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Abstract

There is much active research in the area of structural health monitoring (SHM) of lightweight
structures to detect small levels of damage. The SHM system should be ideally low-cost,
suitable for continuous monitoring, and able to detect minute damage in varying ambient
conditions. The ability of the electromechanical impedance method (EMI) to detect damage
in potentially dangerous situations has been demonstrated. Additionally, it is inexpensive
due to the use of a bonded lightweight piezoelectric transducer (PZT). Furthermore, due to
their high operational frequency, they are immune to ambient noise. The EMI technique
is employed for damage detection and classification in lightweight structures due to its
sensitivity to the low scale of damage. However, creating a data processing method that is
sensitive to even superficial damage is a challenging task.

This thesis focuses on enhancing the performance of damage assessment for metal and
composite structures to sophisticated 3D printed structures for a variety of damage instances
utilizing various data fusion techniques. Firstly, the data-fusion based series and parallel
combinations of sensors were studied and compared in the damaged steel beam structure
with a variation of the environment temperature. The parallel connection has shown an
advantage over individual and series piezo connections in varying temperature environment
conditions while reducing the damage detection measurement time. Secondly, the thesis
presented a novel fused parameter (F) focusing on damage quantification and classification in
metal or composite structures based on the sensor’s resistance (R) and conductance (G) data
in a chosen frequency band. The new signature under different damage conditions is then
quantified using established indices such as the root mean square deviation index (RMSD),
mean absolute percentage deviation, etc. Further, an integrated approach of a common healthy
baseline is used for damage detection and classification in the EMI technique. The principal
component analysis (PCA) is carried out for sensor network data and the corresponding
damage index is calculated to study the information of piezoelectric transducer’s impedance
(1ZI), admittance (IY1), R, and G data in the frequency domain. A new optimized data fusion
approach is proposed which was realized at the sensor level using the PCA as well as at the
variable level using self-organizing maps (SOMs). In the process, a centralized data-fused

baseline eigenvector is prepared from a healthy structure, and the damage responses are
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projected on this baseline model. The statistical, data-driven damage matrices are calculated
and compared with the RMSD index and used in a fusion-based data classification using
SOM. The SOM comparative studies are performed using the Q-statistics (Q index) and
Hotelling’s 72 statistic (72 index). The proposed methodology is tested and validated for
an aluminum plate with multiple drilled holes of varying sizes and locations. The method
demonstrates a significant increase in damage sensitivity for hole location and hole size
regardless of the frequency range used. Thirdly, this thesis implements localization using a
modified probability weight function.

The comparative damage imaging method is applied to the composite plate with impact
damage for G and R based fused signature, direct-coupled mechanical impedance (DCMI)
signature, and normalized G signature. The approach is further extended to detect multi-
damages simultaneously using the network of sensors and used for damage localization in
the acrylonitrile butadiene styrene (ABS) plate. The results show that indeed the proposed
algorithm works and improves the damage localization using the EMI technique. Further,
a database of the damage indices for numerous damage situations is created using this
analytical methodology. Based on several fits, an analytical model is created for the inverse
technique’s association of distance and angle with the damage index (linear and exponential).
The damage scenario with the lowest mean error in the damage indices is determined by
comparing the measured damage indices from the structure with this database. But the
daunting task in the EMI method is the selection of robust frequency ranges. Finally, in
order to solve this issue, an innovative standard deviation approach is used for the selection
of effective frequency ranges. The novel nature of frequency range selection is based on
the difference between healthy and damaged state data. Further, a data fusion technique is
introduced for damage detection and classification using analytical and experimental data
in this effective frequency range. A combined C-index based statistical data-driven damage
matrices are calculated in this frequency for four samples made of metal and composite with
different damage scenarios to demonstrate the applicability of the method. The method looks
suitable for identifying the damage location and damage severity simultaneously and is more

effective for the less severe damage cases.
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Chapter 1

Introduction

1.1 Motivation

Civil, aerospace, and mechanical engineering structures need inspection for the assessment
of their integrity for life safety and cost effectiveness. Many organizations and independent
research groups have developed new approaches for full-scale performance assessment and
cognitive interpretation of structures, known as structural health monitoring (SHM), to meet
the practical needs for the safety condition management of infrastructure. Basically, SHM
denotes the process of acquisition, validation and interpretation of a set of data, collected
from the structure at different times to facilitate lifespan risk-management decisions [1].
SHM allows shifting the organization of structural health management from periodically
scheduled, time-based maintenance to condition-based maintenance that reduces the cost of
maintenance and service downtime. By averting unexpected catastrophic system failures like
the fuselage separation that occurred on Aloha Airlines in 1988 [2, 3]. SHM procedures have
a tremendous potential to increase life safety by avoiding the sudden tragic collapse of the
National Bridge I-35W over the Mississippi River in Minneapolis at the time a total of 111
vehicles were on the collapsed portion in 2007 [4].

Damage is a local phenomena that has an impact on the structure’s overall health. Thus,
local monitoring is preferred but not always feasible. Therefore, local and global SHM
approaches are two key categories of structural health investigation. The test structure is
subjected to externally generated, ambient or harmonic or impulse-based low frequency
stimulation, and the global SHM approach due to the static deflection or vibration responses
in the form of displacement, velocity, and accelerations at predetermined sites along the
structure. Based on the vibration data, the first few natural frequencies may not be sensitive
to minor structural damage because the global vibration’s wavelength is greater than that of

early damage or small cracks [5].
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The local damage detection techniques analyse features of structural responses corre-
sponding to a specific portion of the whole structure. Many typical local detection techniques
such as ultrasonic techniques has been developed based on acoustic waves [6, 7]. A typ-
ical drawback of local approaches is the necessity of physically moving probes, fixtures,
and other equipment throughout the complex structure in order to record data [8]. SHM
deals with continuous monitoring, assessment and can be put in service for establishing
a satisfactory performance level of structural system. These techniques are successfully
used in the industry to detect local flaws in structural components [9]. The SHM based on
wave propagation has received a lot of interest recently. The Lamb wave inspection, which
primarily analyzes the symmetric and antisymmetric modes of the 0/ order (below 0.5 MHz),
is now the most used damage detection technique based on guided (between two boundaries
of a plate) ultrasonic waves. By looking into Lamb wave attenuation, reflection and mode
conversions, structural flaws are found. The number of modes greatly depends on the fre-
quency range and increases with an increase in the frequency range. The main drawback
of these methods, when compared to EMI, is the expensive equipment when operating at
high excitation frequencies due to the higher specification requirements of both the actuating
and sensing hardware. Operating at such frequencies also entails difficult and extensive data
interpretation due to the dispersive nature of guided waves [10]. To reduce the complexities
associated with the multi-modal nature of Lamb wave propagation, commonly used guided
wave is the shear-horizontal (SH) wave and Rayleigh wave [9, 11]. In contrast to the EMI
technique, which uses PZT patches that have the dual function of acting as both actuators
and sensors, this method uses PZT patches as actuator-sensor pairs [12]. This requires the
wave to propagate for a certain distance within the structure before a proper convergence
of the elastic wave modes is ensured [13]. This distance is recommended to be around 12
times the wavelength of the excited wave [14, 15]. However, this necessitates the availability
of the wave guide along this distance in the vicinity of the expected damage region, which
limits the possibility of GW usage in small-sized components. Additionally, increased signal
complexity is attributed to the small dimensions of wave guides due to the superposition of
the wave modes with their boundary reflections [13]. Further, it has been discovered that
damage sensitivity of GW declines with the propagation distance and sensor spacing [8].
Strain-based SHM employing fiber optic sensors is also one of the promising techniques
for SHM currently accessible. These strain sensors can be incorporated into the material
throughout the production without being intrusive or impairing the system’s function. In this
method, the local strain caused by the deformation due to numerous damage types results

in changes in the recorded strains. These sensors will transmit different wavelengths based
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on deformation and are applied along curves or even vast areas place as a sensor grid [16].
However, they suffer from the drawback of requiring high sensor densities on the structure.

