1 mm aluminum 2024-T3.
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Using the procedure in Figure 13 and the cosine bell function excitation in Figure 14, the simulation
of fatigue crack growth AE signal was performed. The resulting predicted waveform after performing
the bandpass filtering corresponding to the pre-amplifier (Section 2.1) is presented in Figure 17a.
We observe the nondispersive S0 mode in the simulation. The time-frequency representation of the
numerical simulation and experiment was performed using Choi-Williams transform, which is also
presented in Figure 18a. A side-by-side comparison of the time-domain simulation signal and the
experimental signal and the Choi-Williams transform of the simulation signal and the experimental
signal is presented in Figures 17 and 18, respectively. In the experimental observation, a nondispersive
S0 wave packet was also observed at the beginning of the signal. However, in the experiment,
apart from the initial nondispersive wave packet, the presence of a slow traveling wave packet was also
observed. This wave packet is insignificant in example 2 and weakly present in example 1. This later
arriving wave packet observed in the experiment is due to the scattering of the AE waves generated at
the crack tip due to the crack formation at the crack and reaching the PWAS sensors following the
initial wave packet. At present, in the simulation, we consider an ideal two-dimensional (2D) case in
which a crack length in the third dimension is not considered. Therefore, the present simulation does
not predict the scattered later weak wave packet.

Figure 16. Lamb wave strain response due to M11 excitation on 1 mm thick aluminum specimen
received with 7 mm PWAS receiver.

Figure 17. Comparison of simulation and experiment: (a) Simulation result; (b) experiment signal-1;
(c) experiment signal-2.
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Figure 18. Comparison of Choi-Williams transform of simulation and experiment: (a) Simulation result;
(b) experiment signal-1; (c) experiment signal-2.

4.2. Verification of the Analytical Method

For verification of the theoretical modeling equations, an FEM numerical analysis of the PWAS
response was performed. A 400 mm long and 1 mm thick 2D model was developed using the
ANSYS software package (Figure 19a). In the FEM model, the material properties corresponding
to the aluminum 2024-T3 specimen were considered (70 GPa Young’s modulus, 0.33 Poisson’s ratio,
and 2780 kg/m3). The element chosen for the finite element modeling was the plane-183 element.
The AE waves due to the excitation were received using a receiver PWAS of 7 mm width and 0.5 mm
thickness with the material properties of APC-850, located at 25 mm from the AE source. For the
modeling of PWAS, plane-82 elements were used. For eliminating the reflections from the boundaries
of the plate, nonreflective boundaries (NRBs) were applied at both ends of the model using the
spring damper element COMBIN14 in ANSYS [60]. NRBs were applied, as presented in Figure 19a.
The COMBIN14 elements were implemented at the top and bottom surfaces and both ends of the plate.
The damping coefficients of the elements were varied gradually, starting from zero in a sinusoidal
pattern on the plate. At the edges of the plate, the maximum stiffness and damping values were
applied. The maximum stiffness and damping values at the edges of the plate were KN = 0, CN = LρCp,
KT = 0, and CT = LρCs. Here, K is the stiffness coefficient, and C is the damping coefficient. L is the
element length (0.05 mm). N and T are the normal and tangential directions. ρ is the material density.
Cp and Cs are the bulk wave speeds of the material, 6100 m/s and 3070 m/s, respectively, for the present
study. The damping coefficient values at the plate top and bottom edges were varied from zero to half
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the maximum value in a sinusoidal pattern(1/2 CN and 1/2 CT). The length of the sinusoidal pattern
was 100 mm.

Figure 19. The thickness modeshape comparison of the analytical model and the finite element method
(FEM) model. A very close match of FE modeshape and analytical modeshape was achieved: (a) 2D FEM
model; (b) meshed FEM model; (c) zoom-in of meshed FEM model; (d) thickness modeshape of in-plane
displacement from the FEM simulation; (e) schematic of the analytical model; (f) thickness modeshape
of in-plane displacement from the analytical simulation.

