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Abstract

The vibro-acoustic modulation (VAM) method is known for its high sensitiv-
ity to detect even small damages and is applied non-destructively. VAM uses
a high-frequency ultrasonic carrier wave, that is modulated in the specimen
by a high-amplitude pump wave of significantly lower frequency. The method
was introduced in the 1990s, and the literature today includes over 200 journal
publications in which VAM is applied to many laboratory-based applications.
However, no industrial application has yet been proclaimed. Since transitioning
from the laboratory to the industry is one of the biggest hurdles, this thesis
aims to address and overcome the limitations to enable the next step toward
industrial applications.

The requirements on the method depend on whether it will be used in the context
of non-destructive testing (NDT) or the structural health monitoring (SHM).
VAM, as traditionally described in the literature, has no defined baseline of the
measurement. Hence, measurements of different specimens can not be reliably
compared. In SHM applications, the first measurement is usually assumed to
be pristine and is utilised as this baseline. Despite current investigations into
estimating a baseline, it remains a major challenge (due to complex signal modu-
lation and dependencies on the material, preexisting damage, etc.). To overcome
this issue—specifically for NDT applications—this thesis proposes a data-driven
approach that is validated with two applications. First, the adhesive bonding
of fibre composite structures is investigated. Single-lap shear specimens with
so-called weak bonds and kissing bonds were prepared by inserting a non-stick
film, or by contaminating the bond line with a release agent. It is shown that
a data-driven evaluation can accurately differentiate between undamaged and
damaged specimens in specific frequency ranges, even though the differences
based on the traditional evaluation methods are minimal. The trained neural
networks are evaluated to recursively generate information on the significance
of the input values, leading to a deeper understanding of the VAM method and
its mechanisms. The applicability of this data-driven evaluation is confirmed
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by testing welded steel specimens, where half of them contained crystallisation
defects that resulted from false welding parameters.

When VAM is applied as an SHM method, it is advantageous to leverage the am-
bient vibrations as the modulating pump wave. Ideally, SHM systems are built
with low-power and energy-harvesting devices to reduce installation and mainte-
nance costs. The challenge results from variations of the ambient vibration due
to changes of environmental influences. Thus, the traditional VAM measure-
ments would neither be consistent nor comparable between the measurements
over time.

This challenge is overcome by the proposed synthetic computation of the VAM
signal. This synthetic computation minimises the dependency on the ambient
vibration so that the VAM measurement can be performed on complex compo-
nents without interference from environmental changes. The presented approach
significantly reduces the requirements on the sensor nodes in terms of sampling
rate, measured data points, data size, and energy required to drive the high-
frequency emitter. Thus, the usage of self-sustaining energy-harvesting sensor
nodes comes into reach. Furthermore, the synthetic method can be implemented
into most existing SHM systems that contain acoustic emissions or guided wave
measurements with minimal adaptations. Finally, the viability of the synthetic
VAM method is demonstrated on larger and more complex structures.
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Kurzfassung

Die Vibroakustische Modulation (VAM) ist eine zerstörungsfreie Prüfmethode,
die sich durch eine hohe Empfindlichkeit für die Detektion von Schäden auszeich-
net. Erstmals wurde die Methode in den 1990er Jahren publiziert. Mittlerweile
befassen sich bereits über 200 Veröffentlichungen mit VAM, welche sich jedoch
auf kleine Strukturen beschränken, die hauptsächlich under idealen Laborbedin-
gungen getestet wurden. Eine industrielle Anwendung wurde noch nicht pub-
liziert.

Die Anforderungen an die Methode variieren je nach Anwendung im Rahmen der
zerstörungsfreie Prüfung (NDT) oder bei der Überwachung des strukturellen Zu-
stands (SHM). Die größte Herausfoderung liegt in der genauen Zuordung von
einem Modulationswerts zu einem Schadenszustands, mit dem die Messungen an
verschiedenen Proben verglichen werden können. Bei SHM-Anwendungen wird
dies üblicherweise umgangen, indem der initiale Zustand als fehlerfrei angenom-
men wird, und damit als Vergleichswert dient.

Um diese Herausforderungen bei NDT-Anwendungen zu überwinden, wird in
dieser Arbeit ein datengetriebener Ansatz vorgeschlagen, der an zwei Anwen-
dungsfällen validiert wird. Die Detektion von Adhäsionsdefekten in Faserver-
bunden ist relevant für die Fertigung von Faser-Verbunden. Überlappklebungen
wurden unter idealen Bedingungen und mit eingebrachten Defekten hergestellt.
Dazu wurde entweder eine PTFE-Folie eingelegt oder die Klebestelle mit einem
Trennmittel kontaminiert. Beide Defekte verringern die erreichte Scherfestigkeit
der Proben signifikant. Es wurde gezeigt, dass durch eine datengetriebene Aus-
wertung von VAM eine präzise Klassifikation der Proben in die einzelnen Herztel-
lungsarten erfolgen kann, trotz nur minimaler Unterschiede in der Auswertung
der traditionell verwendeten Schadens-Indezes von VAM. Zusätzlich wurden die
trainierten neuronalen Netze rekursiv evaluiert, um Informationen über die Be-
deutung der Seitenbänder (Eingangswerte) zu generieren, was zu einem tiefge-
henderen Verständnis der VAM-Methode und ihrer Mechanismen führt. Bei der
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zusätzlichen Überprüfung von geschweißten Stahlproben, bei denen ein Kristalli-
sationsfehler in der Schweißnaht eingebracht wurde, konnte die Relevanz der
datengetriebenen Auswertung bestätigt werden.

Die Anwendung von VAM als SHM-System bringt zusätzliche Herausforderungen
mit sich. Idealerweise werden SHM-Systeme mit energieeffizienten Sensorknoten
gebaut, um die Installations- und Wartungskosten zu minimieren. Bei der An-
wendung von VAM als SHM-Methode empfiehlt es sich, die bereits vorhandenen
Vibrationen als modulierende niederfrequente Schwingung zu nutzen. Die Her-
ausforderung dabei liegt in der Variation dieser Schwingungen aufgrund wech-
selnder Umwelteinflüsse. Daher sind konventionelle VAM-Messungen an realen
Strukturen weder konsistent noch über die Zeit vergleichbar.

Diese Herausforderung konnte durch eine synthetische Berechnung des VAM-
Signals umgangen werden. Mit dieser Methode kann die Abhängigkeit von
Umgebungsschwingungen minimiert werden, sodass VAM-Messungen an kom-
plexen Bauteilen ohne Beeinträchtigung durch Umgebungsänderungen durchge-
führt werden können. Der vorgestellte Ansatz reduziert deutlich die Anforderun-
gen an Sensorknoten in Bezug auf Abtastrate, gemessene Datenpunkte, Daten-
größe und die für den Betrieb des Ultraschallsenders erforderliche Energie. Da-
durch könnten auch autarke Sensorknoten eingesetzt werden. Zudem ist VAM
in die meisten bestehenden SHM-Systeme integrierbar, bei denen die akustis-
chen Emissionen oder geführte Wellenmessungen gemessen werden. Die Anwend-
barkeit der traditionellen sowie der synthetischen VAM wurde auch an größeren
und komplexeren Strukturen demonstriert, wobei insbesondere die synthetische
Variante vielversprechende Ergebnisse erzielte.
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1. Structural health monitoring for polymer
composites

Complex mechanical systems are the foundation of our modern society. Main-
taining and monitoring these existing structures are significant concerns to pre-
vent failures resulting from the occurring loads, the service conditions, corrosion,
or even an improper usage. Additionally, the ageing of these structures raises the
probability of damages and maintenance costs. Therefore, a reliable assessment
of the structural integrity is the ultimate goal for users, owners and manufactur-
ers [1–3]. Only knowing the current structural state with its loads and emerging
defects allows for an optimal utilisation, preventing catastrophic failures and
reduced downtime due to scheduled maintenance [4].

The traditional concepts for a preventive maintenance routine consist of prede-
fined routine checks and scheduled replacements of critical components indepen-
dent of their actual wear. This procedure results in inefficient operations, wasted
resources and many downtimes of the structure [5]. The economic relevance of
improving the structural evaluation is unquestionable.

• In Germany, around 30000 wind turbines are maintained on land, with an
average service life of 13.9 years. The costs for maintaining these turbines
increase after ten years of operation from 44 % to 55 % of total operating
costs [6]. Furthermore, most insurance claims can be attributed to dam-
aged wind turbine blades (41.4 %) with an average cost of 240,000 US$,
while poor maintenance is the most reported cause (24.5%) [7].

• In the next two decades, approximately 41170 passenger aircraft will be
delivered, which implies a volume of 7.2 trillion US$. Furthermore, 2.5
trillion US$ are estimated for maintaining, repairing and overhauling the
in-service fleets [8].
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Both industries depend on fibre-reinforced composites as an advanced lightweight
material that is tailored for the anticipated load cases. However, due to the
layered structure of the material, impact damages are barely visible from the
outside but jeopardise the structural integrity. Hence, non-destructive damage
detection and sophisticated load monitoring are essential.

Over the years, a wide variety of highly effective non-destructive testing (NDT)
methods have been developed to ensure a reliable and safe operation. Typi-
cal NDT methods (e.g. thermography, ultrasonic inspection, X-ray or magnet
resonance) are used to inspect a structure after manufacturing and at regular as-
sessments over the lifetime. Most NDT methods are well understood, approved
and standardised by technical committees (e.g. American Society for Testing
and Materials ASTM). However, many structural components are only accessi-
ble during downtime and often require disassembly of secondary structured to
be accessible, which reduces profit as shown in Fig. 1.1.
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Figure 1.1.: Potential fields for the application of SHM systems.

To prevent downtimes, several NDT techniques can be employed for continuous
monitoring by integrating sensors into the structure. By combining the data
from these integrated sensors with data from environmental and loading condi-
tions, and applying sophisticated signal processing, allows for a predictive and
condition-based maintenance planning, referred to as Structural Health Mon-
itoring (SHM). The reduction of maintenance duration and cost coupled with
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condition-based maintenance makes the adaptation of SHM systems an economic
decision.

Vibro-acoustic modulation (VAM) is a promising method for NDT and SHM
research. In the literature, a high sensitivity towards damage detection was
shown. However, this method also faces several challenges and has, to the au-
thor’s knowledge, not yet been applied to actual industrial applications. Based
on the demand for a reliable structural health assessment, this thesis focuses
on establishing VAM for application in the NDT and SHM contexts. Since the
requirements for the measurement method depend on the respective application,
the overall research hypothesis is divided into two parts.

For NDT applications, the challenge of VAM is the missing baseline of the mea-
sured modulation, which is required for a comparison and, subsequently, the de-
cision to determine whether damage is present. The system’s response depends
on many parameters since the traditional VAM method evaluates the steady
state vibration, which results from a superposition of many different pathways
of the excited vibrations. For example, differences in the specimen dimensions,
the position of the bonded piezoceramics, the frequencies of introduced vibra-
tions, and environmental factors (e.g. temperature, ambient vibrations) affect
the measured signal. Therefore, estimating the structure’s condition without a
comparative measurement is challenging. The first research hypothesis, which
will be discussed in Chapter 4, is derived as:

The VAM method can be applied as a non-destructive testing method for
similar parts, with machine learning algorithms enhancing its sensitivity.

Two experiments were conducted to evaluate this sub-research hypothesis. One
of the most challenging aspects of manufacturing composite structures is the
quality assurance of adhesive bonds. Especially, the detection of contaminations
by a release agent is not possible by traditional NDT methods. Hence, this use
case is an ideal example for evaluating the high sensitivities of VAM, coupled with
the hypothesis that data-driven models approximate the baseline and allow for
the detection of these defective bonds. Analogues to the GFRP specimens, this
hypothesis was evaluated on metallic specimens to prove the significance of the
data-driven approach, independent of the material or use case. Crystallisation
defects in welded metallic specimens were created, which is a severe problem and
difficult to detect.
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Figure 1.2.: Overview of the structure of this thesis. The content of the indi-
vidual Chapters is visualised by a preview of one Figure.

If VAM is included in a SHM system, the baseline for the measurement is usually
the first measurement after the manufacturing process. However, the actual
implementation as a sensor network, coupled with variations of environmental
conditions, hinders the application of VAM. Since the present ambient vibrations
of the structure are ideal for utilisation as the pump wave, the influences posed
by the changing ambient vibrations has to be compensated by the VAM method.
Hence, the sub-hypothesis for Chapter 5 is derived as:

The pump vibrations required for VAM can be approximated by subsequent
measurements at different load levels of the structure into a synthetic VAM

signal.

This hypothesis is evaluated by a set of experiments conducted on several spe-
cimens, with sizes from coupon level to more complex structures. The typical
damage parameters used for the VAM evaluations are synthetically generated by
measuring only the carrier frequency at distinct stress levels. A synthetic signal
is created from these measurements. Finally, each typical damage parameter
can be acquired from measurements independent of the amplitude or frequency
of the pump wave. Finally, the possibility of recreating the VAM measurements
from a burst-excitation for the carrier vibration is tested and discussed.

This thesis consists of six chapters. After this introduction, the state of the
art for the vibration-based NDT and SHM for composite materials is presented.
In Chapter 3, the specimen manufacturing and the testing methods are defined.
Specific information is given within the relevant chapters. Chapters 4 and 5 each
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present and discuss the introduced research hypotheses. Despite the focus on
damage detection and structural health monitoring of fibre-reinforced polymers,
both chapters also include additional evaluations of the developed methods on
comparable metallic structures. Therefore, the applicability of VAM for the two
material types can be evaluated. In Chapter 6, a general conclusion for the
application of VAM is drawn and discussed, followed by the outlook. Figure 1.2
gives an overview of the thesis structure.

It should be noted that parts of the presented results were already published [9–
11]. Additional contributions to VAM were made but exceed the scope of this
thesis [12–17]. Collaborations with other institutions have also led to synergies
in data-driven evaluations of magnesium degradation [18] and the experimental
verification of reaction energies during the cross-linking of thermosetting poly-
mers [19].
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2. Vibration-based structural health
monitoring

2.1. Composite materials

During the service life, fibre-reinforced polymer (FRP) structures are subjected
to various mechanical and environmental loads far below the failure in a mono-
tonic loading test. However, these lower loads result in degradation phenomena,
which decrease the remaining lifetime of the structure. Due to the anisotropy,
which results in advanced material properties, FRPs have complex damage mech-
anisms initiated by partial micro-damages that accumulate and result in ultimate
failure [20, 21]. Combinations of different damage initiation and propagation
mechanisms result from the multi-scale aspect of FRPs, illustrated in Figure 2.1.
For the definition of FRPs, a second coordinate system simplifies the material
definition with one axis pointing orthogonal to the plate-like structure. The da-
mage resistance depends on the structural geometry and loading orientation of
the structural level, the laminate layup, the ply thickness and the stacking order
in the Macro material level. Finally, the used materials as fibres and matrix
also define the material properties in the Meso level and the interface between
both in the Micro level [22, 23]. Further influences include the environmental
conditions and many more [24, 25].

Figure 2.1.: Visualisation of the multi-scale aspect of FRP. Note that the co-
ordinate system changes from a global to the material level.
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Even though the fatigue behaviour is superior compared to other materials, it
must be considered for FRP structures [20]. Typically, the fatigue life of FRP
materials can be divided into three stages. This degradation process is illustrated
in Figure 2.2 for a typical fatigue damage evolution in a cross-ply laminate with
a [0,90,0] layup. Even if this schematic assumes a tensile-tensile load, similar
states of degradation can be observed for other loadings. Note that the damages
are assumed to be due to an internal biaxial plate-like stress state. In regions
with geometric discontinuities such as free edges or notches, a triaxial stress state
occurs and affects the damage evolution slightly [22].

During stage I, mainly micro-cracks are formed due to the fatigue load in the 90◦

layer, which is oriented transversely to the loading direction. These initial micro
cracks act as initiators for the formation of cracks that propagate through the 90◦

ply as matrix crack or inter-fibre failure (c.f. Figure 2.2a, b). Throughout this
first stage, the density of inter-fibre failures increases until a saturation with a
uniform spacing is reached [22]. This state is known as the characteristic damage
state (CDS) and is shown in Figure 2.2c. Additionally, first fibre-fractures occur
in the 0◦ ply caused by stress concentrations at the intersection to the inter-
fibre failure. In the second stage, the damage growth is significantly reduced.
High inter-laminar shear stresses occur at an inter-fibre failure, which results in

0 090
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Figure 2.2.: Schematic representation of the fatigue damage evolution of a
cross-ply FRP with associated damage mechanisms: a) micro-cracks in the ma-
trix and fibre-matrix interface; b) growing micro-cracks lead to transverse cracks,
isolated fibre failure in the 0° layers due to the transverse crack-induced stress; c)
increase in crack density until saturation at characteristic damage state (CDS);
d) and e) growing delaminations between the individual layers; f ) final failure
(adapted from Müller [26]).
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a separation fracture between the individual layers of the laminate. So-called
“delaminations” arise as a separation of the individual layers. Without any
crack-stopping mechanisms, the delaminations can spread abruptly over larger
areas. In the third stage, the bond between the plies is significantly reduced
due to large delaminations. The load sharing between the plies is interrupted,
and the composite is not behaving as single laminate any more [20]. Isolated
fibre-fractures in the load-bearing 0◦ fibres result in stress concentrations and
finally initiate the ultimate failure of the laminate [21].

The damage curve—illustrated in Figure 2.2—is calculated as:

Damage = 1− E

E0
(2.1)

where E is the current Young’s modulus and E0 is the initial modulus at a
pristine state. The decrease in stiffness in the first stage can be attributed to
inter-fibre failures in the matrix material. The delaminations are mainly respon-
sible for the slight reduction in modulus since they do not primarily contribute
to the laminate stiffness. The fibre fractures in the third stage of the fatigue life
result in a substantial decrease of stiffness and, hence, an increase in damage.

The precise characteristics of this degradation depend on many factors (e.g. the
laminate layup, the thickness of the individual laminae, and the fatigue loading).
While great effort has been made to model the fatigue damage in FRPs, a general
fatigue model has yet to be established in the literature. Hence, the NDT of these
structures or the implementation of a reliable SHM system is essential for a safe
and reliable service of FRP structures [21].

2.2. Non-destructive testing of composites

Most NDT methods utilise direct measurements to evaluate the structure with-
out affecting functionality and integrity. The term “direct measurement” implies
the knowledge of the physical relations of the method with a direct propor-
tionality between the measured entity and the material properties. Currently
used NDT methods are based on visual or localised techniques such as acous-
tics, ultrasonics, magnetic field, thermal field, radiography or thermal methods
[3]. Acoustic emission and ultrasonic testing are well understood and applied
to many industrial applications [27]. While acoustic emissions are passively
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recorded transient stress waves—emitted from instantaneous energy/stress re-
leases due to growing cracks or dislocations—the ultrasonic testing relies on the
transmission and reflection of the actively introduced high-frequency bulk waves
[27].

Over the last decades, the application of guided (ultrasonic) waves and acousto-
ultrasonic techniques has been under immense research since they allow an ac-
tive non-destructive evaluation of the structure. Lamb wave testing is the most
used guided wave approach and has become promising for many industrial ap-
plications since lamb waves can propagate over large distances in thin-walled
structures. These lamb wave inspections utilise the changes in wave attenuation
and mode conversations due to damage interactions in the path between the
sending and receiving probe [27–29]. However, the processing of lamb waves is
complex due to noise, environmental influences and intrinsic characteristics of
the structure, which affect the received signals [30]. In this context, the term
“damage” defines a change in material properties, boundary conditions or sys-
tem connectivity that ultimately affects the system’s performance or integrity
[1]. Since many structural parts are covered and damages mainly occur at the in-
tersection between two parts, most damages might not be detectable by eyesight.
Therefore, various highly effective NDT methods were developed and devised to
monitor damages in different materials and structures. A relevant but incom-
plete overview is given in Figure 2.3 since the amount of published methods and
variations is immense.

2.3. Structural health monitoring

Due to the non-continuous evaluation cycles, the application of NDT can be
classified as “reactive” evaluation. The term “reactive” means that the testing
is defined by a schedule or after unforeseen events which threaten the structural
integrity (e.g. earthquakes in civil engineering, bird strikes, crashes, etc. at me-
chanical structures). Hence, significant efforts are being made to continuously
diagnose the structural integrity using sensor systems that are permanently em-
ployed or integrated into the structure [1, 3]. These systems for a continuous
monitoring or the SHM are “proactive” and provide real-time information that
can be used to make informed decisions about maintenance and repairs [2]. A
comparison between the fundamental concepts of NDT and SHM methods can
be found in Table 2.1.
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Figure 2.3.: Classification of non-destructive damage detection techniques. The
focus of this thesis is on VAM, which is an active non-linear acoustic method.
(adapted from Karve et al. [31])

For SHM applications, a network of sensors (e.g. piezoceramics, accelerometers
or strain gauges) and actuators (e.g. piezoceramics or electrodynamic/hydraulic
shakers) enable the real-time detection, localisation, and quantification of da-
mage and the prediction of the remaining lifetime so that the NDT becomes an
integral part of the structure [2, 33]. As a result, the structure’s environmental
loads and evolving degradation must be monitored and merged into a holistic
process to monitor its health throughout its life cycle. An enormous amount of
work has been published on SHM and NDT, which mainly focuses on automatic,
and reliable damage detection technologies.

2.4. Guided waves for damage detection

Numerous NDT applications based on guided waves have already been published.
Guided waves promise enormous potential for reliable damage detection but have
reached a lower maturity level compared to the commonly used acoustic emis-
sions and ultrasonic testing. Smart sensors integrated into critical components of
a monitored structure have achieved essential steps towards sensitive and robust
SHM methods in the last decades [27]. Guided waves use the structure itself
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Table 2.1.: Comparison between the main characteristics of NDT and SHM for
the evaluation of complex structures (adapted from [32])

NDT SHM
Inspection with external probes Permanently attached sensors at

and equipment fixed locations at the structure
Offline monitoring: most parts must Online monitoring, inspection during

be disassembled for inspection operations or scheduled downtime
Time-based maintenance Condition-based maintenance.

Checks must be conducted regularly Disassembly only required for repair
Labour intensive evaluations Automated evaluations

Mature technologies are available Still under development
for complex structures

as a waveguide, allowing them to propagate over long distances. Hence, larger
areas in both isotropic and anisotropic plates can be inspected, which yields a
potential of saving in inspection time and costs and results in a fast-growing
number of applications [2, 27, 34].

Like classical elastic waves, guided waves are travelling disturbances that trans-
port energy in an elastic medium without transferring matter and follow the
linear stress-strain relation and Newton’s second law. In contrast to bulk waves,
where only longitudinal and shear modes exist in most materials, guided waves
have an infinite number of wave modes, which are generated simultaneously and
propagate as a superposition of all excited modes. The high number of modes
results in complexity, which is challenging for industrial applications [34].

Lord Rayleigh (1885) identified the first guided surface waves, after whom this
class of waves was named. The amplitude of Rayleigh waves is decreasing rapidly
with depth, making them useful for inspecting surface defects. The decrease rate
depends on the wavelength [27].

If a tested structure is plate-like, with its thickness in the wavelength range, the
guided waves become lamb waves. The structural evaluation with lamb waves is
attractive for plate-like structures due to their ability to travel large distances
and inspect extensive areas of the structure. The interaction of these waves is
called “linear” if the output of the response signal correlates with the strength
of the input signal, as defined by Hooke’s law [35]. Usually, changes in veloc-
ity, scattering effects, attenuation, and mode conversations of the introduced
guided waves are evaluated to detect damage. These methods are ideal when
the present damage significantly alters the linear features of the propagating
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ultrasonic wave, like a reduction of thickness and open cracks [2, 27, 36–38].
However, the evaluation of these linear features can be challenging. It requires
sophisticated measurement equipment to detect and visualise the changes since
it is ambiguous to differentiate whether the effect stems from damages, struc-
tural features or changes in environmental/operational conditions [39]. This can
be explained since fatigue or corrosion cracks are mostly closed and in contact.
Hence, they are invisible for the wave due to minimal differences in material
impedance [37]. Therefore, the scientific community is actively working on non-
linear vibration and acoustic phenomena that are typically more sensitive to
minor damage severities than linear methods [40, 41]. However, it is not the
goal to replace but rather to complement the existing linear techniques, which
are already known and certified [42].