In general, incipient structural damage can be quickly repaired. Therefore, a critical issue
among the studies on SHM is the ability to detect minor structural damage at an early stage to
prevent progressive structural degradation and potential failure. The researchers are looking
for a low cost health monitoring system which is able to detect small levels of damage in
light weight structures to prevent failures. Due to its potential to lower maintenance costs and
extend product lifetime, EMI based SHM is an area of ongoing research. The EMI approach
is frequently studied for airplanes, wind turbine blades, and civil constructions to detect
delamination, adhesive bond faults, cracks, and other types of damages [17, 18]. The Fig.
1.1 shows the different important aerospace, mechanical (e.g. wind turbine [19]) and civil
structure (e.g. crack in bridge [20]) which can have incipient and minor structural damage
critical to the structure. The electrical impedance signature in the frequency domain serves
as the primary indicator of structural health in EMI-based SHM approaches.

Fig. 1.1 Different type of the structures with possible incipient and minor structural damage
a) aeroplane, b) wind turbine, and c¢) crack in bridge.

1.2 Literature review of EMI

EMI technique-based damage detection has been established for more than two decades. EMI
method works in the high-frequency range and due to mechanical coupling, the electrical
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response contains information about the mechanical condition of the structure. The damage
evaluation approaches based on the impedance signatures by one statistical damage indicator
still have limits in damage quantification and localization. A schematic diagram of the
EMI-based SHM process is given in Fig. 1.2. This section provides a comprehensive review

of the exciting research using the PZT-based electromechanical impedance technique (EMI).

Impedance analyser

P Result
Data acquisition Signal processing

I QL‘ ®

i . Damage

localization

Fig. 1.2 Schematic diagram of the EMI based SHM.

1.2.1 Piezoelectricity and Piezoelectric Materials in SHM

The core tenet of the EMI approach is to use a PZT transducer to trigger structure vibration
and to detect changes in host structure physical characteristics in a local area based on
the transducer’s EMI response. As a result, surface-bonded PZT transducers serve as both
an actuator and a sensor at the same time. Eqs. 1.1 and 1.2 describe the fundamental
relationships for piezoelectric materials in small field conditions.

D;=&eLE;+dl T, (1.1)
Sk = dGEj+ 55, T (1.2)

where, D is the electric displacement vector, S is the second order strain tensor, E is the
applied external electric field vector, T is the stress tensor, €T is the second order dielectric
permittivity tensor under constant stress, d¢ and d is the third order piezoelectric strain

coefficient tensors and s” is the fourth order elastic compliance tensor under constant electric
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Fig. 1.3 Piezoelectric material response under different application.

field. Direct and converse piezoelectric effects are denoted by the superscripts "d" and "c"
respectively.

The piezoelectric strain coefficient d;?k defines mechanical strain per unit electric field
under zero mechanical stress, didm defines electrical displacement per unit stress under zero
electric field, the first subscript denotes the direction of the electric field, and the second one
the direction of the associated mechanical strain [21]. Eq. 1.1 given above is utilized for
sensor-based applications and describes the direct effect, or stress-induced electrical charges.
The Eq. 1.2 depicts the converse effect, which is mechanical strains caused by an electric

field and employed in actuator applications given in Fig. 1.3.

1.2.2 EMI principle

Fig. 1.4 illustrates a 1-D analytical model of the electro-mechanical connection between the
structure and PZT to help comprehend the EMI technique proposed by Liang et al. [22, 23].

To comprehend the interaction between the PZT and the structure, Zhou et al. expanded
Liang’s electromechanical model to a 2-D PZT-structure model. The author used direct
mechanical impedance and cross-impedance for the host structure to demonstrate the forces
and their corresponding in-plane velocities [24]. Additionally, using a 2-D analytical model,
Giurgiutiu and Zagrai studied the PZT transducer and impedance responses under various
boundary circumstances [25]. In the subsequent development of the EMI approach, Bhalla
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Fig. 1.4 Schematic measurement of mechanical impedance of structure using EMI method.
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Fig. 1.5 Impedance plot of 10 mm diameter PZT of various thickness using EMI method.

and Soh exhibited the effective impedance in place of the mechanical impedance, which
was directly restrained at the endpoints of the PZT patch [26]. The experimental studies
on concrete structures, as used by Bhalla and Soh, were used to confirm the accuracy of
the suggested modeling [27]. The two-dimensional (2-D) model was expanded to a three-
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Fig. 1.6 Impedance plot of 0.5 mm thick PZT of various diameter (D) using EMI method.

dimensional (3-D) model by Annamdas and Soh in 2007. The host structure’s impedance
in the model is determined by adding the directional impedances acting on the PZT struc-
ture [28]. Using symmetry in the X and Y directions, the authors created a 3-D FEM of the
host structure, PZT patch, and bonding layer in ANSYS to compute the EMI responses using
only one quadrant of the structure. The voltage (V) applied to the bonded PZT divided by
the electric current (I) flowing through it is the electrical impedance (Z(®)) of the PZT and is
given by Eq. 1.3 [29].

Vv 1 h 2d3? 1
Z(a)):7:_—_2p2[1—_E_T 0 [1-

D s

where, ¢ = %a, = W, st =t (1—jn), e, = eL(1 - j§), Jo and J;
are zero and first order Bessel function of first kind respectively, Z, is the short-circuited
mechanical impedance of piezoelectric transducer (actuator), Z; is the mechanical impedance
of structure, A, - thickness of piezoelectric transducer, a- radius of transducer, p - density,
sﬁ is compliance coefficient , d3; is the piezoelectric coefficient of transducer for direction

3-1 (electric field applied in direction 3, strains in direction 1), j complex symbol, €33 is the
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complex permittivity of piezoelectric transducer for direction 33, 7 is the mechanical loss
factor and 6 is dielectric loss factor.
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Fig. 1.7 Impedance of various structural response of PZT using EMI method.

Fig. 1.5 and Fig. 1.6 depict a comparative study of free SONOX P502 PZTs based on
increasing thickness and diameter respectively. As the thickness increases, the impedance of
the PZT is increasing, and resonance maxima occur for T-1.5 mm thick PZT. According to
the study, early maxima occur for large size (D-30 mm) PZT between 1 kHz and 1 MHz in
IZI plot. The smallest size PZT of 10 mm diameter and thickness of 0.5 mm is chosen to give
the least amount of weight and space addition in the lightweight structural investigation with
minimum alteration mechanical properties like impedance etc. at a higher frequency. Fig.
1.7 shows the structural conditions in form of electrical measurements using the impedance
of signals. The |ZI plot shows the response for the free, healthy, and damaged conditions of
the structure. When the free sensors bonded to a healthy structure, there is a sharp drop in
the |ZI resonance peak of the free actuator. Further, In damaged structures, an anomaly was
detected in electrical response with respect to healthy structural response.

Different methods for acquiring information were used in the most recent development of
the EMI technique. This results in the daunting task of developing a data processing method

sensitive to minor degrees of degradation. The most recent state-of-the-art of data processing
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algorithm based on EMI damage detection methods fall into two categories: data-driven EMI
techniques and physics-based EMI techniques. These techniques’ benefits and drawbacks
are described below.