Finite element meshing was performed by selecting a 0.05 mm element size for the length and
thickness of the model. The FE model, after the meshing, is presented in Figure 19b. Afterward,
the M11 dipole excitation was defined. The M11 dipole excitation was modeled in the FEM by using
dipole forces. The modeling details of the dipole force is presented in Figure 19b. A zoom-in of the
details is shown in Figure 19c. Equal and opposite nodal forces were applied to define the M11 dipole
excitation. A cosine bell function excitation was applied as the time profile of the excitation with
0.5 μs as the rise time of the excitation (Figure 14). The finite element simulation was performed to
solve the acoustic waveforms generated due to the dipole excitation. After performing the simulation,
the in-plane displacement field at the thickness nodes at 25 mm from the excitation location was
extracted. The thickness modeshape of the in-plane displacement at 25 mm from the excitation was
plotted and presented in Figure 19d, while the thickness modeshape of the analytical simulation is
presented in Figure 19f. Due to the through-thickness dipole excitation, the in-plane displacement
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varies symmetrically with y-axis. The in-plane displacement modeshape resembles the modeshape of
S0 Lamb wave mode. In the analytical prediction, it was concluded that the through-thickness dipole
excitation causes the generation of pure S0 mode. As we observe from Figure 16, a strong S0 mode is
generated due to the through-thickness M11 excitation, and no A0 mode is present. Analytical and
FEM modeshapes were observed to be very closely matching, as we observe from the side-by-side
comparison in Figure 19d,f. This comparison verifies the validity of the analytical simulation.

Next, the FEM PWAS response simulation was compared with the analytical prediction.
The resulting PWAS response after performing the filtering corresponding to the pre-amplifier
bandwidth discussed in Section 2.1 is presented in Figure 20. Figure 20a presents the normalized
FEM PWAS response simulation result. Figure 20b shows the normalized analytical simulation result.
A very good match of the FEM simulation and analytical simulation was observed. Both simulations
showed a nondispersive AE wave sensed by the PWAS in the simulation. Afterward, the Choi-Williams
transform of the FEM simulation (Figure 20c) and analytical simulation (Figure 20d) was compared.
The FEM simulation and analytical simulation also showed a very good match in the Choi-Williams
transform comparison. The comparison of the FEM simulation and theoretical simulation of the PWAS
response proved that the theoretical simulation is valid.

 
(a) (b) 

 
(c) (d) 

Figure 20. Comparison of FEM Simulation and analytical simulation: (a) FEM simulation
waveform; (b) analytical simulation waveform; (c) FEM simulation Choi-Williams transform;
(d) analytical simulation Choi-Williams transform.

5. Summary, Conclusions, and Future Work

5.1. Summary and Conclusions

This paper presented analytical predictive modeling of AE signals sensed using PWAS sensors
during a fatigue crack growth event. This paper started with an introduction of the instrumentation
used for sensing AE signals using PWAS transducers and a study of the transformations that AE
signals undergo while passing through the instrumentation. A closed-form expression for sensing of
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acoustic waves using the PWAS sensor was derived. Next, the paper discussed a review of an in situ
fatigue experiment performed for the detection of AE signals during a fatigue crack growth in a 1 mm
aluminum 2024-T3 plate. The fatigue crack growth-related AE signals detected were presented in this
section. It was observed that the fatigue crack growth AE signals recorded has a strong S0 Lamb wave
mode content.