The non-linear approaches can be differentiated into “classical” methods, which
characterise the damage by evaluating higher harmonics, and the “non-classical”
methods, which were more recently developed. The higher harmonics of the
“classical” non-linear methods result from a non-linear stress-strain relationship
of a homogeneous material, resulting in a distortion of the propagating wave.
Discontinuities in micro and macro scale (e.g. fatigue fractures in metals or
delaminations in composites) result in “non-classical” non-linear phenomena in
the ultrasonic response [37]. These “non-classical” non-linear phenomena include
the occurrence of higher harmonics where the amplitudes decay less compared to

Figure 2.4.: Illustrations of the stress-strain/stress-time curves and their re-
sulting patterns in the frequency spectrum are shown for a linear, non-linear
and non-classical non-linear material-behaviour (adapted from [41]). Note that
the indices of the harmonics are given at the frequency spectrum.
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the classical case, higher harmonics of unusually high orders, frequency mixing,
generation of subharmonics and more [39]. In Figure 2.4, wave propagation and
resulting harmonics of a linear stress-strain relation are compared to various
non-linear and hysteretic contributions. It is shown that the different non-linear
behaviours result in distinct patterns in the frequency domain, as explained
by Van Den Abeele et al. [41]. Consequently, for a thorough evaluation, the
amplitudes of several sidebands should be considered to differentiate the type
of non-linearity or even to separate the superposition of the several sources of
non-linearity. Since, “the full mechanism of the nonlinear response is not yet
understood” [41], actual measurements include many other influences, such as
dissipative mechanisms, cross-modulation, modulation transfer, memory effect,
and contact acoustic nonlinearity, which complicate an analytical explanation
[39]. These “non-classical” non-linear phenomena were added to Figure 2.4,
even though stress-strain or strain-time curves were not defined.

2.5. Vibro-acoustic modulation method

The vibro-acoustic modulation method (VAM) is one of these “non-classical”
non-linear acoustic methods. It was introduced in the 90s by Donskoy and Sutin
[43–46], and is based on the work of Zaitsev et al. [42]. In literature, the method
is further referred to as non-linear wave modulation spectroscopy (NWMS)
[41], non-linear acoustic modulation (NAM) [47], non-linear Ultrasound Vibro-
Acoustic Modulation Technique (NUVAM) [48], and cross-modulated vibro-
acoustics (CM/CMVA) [49–51]. VAM in its varieties is the subject of over 200
studies, as shown in Figure 2.5. However, no industrial application has yet been
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Figure 2.5.: Publications over the years found in a comprehensive literature
search, divided between journal articles and other publications. Compared are
the results of a Scopus search, where the name variations should be either in the
title, abstract or keywords (total Scopus: 208 until 12/2023).
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reported. Further evaluations and information on the publications can be found
in the Appendix A.1.

The VAM method is based on a so-called “pump-probe” approach, where two
dynamic fields are simultaneously applied to the specimen [52]. The general
approach is schematically illustrated in Figure 2.6 with the introduced vibrations
(left) and the measured resulting signal in the time and frequency domain (right).
The pump wave is a strong vibration Xp of low frequency fp, which affects
the current stress in the specimen and thus perturbs the material elasticity.
This variation is strongest around inhomogeneities or defects in the material.
Simultaneously, a high-frequency ultrasonic vibration Xc, commonly referred to
as probing or carrier wave, monitors the elastic and/or dissipative non-linearities
of the structure which affect the propagation of the ultrasonic waves [37, 39, 41,
43–46].

Both vibrations differ in amplitude (Ac << Ap) and frequency (fc >> fp) signi-
ficantly. In the shown example, the pump vibration Xp is introduced by a
hydraulic testing machine, while piezoceramic actuators introduce the carrier vi-

Figure 2.6.: Schematic representation of a vibro-acoustic modulation analysis.
Introducing a high-strain pump wave Xp, and an ultrasonic carrier wave Xc
of frequency fc simultaneously results in the modulation of the resulting signal
and the formation of sidebands in the frequency domain (lower). The test of
a coupon specimen is shown (top), where Xc is introduced by a piezoceramic
disk actuator (In) and Xp by a testing machine. The resulting vibration Xr is
acquired by a second piezoceramic (Out).
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bration Xc. However, the methodology differs in literature and will be discussed
later in this chapter. The measured response signal Xr is typically evaluated in
the frequency domain, calculated by a Fast Fourier Transform (FFT, denoted as
F). F(Xr) from an ideal linear and undamaged specimen, where the response is
measured with ideal equipment, would result in two amplitudes resulting from Xc

and Xp, as shown in Figure 2.6 (left). However, a modulation is already present
in each actual VAM measurement, even in pristine specimens. This initial mod-
ulation results from non-linearities in the specimens, due to the manufacturing
process, the measurement equipment itself and effects due to the geometry of
the specimens and resulting edge effects. The modulation is visible in the fre-
quency domain by the formation of higher harmonics (kfp and kfc | k ∈ N)
from both introduced vibrations and, more importantly for the evaluation of this
method, by sidebands around the carrier wave (fc ± kfp | k ∈ N). Typically,
the amplitudes of the sidebands Ak are compared to the carrier amplitude Ac

to estimate the modulation, where k is indicating the frequency of the sideband
(f = fc ± k · fp | k ∈ N). An increase in the sidebands results from a stronger
modulation and, therefore, indicates the formation of damage. Yet, the con-
tribution of the different mechanisms to the resulting modulated signal is still
unknown.

The carrier is usually introduced into the structure by applying piezoceramic
actuators. However, the excitation of the pump wave differs between publi-
cations and can be divided into one of three classes. Donskoy and Sutin [53]
proposed a differentiation of these classes based on the pump-excitation into the
vibro-modulation method and the impact modulation method. The two classes
are accompanied by the utilisation of already present ambient vibrations of the
structure, which will be called ambient-modulation in the following.

• For the vibro-modulation method, a continuous pumping wave with a fre-
quency of fp is introduced into the structure with an electromagnetic
shaker (orthogonal), a hydraulic testing machine (longitudinal) or, in some
cases, even a piezoceramic (stack)-actuator. This class is mostly found in
the literature.

• The impact-modulation method, uses an impact-excitation (e.g. an impact-
hammer). This method is easily realisable and has advantages in field
applications compared to a computationally controlled vibro-modulation.
However, this method is cumbersome to calibrate and reproduce. Fur-
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thermore, the “ring” (i.e. the duration of the vibration introduced by the
impact) has to be long enough to resolve the sideband components in the
FFT of the measured signal Xr [54].

• For the inspection of large structures, the ambient-modulation method is
favourable regarding the applicability and installation costs. The ambient
vibrations can originate from environmental loads (winds, traffic, etc.) or
the circular motion of components (engines, pumps, etc.) [55] and must
be significant enough to alter the stress state. The benefit is the energy
efficiency since only the ultrasonic carrier has to be excited by the piezoce-
ramics. However, this advantage also results in an undefined low frequency,
which might not be constant over time. Therefore, with the traditional
evaluation, structural evaluations with this method are cumbersome to
reproduce.

Relevant VAM publications are sorted by their type of excitation in Table 2.2. It
is evident that especially the pump wave excitation was introduced with several
different methods. Alternatively to the usage of piezoceramics, the carrier was
also introduced with an air-coupled transducer. The other mentioned excita-
tion methods are modifications to the method like a “Swept sine excitation”, or
the “Cross-modulation” where the carrier itself was modulated. VAM has also
been applied to various use cases. Pieczonka et al. [39] provides an extensive
introduction to VAM with a review of the tested materials and promising appli-
cations. Additionally, the method was summarised in the book chapters written

Table 2.2.: VAM Literature sorted by the method of excitation. For Xc, devi-
ations from a typical excitation with piezoceramics and relevant changes to the
continuous vibro-modulation are shown.

Variations Reference

Xc

Swept sine excitation [56–59]
Cross-modulation [49, 51, 60, 61]
Wide-band excitation [62]
Air-coupled excitation [47, 63]

Xp

Impact modulation [41, 55, 63–68]
Testing machine excitation [69–72]
Shaker excitation [55, 66, 73–80]
Piezoceramic excitation [81–84]
Speaker excitation [85]
Thermographic modulation [86]
Ambient modulation [87]
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Table 2.3.: VAM literature sorted by the application. Additional efforts con-
cerning data reductions and damage localisation are given in the second section.

Application Reference
Fatigue damage in metal [55, 69–73, 84, 89–97]
Fatigue damage in composites [13]
Impact damage in composites [49, 79, 82, 85, 89, 98–103]
Delaminations and reduced adhesion [104–109]
Bolt-Loosening [58, 77, 110–116]
Stone, mortar and Concrete [31, 51, 68, 80, 83, 117–120]
Bones [118]
Glass [121]
Complex geometries [74, 76, 81, 87]
Pipeline inspection [75]
Data reduction [11, 97]
Damage localisation [47, 82, 84, 86, 89, 122–124]

by Donskoy [54] and Staszewski et al. [88]. Additionally, a comprehensive but
incomplete list of literature on the various applications of VAM is summarised
in Table 2.3. Unfortunately, the majority of VAM-related experiments were
conducted on small coupon specimens within a laboratory setting, where both
required vibrations (pump and carrier) are introduced as ideal sinusoidal sig-
nals with a defined and constant amplitude. Detecting a rotor blade defect on
a small wind turbine with a blade-length of 1 m has been the largest reported
application, that was found so far [87]. Hence, this summary shows that VAM
is still far from an actual industrial applicability.

Many parameters were introduced in the literature to quantify the damage in a
VAM experiment. The most popular parameters are the Modulation index (MI)
[12, 71, 91, 125, 126] which is given in decibels and the “modulation intensity
coefficient” (R) [39, 90, 102]. The calculation of the MI and R is given by

MI = 20 · log10

(
A1+ + A1−

2 ·Ac

)
(2.2)

R =
∑

k=1 (Ak+ + Ak−)
Ac

(2.3)

where k again indicates the frequency of the sidebands. Note that in several
publications, only the first sidebands are used to calculate R. Consequently, the
relevant similarity between the MI and R is the dB scaling. Other proposed para-
meters, like the “non-linearity parameter” [127, 128], the “sideband ratio” [129]
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or the “sideband peak count”[130–132], were evaluated in some experiments, but
the information gain was minimal compared to the MI of R and, therefore, will
be omitted in the following chapters.

The most highlighted benefit of VAM is its sensitivity towards damage detection
[54, 69]. Hence, several works were published where the sensitivity of VAM was
compared to established baseline-free techniques (in metals), such as ultrasonic
testing and eddy-current testing. Donskoy and Liu [133] have performed fatigue
experiments on an aluminium coupon specimen where the formation of a crack
was observable after 85 % – 88 % of lifetime by ultrasonic and eddy-current testing
and visible by eyesight at around 90 %. However, the MI increased significantly
at 80 % of fatigue life, demonstrating a superior sensitivity. A study with similar
specimens has compared VAM to the acoustic emission testing where the incipi-
ent damage detection of VAM was around 80 % as well compared to 85 % of the
fatigue life for the acoustic emission measurements [134]. Donskoy and Ramezani
[135] have shown a reliable detection and the monitoring from micro-defects to
macro-cracks. To detect loosened bolts, Zhang et al. [110] could demonstrate an
enhanced sensitivity, with additional merits to detect loose multi-type joints and
the early stage of bolt loosening. For the evaluation of steel-reinforced concrete,
Miró et al. [83] have seen an increase in modulation prior to the detection of an
open crack. It can be concluded that the non-linear features outperform their
linear counterparts in terms of sensitivity, but linear features show advantages
in noise tolerance and hence increased practicability [136].

A theoretical explanation of VAM was given by Lim and Sohn [127], in which
several necessary conditions for a modulation were derived for the occurrence of
a modulation in the measured response signal. These relevant conditions for the
detection of fatigue cracks in metallic specimens are the following:

• The “Crack perturbation condition” requires the strain at the crack loca-
tion to be oscillated by both vibrations. This condition is always met in a
transient wave propagation (e.g. found for an impact modulation), as the
propagating waves constantly perturb the crack’s strain. In stationary res-
onant vibrations, where a piezoceramic actuator or electromagnetic shaker
introduces the pump wave Xp, non-linear modulation does not occur when
the crack coincides with a node where the wave modes have a minimum
(zero) amplitude.
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• The “Mode matching condition” requires the motion of the crack that is
induced by one of the waves to modulate the other at the crack’s location.
For instance, if a low-frequency shear horizontal wave (with no change in
x and some change in y) and a high-frequency longitudinal wave (with no
change in y and some change in x) travel through a crack oriented per-
pendicular to their direction (in the z-direction), the low-frequency shear
horizontal wave makes the crack surface move in the y-direction (friction,
crack mode II). This motion does not affect the high-frequency longitudi-
nal wave or create modulation because they move in different directions.
Therefore, the generation of modulation depends on the selection of two in-
put frequencies and various factors, including the location and alignment of
the crack and operational conditions, such as the loading of the structure.

However, the same work indicated that complying with these necessary condi-
tions does not guarantee a successful application of VAM. In addition to the
mentioned conditions, Li et al. [137] suggested that especially the frequency of
the carrier vibration should be chosen to excite lamb waves, but only of the
fundamental S0 and A0 modes. Further information and the preconditions for
Lamb waves can be found in Chapter A.2 of the Appendix.

While the fundamental concept of VAM—the simultaneous excitation of two
vibrations—appears relatively straightforward, the governing non-linear material
responses and the underlying physical mechanisms remain poorly understood
[41, 71, 123]. Despite the formulation of the binding conditions combined with
several mathematical and physical descriptions available in the literature [127,
129, 138–141], a full explanation and, more crucially, the prediction of the initial
modulation in any given structure remains unsolved. Consequently, to ensure
comparable VAM results, the specimens need to be nearly identical, as even slight
differences result in deviations of the initial modulation [142]. Moreover, the
intensity of modulation is highly contingent on the carrier frequency (fc). Due
to factors such as resonances within the structure, altered wave propagations,
reflections, and mode conversions, the MI can fluctuate significantly (over 40
dB) for different carrier frequencies fc [133]. Hence, it is often suggested to
average the results of VAM over a specific frequency range. Donskoy [54] advises
evaluating 30 − 100 frequencies for a reliable result, which makes the method
rather time and computationally expensive.
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Several studies have indicated that the observed modulations in VAM measure-
ments of actual specimens represent a combination of amplitude modulations
(AM), phase modulations (PM), and frequency modulations (FM), which result
from the periodic changes due to Xp. Consequently, the differentiation of the
measured signal into distinct modulation types has demonstrated advantages in
the damage evaluation since they could be linked to various types of damage
within a specimen [91, 126, 135]. Hu et al. [91] proposed the separation of the
modulation types using the Hilbert-Huang transformation and suggested that
AM exhibits a stronger correlation with crack size. However, it was stated by
Donskoy and Ramezani [135] that applying the In-phase Quadrature Homodyne
Separation algorithm allows for a more precise damage classification than the
Hilbert-Huang transformation. In the study, structural contacts and large cracks
resulted primarily in AM, while the initial stage of fatigue damage primarily
resulted in FM. Oppermann et al. [97] have shown that the short-time Fourier
transform (STFT) is suitable for differentiating between the AM and PM, even
on low-powered devices. They have further pointed out that neither of the pre-
viously mentioned algorithms can differentiate between FM and PM. Hence, in
their work, the resulting angular modulation (PM and FM) is denoted as PM,
which will be adapted in this thesis from here on. Note, that a mathematical
description of the types can be found in Chapter A.3. The proposed application
of the STFT [57, 97, 143] and wavelet transform spectrogram methods [144,
145] are constrained by their suitability for analysing VAM-Chirp signals with
pump waves of relatively high frequencies, typically exceeding hundreds of Hz.
However, load-induced ambient vibrations (e.g., bridge traffic) correspond to the
structure’s resonance frequencies, which generally are significantly below 100 Hz
[142]. At the Köhlbrandbrücke in Hamburg (Germany), vibrational data show
the strongest ambient vibrations in the frequency range of 10 – 20 Hz [97, 146].

The VAM method—as typically described—requires the ultrasonic carrier signal
Xc and the pump vibration Xp to remain consistent during the measurement
and, more importantly, to have the same amplitude in subsequent measurements.
This demand results in one of the biggest challenges concerning the industrial
application of VAM. Ideally, at larger structures, the already present ambient
vibration is utilised as pump vibration to prevent the installation of many low-
frequency actuators, which must be powered and maintained. However, these
ambient structural vibrations are influenced by many environmental factors such
as temperature, winds, and in-service loads like traffic. Consequently, the eigen-
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modes and dominant frequencies within the structure fluctuate, affecting the
modulation and hindering the applicability of VAM.

Furthermore, structural boundary conditions significantly influence the result-
ing modulation of a signal and the sensitivity of VAM. Exemplary, the clamping
force applied by a testing machine can have a notable impact on the modula-
tion’s intensity in laboratory experiments [49]. Several studies have consequently
opted to suspend specimens using threads [66, 67] or springs [124] to minimise
the influence of these boundary conditions. Nonetheless, even in cases where spe-
cimens were suspended using threads, Duffour et al. [66] encountered challenges
when attempting to validate the suggested high sensitivity of VAM.

Considering all these factors, the evaluation of VAM is a complex endeavour.
Furthermore, analogous to the non-linear contribution in the frequency spec-
trum of the higher harmonics—presented in Figure 2.4—these patterns also af-
fect the VAM sidebands. Hence, defects contribute differently to the measured
modulation, which is a combination of all influences. Consequently, evaluating
just the first sidebands may not result in a precise detection or identification
of damages. Thus, a data-driven analysis using machine learning algorithms
to “learn” and evaluate correlations and characteristic patterns of the sideband
amplitudes seems beneficial for the highly correlated and complex input data.

The development of data-driven models can be classified into two main cate-
gories:

• Supervised Learning: Data from both damaged and undamaged structures
are given with the corresponding label. The data and the labels can be
utilised to identify a pattern to map from the data to the label and assess
unknown data with the trained model.

• Unsupervised Learning: The data represents the state of a material or
specimen and is available in a structured format. Unsupervised learning
techniques, such as statistical methods or machine learning algorithms, are
used to identify deviations (outliers) and to group data points (referred to
as samples in this thesis) into clusters.

The supervised learning algorithm can be further categorised into the classi-
fication and the regression, based on the type of the provided label (a finite
set of classes vs numerical values). The application of data-driven evaluations
was already proposed for evaluating lamb waves [147–150] and many other NDT
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methods, as summarised by Harley and Sparkman [151]. Machine learning meth-
ods are furthermore essential for the creation of SHM systems, which can be
categorised into the mentioned groups based on the available data [5].

Applying machine learning or ANNs to VAM measurements was first suggested
by Lim et al. [128], for the evaluation of the crack length in aluminium speci-
mens and consequently, the remaining lifetime, based on the number of fatigue
cycles and the “nonlinear parameter” β. This approach was improved by Miele
et al. [120], who used physics-informed machine learning models for damage lo-
calisation in concrete structures based on several pre-determined values from a
VAM measurement. Finally, the reduction of spectral noise and data size using
a long short-term memory network was proposed by Jang et al. [152], where
the signal-to-noise ratio could be improved by 175% by using only 20% of the
original data. However, it has to be noted that the pump wave (fp = 84 kHz)
was excited by a piezoceramic actuator. Since Xr was measured for 0.1 s at a
sampling rate of 1 MHz, still a signal of 105 measured points are required.

Furthermore, the possibility of a damage localisation with a VAM measurement
was addressed. The damage localisation is challenging due to the dispersive and
multimodal nature of the propagating guided waves combined with the continu-
ous excitation in most VAM experiments [84]. However, there were several stu-
dies with promising results. The approaches range from scanning of the structure
by laser vibrometers [76, 82], infrared cameras [86], moved air-coupled transduc-
ers [47] and the application of sensor networks. In a sensor network, it was
shown that the damage indices are higher on the sensors in the proximity of the
damage [123, 140]. Additionally, the location can be calculated from the prop-
agation path of the modulated responses if the shape of the specimen is known
[84, 124]. However, it is essential to note that these localisation techniques were
demonstrated primarily on thin plates or coupon specimens. The applicability
at more intricate structures still needs to be verified. Nonetheless, the VAM
method may offer a potential solution for detecting and localising damages in
such complex structures.
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3. Materials and methods

Throughout this thesis, several experiments were conducted on various speci-
mens. This chapter provides an overview of the used materials, the manufactu-
ring processes, and the applied experimental techniques. Hence, describing the
same manufacturing or testing procedures in the following chapters is minimised.
The focus of this thesis is the application of VAM on fibre-reinforced compos-
ites. Consequently, the following chapters will mention only the layup, laminate
thickness, and specimen dimensions. However, the enhancements developed for
the VAM methods were additionally validated on metallic specimens. Addition-
ally, Chapter 5 will discuss two large-scale specimens to test the sensitivity of
VAM.

3.1. Manufacturing

The tested GFRP coupon specimens were manufactured using a vacuum-assisted
resin transfer moulding (VARTM) process. As reinforcement, dry unidirectional
(UD) E-glass fabrics (UT-E500 with 500 g/m2, Gurit) were used to manufacture
the laminate. The fabrics are stacked in a desired sequence and placed into a
mould made from aluminium.

The aluminium mould consists of two halves separated by a frame to form a
rectangular and flat cavity. The frame defines the cavity and, consequently, the
final plate’s dimensions, thickness and proportion between the volume of fibres
and matrix material. Before using the mould, it is essential to apply a release
agent (Mikon W-64+, Münch Chemie) to all surfaces that need to be separated
to guarantee a demoulding without damaging either the mould or the plate.
The stacked fabrics in the frame were surrounded by 2 cm of fleece material to
prevent any channelling of the resin between the stacked fibres and the frame.

For the infiltration, the mould is closed and fixated with surrounding screws.
Any deformation is minimised by inserting the mould inside a heating press and
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applying a clamping force of 20 kN. Due to an applied vacuum on one side and
by pressurising the resin with 2 bar on the other side, the fibres were infiltrated
with a 2k low-viscosity epoxy resin (RIMH 135 + RIMR 137, Hexion). Increasing
the temperature of the mould to 50◦C reduces the viscosity of the matrix and
improves the infiltration process. Afterwards, the plates were cured for 16 h at
50◦C in the mould with the pressure still applied. Additionally, a post-curing in
an oven (8 h at 80◦C) without the mould results in the complete cross-linking
of the matrix material. The finished plates are expected to have a fibre volume
fraction of around 50 %.

Finally, the plates were cut into specimens of the desired dimensions, using an
ATM Brilliant 265 CNC-saw (ATM Qness GmbH) with a 2.2 mm thick corun-
dum blade. The cut surfaces were polished with 1000-grit sandpaper to reduce
crack initiations due to surface roughness from the saw blade.

3.2. Experimental methods

The experimental procedures can be divided into the mechanical testing of the
specimen and the vibrational analysis.

Several quasi-static tensile tests were performed to evaluate the modulus and the
ultimate strength of the specimens. For bonded specimens, the shear strength
was determined. All these tests were conducted on a Z100 universal testing
machine (ZwickRoell) equipped with a 100 kN load cell, as shown in Figure 3.1
(left). The machine features hydraulic clamps and an automatic strain measure-
ment system with an extensometer (multiXtense) to acquire the true elongation.
This extensometer uses an automatic centring of the sensor arms, which were
attached to the specimens at a distance of 50 mm. The displacement rates were
chosen to comply with the respective test standards. Stress values were calcu-
lated based on the initial cross-section of the specimens or the overlap of the
adhesive joints.

All VAM-related experiments in this thesis (except a GFRP cuboid presented
in Chapter 5.6.2) were performed on uni-axial servo-hydraulic testing machines.
Depending on the load level of the experiment, either a machine with a 40, 63
or 100 kN load cell was used. Exemplarily, the one with the 63 kN load cell
is shown in Figure 3.1 (right). All these servo-hydraulic testing machines were
manufactured and maintained from Instron and controlled by the WaveMatrixTM
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Figure 3.1.: Universal testing machine Z100 (left) and servo-hydraulic testing
machine with a 63 kN load cell (right), used in the experiments.

software. The machines can test statically and dynamically with a maximal
frequency of approximately 10 Hz in the load range of the VAM experiments.
Due to the different material properties, failure mechanisms, geometries, and
specimen types in this thesis, individual testing strategies were defined for each
experiment.