1.2.3 Physics based SHM using EMI

Damage identification is treated as an inverse model update problem based on optimization
theory in physics-based EMI approaches. The host structure’s mechanical characteristics
can directly affect one or more impedance responses. The mechanism between variations in
impedance response and structural damages can be well understood using EMI approaches
based on physics. The changes in the impedance response are directly related to one or
more mechanical properties of the host structure. Gadomski et al. investigated the electrical
resistance of bending beam-shape specimens under static and periodically varied loads and
discovered that measuring electrical resistance change provides more information about the
destruction of a CFRP structure than measuring the stiffness of the laminate [30]. Several
physics-based EMI damage diagnosis techniques have been researched in the past ten years,
taking advantage of precise numerical modeling for PZT-structure interaction. To forecast
the impedance output of a PZT transducer, Fairweather and Craig created an analytical
model incorporating the finite element approach. The advantages of anisotropic material and
non-uniform boundary conditions were utilized in the FEM modeling [31]. For the purpose
of identifying damage, Naidu et al. used indicators of mode shape vectors and the nature of
frequency shifts. From the numerical simulation of a 2-D FEM of the intact structure, the
frequency shifts pattern has been used to identify damage at various locations, and the mode
shape corresponding to the damaged structure is then identified by looking for the similar
frequency shifts signatures with a Bayesian network model [32, 33]. The magnitude and
location of the stiffness change in the host structure are estimated using differences between
the simulated and measured impedance signatures developed by Xia et al. [34]. For the
smaller aluminum beam and plate, Yang et al. developed the impedance-based 2-D generic
model for the damage diagnosis technique. The interaction between the host structure and
the PZT patch resulted in a slight shift of the peaks from the natural frequencies, which
suggests that the small-size PZT patch can be permanently bonded to the structure for on-line
health monitoring without significantly altering its mechanical properties [35]. Damage was
represented by Xu et al. as a decrease in the structural material’s Young’s modulus. Peak
frequencies of the calculated impedance responses would match the measured impedance data
for the highly reliable structural damage parameters quite well [36]. For several finite element
simulations, Yang et al. explored a free PZT patch and PZT-structure interaction for an
L-shaped aluminum beam while considering the bonding layer and temperature variation into
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consideration. PZT patches with thick bonding thickness and high stimulation frequencies
should be avoided, especially at high temperatures [37]. Based on a precise numerical
simulation performed with ANSYS, Zhang et al. produced a quantitative simulation of the
impedance response of a Timoshenko beam with a crack. The findings demonstrated that
the frequency range of the impedance signature had an impact on the precision of damage
identification [38]. In order to increase the precision of impedance response predictions over
a wide frequency range (0 kHz-1 MHz), Lim and Soh adopted a hysteretic damping model in
place of the traditional Rayleigh damping model [39]. In both 1-D and 2-D analytical models,
Lim et al. conducted the parametric research for the single PZT patch under free vibrations.
According to the study, PZT mechanical characteristics have a greater impact than PZT
electrical properties [40]. The association between the variations in impedance signatures
and the changes in structural characteristics of the host system needs to be correlated using
analytical models based on information about the location and severity of structural damage.
By ranking the relative similarity and utilizing a Bayesian inference strategy in the EMI
damage detection method for the beam structures, Shuai et al. established the finite element
model (FEM) [41].

A pre-screening EMI technique employing statistical calibration and a surrogate model
was proposed by Ezzat et al. [42]. A Gaussian process surrogate model, which was utilized
to depict the relationship between the specific structural attribute and the impedance vari-
ations, was then used in the statistical calibration method. The best agreement between
the final calibrated model and the measured physical values is then produced by using a
number of pairs of damages with varying severity and locations. Effective structural me-
chanical impedance was employed by Ai et al. to identify damage in reinforced concrete
(RC). For the purpose of detecting damage, they compare the efficacy of electromechanical
admittance, structural mechanical impedance, and effective structural mechanical impedance
signature [43]. Recently, Zhu et al. suggested a thorough active monitoring strategy that
uses a modified electromechanical impedance analytical model to directly couple mechanical
impedance-based signature extraction. They located and measured the degree of disbond
inside the structures using the RMSD index [44, 29]. Using the analytical approach, it is a
daunting task to create an accurate simulation of impedance for complex geometries such as
hollow objects or those with slots. Finite element methods have been used to analyze the
impact of structural damage based on the development of FEM for the EMI methodology. For
more accurate simulation results of complicated geometry and material properties, employ
the FEM approach. The fact that the FEM requires a fine mesh size that is smaller than
the wavelength involved is one of its most notable disadvantages. The finite element model

needs a lot of elements in order to accurately anticipate EMI responses, which comes at
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a significant computational cost for the numerical simulation. Studies using the spectral
element technique (SEM) to solve the high frequency EMI problem have drawn a lot of
attention since they can increase computing efficiency. For instance, Albakri and Tarazaga
presented an EMI technique based on SEM for characterizing structural deterioration in an
aluminum beam. The created method relies on the length-varying spectral elements to reduce
the element count with minimal computational expense [45]. By integrating the gradient
descent approach with the sine-fit localization method, the necessary objective functions
were minimized to estimate the crack’s location and width. In similar way, Esteban et al.
developed the SEM incorporated with the existing 1D analytical model (Liang et al.) to
evaluate the sensing region of the EMI of a PZT transducer [46]. Ritdumrongkul et al. also
used a modified SEM model based on the active restricted layer SEM model to simulate bolt
joint connections. This technology has a significant potential for quantitatively monitoring
structural damage since the loosening of bolts may be quantified as a change in stiffness
and damping at the bolted connection [47]. Fiborek et al. carried out time-domain SEM
for the broad frequency range of up to 5 MHz. The piezoelectric transducer attached to the
two different types of composite plates has simulated R and G EMI spectra that are in good
agreement with experimental results [48].

It is straightforward to achieve the repeatability of monitoring results in the structure
by using an EMI response that is physics-based. Physics-based approaches are constrained
by the shortcomings of many modeling strategies, such as a few FEM techniques based on
PZT-structure interaction and SEM modeling in the high frequency range. Furthermore,
using physics-based modeling strategies for things with complex geometries is difficult. The
accuracy of simulation using finite element modeling with high computing efficiency is a
significant hurdle since the scales of predictable damage and the accuracy of results are
strongly dependent on the mesh size [49]. The sensitivity-based EMI technique’s damage
identification method modifies the numerical model’s physical parameters across a number
of iterations. Numerous unknowns are also introduced utilizing different aspects with the
goal of finding structural degradation. The various meta-modeling approaches, such as
machine learning networks, still require in-depth discussion and comparison. In addition,
resolving the sensitivity-based inverse identification problem is the foundation of all current
fundamental EMI techniques based on physics. Investigations should be done on the topic
of sensitivity matrix derivation for complicated structures. Future research on simplified,
effective, but accurate numerical modeling techniques for complicated 3-D structures or
effective algorithms for handling highly uncertain, inadequately stated inverse identification
problems may be the key themes of physics-based EMI technologies. The beam structure is
the only successful application in this field [50].



1.2 Literature review of EMI 12

1.2.4 Data driven SHM using EMI

The development of a data-driven methodology to precisely locate and assess the severity of
structural flaws is an emerging area of research [51]. To increase the functionality of these
approaches and the use of impedance signatures, traditional machine learning approaches,
new deep learning approaches, and other pattern recognition algorithms are integrated with
EMI. A data-driven based approach is more suitable than a model-based approach when
mathematical modeling of the system is not of interest [52]. For the current data-driven based
EMI methods, quantification of the difference between the baseline and measured impedance
signatures is the key to deciding whether the damage occurs in the engineering structures.
The typical data-driven based EMI methods for SHM are detailed reviewed and discussed in

this section.

Statistical damage index methods

Based on a comparison of the healthy and damaged spectrum, this method employs mea-
surements to identify the damage. The most popular damage studies, which compare the
healthy and damage spectrums, are based on correlation coefficient (CC), mean absolute
percentage deviation (MAPD), and root mean square deviation (RMSD). RMSD statisti-
cal damage detection indices in EMI techniques proposed by Giurgiutiu and Rogers. Eq.
1.4 is used to quantify damage with respect to a healthy state of the structure in the EMI
techniques [53, 54].