After discussing the characteristics of fatigue crack growth AE signals briefly, the paper presented
the analytical modeling of guided wave propagation during the fatigue crack growth event. The dipole
moment excitation concept was used for modeling the fatigue crack growth AE source. Normal mode
expansion of Lamb wave modes was used for obtaining a closed-form analytical expression for
predicting the AE signal recorded using PWAS sensors. Later, the paper presented the numerical
prediction results using the analytical expression. A 7 mm diameter PWAS was considered as the
receiver, and a cosine bell excitation of 0.5 μs was chosen as the rise time of the excitation. The prediction
was compared with experimentally recorded results. First, the time-domain AE signal prediction was
compared with the time-domain experimental AE signals. Next, the time-frequency representation of
the AE signal prediction and experimental AE signals was obtained using Choi-Williams transform,
and the results were compared. The simulation result and the experimental results showed a close
match with the presence of a strong S0 Lamb wave mode in the AE signal. However, in the experimental
signal, after the strong S0 mode, a weak wave packet was also observed. This phenomenon is due to the
scattering of the AE waves generated at the crack. While in the analytical prediction, a 1D waveguide
was considered without the effect of AE signal scattering at the crack. Finally, the paper presented the
verification of the analytical method using the FEM method. The dipole moment AE source modeling
and simulation were performed using the FEM method. The modeshape of the waveform and the
PWAS response were calculated. The analytically calculated modeshape and PWAS response were
compared with the FEM modeshape and PWAS response. The results from analytical prediction and
FEM prediction were very closely matching, which verified the analytical prediction.

5.2. Future Work

The analytical model presented in this paper is preliminary and a proof-of-concept study.
Further research needs to be done to understand better the interaction of AE signals generated at
the crack tips with the crack and improve the model. A three-dimensional (3D) FEM analysis in
a model with crack can be performed to study the PWAS response due to fatigue crack growth.
Numerical correlation analysis for the comparison of the analytical prediction and the FEM prediction
result also can be performed.

Author Contributions: In this article, the formal analysis was done by R.J. The detailed methodology was
provided by R.J. and V.G. R.J. prepared the original draft; review and editing were done by R.J. and V.G. All authors
have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Acknowledgments: This work was supported by the Office of Naval Research (ONR),
grant number N00014-17-1-2829.

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

References

1. Janapati, V.; Kopsaftopoulos, F.; Li, F.; Lee, S.J.; Chang, F.-K. Damage detection sensitivity characterization
of acousto-ultrasound-based structural health monitoring techniques. Struct. Health Monit. 2016,
15, 143–161. [CrossRef]

2. Rice, J.R. Elastic wave emission from damage process. J. Nondestruct. Eval. 1980, 1, 215–224. [CrossRef]
3. Ohtsu, M.Y.; Ono, K. A generalized theory of acoustic emission and Green’s functions in a half Space.

J. Acoust. Emiss. 1984, 3, 27–35.
4. Ohtsu, M.; Ono, K. The generalized theory and source representations of acoustic emission. J. Acoust. Emiss.

1986, 5, 124–133.

384



Sensors 2020, 20, 5835

5. Aki, K.; Richards, P.G. Quantitative Seismology, 2nd ed.; University Science Books: Sausalito, CA, USA, 2002.
6. Weaver, R.L.; Pao, Y.-H. Axisymmetric elastic waves excited by a point source in a plate. J. Appl. Mech. 1982,

49, 821–836. [CrossRef]
7. Gorman, M.R.; Prosser, W.H. Application of normal mode expansion to accoustic emission waves in finite

plates. J. Appl. Mech. 1996, 63, 555–557. [CrossRef]
8. Lysak, M.V. Development of the theory of acoustic emission by propagating cracks in terms of fracture

mechanics. Eng. Fract. Mech. 1996, 55, 443–452. [CrossRef]
9. RJoseph Bhuiyan, M.Y.; Giurgiutiu, V. Acoustic emission source modeling in a plate using buried moment

tensors. Proc. SPIE Health Monit. Struct. Biol. Syst. 2017. [CrossRef]
10. Haider, M.F.; Giurgiutiu, V. A Helmholtz Potential Approach to the Analysis of Guided Wave Generation

During Acoustic Emission Events. J. Nondestruct. Eval. Diagn. Progn. Eng. Syst. 2017, 1, 021002. [CrossRef]
11. Prosser, W.H.; Hamstad, M.A.; Gary, J.; O’gallagher, A. Finite Element and Plate Theory Modeling of Acoustic

Emission Waveforms. J. Nondestruct. Eval. 1999, 18, 83–90. [CrossRef]
12. Åberg, M. Numerical modeling of acoustic emission in laminated tensile test specimens. Int. J. Solids Struct.

2001, 38, 6643–6663. [CrossRef]
13. Sause, M.G.R.; Horn, S. Simulation of Acoustic Emission in Planar Carbon Fiber Reinforced Plastic Specimens.