3.3. Vibro-acoustic measurements

The vibro-acoustic measurements of this thesis are similar to a methodology
described in many works [12, 70, 74, 97, 126, 135]. The tested coupon specimens
are clamped on two sides into the previously mentioned servo-hydraulic testing
machines to introduce the pump vibration Xp with a frequency fp of 5–10 Hz.
This frequency range was chosen, as it is typical for the ambient vibrations
of many industrial structures. Note that the hydraulic gripping force is held
constant for each specimen to eliminate possible influences as pointed out by
Aymerich and Staszewski [98]. The introduced pump vibrations are defined in
the following by its frequency fp, the maximal stress σmax and the stress ratio
Rσ, which is defined as:

Rσ = σmin

σmax
(3.1)

and Rσ is typically chosen as 0.1 for tests in the tension-tension regime or Rσ = 0
if the minimal stress is at neutral stress state, to prevent buckling of coupon
specimens.

The carrier wave Xc of all VAM tests was introduced into the specimens by
piezoceramic actuator disks. Disks with a diameter of 10 mm and a thickness
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Figure 3.2.: Selection of frequency range, based on the amplitude of the mea-
sured signal strength. The carrier range between fc = 200− 220 kHz was chosen
and subdivided into 39 measured frequencies.

of 2 mm (PIC255, PI-Ceramics) was used in all experiments due to their radial
resonance of 200 kHz. If not specified otherwise, the disks are bonded to the
structure with double-sided tape (56172, Tesa). Using the double-sided tape of-
fers the reusability of the piezoceramics for subsequent measurements. However,
the low stiffness of the tape reduces the signal strength, compared to bonding the
piezoceramics with a dedicated thermosetting adhesive. With sufficient excita-
tion voltage at the piezoceramics, the reduced signal strength and consequently
the increased signal-to-noise ratio can be compensated. A NI-USB 6366 data
acquisition board (National Instruments) with two signal generators and eight
measurement channels is used to drive the piezoceramics and acquire the sys-
tem response. The response signal Xr can be recorded with a sampling rate
of 2 MS/s and a 16 bit resolution. The arbitrary waveform generator provides
voltages with a maximum of ±10 V. Furthermore, the signal is amplified twofold
in all experiments by a BUF634 amplifier, with a built-in low-pass filter of 420
kHz. As indicated in the literature, measuring the structural response of VAM
for several frequencies is recommended. In this work, the range with the highest
signal strength is chosen, based on a chirp signal, where the frequency of a si-
nusoidal signal is linearly swept between 1− 300 kHz within 10 s. The resulting
amplitude over the carrier frequency as a linear structural response is illustrated
in Figure 3.2 for one of the adhesive bonded single-lap shear specimens from
Chapter 4.1. The chosen frequency range is divided into distinct frequencies,
measured for all specimens of the designed experiment. Note, that all signals
were multiplied with a Hanning-window, to ensure the periodicity and increase
the precision of each measurement, as elaborated further in Chapter A.4 of the
Appendix.
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4. Bond line evaluation in joined structures

VAM-related research primarily focuses on an application for SHM, while its
high sensitivity in detecting micro and meso-damage is often emphasised [74].
However, a significant limitation arises due to the necessity of a baseline mea-
surement, as the resulting modulation greatly depends on several factors such as
(1) the location of the actuating piezoceramic, (2) the placement of the receiving
piezoceramic, (3) the characteristics of the material, and (4) the geometry of the
tested structure or specimen.

First studies of Vehorn [153] or Donskoy and Liu [133] have explored baseline-
free VAM approaches. Nevertheless, a viable solution to apply piezoceramic
to an unknown structure and assess its current damage state using the VAM
method—as possible with most traditional NDT methods—has not yet been
achieved. While this limitation is acceptable for SHM applications, where the
initial state of the structure is typically assumed to be pristine and changes in
signals are evaluated, it presents a significant drawback for the applicability of
VAM as an NDT method. However, when evaluating several similar specimens,
such as in a production line, it is assumed that the required baseline for the
VAM evaluation can be taken from the other tested specimens.

4.1. Detection of adhesion defects

FRPs are utilised for their lightweight properties, especially in structural mem-
bers. Prominent examples include aircraft structures, blades of wind turbines,
sailing boats and many more. In contrast to the principle of lightweight de-
sign, especially aerospace structures are still bonded with traditional mechanical
methods like bolts and rivets. The resulting stress concentrations at the fas-
teners have to be counteracted with thickened material or metal inserts [154].
In contrast, adhesive bonding reduces this extra weight due to uniform stress
distributions in the joint [154, 155]. Nevertheless, despite automated bonding
processes and rigorous controls, contaminations, application errors, or improper
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surface preparation persist, resulting in areas with reduced adhesion and, con-
sequently, a dramatically reduced bond strength [29, 154–157].

While techniques like ultrasonic testing can detect voids and porosities in ad-
hesives, weak bonds result from atomic-level chemical interactions, which are
much smaller than ultrasonic wavelengths [156]. Therefore, conventional NDT
methods cannot detect these areas reliably [155, 157, 158].

The weak bonds are typically artificially recreated in literature by inserting non-
adhesive films [129, 159–164] or by contaminating the surface of the adherent
[129, 163–169]. However, inserting a non-adhesive film like polytetrafluoroethy-
lene (PTFE) into a joint alters the physical properties locally due to interfaces,
allowing the detection with ultrasonic testing and other NDT methods [129, 159,
163]. More challenging for the detection, and closer to the real weak bonds is
the contamination of the adherent with a small amount of release agent [168].

The NDT of bond line flaws was addressed in literature, applying linear and
non-linear ultrasonic methods [156, 163, 164, 170], guided Lamb-waves [160, 171,
172], X-ray [159], digital image correlation [173] and laser shock adhesion testing
[165, 174]. A general overview is given by Ehrhart et al. [155] and Ramalho et al.
[29] are focusing on lamb waves for the evaluation of adhesive bonds. However,
the existing methods and current research are not mature enough to meet the
standards (e.g. the Federal Aviation Regulations Section 23.573(5)—(iii) [175]).
Hence, no NDT method is currently approved by the Federal Aviation Authority
to reliably evaluate adhesive bonds, emphasising the demand for precise and
reliable approaches [154, 157, 158, 176].

As already summarised in Chapter 2.5, VAM has shown a superior sensitivity to
damages in many applications compared to other non-linear methods, as sum-
marised by Donskoy et al. [55] and Pieczonka et al. [39]. It was further indicated
(see Chapter 2.5) that many influences on the modulation and, consequently,
the sidebands in the frequency spectrum exist.

4.1.1. Single-lap shear bond manufacturing

To overcome the challenges, 33 single-lap shear specimens were produced in a
secondary bonding process. The dimensions of the specimen follow the ASTM
D5868 - 01 [177] standard and are given in Figure 4.1.
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Figure 4.1.: Specimen dimensions after ASTM D 5868 - 01 with the locations
and size of the introduced contaminations and the location of the piezoceramic
and the measured combinations.

For the substrates, three GFRP plates were manufactured as [04]s layup from
UT-E500 glass fibres, according to the definitions in Chapter 3.1. This UD
laminate was chosen to prevent influences of the mode conversation by angled
plies, as described by Mook et al. [178]. The matrix material is the low-viscosity
epoxy system (RIMR 135 and RIMH 137). After curing, the plates were cropped
into 110 mm wide stripes to manufacture several specimens simultaneously. The
whole manufacturing process is illustrated in Figure 4.2. Prior contaminations
on the bond lines were eliminated by finishing the area with 1000-grit sandpaper
and cleaning the bonding areas with isopropanol.

Three classes of single-lap shear bonds were manufactured, including pristine
bonds and two types of bond line flaws. During the manufacturing, circular
areas (diameter of 12 mm) in the centre of the bonds were contaminated with
release agent (Mikon W-64+), similar to the weak bond creation from Harder

Figure 4.2.: Illustration of the manufacturing process and the creation of arti-
ficial defects (left), the curing process with the mould in an autoclave (middle),
and cutting the plates into the final specimens (right).
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et al. [168]. Stencils (Hostaphan cut on an Aristomat TL 1625) ensured a precise
application and protected the remaining area from further contamination. The
second class of defects result from inserted circular PTFE films (Goodfellow
FP301100) with a thickness of 0.01 mm and an identical diameter compared to
the contaminations. The films were cut on the router as well.

The epoxy adhesive (SikaPower-1280) used for the single-lap shear bonds is
commonly applied on GFRP wind turbine blades. The bond line thickness of
0.2 mm was ensured by spacers, which were positioned relative to the substrates
in a milled jig. The produced panels were cured in an autoclave for 4 h at 70 ◦C
with a pressure of 2 bar and afterwards cut to their width of 25.4 mm on the
CNC-saw (cf. Chapter 3.1). Finally, all specimens were conditioned for two
weeks according to ISO 291 at 23 ◦C and 50 % relative humidity. The manu-
facturing of the plates and the adhesive bonds were evaluated, using an optical
examination (EPSON V850 Pro transmission light scanner) and measurement
of bonded regions of the single-lap specimens with pulse-echo ultrasonic (USPC
3040 ultrasonic imaging system) evaluated as C-scans.

4.1.2. Data acquisition and processing

All measurements on this specimen were performed according to the description
in Chapter 3.3. The pump wave was introduced by a hydraulic testing machine
with σmax = 11 MPa, a stress ratio of Rσ = 0.1 and a frequency of fp = 5 Hz.
Based on the signal strength over the frequency, a range of fc = 200 − 220 kHz
with a spacing of 0.5 kHz was chosen for the carrier excitations. Hence, these
39 VAM measurements were performed for a duration of 2 s at each of the three
signal pathways between the piezoceramics, as indicated in Figure 4.1. Note,
that for each pathway, the measurements were performed in both directions,
to determine if certain locations of the piezoceramics are superior to others.
Consequently, a total of 234 VAM measurements were acquired at each of the
specimens (39 frequencies at 3× 2 signal pathways).

The data preparation and processing is shown exemplarily in Figure 4.3 (fc =
210 kHz, fp = 5 Hz and fs = 2 MSa/s). The measured signal in the time domain
(Figure 4.3, top-left) is transformed into the frequency domain with the fast
Fourier transformation (FFT). Only the steady-state signal (after 0.4 ms) is used
to further reduce the spectral leakage and highlight the sidebands. For each
excited carrier frequency fc at every specimen j, the amplitudes of the carrier
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Figure 4.3.: Schematic of the data-driven evaluation of VAM: The measured
signals are converted in the frequency domain with the FFT. The amplitudes of
the sidebands and the carrier are extracted and used to train the neural networks.
The corresponding labels (Prist, RA and PTFE) represent pristine specimens,
contaminated specimens with release agent and specimens with inserted PTFE
sheets.

Aj,Ca and nine sidebands on each side Aj,i± (all blue dots of Figure 4.3 top
right) were extracted and combined into a matrix X for further evaluations. The
respective specimen class (pristine, release agent contamination, PTFE film) and
the specimen’s shear strength are stored as labels in the vector y together with
a specimen identifier. One additional dataset was created similarly to the data
matrix X, where the signals (Figure 4.3, top left) were evaluated with the STFT
algorithm to extract the AM and the PM separately. The procedure for the
AM-PM separation was adapted from Oppermann et al. [97]. Hence, a second
matrix XAPM was created from both extracted parameters. It can be assigned
to the same label-matrix y.

4.1.3. Machine learning application

Based on the created data sets, machine learning models can be applied for a clas-
sification or regression of the samples. Note that the term “samples” is used as
synonym for the individual VAM measurements, used to predict the bond qual-
ity. Hence, in the following chapters, artificial neural networks (ANN) are trained
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for the classification of the specimen classes (Prist, RA and PTFE) and the re-
gression of the resulting shear strength of the adhesive bonds. Both approaches
were realised by training two ANNs with minor adaptations. The training pro-
cess was implemented in Keras 2.3 [179] which is referencing to TensorFlow 2
[180] in a Python 3.7 environment. The network architecture and learning para-
meters for both datasets were optimised by conducting a randomised grid search
[181], where combinations of the number of hidden layers (ranging between 1 and
4) and the number of neurons per layer were tested. For the training of an ANN
on the data set X, the number of sidebands used as input values (as given by
the input vector sj = [Aj−, . . . , ACa, . . . , Aj+] in Figure 4.3) were varied as well.
Note that XAPM consists of only two columns and was not altered. Furthermore,
for all datasets, the signal pathways between the piezoceramics and the range of
included carrier frequencies were varied, shuffled and permuted in a randomised
grid search. The information-gain of the ANN by adding more sidebands is eval-
uated. Additionally, frequency ranges which allow a precise classification can be
identified. Finally, the different signal pathways between the piezoceramics were
evaluated regarding the prediction of the bond quality and the resulting shear
strength.

The precision of the ANNs was evaluated by the classification accuracy and the
mean absolute error (MAE), which are calculated as

accuracy(y, ŷ) = 1
n

n∑
i=1

1yi (ŷi) and MAE(y, ŷ) = 1
n

n∑
i=1

|ŷi − yi|. (4.1)

The index i runs over the number of predicted samples n. Both metrics compare
the true label yi and the predicted label ŷi for each sample in the prediction
and 1yi (ŷi) is the indicator function which returns “1” if the predicted label
corresponds to the true label.

Due to several measured signal pathways and the wide frequency range, the
ANNs were trained on subsets of the dataset. Hence, specific combinations
of piezoceramics (e.g. all measurements from Position 1→Position 3 and Posi-
tion 1←Position 3 denoted as P1↔P3) at distinct frequency ranges (e.g. 200 −
205 kHz) were used. By employing a ten-fold cross-validation, where ten ANNs
are trained on differently composed training sets, the robustness and reliabil-
ity of the predictions are ensured. If not otherwise stated, the data set is split
randomly into a training set (80 %) and a test set (20 %). Hence, each shown
result averages ten ANNs, which were trained on dissimilar training sets. It was
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furthermore ensured, that all measurements from one specimen belong either to
the test or the training set to assure reliable predictions.

The ANNs used for classification and regression differentiate mainly in the out-
put layer and, consequently, the applied loss-function. For the classification, a
softmax output-layer1 was applied, and a single output neuron2 was used as the
output of the ANN for the regression. Also, a standard scaling3 of the measured
amplitudes, improved the optimisation in the training process of the ANN (Z-
score normalisation). Over-fitting of the ANNs was reduced by including the
dropout of neurons in the training process with a probability of 10 % for every
hidden layer and the early stopping of the training process at the smallest error
[183], with a delay of 100 epochs on the validation loss. Based on the randomised-
grit search for optimal hyperparameters, the neural network architecture was set
to four hidden layers with a minimum of [40,40,30,20] neurons.

4.1.4. Recursive feature importance

In this study, the impact of each sideband on the prediction is evaluated to
determine their individual significance. To achieve this, the feature importance
of each input is calculated by two different methods.

Shapley values, which are used in the cooperative game theory, are calculated
with the DeepExplainer from the SHapley Additive exPlanations (SHAP) pack-
age [184]. These values quantify the average contribution of each feature coalition
(input) to the model’s prediction. By considering all possible feature combina-
tions, Shapley values measure the average importance of a feature across different
subsets of the data [185]. Generally, large absolute Shapley values indicate high
relevance to the predicted values and, therefore, signify greater feature impor-
tance.

The results obtained from SHAP are compared to those from Garson’s algorithm
[186, 187], which analyses the weights of a trained neural network to determine
the importance of input features. Due to variations in feature importance across
the ten different cross-validation runs, the mean value is calculated and used for
the comparison.

1categorical cross-entropy loss, Adam optimiser [182] with an initial learning rate set to 0.01
2ReLu activation, mean squared error loss, Adam optimiser with an initial learning rate set

to 0.0001
3The standard scaling results in the sideband amplitudes to have a mean value of zero

combined with a standard deviation of one.
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4.1.5. Mechanical testing

The shear strength and modulus of each single-lap shear specimen were tested on
a universal testing machine (cf. Chapter 3.2). In contrast to the specifications of
the ASTM D5868-01, the displacement rate was set to 2 mm/min to account for
the small fracture strain of the adhesive bonds. Figure 4.4 shows a comparison of
the results for the specimen class. Intuitively, the pristine specimens exhibit the
highest shear strengths, measuring 22.3± 1.5 MPa, which is close to the 25 MPa
specified in the datasheet of the adhesive.

In the presence of contaminants, the shear strength is reduced to 20.7± 1 MPa,
and PTFE films reduce the shear strength further to 19.7± 0.9 MPa. Although
the standard deviations of these two measurements are similar, it is hypothesised
that the stress concentration resulting from the finite thickness of the PTFE film
contributes to the reduced shear strength, compared to the release agent which
reduces the adhesion significantly. Furthermore, the reduction in shear strength
due to the release agent in this study is only half as severe as the 26 % decrease
observed in scarf-bonded joints tested by Harder et al. [168]. This difference can
be attributed to the stress concentrations at the edges of single-lap shear joints,
compared to the more uniform stress distribution in scarf-bonded joints. No
significant differences were observed in the shear modulus of the contaminated
specimens. Corresponding stress-strain curves can be found in Figure A.6 of the
Appendix.

The typical fracture surfaces and ultrasonic C-scans of the three different classes
are compared in Figure 4.5. The applied release agent and inserted PTFE films
are identifiable as circular areas, without any adhesive remaining on the sur-
face. Consequently, no cohesion defects of the adherents occur in these areas.
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Figure 4.4.: The averaged shear strengths (left) and shear modulus (right) of
the different classes of adhesive joints.
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Figure 4.5.: The fracture surfaces of all three bond classes (upper) are compared
to the respective ultrasonic C-scan of the overlapping bond regions. Only the
PTFE sheet is observable in the C-scan.

Additionally, around the contaminations, minor fibre tear failures are observed
regardless of the specimen type. However, in the compared C-scans, only the
PTFE films are distinguishable in the bonding region. It can be concluded that
the created weak bonds are realistic and reduce the shear stress. However, they
are not detectable with conventional NDT methods.

4.1.6. Vibro-acoustic measurements

The vibro-acoustic measurements are initially assessed by calculating the MI as
a “traditional” evaluation, described in Chapter 3.3. Additionally, the AM and
PM components of the signal are extracted, following the approach described by
Oppermann et al. [12]. The box plots in Figure 4.6 display the distributions of
the three damage indices. Indicated by the position of the median value, espe-
cially the MI and the AM, would eventually enable the detection of the inserted
PTFE film for most measured signals. However, distinguishing between pristine
and release agent specimens is not possible. The interquartile range of both
specimen classes overlaps regardless of which damage parameter is evaluated.
Nevertheless, the median MI and PM of the contaminated specimens with re-
lease agent are slightly higher compared to the pristine specimens and lower at
the evaluated AM. These slight differences could indicate patterns in the signal,
which require a thorough separation of the defects or the implementation of a
data-driven approach. The significant difference observed for PTFE aligns with
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Figure 4.6.: Modulation index of the measurements (left) compared to the
amplitude modulation (centre) and the phase modulation (right) for all three
classes. Note that “RA” corresponds to the release agent contaminations.

the findings of Chen et al. [129], where a PTFE film was detectable within a
laminate using VAM measurements.

4.1.7. Adhesive bonding classification

To classify the specimens, a more sophisticated defect detection is proposed in
the following by utilising ANNs trained on both datasets X and XAPM. Due to
the different input values, the network geometry is altered as well. As already
mentioned, the influence of the number of evaluated sidebands, smaller ranges of
the carrier frequencies fc and the different signal paths between the piezoceramic
actuators were assessed. For these variations, the frequency range was randomly
selected from the measured interval of 200 − 220 kHz to consist of at least five
values. Additionally, the number of sidebands as input to the ANNs trained
on X was varied. Finally, ten ANNs are trained on this selected data set as a
10-fold cross-validation to additionally test the robustness of the process.

Prior tests have resulted in the most accurate prediction on the dataset X with
a network architecture of four hidden layers with [40, 60, 40, 30] neurons. This
architecture will be denoted as ANNSB

4 in the following. The network architec-
ture of ANNAPM for the bonding classification—based on XAPM—is significantly
smaller due to the reduced number of input parameters. The architecture con-
sists of just eight neurons in one hidden layer. More extensive architectures have
resulted in overfitting of the network and ultimately worse predictions, despite
the application of dropout and early-stopping.

4Since the network was trained on the actual sidebands, it is denoted as “SB”
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Figure 4.7.: Most precise classifications of the bond line defects over the carrier
frequencies. The results from the different signal pathways between the piezo-
ceramics and ANNs trained on the different datasets are compared (left). The
accuracy of ANNSB depends on the number of sidebands sj , used as input for the
training, as shown by the maximal achieved accuracy of this input-combination
(right).

The most precise classifications are shown in Figure 4.7 (left) over the carrier
frequency for the three tested signal pathways and both datasets. Each point
represents the averaged accuracy over the ten-fold cross-validation of different
test/train compositions (with a ratio of 20/80). Note that in Figure 4.7 (left),
different ranges of the carrier frequency were used to train the ANNs and that
these ranges overlap, instead of individual frequencies. Consequently, each dot
in Figure 4.7 (right) represents the highest averaged accuracy over the cross-
validated ANNs, trained on input data including this particular frequency.

When comparing the accuracy of both datasets, a significant difference is ob-
servable. The smaller ANNAPM, trained on the extracted AM and PM, reaches
a maximal accuracy of 69 %. The accuracy of different signal paths overlaps
at many frequencies and affects the predictions only in certain frequency areas.
On the other hand, the ANNs trained on the actual amplitudes of the sidebands
(ANNSB trained on X), resulting in more precise classification accuracies. These
observations result from two causes. Firstly, the STFT compresses and neglects
essential information in the signal. The STFT assumes, that the signal can be
represented as a sum of perfect sinusoidal components within each evaluated
time window, in which the statistical properties of the signal do not change sig-
nificantly. This assumption holds for an ideal specimen but deviates from the
predominant stress-strain relation of actual specimens or even larger structures.
Secondly, the ANN has fewer possibilities to “learn” patterns in the dataset if
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the number of inputs is reduced. Especially the second effect is also observable in
the results of the ANNSB trained on X. Here, the number of input parameters,
the evaluated frequency range and the combination of piezoceramics significantly
influence the resulting predictions. The highest accuracies originate from mea-
surements at piezoceramics that were asymmetrically positioned relative to the
overlap (P1↔P3, P2↔P4), which are wider apart compared to both inner piezo-
ceramics (P2↔P3). However, the asymmetric positioning appears to be more de-
pendent on the evaluated frequency range. The most information-rich frequency
range for both asymmetric combinations is located between 202.5 − 206.0 kHz.
However, these observations result from the formation of eigenmodes in the spe-
cimen, which is dependent on the location of the piezoceramics and fc, as will be
shown later (Chapter 4.2). In contrast, the symmetric positioning shows wide
horizontal areas, indicating a reduced dependence on the frequency range, which
could be beneficial in terms of reliability.

An intuitive result can be observed by evaluating the highest reached accuracy for
the different pathways over the numbers of used sidebands sj sidebands for the
ANNs (Figure 4.7 right). Note that sj is indicating the number of included side-
bands to the left and right around the carrier (s2 = [A−2, A−1, Ac, A−1, A−2]).
By training ANNs exclusively on the amplitude of the carrier and the first side-
bands, a classification accuracy of around 73 % is achieved. Evaluating more
sidebands sj increases the amount of information for the network, resulting in
significantly higher accuracies. The highest accuracy is achieved by using s5 (the
carrier amplitude and five sidebands of each side). Using more sidebands resulted
in a slight decrease in accuracy. One reason for the decrease could originate
from the diminishing amplitudes of the subsequent sidebands and the reduced
signal-to-noise ratio. Consequently, the ANN “detects” patterns within the noise,
which leads to overfitting and a subsequent decline in accuracy. Furthermore,
additional input parameters complicate the optimisation process during training,
but this can be mitigated by providing more or higher-quality data.

The relevance of more data points was additionally evaluated by increasing the
size of the training set from 10 % of the dataset to 90 %. The increase of the
classification accuracy is shown in Figure 4.8, where it rises from around 60 %
to around 90 %. Note that the number of cross-validations in this graph was
increased to 50 trained ANNs to account for variability, especially if the size of
either the train or the test data is small.
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Relative size of training data

Figure 4.8.: The mean classification accuracy over the percentage of the train-
ing set size.