Y (Di—DY)?
RMSD= |———— (1.4)
(D7)?
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1

Other statistical damage indicators, such as MAPD, COV and CC, have been developed
and given by Eq. 1.5, Eq. 1.6 and Eq. 1.7 [49, 55, 21]. Based on study, RMSD is the most

sensitive for spotting newly occurring damage [56].

MAPD = 100/n x i\(Di—D?)/(D?ﬂ (1.5)
i=1
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where symbol n is used for number of frequency spectrum samples, D; is the damage state
data at the i frequency. D¢ is the healthy state data of single sample of the spectrum for
(i) frequency. 6 and o are the corresponding standard deviations of healthy and damage
signature.

Recently, these statistical damage indices have also been used to quantify damage to
various engineering components and structures by setting thresholds [57—-60]. The authors
evaluated damages including concrete crack damage, propagating fractures in aluminum
beams and freezing-thawing. These damage indices’ main flaw has been their inability to
accurately locate structural damage or measure its severity without the aid of a numerical
model or previously calibrated experimental data [61-63]. There is a wide range of infor-
mation to be extracted from impedance response data to indicate the difference between
damage nearer to the PZT sensor and structural damage with high severity [64]. Addition-
ally, it is challenging to differentiate between changes in impedance patterns brought on by
actual defects and other environmental changes [64, 65]. The EMI signature of the various
frequency intervals was used to calculate a chessboard distance measure to determine the
degree of damage under various temperature settings. The airplane wing segment severed
from its trailing edge was the one taken into consideration as a structural component [66]. It
might not be enough to simply summarize the impedance signature using a single damage
indicator. It is necessary to look at how the noise in the measured impedance signals and
the quantity of available frequency shifts affect the effectiveness of the suggested damage
diagnosis approach [63, 67].

Machine learning methods

Numerous data processing and pattern recognition techniques have been implemented to
improve the effectiveness of EMI approaches to detect damage. Artificial Neural Networks
(ANN) are one of the most advanced machine learning techniques. Nazarko et al. used
ANN for novelty detection and damage size estimation of notched strip specimens made
of various materials (aluminium, steel, Plexiglas) [68]. Fekrmandi et al. developed the
ANN-based EMI technique employing the Square of Differences (SSD) indicator between
impedance responses for network training [69]. Using the EMI approach, Na and Lee used
Probabilistic Neural Networks (PNN) to identify damage in composite structures. For damage
prediction, the training data employed RMSD damage index values from split sections of the
structure calculated from the PZT transducers bonded at various positions [70]. Using the
PNN approach and a condensed version of the fuzzy ARTMAP Network, De Oliveira and
Inman analyzed the impedance response for the identification of loosening bolts at various

phases. The suggested ARTMAP network may deliver an accurate identification result and
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greatly reduce training time, according to performance comparisons using the same training
input of the Euclidean distance [71]. Djemana et al. employed an extreme learning-based
machine learning method to locate the damage using an EMI approach simulation model
for both short and long beams. In order to train and evaluate the model, they used data in
the frequency ranges of 10-50 kHz and 60-70 kHz [72]. Meher et al. used a single hidden
layer backpropagation ANN to identify damaged features in a metallic bolted structure and
identify loose bolts. The RMSD and CC of damage G with respect to the G in the healthy
condition are used to derive damage features [73].

The use of principal component analysis (PCA) for damage detection and classification
is receiving attention as well. Using impedance data and a PCA model, Park et al. were
able to locate all loose bolts in the wireless SHM’s bolted aluminum plate construction.
They employed an on-board active sensor system made up of macro-fiber composite sensors
and impedance measurement chips (AD5933) [74]. Quin et al. employed PCA-based Q
statistics and 72 statistics to diagnose and locate faults in the manufacturing process of
the polyester film [75]. To find and distinguish damages in steel plate and turbine blade
structures, Mujica investigated various statistical methods. For the first two projections to
examine the Q-statistic and T2-statistic indices, data from sets of experiments for undamaged

and damaged scenarios are projected into the PCA model [76].

Deep learning method

Convolutional neural networks (CNNs), which are based on deep learning, have recently
been investigated for pattern recognition and classification. For the accuracy of damage
prediction in deep learning networks-based EMI approaches, a huge collection of different
training examples is needed. De Oliveira et al. successfully identified four different structural
situations encompassing three different damage categories in order to increase the damage
detection accuracy of the EMI based approaches in complex structures [77]. In this work, the
CNN architecture and the EMI technique are combined. The effects of three distinct constant
temperature levels on three aluminum beams were investigated. For damage prediction of
artificial damages like mass addition, a one-dimensional CNN was created, trained, and
employed [78]. To find, measure, and locate structural damage, Osama Alazzawi et al.
developed CNN based algorithm using a hybrid training approach. Experimental testing
of the suggested technique involved collecting samples of time-domain PZT impedance
response signals from a steel beam, both damaged and undamaged. The first layer of damage
detection has been completed, and the second layer of damage assessment has been completed
with respect to three damage size conditions in two places [79]. The graph convolutional

network (GCN) was implemented by Zhou et al. for the various sensors system to locate
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and quantify bolt loosening. The GCN approach may quantitatively infer the torque loss of
several bolts through node-level outputs by taking into account both the EMI signature and
the link between the sensing nodes and the bolted joints [80].

Both the traditional machine learning techniques and the cutting-edge deep learning
techniques are totally data-driven, and the effectiveness of these techniques is greatly in-
fluenced by the quality and variety of training data. However, due to the restriction on the
number of sensors, external noise, the incompleteness of the observed state variables, and
boundary conditions with several possible damage situations, gathering such sufficient data
in real applications is incredibly challenging. The pattern recognition approach based EMI
technology typically needs numerous sensors because of this. It might restrict the use of

these strategies to relatively small-scale constructions.

Clustering technique

The majority of recent work on data-driven EMI approaches are based on the concepts
of clustering and pattern recognition. The accuracy and generalizability of these pattern
recognition systems were mostly influenced by the indicators chosen for classifying patterns.
Using impedance data and a PCA model, Park et al. were able to locate any loose bolts
in the bolted aluminum plate. The RMSD damage indicators of each order of the primary
components are used as the basis for the pattern recognition process utilizing the K-means
clustering technique. According to experimental testing, the proposed technique successfully
identified bolt loosening in a bolt-jointed aluminum structure [74]. Additionally, the scientists
coupled the k-means clustering-based methodology with unsupervised hierarchical clustering
for damage detection on the near surface of mounted fiber reinforced polymers using the
EMI technique. The authors attempted to divide various loading stages of the structure in
the cluster using this technique [81]. In a relatively small frequency range, Junior et al. used
a self-organizing maps (SOM) classification architecture with RMSD characteristics of the
actual component of impedance. The multipoint metal dressing tool’s characteristics shown
a considerable improvement in EMI-based damage classification [82]. Sevillano used the
statistical index of each sub-frequency interval to execute the hierarchical clustering technique
in order to identify the pattern of impedance responses. The experimental studies shown that
the method can detect consistent debonding in RC beams that have been strengthened with
Fiber Reinforced Polymers (FRP) [83]. Fuzzy cluster analysis was used by Palomino et al.
for the categorization and identification of damage based on an EMI approach. As the first
signs of damage, a loose rivet and a 1 mm-diameter hole were made in the beam structure.
The suggested method was successful in differentiating the damage kinds, although damage

severity measurement was not done [84]. The k-NN machine learning algorithm is utilized



1.3 Research Gap and Objectives 16

to generate classification models by learning from simulated response data and three sets of
experimental data with additional noise. The created classification models’ used to detect

delamination damage in CFRP composite plates [85].