J. Nondestruct. Eval. 2010, 29, 123–142. [CrossRef]
14. Zelenyak, A.; Hamstad, M.; Sause, M. Modeling of Acoustic Emission Signal Propagation in Waveguides.

Sensors 2015, 15, 11805–11822. [CrossRef]
15. Hamstad, M.A.; O’Gallagher, A.; Gary, J. Modeling of buried monopole and dipole sources of acoustic

emission with a finite element technique. J. Acoust. Emiss. 1999, 17, 97–110.
16. Sause, M.G.R.; Hamstad, M.A.; Horn, S. Finite element modeling of lamb wave propagation in anisotropic

hybrid materials. Compos. Part B Eng. 2013, 53, 249–257. [CrossRef]
17. Hora, P.; Cervena, O. Acoustic emission source modeling. Appl. Comput. Mech. 2010, 4, 7–8.
18. Sause, M.G.R.; Richler, S. Finite Element Modelling of Cracks as Acoustic Emission Sources.

J. Nondestruct. Eval. 2015, 34, 4. [CrossRef]
19. Cuadra, J.; Vanniamparambil, P.A.; Servansky, D.; Bartoli, I.; Kontsos, A. Acoustic emission source modeling

using a data-driven approach. J. Sound Vib. 2015, 341, 222–236. [CrossRef]
20. Hu, W.; Ha, Y.D.; Bobaru, F. Modeling dynamic fracture and damage in a fiber-reinforced composite lamina

with peridynamics. Int. J. Multiscale Comput. Eng. 2011, 9, 707–726. [CrossRef]
21. Lowe, M.J.S. Matrix Techniques for Modeling Ultrasonic-Waves in Multilayered Media. IEEE Trans. Ultrason.

Ferroelectr. Freq. Control 1995, 42, 525–542. [CrossRef]
22. Krushynska, A.A.; Meleshko, V.V. Normal waves in elastic bars of rectangular cross section. J. Acoust.

Soc. Am. 2011, 129, 1324–1335. [CrossRef] [PubMed]
23. Barat, V.; Terentyev, D.; Bardakov, V.; Elizarov, S. Analytical modeling of acoustic emission signals in

thin-walled objects. Appl. Sci. 2020, 10, 279. [CrossRef]
24. Antunes, A.J.M.; Leal-Toledo, R.C.P.; Filho, O.T.d.; Toledo, E.M.Ã. Finite difference method for solving acoustic

wave equation using locally adjustable time-steps. Procedia Comput. Sci. 2014, 29, 627–636. [CrossRef]
25. Bartoli, I.; Marzani, A.; di Scalea, F.L.; Viola, E. Modeling wave propagation in damped waveguides of

arbitrary cross-section. J. Sound Vib. 2006, 295, 685–707. [CrossRef]
26. Marzani, A.; Viola, E.; Bartoli, I.; di Scalea, F.L.; Rizzo, P. A semi-analytical finite element formulation

for modeling stress wave propagation in axisymmetric damped waveguides. J. Sound Vib. 2008,
318, 488–505. [CrossRef]

27. Cho, Y.; Rose, J.L. A boundary element solution for a mode conversion study on the edge reflection of Lamb
waves. J. Acoust. Soc. Am. 1996, 99, 2097–2109. [CrossRef]

28. Chakraborty, A.; Gopalakrishnan, S. A spectral finite element model for wave propagation analysis in
laminated composite plate. J. Vib. Acoust. Trans. ASME 2006, 128, 477–488. [CrossRef]

29. Ajith, V.; Gopalakrishnan, S. Wave propagation in stiffened structures using spectrally formulated finite
element. Eur. J. Mech. A/Solids 2013, 41, 1–15. [CrossRef]

30. Shen, Y.; Giurgiutiu, V. Combined analytical FEM approach for efficient simulation of Lamb wave damage
detection. Ultrasonics 2016, 69, 116–128. [CrossRef]