The ANNs with the highest averaged cross-validation accuracy resulted in an
overall accuracy of 93.4 %, and is indicated by red markers in Figure 4.7. This
classification result is also shown in Figure 4.9 (left) as a confusion matrix,
where the diagonal fields indicate the percentage of true classifications and the
off-diagonal fields represent the percentage of the false classifications. Hence,
it is possible to understand which classes were “confused” by the ANN. The
data for this prediction results from ten different frequencies per specimen (five
from P4↔P2 and five from P2↔P4 in the range 202.5−204.5 kHz) and 11 input
values (i.e., s5: amplitude of the carrier and five sidebands of both sides). It is

Ternary Classification  Binary Classification

Figure 4.9.: Confusion matrix from the most accurate prediction based on the
mean of a 10-fold cross-validation when differentiating between all resulting sam-
ples, i.e., vibro-acoustic modulation signals, using an ANN trained on all three
defect classes (left). A second binary ANN (right) is trained solely to differenti-
ate between samples from pristine and release agent contaminated specimens by
removing all samples associated with PTFE film specimens from training and
classification.
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shown, that the measurements at specimens with introduced PTFE films were
classified correctly with an accuracy of over 99 %. However, distinguishing the
measurements of the other two classes is less accurate, with an average accuracy
of 91.6 %, resulting in an overall accuracy of 93.4 % between all three classes
(ternary classification).

Since PTFE films in the bond are detectable with both the ANNSB and tradi-
tional ultrasonic testing, the PTFE samples were removed from the dataset to
focus on the challenge of detecting weak bonds. Using an ANN with the same
architecture (except for a reduction in the number of softmax outputs), the abil-
ity to distinguish between the remaining two defects was tested. The detection
of weak bonds could be enhanced by using input data with the same number of
sidebands and carrier frequency range as before. As shown in Figure 4.9 (right),
an accuracy of 93.1 % was achieved for a binary differentiation between pristine
specimens and those contaminated with a release agent.

This highly precise prediction from the ternary classification was inspected more
thoroughly. Interestingly, there is one specimen from which all samples were
misclassified. Also in the binary classification, 80 % of the samples from this
specimen were misclassified. Both ANNs (binary and ternary) classified this
pristine specimen as contaminated with a release agent. Interestingly, its shear
strength mirrors that of release agent-contaminated specimens as well, which is
illustrated in Figure 4.10 (star below distribution). This misclassification sug-

Figure 4.10.: Probability distribution of the shear strength from the three spe-
cimen classes. Below the distribution, the shear strength of misclassified samples
is indicated. Upward triangles represent the predicted value, while downward
triangles indicate the actual class, following the colour code in the legend. The
specimen that was completely misclassified is denoted as a star. Note that only
samples of the eight specimens with the lowest prediction accuracy were included.
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gests that the ANN detected unintended manufacturing errors in this pristine
specimen, which led to the reduced strength. Additionally, seven other speci-
mens had more than 10 % misclassification, indicated by triangles in Figure 4.10.
The colour code of the upper triangle represents the predicted specimen class,
while the lower triangle indicates the actual class. The ternary ANN frequently
misclassifies pristine specimens with low shear strength as release agent con-
taminated and vice versa for release agent specimens with relatively high shear
strength. This suggests that the ANN detects actual but unintended contam-
inations and manufacturing errors, altering the specimen’s shear strength and
thus predicts the class to which the specimen should belong.

4.1.8. Shear strength prediction

Instead of merely classifying the specimens into three categories, the previous
results indicate that shear strength could serve as an additional metric for more
detailed differentiation, enhancing the robustness of the ANN approach. In a
further evaluation, the shear strength σs of each specimen was predicted through
regression, using a similar ANN architecture but with a linear output unit. Prior
tests confirmed that the previously defined architecture of the ANN is adequate
for regression as well. Similar to the classification process, various numbers of
sidebands, ranges of carrier frequencies fc, and signal pathways between piezoce-
ramic actuators were used, permuted, and shuffled to assess the robustness and
information gain of these parameters.
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Figure 4.11.: MAE of the predicted shear strength over the carrier frequency
for the different signal paths from ANNs trained on X (left). The prediction with
the lowest MAE is compared to the actual shear strength (right), where closer
proximity to the line indicates a higher precision. Black stars denote samples
from the single misclassified pristine specimen.
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Comparable to the results of the classification, the MAE improves when more
sidebands are included in the ANN analysis (see Figure A.7 in the Appendix).
It is important to note that the goal is to minimise the MAE. As before, the
accuracy depends on the frequency, although the areas of minimal MAE cover
wider frequency ranges as shown in Figure 4.11 (left). Unlike previous results,
the lowest MAE results from a symmetric piezoceramic layout (P2↔P3). Also,
lower frequencies lead to the lowest error of the prediction, while the frequency
influences P2↔P3 less, compared to the other piezoceramic locations. The pre-
dicted σs with the lowest MAE of 0.63 MPa shows a reasonable correlation to
the actual σs (R2 = 0.79 in Figure 4.11, right). However, a notable deviation is
observed in the predictions of each individual specimen (using input data from
13 different carrier frequencies in the range of 202− 208 kHz for P2↔P3).

The misclassified pristine specimen, indicated by stars in Figure 4.11 (right),
shows variations between the predictions at the different samples but, on average,
aligns well with the experimentally determined shear strength. Consequently,
the shear strength regression serves as a complementary tool for interpreting
classification results and helps to identify weak bonds.

4.1.9. Feature importance

Understanding the decision-making process in ANNs is inherently complex, mak-
ing it difficult to interpret the causal relationship between inputs and outputs. To
address this, two well-established methods are utilised and compared to evaluate
and determine the significance of sidebands in the predictions made by ANNSB.
Figure 4.12 presents the results of the feature importance analysis, comparing
Shapley Additive Explanations (SHAP) [184] with feature importance derived
from Garson’s Algorithm [186]. Shown are the averaged results of the ten-fold
cross-validation. For each cross-validation, sidebands of either s3, s5 or s8 are
used as inputs, resulting in the three highest classification accuracies. It is worth
noting that the frequency ranges of the training data from these ANNs differ
slightly (202.5 − 204.5 kHz, 202.5 − 204.5 kHz and 204 − 206.5 kHz). According
to both evaluated feature importance methods, the first sidebands around the
carrier are not the most important features for classifying the bonds. Instead,
the subsequent sidebands show much higher importance in both methods. This
result underlines the significance of improving the traditional VAM evaluation to
detect bond line flaws. The high importance of the second and third sidebands
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Figure 4.12.: Two types of feature importance are shown from the three most
precise ANNSB, each trained on slightly different frequency ranges and sj . The
results of the Garsons’ algorithm (left) and SHAP (right) show the averaged
importance over the 10-fold cross-validation, where the height indicates the rel-
evance of the individual sideband or carriers.

further indicates the relevance of analysing the effect of the different sources of
non-linearity (cf. Figure 2.4) on VAM, as they have specific contributions to the
harmonics and sidebands. Finally, the shortcomings of a traditional evaluation
are emphasised, which are based on a damage parameter (e.g. the modulation
index or the sideband ratio), since these parameters are typically calculated using
only the carrier and the first sidebands. Finally, the limitations of traditional
evaluations, which rely on damage parameters (e.g., the MI or the sideband
ratio), are emphasised. These parameters are typically calculated using only
the carrier and the first sidebands, which also explains, why the differences in
Chapter 4.1.6 were minimal.

In a third attempt, the symmetry of the sidebands was evaluated. Interchanging
the left and right sidebands as input for the most accurate ternary ANNSB

reduces classification accuracy by an average of 28 %. This indicates a significant
asymmetry in the sidebands, which is likely another essential factor in detecting
the specimens with a weak bond.

4.2. Detection of crystallisation defects in welded steel

Evaluating VAM with machine learning algorithms has significantly increased
the sensitivity for detecting contaminations in adhesive bonds. Based on the
presented classification of adhesive bonds, this chapter assesses and validates
the applicability of the enhanced evaluation (by training ANNs on VAM side-
bands) for metal specimens. Metal specimens pose an additional challenge due
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to pronounced eigenmodes in the frequency spectrum. These eigenmodes cause
fluctuations in signal strength and modulation, interfering with the comparison
of neighbouring carrier frequencies. To address the challenges, welded “dog-
bone” specimens were created. Similar to the GFRP specimen, the defects were
introduced in the weld root at the centre of each specimen during the joining
process. It is anticipated that incorrect welding parameters result in defects that
are challenging to detect with traditional NDT methods.

Numerous NDT methods have been established for testing metals and welded
joints in particular. These include visual inspections, electromagnetic testing,
eddy current testing, ultrasonic testing, etc. [188–191]. However, these methods
often reach the limits of their sensitivity for the detection of root defects in butt
welds [192]. This limited sensitivity is problematic when the defect does not
result from voids or cracks where a cavity is formed. A relevant example of the
“challenging defects” arises from incorrect welding parameters (e.g. welding cur-
rent or speeds), leading to unfavourable crystallisation, distinct grain boundaries
or the inclusions of the more pure electrode material within the base material
[193]. Such defects can be detected reliably by X-ray testing. However, the use
of X-ray testing is challenging since the surrounding area must be shielded from
the emitted radiation [194].

In literature, the evaluation of welded structures with VAM has already been
tested by Lim and Sohn [195], where the remaining fatigue-life of welded bonds
was predicted based on the increase of the nonlinear parameter (β). Additionally,
Zagrai et al. [69] discussed the sensitivity of VAM for evaluating micro/meso
scale. Therefore, the primary objective of this chapter is to assess whether the
VAM method can detect root defects in welds. It is assumed that the traditional
VAM evaluation is insufficient for defect detection, which can be overcome by
utilising a data-driven evaluation similar to the introduced approach used for
the adhesive bonds in Chapter 4.1.

The specimens were manufactured from S355 structural steel with a thickness
of 8 mm. The geometry is a “dog-bone” shape with a total length of 270 mm
in accordance with DIN EN ISO 6892-1. The specimens were joined with an
X-weld in the centre of the narrowed cross-section. In total, 30 specimens were
created with ideal and 30 specimens with faulty welding parameters. The second
class will be referred to as defect specimens. Since the specimens originate from



4. Bond line evaluation in joined structures 47

another project [196], the precise manufacturing was not part of this work and
is only briefly summarised in the Appendix A.6.1.

For the VAM measurements, the pump wave was introduced in a hydraulic
uniaxial testing machine. The load level was set to Rσ = 0, where the amplitude
of 110 MPa coincides with the maximal stress and corresponds to 31 % of the
elastic yield strength, and a frequency of 8 Hz was chosen. According to DIN
1993-1-9, the specimens should endure 2,000,000 load cycles at this stress level.
Since each VAM measurement requires only 1,500 load cycles, the influence on
the fatigue life is minimal. During this pump vibration, 71 carrier vibrations
within the range of fc = 185− 220 kHz (spacing of 0.5 kHz) were measured for a
duration of 2 s. Each carrier vibration was introduced by the before-mentioned
piezoceramics, with a current of 9 V from the NI USB-6366 and amplified twofold
by a BUF634 amplifier (cf. Chapter 3.3).

While VAM measurements were performed for all specimens after the welding,
the mechanical properties of both classes were evaluated with tensile and fatigue
experiments on several specimens. The cyclic tensile-tensile load for the fatigue
experiments had an amplitude of 301 MPa (with a load level of Rσ = 0 and
frequency of 8 Hz), which corresponds to 85 % of the specimen’s elastic yield
strength. Therefore, the specimens were projected to endure this load for 288.000
cycles, effectively translating to a fatigue life of 10 hours.

The tensile properties were acquired for two specimens from each class. The frac-
ture pattern was similar across all specimens, occurring outside the heat-affected
zone but inside the gauge length. Hence, the ultimate tensile strength is nearly
identical at 379 MPa for ideal specimens and 368 MPa for defect specimens. In-
terestingly, the defect specimens showed a crack inside the weld around a dark

Figure 4.13.: Specimens after the tensile tests with the failure outside the heat
affected zone for ideal (top) and altered welding parameters (bottom), with the
average fatigue life of both specimen classes.
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spot, which was already visible before the tensile test. Such effects and these
kinds of dark spots were just observed at the defect specimens, as depicted in Fi-
gure 4.13 (left). The difference between the mechanical properties of both classes
becomes evident in comparing the fatigue behaviour in Figure 4.13 (right). Spe-
cimens with the incorrect welding parameters endure a tension-tension fatigue
load only for 29.4 % of the fatigue life compared to the ideal specimens. This
significant reduction symbolises the demand for an improved detection of these
defects.

In Figure 4.14, the average signal strength and average MI over all measured
frequencies for the thirty specimens of each class are compared. While the me-
dian signal strength of the defect specimens is slightly increased, the median
MI is equivalent for both classes. These differences are even smaller than those
observed in the adhesive-bonded specimens of the previous chapter. As a com-
parison, the measurements from one specimen without a welded joint are shown.
The signals of this specimen demonstrate a higher signal strength, stronger mod-
ulation and resulting in a higher MI. Therefore, creating more specimens without
a weld did not seem relevant, as the deviations are comparable to the adhesive-
bonded specimens with the introduced PTFE films in the previous chapter, for
which the classification was almost flawless.

Figure 4.14.: Comparison of the mean signal strength (left) and the mean MI
(right) between the ideal and defect specimen compared to a specimen without
a weld.
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Similar distributions result from extracting the AM and PM values.5 It can be
seen, that both welded classes are indifferentiable as well (cf. Figure A.9 of the
Appendix).

When comparing the carrier amplitude Ac and the MI for both classes in more
detail, as shown in Figure 4.15, deviations between the ideal and defect specimens
emerge in several frequency areas. Especially, the Ac in the frequency area of
193 − 203 kHz differs between both classes, which is less obvious in the MI.
However, the mean values of both classes are still within each other’s standard
deviation, depicted by the shaded regions. Notably, the shape of the mean
amplitude Ac differs from the MI, indicating an information gain when evaluating
both parameters in a statistical analysis or with machine learning algorithms.
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Figure 4.15.: Average amplitude of the carrier (left) and the MI (right) of all
60 specimens with the standard deviation as a shaded areas.

For the evaluation, the previous data-driven approach for the classification was
adopted. However, in this evaluation, the frequency ranges on which the ANNs
were trained had a constant width, which was shifted over the measured fre-
quency spectrum to find “information-rich” areas. This procedure was conducted
for different numbers of sidebands sj ,6 used as the input values to each ANN. A
constant network architecture with two hidden layers of 36 and 10 neurons was
chosen with two softmax neurons for the output of the classification. Larger net-
works were also tested but did not result in an increased classification accuracy,
as they were prone to overfitting.

5This process is adapted from the STFT-based AM-PM separation, presented by Opper-
mann et al. [97]

6As before, the index j indicated the number of included sidebands to both sides of the
carrier with “0” being just the carrier.
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In the upper half of Figure 4.16, the highest achieved classification accuracy from
the ten-fold cross-validations of an ANN trained on a frequency range, that in-
cludes this specific frequency, is shown. These results are differentiated by the
width of the frequency range (see Figure 4.16, top left) and the number of side-
bands (see Figure 4.16, top right). As before, the prediction accuracy depends
on the carrier frequency. The most precise classifications were made in the range
of 193 − 196 kHz with an accuracy of approximately 90 %. However, there are
ranges (205 − 209 kHz) where the classification accuracy decreases below 70 %.
In Figure 4.16 (top left), the number of subsequent frequencies in the test set
was evaluated. Using a range of nfreq = 5 neighbouring frequencies results in the
most precise classification. Increasing the number of neighbouring frequencies

Figure 4.16.: Maximal reached accuracy from the ANN evaluation approach,
regarding the number of neighbouring frequencies in the data set nfreq (top left)
and the evaluated number of sidebands sj (top right). Both graphs show a
high dependency on the excitation frequency. The eigenmodes of the frequency
range with the highest and the lowest accuracy are shown in the 3D-Vibrometer
measurements (bottom right).
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in the dataset reduces classification accuracy but increases the robustness of the
prediction, as the dataset includes more frequencies.

Regarding the number of evaluated sidebands sj , a significant increase is ob-
served when the first sidebands s1 are also included in the evaluation instead of
just the carrier. The most accurate predictions can be computed if four side-
bands of each side are used (s4). Interestingly, the frequency region around
fc = 210 kHz profits the most from including the third and fourth sidebands,
since the difference between s2 and s4 is the highest in this area.

Comparable to the adhesive-bonded specimens, some frequency regions result
in significantly higher classification accuracies. To understand the origin of this
phenomenon, specimens of both classes were examined with a 3D-scanning, laser
doppler vibrometer (Polytec, PSV-500-3D). For this evaluation, the signal gen-
erator of the vibrometer introduced a chirp signal into the specimen through
one of the bonded piezoceramics. The three scanning heads acquired the accel-
eration of the specimen due to the chirp in all three dimensions for a defined
grid of points throughout the specimen. From this data, the frequency of the
eigenmodes and the form of the vibration at any frequency can be evaluated and
visualised from the scanned zone. For these specimens, the scanned areas cover
the entire width, between the piezoceramics as illustrated in Figure 4.16 (lower
left). The lower piezoceramic was used to introduce the carrier vibration.

From this data, the vibration of the two indicated frequency ranges were visu-
alised for ideal and defect specimens, as shown in Figure 4.16 (lower right). The
images depict the magnitude of the vibration perpendicular to the specimen’s
surface. While the vibrations of both specimens appear similar, the relevant
difference can be observed when comparing the two frequency ranges, especially
between the dashed lines, which indicate the location of the weld. For the fre-
quency range of 194−196 kHz, where a high classification accuracy was achieved,
a high magnitude of steady-state vibration can be found in the vicinity of the
weld. In contrast, the magnitude is low for carrier-frequencies in the range of
206−208 kHz, which resulted in rather low classification accuracy. Consequently,
these results indicate that only in the first frequency region, the “necessary con-
ditions” of Lim and Sohn [127] for the VAM evaluation are satisfied, and explain
the occurrence of the frequency dependence of this data-driven approach.
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5. Synthetic VAM for structural health
monitoring

As shown in the previous chapter, the application of VAM in NDT environments
has a high potential. Enhancing the VAM evaluation with machine learning
methods improves the sensitivities for further detecting damages or deviations
from a pristine state. However, despite 30 years of VAM research and numerous
publications, the applicability for a condition monitoring of industrial structures
or even SHM applications still faces several hurdles. These limitations must
be overcome before the method is “industry-ready” or even ready for extensive
testing on actual structures. In contrast to the controlled environmental con-
ditions in the laboratory, massive computing capabilities, and the possibility of
adding as many sensors as needed, the reality of industrial structures differs sig-
nificantly. The most important aspects and how they affect VAM measurements
are summarised briefly below.

(1) The probability that two industrial structures have identical vibrational be-
haviour, as assumed in the previous chapter, is unlikely. The classical SHM
approach uses the initial measurements as the baseline, for which the pristine
status after manufacturing is assured by traditional NDT evaluations. Hence,
the SHM systems evaluate the structure for signal changes over the lifetime.

(2) Introducing the low-frequency pump wave Xp is challenging on actual struc-
tures and requires powerful actuators with external energy sources. Therefore,
installing the needed infrastructure (e.g. cables for a power supply) and, more
importantly, assuring that the introduced pump vibrations do not affect the
fatigue life impedes the seamless integration of VAM into actual systems. Con-
sequently, taking advantage of already present ambient vibrations as pump waves
is desirable. However, using ambient vibrations also has several downsides. Most
important is the effect of variations in the pump wave’s amplitude or frequency
on the resulting modulation. A comparison between two VAM measurements
is only valid if the ambient vibration remains constant during the measurement
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and, more importantly, is consistent to the subsequent measurements as well.
Unfortunately, such ideal pump vibrations are not evident in most civil or en-
gineering structures. Structural vibrations depend on various environmental
factors, such as wind patterns, temperature fluctuations, traffic, and seasonal
variations. These aspects result in changes in the structure’s eigenmodes and
corresponding dominant frequencies and hinder the application of VAM with
ambient vibrations. Additionally, the ambient vibrations of industrial structures
appear as a superposition of multiple frequencies, complicating VAM evaluation.
This results in sidebands for each ambient frequency, producing wide sidelobes
compared to those observed when distinct frequencies are excited within the
frequency range.

(3) Implementing actuators for the high-frequency carrier wave Xc follows sim-
ilar challenges to pump wave actuators. Again, power management is a crucial
aspect. Ideally, no additional power sources for the individual Xc actuators
are needed. Wireless communicating actuators combined with energy harvest-
ing systems for self-sufficient service life, are pertinent subjects currently being
researched and advanced [197–199].

(4) The sensing and evaluation of the vibration is the fourth challenge. Ideally,
the self-sufficient sensor nodes can also measure the resulting vibration. With
low-power devices, the traditional evaluation of VAM is not possible as indicated
by Oppermann et al. [97]. To circumvent this, the application of the STFT to
chunks of the signal was proposed, which significantly reduced the required data
and energy consumption. However, changes in the amplitude of Xp still affect
the result and prevent the application of the sensor nodes outside the laboratory.
These self-sufficient sensor nodes would allow for the application of VAM at many
structures and the realisation of a sensor network, performing measurements in
several locations. An optimal damage detection and even the damage localisation
could be achieved by combining the data from these locations, as shown by Broda
et al. [123]. Nevertheless, the strategic positioning of sensors for reliable damage
detections is still unresolved and under active research [200].
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To address the aforementioned aspects, this chapter proposes a new strategy
for acquiring and evaluating data for the VAM method. The synthetic VAM
method reconstructs the modulated signal from multiple measurements, where
only the carrier vibration Xc is introduced and measured at different stress lev-
els in the structure. This new approach differs from the traditional VAM, which
requires simultaneous carrier and pump vibrations. In contrast, the synthetic
VAM method decouples the measurements from the actual amplitude and fre-
quency of the pump vibration Xp enabling the application of VAM even when
environmental conditions—and subsequently Xp—change around the structure.
This decoupling drastically enhances the applicability of VAM. Furthermore,
this methodology reduces the requirements on the sensor nodes in terms of
measured points and sampling rate drastically, leading to cheaper and lighter
sensors. With these reduced requirements, even the application of self-sufficient
energy-harvesting sensors becomes feasible, further reducing the installation and
maintenance costs to monitor a structure.

5.1. Generation of the synthetic VAM

The traditional approach of VAM—as summarised in Chapter 2.5—is based on
the acousto-elastic and stress-dependent change of an exited ultrasonic vibration.
Most studies use a sinusoidal pump vibration to periodically alter the stress state
of the specimen, which affects the ultrasonic wave propagation, widens defects
and creates local stress distributions. These effects result in the modulation of
the continuous introduced carrier vibration Xc. Dorendorf et al. [71] have shown
that the wave characteristics of the resulting VAM measurement Xr—such as
the amplitude and phase of the signal—oscillates between the response of only
the carrier excitation at the lowest and highest stress of the pump vibration.

For the fundamental concept of the synthetic VAM, it is assumed that the
amplitude and phase of the resulting signal Xr can be approximated by the
steady-state response of the carrier vibration Xc for each specific stress level
σl. Consequently, the dynamic VAM signal can be reconstructed by quantis-
ing the pump vibration into a distinct amount of stress levels n, similar to the
analogue-to-digital transformation in signal processing. The resulting synthetic
signals can be evaluated with traditional evaluated damage indices, like the MI,
R and others. This process is illustrated in Figure 5.1 by quantising the pump
wave Xp into n = 4 distinct stress levels. A sinusoidal pump vibration—as typ-
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Figure 5.1.: For the synthetic VAM method, the traditional sinusoidal pump
wave is quantised into n discrete stress levels. In this example, n = 4 stress
levels were chosen, at which the resulting signals Xr of just the carrier vibration
is acquired. The highlighted areas of the Xr measurements are concatenated
into a synthetic VAM signal of arbitrary frequency.

ically used in the traditional VAM—is given on the left side at a stress range of
2.5 – 25.0 MPa. The signal in this example is quantised with equidistant stress
levels σl, which are illustrated by the dots and dashed horizontal lines. Other
procedures for choosing the quantisation levels—known from signal processing
[201]—could reduce the quantisation error, but are outside the scope of this the-
sis. At each stress level of this quantised pump vibration, the high-frequency
response

[
X1

r , . . . , Xn
r

]
with Xl

r(σl, t) is measured. Finally, the synthetic VAM
signal is generated by concatenating chunks of the measurements, based on the
alternating stress levels of quantised pump vibration (right). In this process,
any arbitrary pump frequency can be used for the concentration, and the signal
can be combined with an arbitrary length. Even though the synthetic procedure
results in discontinuous transitions between the chunks due to the concatenation
and an already-mentioned quantisation error, this quantisation error diminishes
when the number of levels n is increased.