Data fusion based approach

As discussed in the preceding sections, the EMI approach used a variety of variables and
several sensors to gather information. Multiple sensors were employed by Zuo et al. to
locate pipeline system cracks. They obtained the damage-sensitive feature from the raw
admittance’s active component [86]. Eight PZT sensors’ average value and standard deviation
of the RMSD indices were utilized to calculate the crack’s size within statistically acceptable
parameters. The baseline data used was the average effective impedance as determined by
a Monte Carlo simulation. Based on the Rotation Forest (RF) approach and the Dempster-
Shafer (DS) theory, Zhao et al. introduced the hierarchical ensemble scheme to data fusion in
which RF was employed to create a precise and varied base, while DS was used to aggregate
the RF data output [87-89]. ANN, support vector machines (SVM), and deep learning are
feature level fusion-based machine learning algorithms that are growing in popularity in
data fusion, according to Wu et al. [49]. For the purpose of locating and detecting fractures
on the metallic surfaces of nuclear power plant reactors, Chen recently suggested a deep
learning-based data fusion idea. In order to improve the system’s overall performance and
robustness, CNN aggregates the data retrieved from each frame using the Naive Bayes data
fusion scheme [90].

The data fusion from the sensors is more the emphasis of the EMI technique’s trending
data-driven approach to damage identification. It is known that employing numerous sensors
is more efficient than doing so with just one [55]. Data fusion is the process of combining
data from diverse sources to lessen uncertainty and provide data with a higher signal-to-noise
ratio. The data-driven EMI techniques only provide phenomenological characterizations of
impedance changes without formulating the relationship between the impedance responses
and changes in mechanical parameters of the host structure, but such combinations success-
fully identify and characterize structural damage. With insufficient impedance data and no
theoretical foundation for choosing an acceptable frequency range, achieving high accuracy

and repeatability of damage identification remains a significant challenge.

1.3 Research Gap and Objectives

The majority of studies in the development and application of EMI-based SHM approaches

to analyze the frequency domain impedance signature estimated by Fourier transform and
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establish specific damage indicators. These damage indices are simple to calculate and
can be used to detect structural damage. However, a significant difficulty and cause for
concern is their sensitivity in identifying localized small damage, particularly in large-size
structures. Thus, the first objective of this research is to improve structural damage detection
performance by sensor level or variable level data-fusion analysis in the frequency-domain
EMI responses from piezoelectric transducers.

The EMI method’s effectiveness depends on the selection of an effective frequency
spectrum which is usually hard to determine for the incipient damages in the structure. There
is no established theoretical methodology to determine the effective frequency range of the
transducer from the experimental data. The robust frequency range of damage detection in
EMI method can be determined using trial and error method till now [91, 92]. By examining
the frequency-domain EMI responses from piezoelectric transducers, this study’s second
goal is to develop a theoretical data-driven approach for the proper selection of frequency
ranges.

The third objective of this thesis is to expand from damage detection to damage local-
ization by accurately imaging the single and multi-damaged locations using the data fusion
technique. The proposed damage indicator signals based damage index (DI) will be compared
with a variety of EMI-based damage indicators to demonstrate the performance. Further,
an inverse model and multi-damage detection are demonstrated to optimize sensor location
based on damage imaging.

The fourth objective of this research is to reduce the measurement time using series and
parallel combinations of the Impedance analyser electrodes for damage detection based on
analysing the frequency-domain impedance responses from piezoelectric transducers. This
research is also conducted to investigate the effects of temperature variation on the different
type of connections to verify the performance.

The major aim of this thesis is that it can provide robust data-driven data-fusion
based approaches to enhance damage detection and localization performance for metal,
composite and 3D printed structures. The thesis to be proven are:

* The data fusion techniques are enhancing performance compared to the conven-
tional approach for damage identification.

* Sensor network-based damage localization accurately predicts single and multi-
damage locations.

* A data-driven theoretical effective frequency range selection is possible that
enhances the performance of data fusion-based damage detection and damage
severity quantification.
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1.4 Organisation of dissertation

The first chapter of the thesis discusses its scope and objectives. This chapter presents the
most recent damage detecting technology based on PZT based EMI method to enhance
knowledge about current research. In addition, state-of-the-art EMI damage detection
approaches feature a more targeted data driven data fusion approach. The ultimate objective
is to apply technique to practical structures, but the challenges that come by complexity of
structure force me to move from simple structures to more complicated structures.

The conceivable series and parallel connection-based combination study based on the
fusion of two sensor data is covered in the second chapter. Sensor series and parallel
combination data are the subject of a theoretical and experimental investigation to shorten the
measurement time of the structures. Robust combined sensor damage detection in a range of
environmental temperature condition is investigated.

The third chapter includes scope of the variables level and sensors level EMI data fusion
techniques and state that how these techniques are helpful in the performance improvement
of damage detection. Further, demonstration of the new damage index of the F and PCA for
various experimental data for the robust EMI damage detection technique.

The fourth chapter discusses the sensor network based damage imaging approach for
single and multiple damage detection using optimise sensing region radius for GFRP plate and
3D printed plate. This section includes an introduction to the probabilistic damage imaging
approach and a comparison of how the methodology is implemented using various damage
measurements, DCMI, fused F data, etc. Additionally, an inverse model implementation can
precisely pinpoint the damage.

The fifth chapter discusses the necessity for a theoretically sound and practical approach
for frequency range selection. This section of the thesis will introduce effective frequency
range selection based on standard deviation and a further probabilistic integral method to
damage diagnosis based on variable data fusion. The procedure serves as an example for a
variety of experimental data for the EMI damage detection method.

The last chapter concludes the outcome of the research topic and states the major contri-

bution with recommended future works.



Chapter 2

Damage detection via data fusion of PZTs

based on series and parallel connections

The data acquisition in continuous monitoring of the structures is time-consuming and
generates a large amount of data. In general, there are many temperature compensation
based algorithm investigated theoretically and experimentally. However, there are limited
number of measurement based robust techniques designed to minimize temperature variation
effect in the damage detection. This chapter successfully demonstrates the advantage of a
multi-sensing parallel combination of the EMI-based damage detection. This work describes
the EMI based damage quantification using fusion of two piezoelectric transducers on
the steel beam structure. Utilizing the resistance of two sensors, the series and parallel
combinations were examined, and the output of various sensor arrangements were compared.
This methodology enhanced the scope of study from individual connections of the actuators
to fusion based damage detection. This chapter is noteworthy in that it focused on using
a breadboard, a simpler method, to shorten measurement times for the structures while
also using a robust parallel connection method to investigate damage sensitivity even in a

temperature-varying environment.

2.1 Need and scope of the combined sensor study

In order to correctly detect damage and determine whether the time required for measurements
is decreased or not, this section of the chapter covers the requirement and extent of the
selection of the series and parallel combinations investigation. Adhikari et al. proposed
a modified dual piezo configuration whose sensitivity increases with increasing number