385



Sensors 2020, 20, 5835

31. Haider, M.F.; Joseph, R.; Giurgiutiu, V.; Poddar, B. An efficient analytical global-local (AGL) analysis of
the Lamb wave scattering problem for detecting a horizontal crack in a stiffened plate. Acta Mech. 2020,
231, 577–596. [CrossRef]

32. Joseph, R.; Li, L.; Haider, M.F.; Giurgiutiu, V. Hybrid SAFE-GMM approach for predictive modeling of
guided wave propagation in layered media. Eng. Struct. 2019, 193, 194–206. [CrossRef]

33. Roberts, T.M.; Talebzadeh, M. Acoustic emission monitoring of fatigue crack propagation. J. Constr. Steel Res.
2003, 59, 695–712. [CrossRef]

34. Morton, T.M.; Harrington, R.M.; Bjeletich, J.G.; Palo, L.; Alto, P. Acoustic emissions of fatigue crack growth.
Eng. Fract. Mech. 1973, 5, 691–697. [CrossRef]

35. Deschanel, S.; Rhouma, W.B.; Weiss, J. Acoustic emission multiplets as early warnings of fatigue failure in
metallic materials. Sci. Rep. 2017, 7, 1–10. [CrossRef] [PubMed]

36. Roberts, T.M.; Talebzadeh, M. Fatigue life prediction based on crack propagation and acoustic emission
count rates. J. Constr. Steel Res. 2003, 59, 679–694. [CrossRef]

37. Keshtgar, A.; Modarres, M. Acoustic emission-based fatigue crack growth prediction. In Proceedings of the
Annual Reliability and Maintainability Symposium (RAMS), Orlando, FL, USA, 28–31 January 2013; pp. 1–5.

38. Shen, Y.; Wang, J.; Xu, W. Nonlinear features of guided wave scattering from rivet hole nucleated fatigue
cracks considering the rough contact surface condition. Smart Mater. Struct. 2018, 27, 1–15. [CrossRef]

39. Zhang, L.; Ozevin, D.; Hardman, W.; Timmons, A. Acoustic Emission Signatures of Fatigue Damage in
Idealized Bevel Gear Spline for Localized Sensing. Metals 2017, 7, 242. [CrossRef]

40. Bhuiyan, M.Y.; Giurgiutiu, V. The signatures of acoustic emission waveforms from fatigue crack advancing
in thin metallic plates. Smart Mater. Struct. 2018, 27, 15019. [CrossRef]

41. Bhuiyan, Y.; Bao, J.; Poddar, B. Toward identifying crack-length-related resonances in acoustic emission
waveforms for structural health monitoring applications. Struct. Heal. Monit. 2018, 17, 577–585. [CrossRef]

42. Bhuiyan, M.Y.; Giurgiutiu, V. Experimental and Computational Analysis of Acoustic Emission Waveforms
for SHM applications. In Proceedings of the 11th International Workshop on Structural Health Monitoring,
Stanford, CA, USA, 12–14 September 2017; pp. 1–7.

43. Joseph, R.; Bhuiyan, M.Y.; Giurgiutiu, V. Acoustic emission from vibration of cracked sheet-metal samples.
Eng. Fract. Mech. 2019, 217, 106544. [CrossRef]

44. Joseph, R.; Giurgiutiu, V. Acoustic emission (AE) fatigue-crack source modeling and simulation using
moment tensor concept. In Proceedings of the SPIE 11379, Sensors and Smart Structures Technologies for
Civil, Mechanical, and Aerospace Systems, online only. 26 May 2020.

45. Wisner, B.; Mazur, K.; Perumal, V.; Baxevanakis, K.P.; An, L.; Feng, G.; Kontsos, A. Acoustic emission
signal processing framework to identify fracture in aluminum alloys. Eng. Fract. Mech. 2019,
210, 367–380. [CrossRef]

46. Carpinteri, A.; Lacidogna, G.; Niccolini, G.; Puzzi, S. Critical defect size distributions in concrete structures
detected by the acoustic emission technique. Meccanica 2008, 43, 349–363. [CrossRef]

47. Farhidzadeh, A.; Salamone, S. Introducing Sifted b-Value Analysis and a New Crack Classification for
Monitoring Reinforced Concrete Shear Walls by Acoustic Emission. In Proceedings of the 54th Acoustic
Emission Working Group Meeting, Princeton, NJ, USA, 21–22 May 2012; Volume 1, pp. 55–57.