To compare and evaluate the synthetic VAM, the generated signals with a cal-
culated MI are compared to the traditional dynamic VAM approach. Firstly,
the synthetic approach is shown on an artificial amplitude-modulated signal
(eq. (A.7) in the Appendix). The envelope of a dynamic signal is illustrated in
the time domain as a black line in Figure 5.2 (left). Additionally, synthetic sig-
nals are shown, which were generated from n = 2 and n = 3 stress levels. Note
that both signals are symmetrical. For a better comparison, only half of the
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Figure 5.2.: Comparison of the dynamic modulated signal (black line indicates
the envelope of the signal) with the synthetically generated signals with n = 2
and n = 3 static levels. The time domain (left) and the frequency domain (right)
show a high precision of the approximation, which improves by increasing n.

synthetic signals are shown. An amplitude modulation is visible at both signals,
that follows the expected dynamic reference. Intuitively, increasing the number
of stress levels n results in the convergence of the synthetic signal towards the
dynamic response. Using more steps, on the other hand, requires more measure-
ments and data points to be transmitted and stored. Hence, the reduction to
the minimum of n = 2, resulting in the creation of a square wave (Figure 5.2,
top left), is advantageous when applying VAM inside a sensor network.

The FFT from both signals is compared to the FFT of the dynamic signal in
Figure 5.2 (right). The FFT of the dynamic signal results in distinct sidebands
around the carrier frequency, where the amplitudes decrease at the subsequent
sidebands. In contrast, in the FFT of the synthetic signals (n = 2), only the first,
third and fifth sidebands are visible, while the amplitudes decline minimally.
Intuitively, the synthetic signal from n = 3 approximates the dynamic signal
more precisely, resulting in a close resemblance of the first three sidebands.
However, a notable offset of around 2.098 dB and 0.847 dB occurs between the
first sideband of the synthetic approaches from n = 2 and n = 3, compared to
the dynamic measurements, as shown in the insets. The amplitude at the carrier
frequency Ac is identical for all three signals.
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The shown deviations for n = 2 were already explained in the literature in the
mathematical description of square waves (sq) and its Fourier transformation F
[202]. The observed behaviour follows equation 5.1.

F {sq(2πfp)} =

{
4
lπ

, for |f | = lfp, with l = 1, 3, 5, . . .

0, otherwise
(5.1)

In the frequency-spectrum of square waves, only odd frequencies (l = 1, 3, 5, . . .)
are present, the first amplitude is offset by 4/π and the following amplitudes by
a factor of 4/(lπ). Hence, if our modulating low-frequency pump wave is syn-
thetically recreated to be a square wave, the relationship shown in equation 5.1
applies to the sidebands around the carrier in a modulated signal as well. While
the amplitude of the carrier is identical for the synthetic and dynamic measure-
ments, the first sideband (at n = 2) is increased by 20 · log10 (4/π) = 2.098 dB.
Consequently, the MI of the synthetic signal is offset by this 2.098 dB as well,
which describes the difference shown in the inset of Figure 5.2 (right).

By increasing the number of levels n, the synthetic signal converges towards the
dynamic measurements. This convergence is shown for the MI in Figure 5.3.
Furthermore, the amplitudes of the higher sidebands converge towards the am-
plitudes found at the dynamic measurements, making the evaluation of these
sidebands also suitable for an evaluation if n is large enough.

To improve the synthetic method and decrease the required data points to a
minimum, the underlying requirements of a VAM measurement have to be dis-
cussed. Each VAM measurement depends on several parameters. Obviously, the
frequency fc and excitation amplitude Ac of the carrier vibration are influenc-
ing the resulting signal Xr. The positioning of the actuators and the frequency
fc define the lamb wave propagation, which influences a VAM measurement
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Figure 5.3.: As the number of steps increases, the MI of the synthetic VAM
signal converges towards the MI of the dynamic measurement.
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(cf. Chapter 4.2). However, the often proposed averaging over several frequen-
cies reduces the influence of both. Note that the optimisation of the actuator’s
positioning is already a subject in literature [123, 203]. If this received sig-
nal has a sufficient signal-to-noise ratio and the conditions for a modulation
(cf. Chapter 2.5) are satisfied, the limiting parameters on the measurement and
used equipment are the sampling rate and the time of measurement at the data
acquisition.

Challenging on low-power/energy-harvesting sensor nodes is the required
sampling rate fs, which determines the highest frequency in the spectrum. Ac-
cording to Nyquist’s theorem, the sampling rate must be at least fs > 2fmax to
accurately sample a sine wave with a fmax. For VAM measurements, fmax must
exceed the frequency of the highest sideband (fc + kfp) that is of interest, where
k is the index of the sideband. There are techniques (e.g., undersampling of
the measured signal [97]) to circumvent this requirement. However, these algo-
rithms presume constant vibrations throughout the measurement with a length
of several periods of the pump vibration.

The time of measurement τ is also critical, as it limits the resolution of the FFT
and, consequently, the evaluation of sidebands. Increasing τ increases the reso-
lution in the frequency domain and improves the reliability of VAM if the pump
and carrier vibrations remain constant. The traditional VAM requires a mea-
sured signal which includes at least one entire period of the pump vibration Xp

to cover the whole stress range. Including additional cycles enhances reliability.
However, the complex conditions in industrial structures impedes extended mea-
surement times due to numerous external influences. Consequently, extracting
relevant information from short signals is vital for VAM applications outside the
laboratory.

So far, the generation of a synthetic signal has been explained by concentrating
signal chunks for the stress levels with fs > 2fmax. Assuming a steady state,
even the required data from each chunk can be reduced drastically, by approxi-
mating each of the measurements

[
X1

r , . . . , Xn
r

]
at σl from just several measured

sampling points p. In theory, a minimum of two measurement points (p = 2)
would be sufficient to approximate the amplitude and phase of a sinusoidal car-
rier vibration [204]. Increasing p reduces the noise of the measurement and
consequently, improves the precision. The approximation of Xl

r further allows
for a sampling significantly below the Nyquist rate (undersampling) of just the
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carrier vibration, since τ can be as short as a few milliseconds, resulting in a
measurement of nearly constant stress.

By monitoring the stress of the structure side by side with the ultrasonic response
Xr (with strain gauges, fibre optics, etc., additionally to the piezoceramics), the
individual chunks for the synthetic generation can also be extracted from an
undersampled dynamic measurement, where the approximated values are com-
bined with the actual stress. The process of generating the signal chunks from
a dynamic measurement is illustrated in Figure 5.4. The measured elongation
(equal to Xp) is compared to Xr (left). Every time a specified stress (or elonga-
tion) σl is reached (indicated by the intersections to the dashed horizontal lines
for n = 2), the phase and amplitude of Xr at this point in time can be estimated.
This process is shown in more detail in Figure 5.4 (right), where the measured
signals at both stress levels are compared. From p = 4 measured points (dots
in the Figure) of each signal, the amplitudes A and phases ϕ are approximated
(since the frequency is known) and used to create the signal chunks for the syn-
thetic process. For illustration purposes, the difference between both values is
shown. However, the actual amplitude of each signal and each phase relative to
the original carrier is calculated. Based on this process, any number of stress
levels can be extracted from a dynamic signal. Since the elongation is known,
the fp of the signal becomes less relevant.

Figure 5.4.: Acquiring the specimen’s elongation (pump-vibration, top) addi-
tionally to the response Xr (bottom) enables the extraction of the amplitude and
phase from the measured signal Xr at the relevant stress states. Xr of both stress
levels are compared to illustrate the approximation from the down-sampled sig-
nal (right).
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5.2. Burst excitation for VAM evaluation

The carrier wave Xc of the traditional VAM method is excited continuously,
which could also be a limiting factor. To improve the damage localisation based
on the VAM principle, Hu et al. [84] has proposed the utilisation of transient
sinusoidal burst as carrier vibration to obtain a compromise between time res-
olution and dispersion of guided waves. Even though this burst-VAM method
allows for the localisation of damage, no information regarding the sensitivity or
comparisons to continuous carrier excitation has been given in the literature so
far. Therefore, the damage sensitivity of the continuous VAM will be compared
to the burst excitation.

To account for the damping of the propagating guided waves, a five-cycle si-
nusoidal burst, multiplied with a Hanning window, was chosen. The results are
averaged over 20 subsequent bursts, sent with a time delay of 1 ms, to reduce the
noise. For comparability, the frequencies fc of the bursts as carrier vibrations
are identical to the frequencies of the continuous excited carrier vibrations.

From each burst, the received signal can be evaluated regarding the change in
amplitude A and time of travel for the main signal, but also the reflections on
the edges of the specimen. In Figure 5.5 (right) the first peak corresponds with
the time, the A0 modes of the Lamb-waves travel between the piezoceramics.
The second and third marked peaks stem from a reflection of the upper and
lower edges. From these peaks, the time and amplitude can be evaluated in

Figure 5.5.: Illustration of the burst-VAM approach. Instead of a continuous
carrier, a set of tone bursts is introduced into the specimen. From this method,
the modulation of the bursts due to the pump vibration (left) and the individual
reflections inside the specimen (right) can be evaluated.
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regard to the damage that was introduced. Note, that the amplitude of each
peak was calculated from the Hilbert transform of the signal, which is illustrated
as “Envelope” in Figure 5.5 (right).

5.3. Manufacturing and testing of the coupon specimen

The tested specimens in this Chapter can be divided into two groups. The first
group consists of coupon specimens, which were tested to evaluate the synthetic
method. These are made from GFRP in a cross-ply layup or from aluminium.
The synthetic method was furthermore validated on two larger and more complex
specimens as a second group. The description of these larger structures is given
in the respective Chapters 5.6.1 and 5.6.2.

The cross-ply specimens were manufactured from dry glass fibres as [0, 903]s
layup. According to Chapter 3.1, the dry fibres were impregnated with the
low-viscosity epoxy resin during the VARTM process. The resulting specimens
have a thickness of 3 mm and an overall length of 240 mm. The width was
chosen to be 30 mm for the specimen discussed in Chapter 5.4 and 70 mm for
the specimens of Chapter 5.5, due to the different objectives of the experiments.
The dimensions and the positioning of the piezoceramics are shown in the lower
part of Figure 5.6.

The synthetic VAM method was validated with open-hole aluminium specimens,
in accordance with the work of Dorendorf et al. [71] and Oppermann et al. [97]
and comparable to specimens used by Ramezani [126]. The specimens were cut in
the required length from cold-pressed aluminium 7075 bars with the dimensions
of 25 x 2 mm. Afterwards, a hole of 4.5 mm diameter was drilled in the centre,
as shown in the upper part of Figure 5.6, along with the dimensions.

The testing strategy was adjusted for both materials and specimen type, to ac-
count for varying material properties, geometries and failure mechanisms. The
cracks were introduced into the aluminium specimens through fatigue loading
in the tension-tension regime, with a maximum stress of 150 MPa, a fatigue
frequency of 5 Hz, and a stress ratio of Rσ = 0.1 to realise a lifetime of approx-
imately 30 000 cycles. Prior to the fatigue loading, and after every 2 000 cycles,
a dynamic VAM (σp = 3 − 30 MPa) was performed. Additionally, the carrier
vibration was measured at three stress levels (σl = 3, 16, 30 MPa) to generate
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Figure 5.6.: Overview of the tested coupon specimens with dimensions, the
location of the piezoceramics and the clamping. Shown are aluminium (top)
and GFRP [0, 903]s specimens (centre and bottom).

a synthetic VAM signal. The process continued until the specimens reached
ultimate failure.

The defects were introduced into the GFRP specimen by increasing the stress
stepwise, as illustrated in Figure 5.7. When the cross-ply laminate is sub-
jected to the so-called “knee-stress”, cracks in the 90° layer occur (inter-fibre
failures), which reduces the Young’s modulus. Hence, after the static measure-
ments (σl = 2.2, 5.6, 8.9, 12.2, 15.6, 18.9, 22.0 MPa) for the synthetic VAM and
dynamic measurements for the traditional VAM (σp = 2.2 − 22.0 MPa), a uni-
axial tensile test was performed. The load was increased at a rate of 5 MPa/s
until the specified stress level was reached, and afterwards decreased to zero at
the same rate. The maximal load of each step was increased until a sufficient
number of cracks were visible in the specimen. These damage states enable the
correlation between the number of cracks in the GFRP specimen and the results
from both VAM methods.

The high-frequency carrier Xc was introduced and measured of all specimens
using piezoceramic actuator disks within a frequency range of fc = 185 – 215 kHz.
In this range, 61 carrier frequencies were measured (spacing of 500 Hz). The dy-
namic VAM was measured for τ = 1 s, at a sampling rate of fs = 2 MSa/s. To
simulate lower resolution signals, every 10th, 100th or 500th value of the sig-
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Figure 5.7.: Test design to compare the traditional and the synthetic VAM. Ap-
plied stress as introduced by a hydraulic tensile-testing machine and respective
VAM measurements with a carrier vibration are indicated. After each measure-
ment cycle, a loading step is performed.

nal was selected to mimic sampling rates of fs = 200 kHz, fs = 20 kHz, and
fs = 4 kHz, respectively. Given the highest carrier frequency fc with the side-
bands, a sampling rate of 450 kHz would be sufficient to satisfy the Nyquist
criterion. Consequently, the sampling rate of fs = 4 kHz represents just 0.9 % of
the Nyquist rate.

5.4. Synthetic VAM for coupon specimens

The tested cross-ply specimens offer the advantage of visually quantifiable da-
mages, allowing for the correlation of VAM measurements to the number of
inter-fibre cracks. The stress-strain curve of the cross-ply laminate in Figure 5.8
(left) shows the occurrence of these inter-fibre cracks in the 90° layers at a stress
of approximately 60 MPa. These damages increase the elongation and reduce
the modulus of the specimen as visible in the formation of a so-called “knee” of
the stress-strain curve. However, the ultimate tensile strength of the specimen
is mainly determined by the 0° layers on the outside of the specimen. Hence, the
ultimate failure occurs at 198 MPa. This high distance between “knee stress” and
failure is only observable in a tensile test. A fatigue load would result in dela-
minations around the inter-fibre cracks, which reduce the fatigue life drastically,
as introduced in Chapter 2.

VAM measurements were performed at these specimens below the “knee stress”
to establish a baseline without any damage. Subsequently, the specimens were
subjected to a tensile stress of 67 MPa, resulting in the formation of inter-fibre
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Figure 5.8.: The stress-strain curve of a representative specimen (left) shows a
distinct “knee-stress”, which indicates the occurrence of inter-fibre fractures in
the 90◦ layer. These cracks were counted after each loading step to correlate the
VAM measurements. These cracks are depicted exemplarily in the insets.

cracks. After each loading step, the number of cracks was counted, as shown
in Figure 5.8 (right). The insets depict two different states of the specimen.
The occurrence of inter-fibre cracks is visible as darker horizontal lines. Initially,
the cracks only extend over half of the specimen’s 90° layers but evolved into
full cracks at the next stress level of 72 MPa. The second picture shows the
specimen after the loading step to 78 MPa, resulting in the final damage state
with 11 cracks.

Figure 5.9 (left) compares the specimen’s response before and after damage. A
carrier frequency of fc = 185 kHz was chosen in this illustration, and due to
symmetry, only half of the synthetic signals are shown. The signal chunks of
the different stress levels are distinguished by colour. Additionally, the envelope
of the dynamically measured VAM is included for comparison. It can be seen,
that the amplitude of the dynamic signal matches the amplitudes of the static
measurements at each stress state. For the initial undamaged measurement at
the shown frequency, the measured voltage is the highest at σl = 22 MPa and de-
creases slightly with decreasing stress. This relation reverses with the formation
of cracks. While the amplitude at σl = 2 MPa remains almost constant, the am-
plitudes at the higher stress levels are reduced. This decrease with higher stress
aligns with the often-mentioned bi-linear stiffness behaviour, commonly used
to explain VAM [133, 205]. The stress-related crack opening reduces the wave
propagating, thereby decreasing the amplitude. However, specific frequencies ex-
hibit the opposite behaviour. At a frequency of fc = 209.5 kHz (cf. Figure A.11),



66 5. Synthetic VAM for structural health monitoring

Figure 5.9.: Synthetic signals were generated for the GFRP specimen from
n = 2 (top) and n = 3 (bottom) static measurements. The pristine signals are
compared to the state with 11 inter-fibre fractures. In comparison, the envelope
of the dynamic VAM signal is depicted as a black line. The frequency spectra of
synthetic and dynamic VAM are compared from n = 2 and n = 3 (right), with
insets highlighting the first sidebands and the differences between the two VAM
methods.

the voltage at both low and high stresses increases due to the damage, contra-
dicting the bi-linear stiffness model. The VAM model proposed by Dorendorf
et al. [71] on the other hand explains both observed phenomena. This model
emphasises the importance of the nearest eigenmode that primarily contributes
to the system response. Therefore, whether the carrier frequency is higher or
lower than feigen determines if the signal increases or decreases with changing
stress.

It should be noted, that the stepwise change in amplitudes between individual
signal chunks results in the amplitude modulation of the synthetic signal. Addi-
tionally, the phase of the signal changes between the signal chunks. The different
phases arose from the alternating elongation, the changing distances between the
piezoceramics, and the altered geometrical stiffness due to the stress changes in
the specimen. Thus, the alternating chunks introduce a phase modulation into
the synthetic approach, even though it is not visible in the figure.

Both methods are compared in the frequency domain around the carrier in Fi-
gure 5.9 (right). The findings align with those observed in perfectly modulated
signals, as shown in Figure 5.2 (right). The first sidebands of the synthetic sig-
nal (n = 2) are offset from the dynamic signal by approximately ∆MI = 2.1 dB.
Using three stress levels decreases the difference to ∆MI = 0.85 dB. While the
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sidebands of the square-wave signal follow eq. 5.1, the usage of three stress lev-
els improves the approximation of the first and second sidebands and reduces
quantisation error. This approximation of the third and subsequent sidebands is
even further improved by generating the synthetic VAM from more stress levels,
as demonstrated by the convergence of the MI in Figure 5.3.

In Figure 5.10 (left), the difference between the synthetic and dynamic MI is
shown using n = 2, 3, 7 stress levels. For this evaluation, the synthetic VAM was
generated from p = 8 points of each stress level to approximate the amplitude
and phase (fs = 2 MSa/s). Using the measurements of two stress levels, the aver-
aged difference between both methods is ∆MI2 = 2.254± 0.45 dB, which closely
matches the anticipated offset of ∆MI2,ref = 2.098 dB, that results from the syn-
thetic process itself. Therefore, the deviation of the synthetic process from this
expected offset is 0.154 dB, which is equivalent to 0.73 % of the averaged dynamic
MI. Increasing the number of static stress levels (n = 7) reduces the averaged
difference to ∆MI7 = 0.44± 0.44 dB. Hence, the deviation of the MI is reduced
to 0.12 %. Moreover, Figure 5.10 (left) reveals that the mentioned deviations
primarily originate from two frequency ranges, around 196.0 kHz and 205.5 kHz,
where the MI itself is minimal. This is further illustrated in Figure A.10 of the
Appendix, where the MI is given for each damage state across the frequency

Figure 5.10.: The difference between the synthetic and dynamic MI and the
standard deviation (over all tested damage states) are given for each frequency
and the different n (left). The averaged MI over all frequencies measured at the
GFRP cross-ply laminate, is compared for the different synthetic generated and
dynamic signals of each damage state (right). With each inter-fibre fracture, the
average MI increases linearly. The inset displays the first measurements plotted
against the highest applied stress, which separates the overlapping measurements
without a visible inter-fibre crack.
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spectrum. Interestingly, the synthetic MI is increased on the left side of the res-
onance at 196 kHz and decreased on the right side. Selecting a suitable frequency
range between 180− 190 kHz helps to reduce these deviations. It’s worth noting
that the areas around the resonances are also commonly excluded in traditional
VAM evaluations or compensated for by averaging over a wide frequency range
[55, 66].

When considering the entire frequency range, the MI increases almost linearly
with each inter-fibre fracture. This trend is depicted in Figure 5.10 (right) for
the MI of the dynamic measurements and synthetic signals. Interestingly, the
synthetic MI increases more linearly and consequently proves to be a robust in-
dicator of cracks in the GFRP specimens. Moreover, there is a noticeable MI
increase even before the first inter-fibre fracture occurs. This phenomenon is
highlighted in the inset of Figure 5.8, where the MI is plotted against the max-
imal stress of the individual loading steps. This increase in MI after the first
loadings may indicate the occurrence of initial micro-cracks within the composite
or damages, introduced by the grips of the testing machine. Nevertheless, it’s
important to note that the MI increase, associated with the first inter-fibre frac-
tures, is notably higher. Detailed results for the MI and the difference between
both VAM methods, considering various values for the number of stress levels
n, the sampling frequency fs, and the number of points used p, are presented in
Table A.2 of the Appendix. Results of a second GFRP specimen closely resemble
those of the presented specimen, with a deviation of 0.97 % observed for n = 2.
The averaged difference between the MI of both methods and the deviations
from the expected offset are compared in Table 5.1. A parameter study for the
second GFRP specimen can be found in Table A.3.

In contrast to the tested GFRP specimens, the MI for aluminium specimens
exhibits considerable fluctuations which exceed 30 dB across the measured car-

Table 5.1.: Averaged difference between the synthetic and dynamic VAM and its
standard deviation for the tested specimens. The results stem from a synthetic
signal, generated from p = 8 points from each of n = 2 static load levels at
fs = 2 MSa/s.

Specimen Averaged difference Deviation
dB dB %

GFRP 1 2.254 ± 0.447 0.154 0.73
GFRP 2 2.302 ± 0.418 0.202 0.97
Aluminium 1 1.828 ± 1.329 −0.272 −1.26
Aluminium 2 1.761 ± 0.804 −0.339 −1.86
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Figure 5.11.: Comparison between the MI of the dynamic and synthetic VAM
from an aluminium specimen after a fatigue load of 10.000 cycles.

rier frequencies. These strong fluctuations result from the pronounced reso-
nances of the material. Figure 5.11 presents a comparison between the synthetic
(n = 2,p=8, fs = 2 MSa/s) and dynamic MI after a fatigue load of 10.000 cycles.
Similar to the GFRP specimen, the highest differences between both methods
occur in proximity to the extremes of either weak or strong modulations (e.g.
206.5 kHz). Therefore, the mean deviation (approximately 0.34 dB) worse and
results in −1.3 to −1.9 %. However, these deviations are negligible compared to
the MI increase of 10 − 30 dB due to damage that is reported in the literature
[97, 135]. The mentioned deviations are compared for all specimens in Table
5.1. Additionally, parameter studies are provided in Table A.4 and A.5 of the
Appendix.

5.5. Comparison of VAM with continuous and
non-continuous carrier vibrations for the impact
detection in GFRP

Further evaluations of the synthetic VAM were performed on three GFRP spe-
cimens with a width of 70 mm, as introduced in Figure 5.6. In addition to the
piezoceramic actuators, a strain gauge (HBK LY41, HBK Germany) was applied
to the specimens with a dedicated adhesive (HBK X60, HBK Germany). The
strain gauge was connected to the NI-USB 6366 through an amplifier (HBM
MGCplus AB22A). This setup allows for the correlation of the carrier vibration
with the actual stress that is present in the structure. The testing process was
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adapted from the prior GFRP specimens. However, the first damage was in-
troduced as barely visible, low-velocity impact damage (BVID). The BVID was
introduced with a light tap of a hammer on a steel ball (diameter of 15 mm) to
mimic a “tool-drop”, while the specimen was subjected to a stress of 47.6 MPa.
The impact itself was not observable, but two small inter-fibre defects were in-
troduced, magnified in Figure 5.12 (left inset). The occurrence of two cracks
indicates, that the steel ball rebounded and hit the specimen twice. Further
damages were introduced by subsequently increasing the tensile stress to sur-
pass the “knee stress” resulting in inter-fibre fractures in the 90◦ layers of this
cross-ply laminate.

After each of the mentioned loading cycles (including the BVID), VAM mea-
surements were performed at three different stress amplitudes to evaluate the
influence of varying stress conditions during a VAM measurement. The lowest
amplitude of 2 − 20 MPa is comparable to the test setup of the 30 mm wide

Figure 5.12.: The specimen is shown at each damage state. The inset at
47.6 MPa also marks the location of the impact. Note that after 71.4 MPa a
crack appears below the strain gauge, as shown in the bottom inset.
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Figure 5.13.: Averaged MI (top left), PM (top right) and AM (bottom) from
the three pump amplitudes are compared. Furthermore, the results from the
burst excitation are included in each graph. A pictogram indicates the difference
between the resulting measurements.

specimens, discussed in Chapter 5.4. The VAM measurements with the stress
amplitude of 0.5 − 25.0 MPa and 0.5 − 30.0 MPa were utilised as comparison
and to calculate the synthetic VAM from a dynamic signal, as illustrated in
Figure 5.4.