of actuators connected in parallel due to an increase in the output current. The proposed
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integration enables an early detection of damage, and improved severity measurement for
reinforced concrete structures [93]. Chen et al. investigated the bolt looseness by using
series multi-sensing technique based on sensor arrangement. They used series connection
of smart washers to obtain impedance signal in one sweep. The proposed 3 dB RMSD
can quantitatively assess the level of bolt looseness based on the 3 dB bandwidth that the
analogous circuit defines [94]. Balamonica et al. [95] also used multi-sensing technique based
on series and parallel to accelerate the data acquisition process. The authors investigated
the damage detection in reinforced concrete from sensors patches individually and through
multiplexing for maximizing the efficiency using conductance data. Further, Priya et al. has
used multi-sensing approach using PZT sensors on carrier plates of different thickness plate
for monitoring age strength in concrete due to improper curing. The authors have analyzed
the embedded sensor’s conductance data using damage metrics like moving RMSD, MAPD,
and CC [96]. However, their research focused only on accelerating the data acquisition
process; no one has yet demonstrated the value of the specific connections, and neither
has the method’s performance in environments with varying temperatures. There are many
experimental study on temperature effect of PZT and structure and has been shown that
changes in the operating temperature of structure has similar effect to the damage introduce
in the structure [97]. The effect of temperature observed on the real part of impedance
and conductance and horizontal shift behave more differently in the high range impedance
frequency samples [98, 99]. To minimize the temperature effect on impedance measurements
cross correlation based compensation method used using effective frequency shifts and
vertical shift based on the average of difference of signatures initially [98, 100]. However,
the results are satisfactory for the narrow frequency bands. In [99], entire frequency band
divided into smaller frequency band to implement effective frequency shift based method.
The damage evaluation based on EMI on the steel beam structure using two piezoelectric
transducers is explained in this chapter. Along with the theoretical approach that was
suggested for serial and parallel connections, resistance data fusion was put to the test.
The damage assessments of employing two sensors had shown the advantage of using a
parallel connection on the basis of the steel beam with the added weight that was used as
an example. The mass was finally identified, and the measuring time was cut in half. The
method covered in this chapter uses two sensors operating in tandem to lessen the impact of
temperature change. For the various damage scenarios, the series, parallel, and individual
electrode connection combinations were examined and compared. The chapter examines the
RMSD and MAPD damage indices for the simulated additional mass and depth cut (crack)

on steel beams under conditions of low-temperature variability.
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2.2 Theory and experimental setup for the investigation

EMI-based damage estimation on the steel beam structure utilizing two piezoelectric trans-
ducers is described in this section of the chapter. The advantage of employing a parallel
connection was demonstrated on the steel beam with added mass using the theoretical ap-
proach for modeling serial and parallel connections that were put forth and tested. The
damage sensitivity of this approach is studied using experimental signals and the statistical
indices RMSD as described in Eq. 1.4. This chapter also focuses on the both parallel and
serial connection of the PZT transducers under limited varying temperature conditions. The
temperature sensitivity was studied based on an analytical concept and implemented with an
experimental EMI signal in the limited temperature variation changes. The arrangement has
been done for the two PZTs of the series and parallel connections to get composite signals
for the resistance data.

— —

R, Ry

I,

Fig. 2.1 Coupled diagram of n PZTs impedance.

The coupled n PZTs impedance, as depicted in Fig. 2.1, can be expressed by Eq. 2.1 as
follows [101].

Zcoupled( ) Ro + —|— Z (2.1)

where n is number of PZTs, R;, L;, and C; are analogous to mechanical damping, mass,
and elastic compliance respectively for the i PZTs. Ry and Cy stand for resistance and
capacitance, respectively [102]. The capacitance of a two-terminal device is a measure of
the redistribution of electric charge that occurs as a consequence of a change in the applied
voltage [94, 101]. Then from Eq. 2.1, the resistance R(®) of the first PZT can be written by
Eq. 2.2.

R 0?3

R(w) =Ry +
(©) = Ro 0212 — R2(@?LiCy — 1)?

(2.2)
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Then, using Eqgs. 2.3 and 2.4, we can determine the resultant resistance in series (Rs(®))
and parallel (Rp(w)). Further, substituting the value of R; (@) and R,(®) using Eq. 2.2 in
the Egs. 2.3 and 2.4.

Ry(®) = Ri (@) + Ra(®) 2.3)

R~ @) R ¢4

R0)= LR e e T 9
Rol0) = VL R0+ o e 6

The difference between a series connection and a parallel connection in terms of resistance
value is demonstrated by Eqs. 2.5 and 2.6 respectively. A series connection accumulates
resistance amplitude, whereas a parallel connection suppress amplitude. When connecting the
combined signal in parallel, the output external effect resistance is smaller; when connecting
in series, it is larger.

A steel beam (35.5 x 3 x 0.3 ¢m?) is used for the EMI experimental research, together
with attached piezo-actuators pl and p2, as illustrated in Fig. 2.2. Using a breadboard
and connecting wires, the IM3570 Impedance Analyzer was utilized to measure the EMI
signatures at the piezo-actuator terminals. The experiment used surface-bonded SONOX
P502 PZTs (actuator/sensor) with a 10 mm diameter and 0.5 mm thickness. The study
examines three damage scenario of the EMI responses: 50 gram additional mass at distances
of 3 cm from the pl1 transducer as shown in Fig. 2.3a, 50 gram and 5 gram at 3 cm from the
left side’s extreme end as shown in Fig. 2.3b and Fig. 2.3c respectively. In addition, a crack
is simulated at 1.2 cm from the end by employing a saw-cut to remove material from the steel
beam. The temperature of the environment increased from the 19 °C to 23 °C and further
30 °C to investigate the sensitivity of damage in the changing environment of laboratory.
Using a refrigeration system, lower temperatures (19 °C and 23 °C) were maintained in
the cooling mode while higher temperatures (30 °C) were recorded in the heating mode.
However, the average outside laboratory temperature was 15 °C.

Using a sweep sine wave signal, 1V of excitation is selected as the excitation magnitude
for the tests. The following symbols, as indicated in Fig. 2.4, were allocated to the sensors’
connections and the corresponding measurements: pl and p2 — single sensors, p12s —series

combination, and p12p — parallel combination.
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Fig. 2.2 Diagram of sensor connection using breadboard for the damage detection in the steel

beam.
* 35.5cm
o R I -
3cm
9.8 cm 10.2cm
b) [ .
c) ® ®

b.o cm

Fig. 2.3 Diagram of pl and p2 with different damage conditions in the steel beam structure.

2.3 Comparative study of parallel combination with other

mode of combinations

Two PZT individual (p1, p2), series (p12s) and parallel (p12p) resistance raw data plot of the
healthy state spectrum are shown in Fig. 2.5. The symbol "H’ is used to denote the healthy
state measurement. The experimental steel beam data were collected in the 1 kHz—4 MHz
frequency range, and good deviation of the healthy and damaged state data was found in
resistance for frequency ranges of 1-100 kHz for the simulated added mass and 30-80 kHz
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Fig. 2.4 Diagram of sensor connection using breadboard for the damage detection in the steel

beam.
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Fig. 2.5 The R spectrum plot of the pl1, p2, p12p and p12s combinations in the healthy state.
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Fig. 2.6 The healthy and the damage R spectrum plot of the p1, p2, p12p, p12s combination

for Fig. 2.3a damage arrangement.
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Fig. 2.7 The RMSD damage indices quantification of the R variable in different

combinations of connection for raw and detrended filtered spectra in the damage case of Fig

2.3a.

for the cracked steel beam, respectively. Therefore, this range is suitable to demonstrate the

suggested approach for damage detection.



2.3 Comparative study of parallel combination with other mode of combinations 26

0.9 0 H-raw
EH-F
0.8} -M raw
0.7F
06F
o 05F
%)
=
X4t
0.3F
0.2r
01F
0 |_| [N | o T
p12p p12s
Sensors

Fig. 2.8 The RMSD damage indices quantification of the R variable in different
combinations of connection for raw and detrended filtered spectra in the damage case of Fig
2.3b.

The plot for the healthy and damage state spectrum of the p1, p2, p12p, and p12s are
given in Fig. 2.6 for the simulated mass damage scenario for arrangement in Fig. 2.3a. The
symbol "H” and D’ are used to demonstrate the healthy and damaged state (simulated mass
M) of EMI measurements. Two repeated healthy state measurements were used to calculate
the threshold (green bar) which reflects the uncertainties in the measurement. Using the
RMSD damage index based on raw data, the p2 exhibits greater damage sensitivity than
the p1, which goes against our expectations because the raw measurements had noise and
contained a trend. Further, the calculation was done for detrended filtered data, and filtering
was conducted using the Savitzky-Golay filter [103], while the detrending was made by
removing the frequency dependence from the curves [104]. In a p12p combination, both raw
(H-raw and M-raw) and detrend filtered (H-F and M-F) indices show significant damage
sensitivity in comparison to a healthy state for the damage introduced in the steel beam
structure. The pl, p2 and p12s also have shown damage sensitivity for the mass using raw
and detrended filtered data-based damage index in the steel beam structure. According to Fig.
2.7, Fig. 2.8, and Fig. 2.9, the RMSD damage index demonstrates the damage sensitivity for
all mass positions. In all damage cases, the damage was always discovered since the severity

of the damage was always quite high and above healthy values for temperature kept constant
at 19 °C.
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Fig. 2.9 The quantification of the R variable using the RMSD damage indices of various
connections for the raw and detrended filtered spectra for damage case shown in Fig. 2.3c.