48. Ohno, K.; Ohtsu, M. Crack classification in concrete based on acoustic emission. Constr. Build. Mater. 2010,
24, 2339–2346. [CrossRef]

49. Farhidzadeh, A.; Salamone, S.; Dehghan-Niri, E.; Luna, B.; Whittaker, A. Damage Assessment of Reinforced
Concrete Shear Walls by Acoustic Emission. NDE/NDT Highw. Bridg. Struct. Mater. Technol. 2012, 2014, 74–81.

50. Wirtz, S.F.; Beganovic, N.; Söffker, D. Investigation of damage detectability in composites using
frequency-based classification of acoustic emission measurements. Struct. Health Monit. 2019,
18, 1207–1218. [CrossRef]

51. Hamdi, S.E.; le Duff, A.; Simon, L.; Plantier, G.; Sourice, A.; Feuilloy, M. Acoustic emission pattern recognition
approach based on Hilbert-Huang transform for structural health monitoring in polymer-composite materials.
Appl. Acoust. 2013, 74, 746–757. [CrossRef]

52. Crivelli, D.; Guagliano, M.; Eaton, M.; Pearson, M.; Al-Jumaili, S.; Holford, K.; Pullin, R. Localisation and
identification of fatigue matrix cracking and delamination in a carbon fibre panel by acoustic emission.
Compos. Part B Eng. 2015, 74, 1–12. [CrossRef]

386



Sensors 2020, 20, 5835

53. de Oliveira, R.; Marques, A.T. Health monitoring of FRP using acoustic emission and artificial neural
networks. Comput. Struct. 2008, 86, 367–373. [CrossRef]

54. Suzuk, H.I.; Kinjo, T.; Hayashi, Y.; Takemoto, M.; Ono, K. Wavelet transform of acoustic emission signals.
J. Acoust. Emiss. 1996, 14, 69–84.

55. Martínez-jequier, J.; Gallego, A.; Suárez, E.; Javier, F.; Valea, Á. Real-time damage mechanisms assessment in
CFRP samples via acoustic emission Lamb wave modal analysis. Compos. Part B 2015, 68, 317–326. [CrossRef]

56. Marec, A.; Thomas, J.; El Guerjouma, R. Damage characterization of polymer-based composite materials:
Multivariable analysis and wavelet transform for clustering acoustic emission data. Mech. Syst. Signal Process.
2008, 22, 1441–1464. [CrossRef]

57. Ni, Q.; Iwamoto, M. Wavelet transform of acoustic emission signals in failure of model composites.
Eng. Fract. Mech. 2002, 69, 717–728. [CrossRef]

58. Joseph, R.; Giurgiutiu, V. Non-crack-growth acoustic emission observed in controlled-stress-intensity-factor
high-cycle-fatigue tests. J. Sound Vib. 2020. Under review.

59. Auld, B.A. Acoustic Fields and Waves in Solids, 2nd ed.; Kreiger: Malabar, FL, USA, 1990.
60. Shen, Y.; Giurgiutiu, V. Effective non-reflective boundary for Lamb waves: Theory, finite element

implementation, and applications. Wave Motion. 2015, 58, 22–41. [CrossRef]

Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional
affiliations.

© 2020 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/).

387





MDPI
St. Alban-Anlage 66

4052 Basel
Switzerland

Tel. +41 61 683 77 34
Fax +41 61 302 89 18

www.mdpi.com

Sensors Editorial Office
E-mail: sensors@mdpi.com

www.mdpi.com/journal/sensors





MDPI  
St. Alban-Anlage 66 
4052 Basel 
Switzerland

Tel: +41 61 683 77 34 
Fax: +41 61 302 89 18

www.mdpi.com ISBN 978-3-0365-1137-5 


	Blank Page