During the pump vibration Xp, and at static stress levels σl = 2, 11, 20 MPa, a
series of 50 tone-bursts were introduced into the specimen and measured with the
piezoceramic actuators. These tone-bursts consist of a 5-cycle sine, multiplied
by a Hanning window, and were subsequently sent with a delay of 1 ms. Utilising
these bursts results in an energy reduction for the carrier-excitation by over 98 %,
compared to a continuous excitation. The carrier of both excitation methods was
introduced with an amplitude of 6 V (doubled by a buffer), in a frequency range
of 180−235 kHz (steps of 0.5 kHz). Hence, the responses at 111 frequencies were
acquired at each damage state and per method.

In Figure 5.13 (top left), the averaged MI is shown for the different damage states
at the three tested amplitudes of Xp. It is shown that the introduction of the
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BVID influences the MI minimally. At the stress amplitude of 2−20 MPa the MI
even decreases slightly, which is in contrast to the expected behaviour and could
be attributed to changes in the stress amplitude, introduced damage by the grips
of the testing machines, or the orthogonal impact itself. A similar phenomenon
was observed in aluminium specimens by Dorendorf et al. [71]. However, the
subsequently introduced inter-fibre cracks, through the higher loads result in a
notable increase in the MI. Also, a larger amplitude of the pump wave Xp in-
creases the MI as well. The initial MI at the stress amplitude of 0.5− 30.0 MPa
is higher than the MI with the most damages, which was measured at a stress
amplitude of 2−20 MPa. Furthermore, the MI shows a high correlation with the
amplitude of Xp in this experiment. As an effect, the slopes of the MI are nearly
identical between the three amplitudes. These drastic differences in MI underline
the relevance of a constant load amplitude to allow a comparison of the VAM
measurements. The dashed lines in Figure 5.13 illustrate the equivalent evalua-
tion of VAM, where the carrier consists of subsequent burst signals. Interestingly,
the MI of both carrier excitation methods is almost identical. Consequently, an
MI-based VAM analysis is feasible with burst excitation, which reduces energy
consumption. The BVID results in no significant MI increase with this method
either.

All signals were further evaluated with the STFT algorithm1 to separate the
modulation into AM and PM, to evaluate if the introduced damages are de-
tectable by a certain type of modulation. Figure 5.13 (top right) shows, that
the slope of the PM is consistent with the results of the MI. Again, the BVID
results in a slight decrease in PM, while subsequent damages cause a notable
increase in PM. Also, the PM of the burst VAM is identical to the slope from
the continuous excitation at the amplitude of 2− 20 MPa.

In contrast, the AM of the burst VAM measurements is much lower compared
to the continuous excitation. For illustration purposes, the AM of the burst
excitation is multiplied by 50 (which was arbitrarily chosen for a similar range).
The slope of the AM after this multiplication becomes identical to the continuous
AM measurements. However, this reduced amplitude of AM can be attributed
to the lower energy of the burst signal. It can be observed, that the slope of the
AM (Figure 5.13 bottom) differs slightly from the MI. Interestingly, the BVID
does not result in a decrease in the AM, which is in contrast to the prior results
and can not be explained.

1Based on the approach presented by Oppermann et al. [12]
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This comparison has shown, that both excitation methods perform similarly
if the dynamic modulated signal is evaluated. However, the bursts offer more
information. As already shown in Figure 5.5, each measured burst shows “fin-
gerprint patterns” of several peaks in the envelope of the signal (calculated with
the Hilbert-transform). The strongest wave package, which arrives first, is a
superposition of antisymmetric A0 lamb-waves (as elaborated in Chapter A.2),
that travelled the straight path between both piezoceramics or as direct reflec-
tions on the long sides of the specimen. This assumption is based on the time of
the arrival and the typical wave speeds of Lamb waves in FRP materials. The
later “peaks” in the signal can be attributed to longer signal paths due to more
reflections at the boundaries. Analogous to the main idea of the synthetic VAM,
the amplitude difference of these peaks due to the stress changes can be calcu-
lated. In Figure 5.14, the amplitudes of the peaks at a stress of σl = 2 MPa were
subtracted from the amplitudes at σl = 20 MPa. Interestingly, the slope of the
three evaluated peaks differs. Due to the BVID, the difference of AP 1 decreases
slightly, which is not expected since the damage is not located in the signal path
and should not influence the amplitude. At the third peak AP 3, the difference
stays constant after the BVID. At the fourth peak, where the signal travels
the longest path, the difference increases due to the BVID and the subsequent
damages. Based on these results it is speculated, that either the connection bet-
ween the piezoceramics, introduced damages in the clamping area, or that the
specimen has changed. The BVID could influence the stress in the 0° layers and
has therefore affected the area between the piezoceramics and hence the ampli-
tude of the direct propagation. However, the introduced inter-fibre fracture with
a tensile load results in a prominent increase in the amplitude difference for all

Figure 5.14.: Amplitude difference of the individual impulses between the mea-
surements at σl = 2 MPa and σl = 20 MPa.
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evaluated wave packages. It should also be noted, that each resulting peak in the
envelope results from a superposition of several wave-propagation paths through
the specimen. The introduced damages alter the reflections of the lamb waves
and consequently also the amplitude and time of arrival of each peak. Especially
for the second peak (of the pristine measurement), the inter-fibre fractures have
changed the shape of the resulting envelope. Therefore, the amplitude and also
the time of the maximum are not constant and can not be compared. A similar
behaviour is observable for the third wave package. At the last damage state,
a separation into two smaller signals is observable, which explains the sudden
decrease even though the damage is stronger.

Additionally, the dynamic VAM measurements can be evaluated more deeply
with the synthetic VAM. In Figure 5.15, the results from the traditional dynamic
VAM approach are compared to the synthetic VAM, which was reconstructions
from just the minimal and maximal stress (n = 2). The signal for the synthetic
VAM was also down-sampled from 2 MHz to 4 kHz and just 5 points at each step
were used, compared to the 2, 000, 000 points measured at the high sampling
rate for each dynamic signal. Reducing the sampling rate even below 4 kHz is
possible but not necessary since such a sampling rate is achievable by many
low-power devices. These reduced parameters are sufficient to reconstruct the
dynamic measurements as well. However, a slight decrease in MI during the first
damage states is also evident for these synthetic VAM measurements.

Analogous to the evaluation of the difference in amplitude of the bursts, with
the synthetic VAM the individual amplitudes and phases at chosen stress levels
σl of a continuous excitation can be evaluated and used for a damage detection
as well. Note that all values were estimated from 5 points at 4 kHz of the con-

Figure 5.15.: Elongation measured with a DMS, AMP and phase is extracted
and composed signal is created.



5. Synthetic VAM for structural health monitoring 75

tinuously excited carrier during the dynamic stress amplitude of 0.5−30.0 MPa.
Figure 5.16 (left) shows the extracted amplitude (top) and phase (bottom) of
each frequency after the BVID. Also, the measured phase was in the range of
0− 2π. The preprocessing is shown in Figure A.12 of the Appendix. The mea-
surements at the stress levels of σl = 2 MPa and σl = 20 MPa are compared,
as they were used of the synthetic MI of Figure 5.15. The difference between
both lines essentially resembles the modulation due to the stress variation of
Xp. Interestingly, the measured amplitude increases with higher stresses at se-
veral frequency ranges, but decreases in others. The same phenomenon is visible
for the phase, while these areas do not necessarily coincide. Consequently, the
overall modulation is a superposition of both modulations (and probably more
influences). At some frequencies, AM has a higher influence and at others PM,
which is in contrast to the ideas of Donskoy et al. [206] or Ramezani [126],
where the different modulations were correlated to different types of damage.
The assumptions of these works may hold for a certain frequency range at some
specimens, but not without restrictions.

Figure 5.16.: Compression of the amplitude (top left) and the phase (bottom
left) between the low and the high-stress level. The difference between the curves
of both stress levels is essentially the amplitude or phase modulation. The slope
of amplitude (top right) and phase (bottom right) is depicted over the applied
stress level for specific frequencies. It shows that the change of each quantity is
dependent on the evaluated frequency, and can increase or decrease with higher
stress.
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In the shown frequency range of Figure 5.16 (left), four carrier frequencies fc

were highlighted, which are either governed by a large difference between both
levels or none at all. The amplitudes and the phases of these frequencies are
shown over the stress range in Figure 5.16 (right) for ten stress levels at which
they were extracted from the dynamic signal. While specific frequencies show a
near linear increase or decrease, there are also frequencies where first an increase
and a subsequent decrease occurs. Especially the latter ones are relevant in this
evaluation since the modulation due to the change is not evident in the synthetic
VAM. This phenomenon was already addressed in the initial publication [11]
about the synthetic VAM and can be compensated by increasing the number of
levels n.

Similar to the evaluation of the bursts, also the amplitude and the phase (shown
in Figure 5.16 (left)) of the continuous excitation were subtracted and averaged.
The calculation follows the equations 5.2 and 5.3, where j counts through the
measured frequencies.

∆A = 1
j

j∑
i=1

∣∣A20 MPa
i −A2 MPa

i

∣∣ (5.2)

∆ϕ = 1
j

j∑
i=1

∣∣ϕ20 MPa
i − ϕ2 MPa

i

∣∣ (5.3)

The results are shown in Figure 5.17. Interestingly, both of these two values
increase with each introduced damage, even after the introduction of the BVID.
Since these results from this precise evaluation show the expected increase due
to the damage, and they were calculated from just 5 points of each stress level of
the downsampled signals, it suggests many new possibilities for a more thorough
evaluation of VAM.
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Figure 5.17.: Mean absolute difference between both stress states calculated
for the amplitude (top) and phase (bottom).

5.6. Application of synthetic VAM to complex structures

The previous chapters have demonstrated and discussed the application of the
synthetic VAM for SHM at rather simple specimens. To evaluate the applica-
bility of VAM and especially the synthetic VAM to structures of increased size,
complexity and material thickness, two studies on more complex structures were
conducted and will be discussed in the following Section.

5.6.1. Section of a wind turbine blade

The first specimen is a substructure of a rotor blade that was in service for about
20 years on a 1.5 MW wind turbine located near the shore in northern Germany.
The tested structure was extracted from the central structure around the shear
webs and near the tip of the blade. This structure is a typical example where
the online damage detection could be much more economical compared to the
currently available health monitoring described earlier. Especially, detecting the
occurring damage with the estimation of a remaining service life would prolong
the maintenance cycles, reduce the overall waste from still intact structures and
decrease the inspection costs.

To accommodate the structure inside the hydraulic testing machine (Instron
100 kN), the leading and trailing edges of the blade were cut at a distance of
30 mm from the shear webs inside the wing assembly. The resulting structure
was shortened to a length of 665 mm. The origin of the structure with the cuts
made to achieve a suitable specimen is depicted in Figure 5.18 a). The dimensions
and location of the piezoceramics and strain gauges are given in Figure 5.18 b).
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Figure 5.18.: Sub-structure of a wind turbine blade containing the shear web
with the surrounding front and backside of the wing. The origin of the structure
a), the dimensions and locations of piezoceramics b), and the test setup in the
laboratory are displayed c).

The fibre volume content of the laminates was tested by burning epoxy-matrix
material and resulted in 45,22 % for the shell and 42,99 % for the shear web.
From a burned specimen and by evaluating the cutting surfaces, a layup with
[±45/03]s was identified for the shell, with an additional layer of unoriented
short-fibres of approximately 50 mm length on the outer surfaces. The shear
web is built with a quasi-isotropic layup with [±45/0/90]3.

In Germany, most insurance claims of wind turbines can be attributed to dam-
aged blades, resulting from e.g. birds, ice or hailstorms. Consequently, its detec-
tion is of high interest for the SHM of these structures. Since the original stress
state of this blade was not reproducible in the lab, the evaluation of the front
surface was prioritised. Consequently, in this experiment, the grips of the tes-
ting machine were attached to the front surface for the introduction of the pump
wave Xp, as shown in Figure 5.18 c). The force amplitude of Fp = 1.5 − 15 kN
was selected to mimic the in-service loads, which are used as ambient vibrations
for the VAM but more importantly also the synthetic VAM evaluation. Note
that the height and distance between the shear webs decrease slightly towards
the wing tip. Consequently, only the applied loads are given in this chapter.
Due to the mounting of the specimen, the main stress will occur on the frontal
surface, and the occurring stresses in the shear webs and on the backside will be
of lesser magnitude.
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For the impact detection with VAM, four piezoceramics were mounted with
double-sided tape (Tesa 56172) to the front side of the wing, as shown in Fi-
gure 5.18 b). The high laminate thickness of 8 mm and the junctions in the
structure pose a new challenge to the application of VAM. Hence, two frequency
ranges (90− 110 kHz and 185− 215 kHz) were tested, to evaluate if an increase
of the wavelength—with its affect on the Lamb-wave characteristics—is bene-
ficial for the damage detection. Each frequency range was excited by a dis-
tinct piezoceramic disc actuator (PIC255 from PI Ceramics with a diameter of
20 mm× 2 mm and 10 mm× 2 mm). Both exciting piezoceramics were attached
at a distance of 140 mm on the upper half of the structure. Additionally, piezo-
ceramics of both dimensions are mounted as sensors on the bottom half of the
structure (F10 & F20) with a distance of 200 mm to the upper piezoceramics.
Sensing piezoceramics were attached in the centre of the left shear web (L10)
and centred on the backside (B10) as well.

To evaluate the sensitivity of VAM towards impact damages in such complex
structures, subsequent impacts were introduced onto the front surface between
the piezoceramics, with an increasing impact energy. The location of the impact
damage is indicated in Figure 5.18 b). The first damage was achieved by a
moderate tap with a hammer on a steel ball of 15 mm diameter. After the
VAM measurement, the velocity of the hammer was subsequently increased, until
the damage state with index 6. Consequently, the damage size should increase
subsequently, as well as the modulation in the measured VAM signals.

Note that in the following, only the results for the excitation with the 10 mm
piezoceramic are shown. The results of the 20 mm actuator do not show the
expected behaviour but can be found in the Appendix (cf. Figure A.14). This
difference between both actuators could result from the increased wavelength,
unfavourable locations of the piezoceramic actuators or other factors, such as
an incomplete coupling between the larger actuator to the curved surface of the
blade.

The results of the traditional VAM analysis (from the 10 mm piezoceramic) are
shown in Figure 5.19 (left) from the two measuring piezoceramics (10 & 20 mm)
at the front, the one at the side and the one at the backside of the structure.
As expected, both the signal strength and the modulation are the strongest for
the measurement on the front surface (F10). At this piezoceramic, the MI curve
indicates an upward trend that correlates with the increasing damage. For illus-
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Figure 5.19.: Evaluation of the MI for each side with a frequency range of
185-215kHz (left). Each point represents the mean MI of the whole spectrum.
The MI of the front side (F10) is additionally compared to the synthetic MI
calculated from static carrier measurements (right).

trating purposes, a horizontal line marks the amplitude of the first measurement.
Despite being located on the frontal surface as well, the measured modulation
with the bigger piezoceramic (F20) is much lower compared to the smaller one.
This can result from the unfavourable resonance frequency (which is half as high
compared to the smaller piezoceramic) or problems with the bonding to the
structure as well. Also, the modulation on the left (L10) and the back surface
(B10), do not indicate an increasing damage or a clear trend. Note that the mod-
ulation for the measurements at the left and back sides is relatively low since
a difference of 3 dB indicates a halving of the MI in voltage. Furthermore, the
impact damage and subsequent delaminations are relatively small and localised
on the frontal surface. Consequently, the impact damage is not in the direct
signal path between the exciting piezoceramic and the receiving ones (F20, L10
or B10). Also, the shear web on the sides is bonded to the plate-like frontal
surface, which hinders the propagation of the carrier wave due to the increased
local stiffness. The unfavourable propagation of the carrier vibration into the
shear web results in a low amplitude of the measured signal. Consequently, the
signal-to-noise ratio of the measurements at the shear web and the backside is
higher, and the modulated waves, due to the impact, are concealed from unmod-
ulated waves of a more direct propagation path. So, the sensors located on the
shear web or the backside were insufficient to detect the impact on the frontal
surface.

Two synthetic VAM variants were applied to the measurements at the front sur-
face (F10), where the stress change due to the testing machine is the strongest.
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Firstly, a synthetic MI was calculated from measurements, where only the car-
rier vibration Xc was introduced at the static stress levels σl. These static
computations will be denoted as Syn.S. As before, the measured signals were
downsampled2 to 10 kHz and the signal was reconstructed from p = 10 points at
both steps n = 2. Furthermore, the synthetic VAM was extracted from the dy-
namic VAM measurements. At two stress levels, which were chosen to be slightly
in between the dynamic load, the signal was approximated to reconstruct the
VAM signal. These measurements are denoted as Syn.D. Since one of the main
advantages of the synthetic VAM is the evaluation of undersampled data, the
sampling rate of the signal is given in the subscript and the number of steps used
for the computation in the superscript. Hence, Syn.D2

10 kHz denotes a synthetic
signal extracted from the dynamic measurement with two steps and a sampling
rate of 10 kHz.

In Figure 5.19 (right) the dynamic MI is compared to the synthetic computa-
tions for the front surface. Note that the expected offset of 2.1 dB was already
subtracted from the results, to improve the comparability. In this magnifica-
tion, it can be seen, that the dynamic MI fluctuates slightly due to the first
impacts, but increases significantly at index five and six. In contrast, the graphs
of the synthetic generated modulations are increasing with every damage, which
indicates a higher sensitivity to the damage. The overall increase in MI is compa-
rable to the dynamic measurement. Interestingly, the modulation of the highly
down-sampled signals Syn. D2

10 kHz is deviating more from the dynamic VAM
measurements, by being slightly higher. It was observed, that the amplitude
of the elongation measured with the DMS varied slightly between the measure-
ments, which could explain the difference between the dynamic and the synthetic
measurements. This experiment further underlines, that applying the synthetic
VAM method in this complex structure results in a similar (or slightly increased)
sensitivity compared to a traditional VAM measurement. Additionally, even
down-sampled signals of fc = 10 kHz are sufficient to reconstruct the dynamic
response.

2A prime number of 197 was chosen which results in 10.15 kHz, since down-sampling the
original signal (acquired at 2 MHz) by the factor of 200× would result in artefacts, which
increases the error.
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5.6.2. Thick walled composite cuboid

The second complex structure, used to evaluate VAM and especially the syn-
thetic VAM method is a cuboid made from biaxial GFRP. The wall thickness
of this cuboid is 10 mm, which is even thicker than the previously tested blade
structure. The laminate consists of 16 layers of woven glass rowings (Valmiera
Glass 05507-FK144) in an orientation of ±45◦, which was impregnated with a
polyurethane matrix material (Henkel Loctite Max 2, Tg = 100°C). Due to the
braiding process around the mandrel, the layers are not fully symmetrical. The
resulting fibre–volume fracture is estimated as 49 %. In contrast to the prior
tested specimens, this structure was loaded in compression (45 − 450 kN) and
torsion (1.8− 18 Nm) concurrently with a frequency of 3 Hz. This testing proce-
dure was achieved by using a Hexapod-based test machine that allows multi-axial
loading conditions in all six degrees of freedom for static and dynamic experi-
ments. The load ranges were chosen to be close to the limits of the load cell
(500 kN). The tests were furthermore performed at the elevated temperature of
70°C inside a temperature chamber, as defined in the project from which this
structure originates [207]. The structure was preheated within the temperature
chamber for 2 h to reach an equilibrium prior to each test. For the VAM mea-

Figure 5.20.: The dimensions of the GFRP cuboid and locations of the piezo-
ceramics (left). The front (F) and right (R) surfaces are marked. The piezoce-
ramics on the right side and the surface were attached centred with a height of
150 mm. The Hexapod with the mounting of the structure is shown on the right
(without the climate chamber).
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surements, two piezoceramics (10 mm × 2 mm PIC255 from PI Ceramics) were
mounted on the front side of the structure. Only this smaller actuator size was
used since it performed better in the prior experiments. Due to the increased
temperatures, the piezoceramics were mounted with a 2k epoxy adhesive (Uhu
Endfest) instead of double-sided adhesive tape. The upper piezoceramic was
used for the excitation of the carrier vibration, and the lower piezoceramic was
used as the sensor to acquire Xr. Furthermore, one piezoceramic was added as
a sensor on the right surface of the specimen and one as a sensor at the back
surface of the structure. Alongside the vibration, the strain was recorded with
two strain gauges (HBK LY41) which were connected through a Wheatstone
bridge to the data acquisition board. The strain gauges were aligned with the
compressive load and bonded to the structure with a dedicated strain gauge ad-
hesive (HBK X60) in the centre of the frontal and the left surface of the cuboid.
The dimensions and locations of the piezoceramics and strain gauges are given
in Figure 5.20, and further images can be found in Figure A.16 of the Appendix.
The VAM measurements were conducted simultaneously at the three sensing
piezoceramics and the strain gauges to correlate the strain to the vibrational
response Xr.

Since the Hexapod allows movement in six degrees of freedom, initial stress-
controlled experiments have resulted in an unexpected loading behaviour of the
structure. Therefore, the fatigue load of the experiment was controlled by the
Hexapod’s displacement, in contrast to the prior experiments, where the actual
stress (or force) was the controlling parameter. The displacement of the fa-
tigue experiment was defined before the first cycle, to reach the defined fatigue
amplitude. After 162.000 cycles, the amplitude was redefined, since the stress
amplitude has decreased over time.

Shown in Figure 5.21 is the amplitude of the elongation resulting from the fatigue
load. Higher values indicate an increasing compression. The shown elongations
were measured alongside the VAM experiments with the strain gauges connected
to the data acquisition board. The compression and torsion were measured with
the load cell of the Hexapod at every fatigue cycle. The unusual upward trend
of the elongation can be attributed to a superposition of internal heating (due
to the energy dissipations of the fatigue load due to internal friction, especially
pronounced around the defects), the visco-elastic behaviour of the polymeric
matrix material and the occurrence of inter-fibre damages in the structure. Prior
tests of a similar structure have shown that these dissipations increase the actual



84 5. Synthetic VAM for structural health monitoring

Figure 5.21.: Elongation and amplitude of the compressional fatigue load over
the lifetime (left). The dashed lines mark the definition of new fatigue parameters
and the numbers indicate the two major progressions of damage. The damaged
structure after the experiments shows the fibre buckling damage (right).

temperature of over 10°C, which also slightly influences the measurement of the
strain gauges.

After 162.000 cycles, the parameters of the fatigue load were newly calibrated,
and all screws of the connection to the Hexapod were tightened, which increased
the stiffness of the overall system. As a result, a step in the amplitude of the
elongation and of the compression during the fatigue loading occurs (marked by
a dashed vertical line in Figure 5.21 left). After around 380.000 cycles, the first
buckling damage occurs (marked as first damage), which decreases the measured
strain amplitude due to higher elongations around the damage and, consequently,
the overall stress. The final damage occurs at 410.000 cycles, shortly after which
the VAM measurements were ended due to extensive fibre buckling damage on
three sides of the structure. This buckling damage is shown in Figure 5.21 (right)
as lighter areas/lines with an angle of ±45◦ to the loading direction.

During the fatigue loading of the structure, VAM measurements were acquired
every 30 min (5400 cycles) for 61 carrier frequencies (fc = 190− 220 kHz with a
distance of 0.5 kHz) and a duration of 1 s. The mean MI for each dynamic mea-
surement over the lifetime is shown for all three measured surfaces in Figure 5.22
(top). The MI of the dynamic VAM does not follow the expected damage curve
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of such a laminate, as introduced in Chapter 2. The deviations result from the al-
tered testing parameters during the experiment and the strain-controlled testing
design. While the first measurements at the front surface follow the expected
damage increase of the first stage of fatigue life, the second stage is interrupted
by the decreased MI due to the new fatigue parameters (at 162.000 cycles). The
slope before and after the step is slightly increasing, which is in accordance with
the second stage of the fatigue life. The final stage is governed by a reduction of
the MI, which indicates less damage and is in contrast to the actual condition.
This reduction is also observable in other damage indices like R or β (which are
not included in the picture). Hence, the traditional VAM method and evaluation
do not detect the growth of damage in this specimen, and the final failure can
not be predicted. This unexpected MI decrease in the third and final stage of
the fatigue life can be attributed to the diminishing stress amplitude due to the
damage combined with the strain-controlled design.

The MI of the first stage of fatigue life measured on the right surface is governed
by an increase. After 30.000 cycles, the MI decreases over time, which does
not represent the actual damage as well. The updated fatigue amplitude also
results in a sudden MI decrease. After 90 % of the lifetime, the first damages

Figure 5.22.: Comparison of the MI calculated from the traditional dynamic
method (top) and the synthetic approach (bottom), where the data is extracted
from dynamically acquired measurements downsampled to 10 kHz at two stress
levels.