2.4 Robust damage detection in the varied environment

temperature condition

This section is focused on extension of damage analysis using individual, series and parallel
connection of the EMI electrode in the limited varying temperature conditions. The series
and parallel combinations were studied and compared with the output of single sensors in
the added small 5 gram simulated mass and created crack with variation of the environment
temperature. The parallel connection has shown advantage over individual connections and
series piezo connections in varying temperature environment condition while reducing the
damage detection measurement time of the experiment. The simulated mass and cracked
damage was successfully detected at higher baseline temperature in case of parallel combina-
tion of the piezo-actuator. Two cases made up the damage detection study. In the first case
study, a simulated small mass is placed on the beam, and in the second, a crack forms on the

beam under the temperature of the surroundings changes slightly.
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2.4.1 Casel

Further, damage investigation was done for the small mass (5 grams) as shown in Fig. 2.3c
as the large mass (50 grams) has more influence in the structure under varying temperature
conditions. The damage sensitivity comparison was done for the healthy state of the steel bar
at three temperatures: 19°C, 23°C, and 30°C. H-19 stands for the healthy state at 19°C, and
other temperatures use similar nomenclature. The raw data for the experimental resistance
value is compared to the varying limited temperature study for the behavior of the above
combinations of the piezo-actuators. The results shown in the Fig. 2.10 represent the RMSD
damage index for the raw data of the healthy and damage state data for the H-19, H-23,
H-30, H-19/23, H-19/30, M-19, M-30 and M-19/30. The symbols used in the Fig. 2.10 are
described in table 2.1.

Table 2.1 Healthy and damage symbols with their explanations.

Scenario Description
H-19 Repeated two healthy state measurement at 19°C
H-23 Repeated two healthy state measurement at 23°C
H-30 Repeated two healthy state measurement at 30°C

H-19/23 | Healthy state measurement at 19°C wrt healthy state measurement at 23°C

H-19/30 | Healthy state measurement at 19°C wrt healthy state measurement 30°C

M-19 Added mass state of the beam at 19°C wrt healthy state at 19°C
M-30 Added mass state of the beam at 30°C wrt healthy state at 30°C
M-19/30 Added mass state of the beam at 30°C wrt healthy state at 19°C

The performance of parallel connection p12p dominates over the individual and series
combination of piezo-actuators performance because of smaller resultant resistance amplitude
and hence its lower sensitivity and precision towards noise and environment. The largest
damage index differences for 5-gram mass are for the p12p in comparison to p1, p2, and p12s
in varied healthy state temperatures: H-19, H-23, and H-30. Fig. 2.10 shows an increasing
trend of the RMSD damage index for added mass with respect to the RMSD index for
healthy states in varying temperature conditions of the p12p connection. Hence, the p12p
connection-based damage indices are suitable for the detection of added mass damage and
are less influenced by temperature variation. For the 5-gram simulated mass, the RMSD
damage index does not exhibit the same increasing pattern for the individual sensors p1, p2,

and the series connected p12s. The results show that it is enough to connect two sensors
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in parallel and conduct the measurement instead of measuring two sensors individually for

robust damage detection.
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Fig. 2.10 The RMSD damage indices quantification of the R variable in different
combinations of connection for raw spectra in the case of Fig 2.3c.

24.2 Casell

The temperature of the environment varied to investigate the most effective electrode connec-
tions under simulated crack at the end of the beam as shown in Fig. 2.2. The temperature
of the environment increased from the 19°C to 24°C and further 31°C to investigate the
sensitivity of damage in the varying environment conditions. The abbreviations used in the
analysis of crack damage results are explained in the table 2.2.

The Fig. 2.11, Fig. 2.12, Fig. 2.13 and Fig. 2.14 have shown a comparative study
of healthy and damage state of the beam experimental data for the pl, p2, p12p and p12s



2.4 Robust damage detection in the varied environment temperature condition 30

Table 2.2 Created crack damage symbols with their explanations.

Scenario Description

HI19 Repeated two healthy state measurement at 19°C

H19-24 | Healthy state measurement at 19°C wrt healthy state measurement at 24°C

H19-31 Healthy state measurement at 19°C wrt healthy state measurement 31°C

H24 Repeated two healthy state measurement at 24°C
H31 Repeated two healthy state measurement at 31°C
H24-31 Healthy state measurement at 24°C wrt healthy state measurement 31°C
Dcl19 Damage state of the beam at 19°C wrt healthy state at 19°C
Dc24 Damage state of the beam at 24°C wrt healthy state at 19°C
Dc31 Damage state of the beam at 31°C wrt healthy state at 19°C
Dc19-24 Damage state of the beam at 19°C wrt healthy state at 24°C
Dc19-31 Damage state of the beam at 19°C wrt healthy state at 31°C
Dc24-31 Damage state of the beam at 24°C wrt healthy state at 31°C
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Fig. 2.11 The RMSD damage index quantification of the of p1 using R variable of beam.

connection. The green bar shows the different healthy state measurement and act as a
threshold to monitor damage in the beam structure. The RMSD damage index of p12p in
the cracked created condition shown by red bar is higher than green bar and irrespective

of the healthy state measurement temperature as shown in Fig. 2.13. However, pl, p2
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Fig. 2.13 The RMSD damage index quantification of the of p12p using R variable of beam.

and p12s are not showing such an increasing trend for the damage data irrespective of the
healthy data variation in changing environment as shown in Fig. 2.11, Fig. 2.12, and Fig.
2.14 respectively. The RMSD performance of parallel connection pl12p dominates over the
individual piezo-actuator and series combination performance in the created crack condition.
Hence, the p12p connection based damage indices are suitable for detection of the damage
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Fig. 2.14 The RMSD damage index quantification of the of p12s using R variable of beam.

steel beam and has less influence of the temperature variation. The parallel connection
suppress resultant resistance amplitude and hence its lower sensitivity and precision towards
noise and environment. Since the parallel connection is used for damage analysis using the
healthy and damage state simultaneously. The damage index based study is less affected
with the deviation in the damage signal caused by variation in the temperatures. When
connecting the combined signal in parallel, the output external effect resistance is smaller;
when connecting in series, it is larger.

In both case I and case II study, the damage was detected since the damage case DI are
above the healthy case DI. Obviously there are differences in the absolute values but they do
not cause any misinterpretation of the results. Hence, the p12p connection based damage
indices are suitable for detection of the added mass and crack. Finally, this approach allows
us time consumption reduction using the proposed connection for mass detection in varied
temperature conditions. The following advantage and disadvantage parallel connections
hold in compared to the individual connections 1. Faster measurement for the combined
sensor measurement in comparison to the individual connections. 2. The p12p connections
had shown the less sensitivity towards the temperature variation in comparison to the other
individual and combined connections and always able to detect the damage. 3. The p12p
connection shows the damage detection sensitivity for the small and big added mass as well
simulated crack in the steel beam.