86 5. Synthetic VAM for structural health monitoring

result in the MI increase of about 3 dB. However, after 95 % of the lifetime, the
MI decreases. Therefore, the ultimate failure is masked by the decreasing MI
due to the measured stress amplitude. On the backside of the structure, the MI
shows an intense fluctuation in the first and third stages of fatigue life, which
also hinders a precise assessment of the specimen’s health.

In Figure 5.22, the synthetic MI is shown below the dynamic measurements for
each surface of the cuboid. The measured elongation was used to define the indi-
vidual levels σl for the synthetic VAM. As mentioned before, the synthetic VAM
allows to compensate for changing and decreasing stress amplitudes by choos-
ing stress levels that regularly occur during the ambient vibration. However,
the increasing elongation over the lifetime in this experiment (cf. Figure 5.21)
prevents using constant values for the definition of the individual stress levels.
Consequently, only the choice of a constant amplitude for the synthetic VAM was
practical. Despite, the expectation that the changing overall stress is less precise
than defined stress levels, it should be more precise than the traditional VAM
evaluation. The two levels of the synthetic VAM were defined by selecting the
minimal elongation of the dynamic measurement3 as the first level and adding
a constant elongation of 0.15 % to calculate the second level. This amplitude is
shown in Figure A.15 in the Appendix. From ten sequentially acquired points
(p = 10), measured while the elongation was closest to the corresponding load
level, the amplitude and phase of the dynamic signal were approximated. Using
these approximations, a synthetic signal was then reconstructed, which allowed
for the calculation of the MI. Note that the dynamic signals used for the syn-
thetic VAM evaluation were downsampled from fs = 2 MHz to fs = 10 kHz. This
downsampling was performed to validate that the requirements on the sampling
rate can be significantly reduced.

Generally, the slope of the synthetic MI differs strongly from the dynamic MI, at
all three surfaces of the cuboid. Despite the smaller stress amplitude, the syn-
thetic MI is much higher than the dynamic measurements. This is in contrast to
the tests on the coupon specimen, where the decrease of the amplitude resulted
in a decrease in the MI. Also, the offset of 2.1 dB for the synthetic VAM is neither
evident nor expected in this evaluation since the stress amplitudes differ. While
the noise is more pronounced in the synthetic MI due to the undersampling and
the usage of just two stress levels, all three curves show an increasing MI over

3The minimal elongation was multiplied with 1.05, to ensure that the elongation was present
in all measured frequencies at the damage state.
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the lifetime. At the front surface of the cuboid (Figure 5.22 bottom left), the
modulation decreases slightly in the first 100.000 cycles. A clear upward trend is
observable afterwards. The first and second major damages can be identified in
the graph, as significant increases in MI, especially for the second damage state.
Furthermore, in contrast to the dynamic measurements, the constant stress am-
plitude eliminates the jump of the MI due to the updated testing parameters of
the Hexapod after 162.000 cycles.

For the measurements on the side (Figure 5.22 bottom middle), the MI in-
creases over the first measurements, followed by constant MI measurements of
high noise, until the testing parameters were adjusted. The step due to the
adjustments is larger compared to the synthetic MI of the other two surfaces.
After 162.000 cycles, the MI constantly increases until the first and second fibre-
buckling damages are observable by an intense increase of MI, which indicates
the presence of damage. Interestingly, the two prior measurements show in-
dications of a damage, by an increase in MI, which is not as evident in the
measured elongation or any other evaluation. The synthetic MI measured at
the backside (Figure 5.22 bottom right) follows the ideal damage curve closely,
until the adjustments. Afterwards, no noticeable step in MI is apparent, after
which it slightly decreases until approx. 330.000 cycles. Even before the obvious
damages, the MI increases, indicating also a continuous damage progression.

Interestingly, the MI at the side increases most after the first damage (around
380.000 cycles). In comparison, the front surface MI increases significantly with
the second damage (around 410.000 cycles). These differences indicate that the
buckling damage was initiated on the side before the second damage also influ-
enced the signal path of the frontal piezoceramics. For the measurements on the
backside, the MI increases more constantly, and both damage events are not as
concise compared to the other surfaces. This constant increase indicates a da-
mage progression on the left surface or behind the right piezoceramic. Since the
receiver has the same distance to the emitter around the left and the right surface
of the structure, it is assumed, that damages around the structure are monitored.
These observations indicate, that with an increasing size of the structure, the
VAM method becomes less global. The evaluation of individual signal pathways
is relevant since the amplitude of the carrier decreases over longer distances due
to damping. Hence, the modulated Lamb waves due to damages influence the
measured response less if they have a longer signal pathway. This relation can
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be compensated by applying more sensors, which would increase the precision
of localisation even further, as indicated by Broda et al. [123].

Contrary to the impact detection on the rotor-blade structure of Chapter 5.6.1,
an increase in MI is visible on other sides of the cuboid structure. This phe-
nomenon results from the bent corners of the cuboid (in contrast to the adhesive-
bonded webs of the wing) and the type of damage. Also, the thickness of the
cuboid is constant. The inter-fibre fractures and buckling are present through-
out the structure, influencing the carrier waves more intensively, compared to a
localised impact damage.
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6. Conclusion and Outlook

The interest in the vibro-acoustic modulation (VAM) has significantly increased
in recent years due to its often-praised high sensitivity in detecting even mini-
mal damage. Despite 30 years of VAM research and over 200 published sources,
the method is still in its early stages. In the literature, several modifications
were proposed to improve the sensitivity of the method (e.g. the impact modula-
tion, the cross-modulation) and how to evaluate VAM (e.g. MI, β, sideband peak
count). However, the applicability of these modifications was primarily validated
under controlled laboratory conditions on relatively small specimens. The indus-
trial application of VAM is still far from being realised due to the existing hurdles
(cf. Chapter 2). Hence, this thesis has aimed to improve the applicability of
VAM, with a focus on the evaluation of structures made from fibre-reinforced
polymers. Two areas were identified, in which VAM would enhance the state-of-
the-art. The first is the non-destructive testing (NDT) of specimens for defects
that are challenging to detect with the current NDT methods. The second chal-
lenge is the application of VAM on industrial structures, where the damage state
has to be evaluated over time. Consequently, two research hypotheses were for-
mulated for each area in Chapter 1 and were individually addressed in Chapter 4
and Chapter 5.

The biggest challenge for the application of VAM in NDT is the lack of a physical
baseline, which hinders the comparability of VAM measurements between diffe-
rent structures or specimens. The measured modulation is influenced by many
factors, e.g. the location of the actuator and the receiving piezoceramic, the
geometry of the tested structure, the laminate structure of the composite and
the boundary conditions. To overcome this lack of baseline, it was assumed that
measurements on similar specimens with constant boundary conditions could be
compared. In addition, the applicability of a data-driven evaluation of these
similar specimens was evaluated to improve the sensitivity even further.
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A severe challenge, particularly in aerospace, is the detection of areas within an
adhesive bond where the adhesion is reduced. To the author’s knowledge, there
is currently no NDT method that can robustly identify these so-called “weak
bonds”. Therefore, the first hypothesis was evaluated on a set of adhesive-bonded
single-lap shear specimens, where two types of defects (release agent contamina-
tion and an inserted PTFE film) were incorporated into the bond. While PTFE
films in the bond can be detected using ultrasonic scanning, these films may
eventually be found with VAM as a global damage evaluation. The detection
of release agent contaminations on the other hand is challenging and no NDT
method has so far not been approved for a reliable industrial applicability.

Before the mechanical testing of the 33 single-lap shear specimens, VAM mea-
surements were conducted. However, neither the evaluation with the commonly
calculated “Modulation Index” (MI) nor any other introduced damage parame-
ter allows to differentiate between pristine and release agent contaminated spe-
cimens. Only the MI at specimens with inserted PTFE films is increased, but
still in the standard deviation of the MI from the other classes.

To address this limitation, a data-driven classification of the specimens was pro-
posed in this thesis by training artificial neural networks (ANN) on the scaled
sideband amplitudes and the carrier of the measured modulated signals. This
data-driven approach surpasses traditional VAM evaluation methods, such as
simple summation of sideband amplitudes or linear combinations of them, by
“learning” specific patterns present in the data. The results demonstrate a sub-
stantial improvement in detecting contaminations in the bond line, achieving
a classification accuracy of 93.4 %. It was demonstrated that evaluating more
sidebands increased the accuracy of the models, and that the carrier frequency
significantly influences the resulting signal. Consequently, these high accuracies
were only accomplished when a narrow frequency range was used for training
and classifying the samples.

These precise predictions by the algorithm implicate the presence of relevant pat-
terns in the VAM measurements. Consequently, the data-driven VAM analysis
not only effectively differentiates between contaminated and pristine specimens
but also, when conducted thoroughly, indicates how the introduced bond line
defects affect the VAM signal. First evaluations of the trained ANNs, by calcu-
lating two types of feature importance, reveal that the limited relevance of the
first sidebands hinders the detection of the bond line flaws with the traditional
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MI (and the other parameters). This experiment also showed a high influence on
where the piezoceramic actuators were located. Unfortunately, the destructive
nature of determining the maximal shear stress prevented further elaboration on
this aspect in this work. Therefore, an in-depth assessment of optimal sensor
placement, along with considerations of the distance to the area of interest and
proximity to the clamping area, emerges as crucial for the robust application of
VAM.

A subsequent review of welded steel specimens with introduced crystallisation
damages confirmed this enhanced sensitivity from the data-driven VAM eval-
uation. First indications of why specific carrier frequency ranges were more
“information-rich” compared to others—allowing a more precise prediction—
were found. Visualising the eigenmodes of several frequencies in these speci-
mens with a 3D laser vibrometer indicates that the most accurate ANNs were
trained with carrier frequencies that also exhibit a substantial magnitude of their
modal vibration at the location of the weld/defect. This finding supports the
formulated “necessary conditions of modulation” from Lim and Sohn [127]. Fur-
thermore, it also explains the often proposed frequency sweep in a VAM analysis
of an unknown structure, as it increases the probability of finding the “right”
carrier excitation. This “trial-and-error” methodology could be overcome by fur-
ther research, if the eigenmodes of the specimen are already known. With this
knowledge, the evaluation of distinct modes would improve the sensitivity and
even the reliability of VAM.

Also, further research is needed to apply this methodology to industrial struc-
tures. These trials should evaluate specimens with an increased dimension, in-
creased bond lines, or even different locations and severities of the contamina-
tions. Furthermore, it is worth evaluating whether a similar accuracy is attain-
able when the contamination of the adhesive bond is not in the direct signal path
or even in the principal stress direction of the pump vibration. These subsequent
experiments would require a specimen or structure, where e.g. the adhesive bond
with its contamination is formed to a stringer or other stiffening elements.

It should be noted that this supervised data-driven approach by training ANNs
on a specific task is well-suited for the evaluation of many similar specimens,
which can be found exemplary in mass productions. However, variations in the
specimen dimensions, adaptations to the manufacturing processes, or changed
environmental influences may require the retraining of the ANN, the creation of
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individual ANNs for each application or a more sophisticated machine-learning
approach. Another possibility to address these changes would be the application
of transfer learning, where only the last layers of an ANN are retrained. This
process drastically reduces the effort and amount of required training data to
adapt to e.g. modified specimen dimensions.

Furthermore, it should be evaluated if an increased size of the tested structure,
where the excited carrier vibrations rather show a transient character due to the
long signal path, affects the sensitivity of the damage detection with VAM and
the data-driven evaluation. In turn, the transient character of VAM could enable
or even improve the application of a scanning evaluation of the structure, which
was exemplarily performed with a laser vibrometer on the welded specimens.
Hence, also the localisation of the damage (e.g. the weak bond, welding defect,
and damage) or the severity could be assessed. Especially as an NDT method in
production sites, the reoccurring evaluation with piezoceramics or a vibrometer
could be feasible, in contrast to most SHM applications, where the sensors have
to be integrated.

The second part of this thesis presents a leap in the applicability of VAM out-
side the laboratory for the structural health monitoring of industrial structures.
Artificially exciting a distinct pump vibration of sufficient energy, which is es-
sential for VAM, is neither feasible nor economical outside the laboratory. The
favourable alternative is the utilisation of already present ambient vibrations
in these structures, resulting from the in-service loads and environmental influ-
ences. However, these ambient vibrations are far from ideal and pose several
challenges to the traditional VAM approach. Most importantly, ambient vibra-
tions fluctuate over time due to varying service loads and changing environmental
conditions. Additionally, the ambient vibrations manifest rather in a frequency
range (5− 20 Hz) than in a single frequency [146]. These variations hinder VAM
research and complicate the integration of the traditional VAM approach into
current structural health monitoring solutions.

To overcome this challenge, the synthetic VAM method was proposed in this the-
sis and addresses the second research hypothesis (see Chapter 1). This method
combines the high-frequency response of the carrier at distinct stress levels into
an approximated VAM signal, offering several advantages over the traditional
VAM. The most significant advantage is the decoupling of VAM from the actual
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amplitude and frequency of the pump vibration Xp, provided it surpasses the
stress levels that were chosen for the evaluation. Furthermore, the synthetic
VAM method drastically reduces the requirements on the sampling rate and the
length of the acquired carrier response. It was demonstrated on coupon spe-
cimens, that by utilising only eight data points at two stress levels (less than
0.016% of the original data points), the MI of the dynamic VAM signal is recre-
ated with sufficient accuracy. Furthermore, the sampling rate fs of these short
measurements at each stress level can be reduced. Even sampling rates below
20 kSa/s (4.5% of the Nyquist rate), combined with the reduced number of data
points, were sufficient to recreate the dynamic signal and approximate the MI
with adequate accuracy. This was achieved by approximating the amplitude and
phase from the resulting signal at each defined stress level and recreating the
modulated signal with an arbitrarily chosen low frequency. This reduction in
sampling rate and points translates to lower processing demands, reduced hard-
ware costs, and consequently lowers the overhead for the monitoring of industrial
structures.

Note that the synthetic VAM (especially if just two stress levels are evaluated),
comes with the cost of less information in the generated signals, similar to any
“analog-to-digital” conversion. Nevertheless, by including more stress levels σl

into the synthetic process, the approximation of the signal and consequently of
the sidebands in the frequency domain is improved. In contrast to the traditional
VAM approach, the measurements at individual stress levels can be extracted
from any given vibration or even static loads. This flexibility enables the applica-
bility of the synthetic VAM even in unfavourable conditions, where the dynamic
VAM approach is not feasible or would result in imprecise results.

The synthetic process also allows for evaluating the differences in the amplitude
or the phase of the signal due to the changes in stress, as these parameters were
computed anyway. First indications suggest that evaluating these parameters
individually has improved the damage detection at the tested coupon specimens
compared to the dynamic VAM or its synthetic recreation. In the experiment,
only the average amplitude and average phase over the measured frequency range
of two stress levels were compared. A thorough evaluation, by including several
stress levels could further increase the precision and information gain.

While this synthetic method was introduced by testing simple coupon specimens
under ideal laboratory conditions, it was verified on larger and more complex
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structures made from fibre-reinforced polymers. It was demonstrated, that the
approximations of traditional dynamic VAM were not as precise at these bigger
structures. Here, the synthetic MI appeared to be even more sensitive to the
impact damage in a subsection of a wind turbine blade, as it was following the
anticipated increase with each subsequent impact damage.

The synthetic VAM was further evaluated on a thick-walled cuboid, that was
tested under simultaneous compression and torsion loading on a hexapodal tes-
ting machine. However, inconsistent stress amplitudes during the fatigue exper-
iment affected the dynamic VAM, made the evaluation of the MI imprecise and
introduced artefacts. The occurring damages reduced the stress amplitude of
the testing machine and altered the modulation of the signal. By applying the
synthetic VAM and choosing a constant stress amplitude throughout all mea-
surements, the increase in damage could be detected more precisely. Severe
fibre-buckling resulted in an increased MI and also the adapted testing para-
meters during the fatigue experiment did not affect the measurements strongly.
Consequently, the results underline the benefits of the synthetic over the dy-
namic VAM method for applicability with changing vibrations. Furthermore, it
was shown, that the data reduction by applying the synthetic VAM was possible
even at these large structures, as the signals were generated from only 10 points,
acquired at fs = 10 kSa/s (2.3% of signals Nyquist rate) from two stress levels.

Since a reliable application of VAM for industrial structures has not yet been
achieved, the first step following the results of this thesis should be the inte-
gration of VAM into already existing SHM solutions. This integration allows
to compare the results, evaluate the true sensitivity and complement the tra-
ditional applied testing methods. The structural health is typically evaluated
by dedicated piezoceramic sensors, that measure the acoustic emissions of da-
mages in the structure. Initial experiments on coupon specimens have already
indicated (cf. Chapter A.8), that all VAM sensors used in this thesis could be
replaced with typical acoustic emissions sensors, with negligible impact on the
measured VAM response. Consequently, only the signal generation needs to be
installed, and the post-processing of the acoustic emissions measurements must
be adapted to incorporate VAM into existing SHM systems.

Alternatively, implementing a dedicated sensor network with low-powered micro-
controllers would enhance the research by providing crucial experiences outside
the lab. By incorporating the synthetic VAM in the signal acquisition, the re-
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duced sampling rate could even enable the use of energy-harvesting sensor nodes
without external power sources [12]. For the excitation of the carrier signal, it
was indicated that subsequently sent burst signals are sufficient as carrier vibra-
tion to evaluate the structure as well. The results of this thesis indicate that the
synthetic VAM can be applied to these signals as well, to assess the structure at
the defined stress levels. However, this assumption must be validated on larger
structures, as it has only been shown on coupon specimens so far.

Finally, the individual evaluation of the variations in amplitude and phase, due
to changes in structure’s stress is promising and shows a potential to increase
the precision of VAM for damage detection. Consequently, further research is
needed to assess and improve this evaluation. It is assumed, that this evaluation
is the basis of VAM, and would offer more information, which will increase the
understanding of VAM.

It can be concluded that combined measurements at several stress states con-
tain information similar to those obtained from dynamic VAM measurements.
Since the traditional dynamic VAM approach faces challenges like deviations
in the pump vibration over time, the synthetic approach emerges as a valuable
enhancement. This new approach enables robust structural health monitoring
in changing environmental conditions and variable loading scenarios. Further
evaluations are required to determine detectable damage types. Is the synthetic
VAM, or VAM in general, capable of detecting damages in larger structures, if
they are not located in the signal path, as indicated in the experiments with
the wind turbine blade? Consequently, the effect of the stiffening elements, like
the shear webs or even stringers, on the modulated signal has to be evaluated
further. Simulations of the wave propagation could improve the optimal sen-
sor placement in these cases but it has to be validated. Only if these aspects
are better understood, the vibro-acoustic modulation will be valuable for the
industries.
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A. Appendix

A.1. VAM literature over the years
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Figure A.1.: Number of publications sorted by the affiliation of the Scopus
search.

Over the years, several VAM publications have been published. In this the-
sis, two databases of VAM literature are compared. The first is a database
of cherry-picked publications, which were found by searching the internet and
cross-references from other papers. Since not all of these documents are pub-
licly accessible, several papers have not been included in the literature review
of the main document. However, from the accessible information, 193 published
documents have been found, which are related to VAM. These cherry-picked doc-
uments are compared to the results of a Scopus search for the variations of the
method’s name. All sources, where “Vibro-acoustic modulation”, “Vibroacoustic
modulation”, “nonlinear wave modulation spectroscopy” or “nonlinear acoustic
modulation” appears in the title, the abstract or the keywords, were collected.
It should be noted, that this analysis was conducted in 12/2023. While the
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Figure A.2.: Number of publications sorted by the authors of the Scopus search.

number of publications was already shown as an accumulation over the years in
Figure 2.5 of the main document, some additional observations will be shown in
the following. In Figure A.1 the results of the Scopus search, which were counted
for the mentioned affiliations and sorted for the authors in Figure A.2. It is ob-
vious, that the team of the University of Krakow, including W. Staszewski, A.
Klepka, and L. Pieczonka have contributed the most publications. Also, the
Stevens Institute of Technology has produced 19 publications.

From the cherry-picked literature sources, the amount of publications is given
for each year in Table A.1. These results are furthermore divided into published
journal articles and other publications. “Other” in this case indicates a publica-
tion in a conference band, a published thesis by the university, book chapters or
other sources. The referenced works are only journal articles.
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Table A.1.: VAM Literature sorted by year

Year Journals Other Journal publications

1998 3 0 [43, 45, 53]
1999 4 0 [44, 64, 208, 209]
2000 2 0 [41, 73]
2001 2 0 [55, 210]
2002 1 0 [60]
2004 2 0 [47, 89]
2006 5 1 [61, 66, 67, 69, 211]
2008 9 1 [68, 74, 85, 122, 212–216]
2009 3 1 [217–219]
2010 4 0 [49, 56, 91, 98]
2012 4 2 [90, 203, 220, 221]
2013 4 2 [145, 222–224]
2014 9 3 [81, 87, 102, 130, 205, 225–228]
2015 4 1 [39, 143, 229, 230]
2016 7 4 [76, 110, 129, 231–234]
2017 9 2 [63, 111, 127, 131, 139, 140, 235–237]
2018 9 8 [57, 82, 105, 119, 128, 137, 238–240]
2019 9 7 [77, 93, 106, 113, 195, 241–244]
2020 9 2 [21, 31, 50, 94, 95, 245–249]
2021 8 2 [9, 51, 78, 83, 96, 97, 133, 250]
2022 17 3 [13, 71, 79, 80, 108, 114–116, 120, 132, 251–256]
2023 18 3 [11, 14, 17, 58, 59, 72, 109, 123, 124, 142]

[152, 257–261]

Sum 142 51

A.2. Lamb waves

Lamb waves, also known as guided waves or plate waves, are a type of mechani-
cal wave that propagates within thin plates or solid structures. Named after the
British mathematician Sir Horace Lamb [262], these waves have unique proper-
ties that make them valuable for various applications in non-destructive testing
(NDT), structural health monitoring (SHM), and materials characterisation.
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A0 S0

Figure A.3.: Particle displacement of the first anti-symmetric Lamb mode A0
(left) and the first symmetric Lamb mode S0 (right). The dashed line represents
the centre of the plate.

Unlike traditional bulk waves, which propagate through the entire volume of a
material, Lamb waves travel along the surfaces or interfaces of a structure. They
are dispersive, meaning that their velocity depends on both frequency and the
material properties of the medium through which they propagate [263].

Lamb waves are characterised by multiple modes, each with distinct phase ve-
locities and dispersion characteristics. The primary Lamb wave modes include
the symmetric Lamb mode (S0), the anti-symmetric Lamb mode (A0), and var-
ious higher-order modes (S1, A1, S2, A2, etc.). These modes exhibit different
behaviours and can be selectively excited and detected based on their frequency
and polarisation [264].

The fundamental A0 and S0 modes correspond to simple flexural/compressive
modes, which are present at every excited frequency. They are visualised in
Figure A.3. After a certain frequency, higher order Lamb wave modes occur,
which are defined by an increased complexity within the displacement and, hence,
also the evaluation.

The propagation behaviour of the Lamb wave modes can be described with their
dispersion curves, where the phase and group velocities are plotted versus the
excitation frequency. They can be expressed by the Rayleigh-Lamb equation
[265]:

tan(qh)
tan(ph) = −4k2pq

(q2 − k2)2 (Symmetric Lamb wave modes) (A.1)

tan(qh)
tan(ph) =

(
q2 − k2)2

−4k2pq
(Anti-symmetric Lamb wave modes) (A.2)

q2 = ω2

cT
2 − k2, p2 = ω2

c2
L

− k2, k = 2π

λ
. (A.3)
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In these equations, k, f and h represent the wave number, frequency and plate
thickness. The velocities of the longitudinal cL and transverse/shear modes cT

are defined by

cL =
√

E(1− v)
ρ(1 + v)(1− 2v) =

√
2µ(1− v)
ρ(1− 2v) , cT =

√
E

2ρ(1 + v) =
√

µ

ρ
, (A.4)

where E denotes the Young’s modulus of the medium (E = 2µ(1 + v)), λ is
the Lamé constant and v is the Poisson’s ratio. Consequently, Lamb waves are
essentially the superposition of transverse and longitudinal modes.

In Figure A.4 (left) the phase velocity for the different wave modes which are
plotted over the frequency-thickness product is shown exemplarily for an alu-
minium plate. The dispersion behaviour in FRPs is more complex and depen-
dent on the fibre directions of the laminate, and due to the different stiffness
of the fibres compared to the matrix material. It can be seen, that the wave
speed highly depends on the thickness or the frequency and the type of mode as
described in equations A.2 and A.1. It can be estimated from this graph, that in
plates with a thickness of up to 10 mm and a carrier frequency of 200 kHz only
the fundamental Lamb wave modes occur.

Due to the differences in wave propagation, the different Lamb wave modes can
be utilised in thin plate-like structures for the damage detection of different
types. Zhang et al. [266] reviewed publications stating, that the S0 mode—as
shear wave—is more sensitive for internal damage, while the A0 mode—as flexual
wave–is sensitively for surface damages.
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Figure A.4.: Theoretical dispersion curves of an aluminium plate.
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For the application of Lamb waves in anisotropic, multi-layered structures like
FRPs, further influences have to be taken into consideration. For example,
depending on the fibre orientation and fibre layup of the structure, there are
directional differences in wave speed, phase and group velocities. Furthermore,
wave skewing, mode-conversions and other phenomenons occur [267].

A.3. Types of signal modulation

In this chapter, the different types of signal modulations which can be present in
the VAM signal are presented. A VAM measurement can be the superposition
of amplitude modulation (AM) and angular modulation, which can be further
divided into frequency modulation (FM) and phase modulation (PM). Let the
signal of the ultrasonic carrier wave be defined as

Xc(t) = Ac · sin(ωct) (A.5)

and the pumping wave introduced by the hydraulic pulsing machine as

Xp(t) = Ap · cos(ωpt + ϕp) (A.6)

with ω = 2πf , the individual frequencies fp ≪ fc and A as amplitude. Then,
an amplitude-modulated signal can be combined to

XAM =
[

1 + Xp(t)
Ac

]
Xc(t)

= [1 + ma cos (ωpt + ϕp)] Ac sin (ωct) .

(A.7)

The amplitude modulation parameter ma = Ap/Ac expresses the ratio from the
amplitudes of the pumping wave to the carrier wave.

In contrast to the AM, both angular modulations are closely related, as shown
in the following equations. A phase modulation between the given signals can
be expressed as:

XPM = Ac sin (ωct + mp cos (ωpt) + ϕp) (A.8)

and the frequency modulation, since Xp(t) is a sinusoidal as:

XFM = Ac sin
(

ωct + mf

ωp
· sin (ωpt) + ϕp

)
. (A.9)
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Here, mp is the phase modulation parameter, and mf is the frequency modu-
lation parameter. When comparing (A.8) and (A.9) it can be concluded that
PM is shifted by π/2 which in addition to multi-path propagation through a
specimen hinders a separation of FM and PM in an angular modulated signal.
Therefore, in this thesis, the angular modulation is treated as pure PM.

A.4. Effect of windowing on the evaluation

To increase the precision of each measurement, the carrier and the sidebands
have to be significantly above the noise floor in the frequency domain F . Noise
in F(Xr) is often a result of spectral leakage due to the FFT algorithm’s as-
sumption that the input signal is ideally repeated over the signal length and its
periodicity from start to end. By measuring an unknown response, this periodic-
ity is violated in many cases. Consequently, a distortion of the FFT occurs where
energy from a given frequency component is spread over adjacent frequency bins
[268]. Hence, the measured steady-state signals were convoluted with a Hanning-
window function to reduce the noise and consequently allow the evaluation of
more sidebands [87, 104, 269, 270]. The Hanning-window has been chosen since
it smoothly converges to zero at both sides and, therefore, eliminates all discon-
tinuities in the periodicity. Other window functions, like the Hamming window,
end above zero and thus have a slight discontinuity in the signal [268].

The effect of a window function is shown in Figure A.5, where the frequency do-
main of a typical VAM measurement is shown. Distinct sidebands (Signal) are
visible around the carrier since the periodicity was ensured in the VAM measure-
ment setup. However, deleting the last value of the measured signal (2,000,000
points) results in a violation of these conditions, which results in severe spec-
tral leakage (Unperiodic). Only the first sideband is visible, while the others
are covered by spectral leakage. Convoluting the “Unperiodic” signal with a
Hanning-window function restores the sidebands. One downside of using win-
dow functions is the reduced carrier and sideband amplitude. To prevent errors,
it is important to compare only signals of the same length which were multiplied
by the same window functions. Prior tests have shown excellent results and
improved comparability if a Hanning window is applied to all signals.
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Figure A.5.: Comparison of the sidebands of a measured signal (Signal), the
same signal without the last value to be unperiodic, and the unperiodic signal
multiplied with a Hanning window function.

A.5. Adhesive bonding evaluation

Stress-strain curves from the mechanical testing of the single-lap shear specimen
are illustrated in Figure A.6, displaying mean values and standard deviations
for both the pristine specimen and the specimen with introduced defects. The
standard deviation of the ultimate shear strength and elongation at break is
typical. The standard deviation for ultimate shear strength and elongation at
break is fairly typical for all adhesively bonded joints, but unexpectedly, it is
highest for the pristine joints concerning shear strength. Since the introduced
defects are centrally located and away from the edges of the bonded joint, the
standard deviations overlap, resulting in only minor decreases in shear strength
and elongation at break. This highlights the challenge of identifying defective
bonded joints, as significant differences are nearly impossible to detect even with
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Figure A.6.: Stress-strain curves of the lap-shear specimen. The mean and
standard deviation of the ultimate shear strength and elongation at break is
marked for each class respectively next to the corresponding axis.
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Figure A.7.: MAE reduces with more sidebands used for the evaluation.

destructive testing methods. Nonetheless, defective bonded specimens are likely
to have a much shorter service life, leading to potentially dramatic consequences,
which are more likely to become apparent during dynamic testing.

In Figure A.7, the decrease of the MAE is shown, if the ANN is trained on more
sidebands of the VAM measurements. s1 in this case indicates, that the input
to the ANN contains the amplitude of the carrier and the amplitudes of the
first sideband to each side. This result is consistent with the evaluation of the
classification, that was presented in the main document.

A.6. Welded steel evaluation

A.6.1. Manufacturing

In Chapter 4.2, the detection of welding defects in welded steel specimens was
shown. Since the specimens originate from another research project [196], the
precise manufacturing will be introduced in the following. The specimens were
manufactured from two S355 structural steel plates with a thickness of 8 mm,
a width of 300 mm and a length of 800 mm. Each plate was prepared for the
welding by creating two chamfers of 45◦. Two plates were mounted to a rig to
assure the positioning and to prevent movement or bending.

The welds were introduced by a welding robot, joining two plates with the di-
mensions of 1×0.4 m2. The process is shielded with a mixture of active and inert
gases consisting of 18 % argon and 82 % carbon dioxide. To create a pristine set
of specimens and additionally defect counterparts, this process was repeated for
a second set of plates. Afterwards, a water-jet cutting machine is used to cut
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Figure A.8.: Manufacturing process of the welded dog-bone specimen (left)
with the welding of two plates and the water-jet cutting to receive the final
specimens (right).

30 equivalent specimens from each joined plate. The manufacturing process and
the specimen dimensions are illustrated in Figure A.8.

The first specimen batch was produced with optimised welding parameters, re-
sulting in an ideal weld.1 During the production of the second batch, defects
were introduced into the weld by altering the parameters.2 These parameters re-
sulted in slightly flatter welds compared to the first batch of the ideal specimens
and, hence, indicates an unacceptably high degree of molten base material with a
deep penetration of the molten zone. The combination led to an excessive mixing
of the base material with the pure material in the electrode. An unfavourable
crystallisation in the root of the weld is occurring, which results in a steep stiff-
ness gradient that could initiate cracks, which reduce the joint strength and the
fatigue life in particular [193]. In addition, the high temperature combined with
the high cooling rate increased the risk of hot cracking [193]. In the text, the
specimens with the altered welding parameters will be referred to as the defect
group due to their inferior tensile and fatigue properties compared to the welded
specimen with ideal parameters. To evaluate the influence of the weld on the
VAM signal, three specimens of the same dimensions were cut from a similar
steel plate and evaluated with VAM. Hence, they are without a weld.

A.6.2. Defect detection

In Figure 4.14, the MI was shown for the different classes, to evaluate if the MI is
sufficient to differentiate between the three classes. As addition to the presented

1frontside: 165 A and 7 mm / s, backside: 200 A and 11 mm / s
2frontside: 165 A and 7 mm / s, backside: 165 A and 7 mm / s
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results, the AM and PM values can be found in Figure A.9, for the comparison
of the three specimen classes. However, the difference between the ideal and the
defect specimens are minimal. However, the mean AM and PM of the specimens
without a weld has a pronounced offset compared to the others. Therefore, no
further information gain is achievable compared to the MI values, and more
sophisticated methods of evaluating the VAM measurements were proposed.
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Figure A.9.: Amplitude modulation (left) and phase modulation (right) of the
VAM measurements at the welded steel specimens, to accompany the MI of the
main document.
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A.7. Synthetic VAM

In this Chapter, additional material from the evaluation of the synthetic VAM
is shown, first for the shown coupon specimens and afterwards for the more
complex structures.

A.7.1. Coupon specimens

In addition to the shown results in the main document, the MI was plotted
for every frequency of the dynamic measurements over the frequency and the
maximal tensile stress of the specimen in Figure A.10. These measurements are
used as reference to compare the following synthetic computation of VAM.

The measured signals of the undamaged specimen (max. stress of 22.2 MPa),
show a severe frequency dependence of the MI. Observable are two areas (196 kHz
& 205.5 kHz), which show a drastically reduced MI in the VAM measurements.
After the first loading steps, the MI over the frequency remains constant, until
the first crack occurs at 54 MPa. This crack results in an increased MI over
the whole frequency range. This increase is only absent in the vicinity of the
resonances, due to the already minimal modulation.

Figure A.10.: MI of the dynamic VAM measurement for all frequencies over
the applied stress. Except for frequencies near resonances, a significant increase
of the MI for all frequencies due to the inter-fibre cracks is occurring.
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Figure A.11.: Synthetic generated signals (left) of a GFRP specimen from
n = 2 (top) and n = 3 (bottom) static measurements for the pristine state
compared to 11 cracks. The envelope of the dynamic VAM is given as a black
line.

In Figure 5.9 of the main document, the synthetic VAM was evaluated for the
frequency of 185 kHz. However, the shown relation of a decrease in amplitude
due to the damage at the lower stress is only observable for that specific carrier
frequencies. The relation between the different stress states for the to damage
states is shown for fc = 209.5 kHz in Figure A.11. At this carrier frequency, the
signal amplitude at each all stress states increases due to the damage, which is
not intuitive from a wave-propagation aspect. However, due to the changes in
the specimen’s eigenmode due to the damage, such a behaviour is also possible.

In Figure A.12 the process of the phase extraction is shown. Since the approxi-
mation results in values between 0−2π, some adjustments have to be performed
to become the representation of the main document. Throughout the frequency
range, several jumps are visible (left). By applying the “unwrap” function from
Numpy, a smooth slope of the phase was created (centre). The occurring down-
ward trend is explainable by the decreasing wavelength of the carrier, the result-
ing change in the wave speed and time of arrival at the second piezoceramic. By
applying a linear baseline correction (right), the differences between both stress
states were highlighted, to improve the interpretability. The comparison of the
baseline-corrected phase to the amplitude of the signal has been given in the
main document in Figure 5.16.
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Figure A.12.: The evaluation of the Phase was possible by deleting the jumps
at 0 and 2π (left). The resulting downward slope of the phase with increasing
frequency (centre) was reduced by a baseline correction (right), to become a
better interpretation of the difference in phase between both shown stress levels.

In the following, four tables present a parameter analysis, where the MI of the
dynamic measurements is compared to the MI by the synthetic VAM, generated
with different numbers of quantisation levels n, sampling frequencies fs, and the
number of points p. The label of each table includes the name of the specimen.
Since a difference between both values is expected due to the process itself,
also a deviation to the expected offset is calculated. The specified percentage
is determined by dividing the deviation by the mean value of the MI of the
frequency range.

Table A.2.: Specimen: GFRP 1
n fs p Averaged difference Deviation

[kSa/s] [dB] [dB] [%]
2 2000 8 2.254± 0.447 0.154 0.73
2 2000 50 2.257± 0.448 0.157 0.74
2 20 8 2.256± 0.449 0.156 0.73
2 20 50 2.257± 0.447 0.157 0.74
3 2000 8 0.988± 0.438 0.138 0.61
3 2000 50 0.990± 0.437 0.140 0.63
3 20 8 0.989± 0.441 0.139 0.62
3 20 50 0.991± 0.436 0.141 0.63
7 2000 8 0.437± 0.439 0.027 0.12
7 2000 50 0.439± 0.437 0.029 0.12
7 20 8 0.438± 0.438 0.028 0.12
7 20 50 0.439± 0.437 0.029 0.13
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Table A.3.: Specimen: GFRP 2
n fs p Averaged difference Deviation

[kSa/s] [dB] [dB] [%]
2 2000 8 2.302± 0.418 0.202 0.97
2 2000 50 2.237± 0.388 0.137 0.66
2 20 8 2.322± 0.488 0.222 1.07
2 20 50 2.326± 0.421 0.226 1.08
3 2000 8 1.027± 0.348 0.177 0.80
3 2000 50 0.964± 0.304 0.114 0.52
3 20 8 1.050± 0.404 0.200 0.90
3 20 50 1.052± 0.336 0.202 0.92
7 2000 8 0.494± 0.314 0.084 0.37
7 2000 50 0.413± 0.288 0.003 0.01
7 20 8 0.507± 0.365 0.097 0.43
7 20 50 0.500± 0.302 0.090 0.40

Table A.4.: Specimen: Aluminum 1
n fs p Averaged difference Deviation

[kSa/s] [dB] [dB] [%]
2 2000 8 1.828± 1.329 −0.272 −1.26
2 2000 50 1.909± 1.142 −0.191 −0.89
2 20 8 2.154± 1.308 0.054 0.25
2 20 50 1.960± 1.088 −0.140 −0.65
3 2000 8 0.630± 1.365 −0.220 −0.96
3 2000 50 0.727± 1.154 −0.123 −0.54
3 20 8 0.955± 1.303 0.105 0.47
3 20 50 0.770± 1.101 −0.080 −0.35
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Table A.5.: Specimen: Aluminum 2
n fs p Averaged difference Deviation

[kSa/s] [dB] [dB] [%]
2 2000 8 1.761± 0.804 −0.339 −1.86
2 2000 50 1.740± 0.805 −0.360 −1.98
2 20 8 1.762± 0.795 −0.338 −1.85
2 20 50 1.752± 0.775 −0.348 −1.91
3 2000 8 0.492± 0.730 −0.358 −1.84
3 2000 50 0.459± 0.708 −0.391 −2.00
3 20 8 0.487± 0.716 −0.363 −1.86
3 20 50 0.462± 0.683 −0.388 −1.99

A.7.2. The effect of Data Reduction

Besides the decoupling of VAM from the actual vibration, the synthetic VAM
offers the possibility of data reduction and the reduced hardware requirements,
which pave the way for the application of low-power sensor nodes. The cable-free
deployment of sensors reduces the costs of such a system, and the ongoing costs
for the monitoring of large structures drastically.

The energy consumption of a sensor node depends on the sampling rate and
length of the measured response and intuitively the complexity of the evaluation
and transmission of the data. Regarding the low-powered chips, especially the
high sampling rate of 0.5− 1 MHz is the most challenging aspect. To overcome
this aspect, first approaches have been published, in which the undersampling
methods have been applied to the dynamic signal. The most relevant work in this
regard, using similar specimens as this thesis, is the work of Oppermann et al.
[97]. The application of the STFT algorithm on VAM measurements allowed for
the reduction of measured points by 99.8 %. The increase in modulation could
be reconstructed with an average error of ∆MI = 0.1668 dB compared to the tra-
ditional evaluation. Despite the undersampled data residing at 0.2 %, still 1600
points are obtained during the period of 2 s, in which a constant amplitude and
frequency of the ambient vibration are essential. While the constant vibration
over a time of 2 s is suitable for laboratory applications, it is not likely in most
industrial structures.
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The synthetic VAM, on the other hand, requires even fewer data points. In
the described experiment with a pumping frequency of fp = 5 Hz and a carrier
frequency of fc = 200 kHz, 3−8 measured points of two stress levels are required
for a precise reconstruction of the dynamic VAM. The resulting error for the
presented GFRP specimen of this minimal number of points results in 0.202 dB
over all frequencies and damage states and −0.339 dB for aluminium. In contrast
to the dynamic VAM, where at least 0.2 s have to be acquired at 500 kSa/s which
results in 100 000 data points per measurement, a reduction of measured data
points of 99.984 % is feasible.

Moreover, the STFT algorithm or basic upsampling methods can be applied to
the static measurements of the carrier fc. This makes it possible to obtain the
necessary information about each stress level from carrier signals that are sam-
pled significantly below the carrier frequency fc = 200 kHz. To demonstrate this
potential, the original static data for the synthetic VAM was downsampled by
a factor of 100 by extracting every 100th point of the original signal, resulting
in a sampling rate of fs = 20 kSa/s. From these downsampled signals, eight
consecutive points were used to reconstruct the carrier frequency at each stress
level and afterwards combined into a synthetic VAM signal. The fitting process
was already used to elongate the signals of each stress level, so no additional
modifications to the synthetic VAM were required. The downsampling barely
affects the error of this method, which remains below 0.23 dB for the GFRP
specimens and 0.34 dB for the aluminium specimens from two stress levels. Con-
sequently, there is potential to further reduce the required sampling rate or
number of points. Hardware requirements become minimal and achievable even
in combination with energy harvesting and wireless data transmission. However,
a base station is required to aggregate all the measurements and to compute and
evaluate the synthetic signals.

A.7.3. Wind-turbine blade

The tested specimen from the wing of a wind turbine was chosen to evalu-
ate, if impact damages are detectable with VAM and if the synthetic VAM
method is working on this larger structure as well. The dynamic load for the
pump vibration of VAM was introduced with a hydraulic testing machine. The
load, which was introduced into the frontal surface of the structures was set to
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Figure A.13.: Frontside and backside around the introduced impact damage.
The scale of both sides is equal, and the delaminations from the impact can be
seen on the backside.

Fp = 1.5− 15 kN to mimic the in-service loads. The carrier was introduced and
measured with piezoceramics of two diameters (10 & 20 mm).

After an initial VAM measurement (index 0) the first impact was introduced
at location 1, by a moderate tap with a hammer on a steel ball (d = 15 mm).
After the impulse, a VAM measurement has been performed. In five following
subsequent impacts to the same location, the impact energy was subsequently
increased. Before the seventh measurement, the energy was increased by using
a hammer with a weight of 1 kg. The eighth impact was conducted by using a
steel structure of 10 kg wight.

At the tested structure of the wind turbine blade, the carrier vibration was intro-
duced with two piezoceramics of different diameters. The results of the 10x2 mm

Figure A.14.: MI over the subsequent introduced impact damages for the ex-
citation with the 20 mm piezoceramic.
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piezoceramic actuator have already been presented in the main document. The
MI over the measurements acquired with a 20 x 2 mm piezoceramic is shown in
Figure A.14. Here, the trend observed before is not clearly visible. At the
forward-facing 10 mm piezoceramic, an increase between the first and final test
is observable. However, the measurements in between also result in a decrease
of modulation.

A.7.4. Synthetic VAM at the composite cuboid

In Figure A.15 the measured amplitude of elongation of the VAM measurements
over the lifetime is shown as the area between the minimum and maximum value
(Dyn.). It is evident, that especially near the end of the experiment, the ampli-
tude (and consequently the stress of the vibration) is drastically reduced, which
affects the VAM evaluation and hinders the detection of the occurring damages.
With the synthetic VAM, the choice of a constant amplitude for the VAM eval-
uation has been tested. An amplitude of 0.15 % elongation was selected. The
minimal stress level was chosen by the minimal occurring stress in the VAM
measurements (multiplied by 0.05) to prevent errors in the evaluation.

In Figure A.16 all four sides of the specimen are shown after the specimen was
extracted from the testing machine. Visible in an angle of ±45◦, is the fibre
buckling. However, since the temperature chamber has been closed around the
structure, the precise damage evaluation is not possible to reconstruct. In Chap-
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Figure A.15.: Comparison of the elongation, that was occurring during the
dynamic VAM measurement (Dyn.) and the chosen amplitude of 0.15 of the
synthetic measurement (Syn.), where the amplitude and phase were extracted
from the dynamic VAM measurements, at the points in time, where the elonga-
tion passed the defined stress level.
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ter 5.6.2, it was tried to reconstruct the damage mechanisms from the sensor data
of the elongation and the VAM measurements.

Figure A.16.: All four sides of the cuboid after the testing. A severe fibre-
buckling is visible, which runs around the structure, due to the combination of
compression and torsion.
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A.8. Integration of VAM into existing monitoring
applications

In chapter 5, the synthetic VAM was proposed for the application of VAM in
SHM applications. To complement the SHM integration, the potential of VAM
and the relevance to progress VAM research outside the laboratory and onto in-
dustrial applications is underlined in this chapter. However, installing actuators
for the pump and the carrier vibration and the sensor nodes for the actual VAM
measurement results in high costs. In Chapter 5.4 the actuators for the pump
vibration were replaced by utilising the ambient vibrations with the synthetic
VAM approach. However, the excitation of the carrier vibration and the mea-
surements of the resulting signal require installing the relevant equipment into
the structure.

For a comprehensive study of the VAM method, this chapter is focused on the
actual sensing of VAM. As known from the literature and indicated in Chap-
ter 5.6.2, damage localisation with VAM is possible by comparing the modula-
tions of several sensors at multiple locations. Therefore, the sensor where the MI
increases the most should be closest to the damage. However, the method does
not have the “technology readiness” level to replace the current best practices for
damage detection and localisation. Hence, the application of VAM should—in
the first stage—be an addition to the already implemented SHM systems, like
acoustic emissions or other guided wave approaches.

To decrease the additional costs for the integration of VAM into the systems,
the sensing of VAM with an acoustic emissions sensor has been tested in a
test setup similar to the one presented in Chapter 5.4. The [0,904]s cross-ply
laminate with a thickness of 3 mm and dimensions of 30 x 260 mm has been tested
by consecutively increasing the maximal load. As before, the carrier frequency is
introduced by the 2 x 10 mm piezoceramic disks on the upper side of the specimen
in a frequency range of fc = 185 − 215 kHz, as shown in Figure A.17 (left). As
visible on the lower half of the specimen, a second piezoceramic is applied to
measure the occurring signal modulation. On the opposing side of the monitoring
piezoceramic, a commonly used acoustic emissions sensor (Physical Acoustics
R15a) is installed. This procedure allows for comparing both sensors as they
acquire the vibrations at the same location but on opposing sides, which should
result in comparable measurements. In Figure A.17 (right), the MI evolution
from the pristine state to a damaged state with 13 severe inter-fibre cracks
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Figure A.17.: Picture of the tested specimen in a pristine state (left) shown
from the front and the side. Both receiving piezoceramics have been attached by
double-sided tape on opposing sides. After loading with 77 MPa, several cracks
were initiated (backside view), which resulted in a significant increase of the MI
in most frequencies (right).

is shown for the measured frequency range. A significant increase in MI can
be seen for most frequencies. Furthermore, the measured MI of the acoustic
emissions sensor closely matches the MI measured with the piezoceramics applied
to measure VAM in this thesis. The resemblance between both reviving sensors
is shown in Figure A.18. The MI is plotted over the maximal applied stress (left)
and the resulting number of inter-fibre fractures at the individual damage state
(right). These results again highlight the nearly linear increase in MI with each
inter-fibre crack in these coupon specimens, even if the cracks penetrate only
half the width.

Based on this ideal resemblance, the receiving piezoceramics of this thesis could
be replaced by most piezoceramic sensors used to measure acoustic emissions and
which are already attached to the structure for other purposes. Consequently,
only the software of these existing systems has to be adapted to filter out the
carrier vibrations used for VAM. However, since the VAM measurements can
be performed in a regular pattern, this filtering process is a trivial adaptation
in most cases. It enables the integration of VAM into many commercial SHM
systems with only minimal effort. The resulting system could combine e.g. the
passive acoustic emissions recording of emitted energy caused by ruptures of the
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Figure A.18.: Comparison of the MI measured with an acoustic emissions
sensor and the usual 2x10 mm disk actuator. Both sensors show the same quan-
titative result with minimal divergence between the absolute signal strength and
MI.

material with the active VAM method that can evaluate the structural integrity
at any point in time.
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