Chapter 3

Variable and sensor level data fusion
based damage detection

3.1 Scope of study

This chapter discusses the range of variable-level and sensor-level data fusion approaches
and how they might improve the performance of damage detection. The framework for data
fusion is well established in other research fields of study, although data fusion for EMI
is a recently popular approach. The goal of data fusion is to reduce uncertainty and create
more effective representations by combining two or more data sets. There are three types of
popular fusion approaches, data-level fusion, decision-level fusion, and feature-level fusion.
Due to its ability to prevent the propagation and amplification of noise and measurement
errors caused by post processing and to provide a higher signal to noise ratio, data level
based data fusion enables pure data fusion [105-107]. The objective of the research is to
offer a uniform, standardized method for determining structural damage. In order to increase
damage detection through sound decision-making, data fusion enables information extraction
from frequency domain data. A demonstration of the signature based on fusing G and
R signatures for diverse experimental data is also provided for the effective EMI damage
detection technique. Further, by utilizing each sensor’s contribution to the damage index, a

customized method based on PCA projections is employed to locate the damage.

3.2 Variables based data fusion

Although there has been a lot of effort done on data fusion, the EMI-based SHM technique
only uses a few variable data fusion techniques. This section describes a data fusion technique
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by combining the information for robust damage detection using the EMI method. To reliable
damage detection using the EMI approach, the G and R values of sensors are studied in
a selected frequency band, and a novel data fusion approach is explained. A novel fused
parameter (F) is developed by combining the information from G and R. The F is expected
to enhance the ability to identify damage because it magnifies the shared peaks of G and
R. As a result, the indices based on the variable F should be more reliable for estimating
damage and have a wider frequency range of application. The new damage metric under
various damage situations is then measured using well-established indices such as RMSD,
MAPD, and root mean square deviation for k' damage state (RMSDK).

Researchers have only used one variable quantity thus far for EMI-based damage as-
sessment, that too for a relatively narrow frequency range. For instance, Annamdas et
al. [108] focused on G and limited themselves to range of 40-160 kHz, thereby limiting the
examination of conductance curves to smaller ranges.

The better damage sensitivity of resistance was highlighted by Perera et al. [109] and
Baptista et al. [110] for a specific frequency range, namely the 10-80 kHz range for the
aluminum sample with the bolted connection and the 16-40 kHz range for the aluminum beam
with damage modelled by increased mass. Na et al. [111] also applied the low frequency
range of 10-80 kHz for resistance in carbon composites.

By combining the two variables in the proposed section, the variable’s sensitivity is

increased to a more intermediate sensitivity over a wider frequency range.

3.2.1 Experimental investigation of fused F

The piezoelectric Ceramtec transducers used for the EMI tests were disc-shaped, 0.5 mm
thick, and 10 mm in diameter. They were built of the SONOX P502 material and are
connected to an impedance analyzer. HIOKI IM 3570 impedance analyzer was utilized in
the study to take measurements. The sensors are attached to the composite materials using
cyanoacrylate adhesive on top of the sample surface. Using a chirp signal, 1V of excitation
is selected as the excitation level for the experiments. The average of the 50 measurements
is used for each measurement at a given time. The chosen damage location falls within the
sensitivity of each structurally attached transducer. The findings of the damage detection

were examined using the two structures:

1. The glass fibre reinforced polymer (GFRP) beam with delamination (Fig.3.1).

2. The GFRP plate with several impacts on its surface (Fig.3.2).

The first set of tests were conducted on a rectangular, thick composite beam of 500 mm x

95 mm x 3 mm, with a single piezoelectric transducer attached as shown in the Fig. 3.1. The
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composite plate’s EMI responses were recorded in its healthy state and three different stages
of degradation with increasing delamination. The simulated delamination was introduced
using the scalpel. Delamination has the following approximate dimensions:(S1) 10 mm x 5
mm, (S2) 20 mm X 10 mm, and (S3) 30 mm x 10 mm. Each delamination measurement

stage was subjected to two measurements.

Delamination

Fig. 3.1 Composite beam with enlarged view showing delaminated region (S3).

The second sample studied was a woven GFRP plate of the size 500 mm x 500 mm x 3
mm as shown in the Fig. 3.2. A projectile with a spherical end weighing a total of 1.3 kg was
dropped from a height of 2.39 m onto the sample surface to create a single impact of 30 J of
estimated energy. The table 3.1 lists the total number of impacts made on the sample as well
as a description of the impact data on the surface of the GFRP sample. Even though there are
four PZT sensors shown in the figure, only sensor P2’s results are shown here. The other

sensors were seen to be insensitive to damage being far from the damaged areas.

Table 3.1 Description of impact damage to the GFRP plate surface.

Scenario Description
DS1 30J impact between P2 and P3 at a distance of 130 mm from P2
DS2 DS1 + 30J impact between P2 and P3 at a distance of 130 mm from P2
DS3 DS2 + 30J impact between P2 and P3 at 55 mm from P2
DS4 DS3 + 30J impact close to P2 at a distance of 25mm from P2

3.2.2 Theoretical implementation of the fused data F

This section of the chapter includes the methodology adopted for the fused data F. The EMI
parameters of R and G have shown to be highly successful in many applications for detecting
structural damage. The definitions of electrical impedance (Z) and admittance (Y) can be
used to calculate the relationship between R and G, which is represented by Eq. 3.1 and 3.2.
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Fig. 3.2 The GFRP plate with impact locations.
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where B is the susceptance of the system and X is the reactance. After comparing the

real and imaginary parts of Eq. 3.2 the relation of R, G, B, and X can be established.

R= 9 x= B - K .p. X
_G2_|_BZ’ _G2_|_BZ’ _R2+X2’ _R2+X2

(3.2)

We define a new fused non-dimensional parameter by multiplying G by R, which is a
function of two values G and R, or G and B, or R and X, as illustrated in Eq. 3.3. For the
purpose of detecting damage, this multiplicative dimensionless data may be employed.

G? R?
GZ+B  RItXx2
By multiplying the values by the normalized frequency for each measurement of R and

F=GxR=

(3.3)

dividing by the normalized frequency for each measurement of G, as indicated by Eq.3.4, the
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measurements were detrended. The G, R, and F units are maintained via the aforementioned

procedure.

G X f, Rx f F x f,
Gdetrended =" Rdetrended = Fdetrended = "= (34)

f ﬁnax f

The rescaled spectra for G, R, and F for healthy and one damaged scenario are shown in

Fig. 3.3. The variable F was rescaled between the frequency observed, as demonstrated in Fig.
3.3 for the healthy and damaged "S3" states. At the same time the F amplifies the common
peaks in the G and R giving a higher contribution to these common peaks as shown in the
square box of Fig. 3.3. As a result, the indices based on the variable 'F’ are more reliable for
estimating damage. The computation of F minimizes the effect of the non-dominant peaks
which are often related to the measurement noise and other uncertainties. As we can see that
the F spectra are smoother than the G and R spectra in Fig. 3.3. As the contribution of these
uncertainties to the index for quantifying the difference is reduced, the F yields more stable
results. However, it is interesting to mention here that the rescaling operation for variables

was used before to simplify the investigation [104].

3.2.3 Comparative study of spectra using damage indices

The implementation of the new fusion signature for damage identification in two struc-
tures— a composite beam made of glass fiber reinforced polymer (GFRP) with escalating
delamination and another GFRP plate with scenarios of impact-induced damage is shown
in this section. A wide frequency range of 1 kHz to 100 kHz was covered for each of
the these structures was examined and reported here to ensure consistency and allow for
comparison. The RMSD and MAPD metrics, which are utilized in the EMI method as a
damage-identification formula, are the most often used damage detection indices in EMI
approaches. Eq. 1.4 is employed to determine the damage status on the basis of a comparison
of the structure’s healthy and damaged spectrums using EMI methods. With the use of
RMSDk recently, damage detection performance has significantly increased [43]. This index
is used to differentiate and evaluate the absolute variations of damage severity at each level.
The main distinction between the RMSD and RMSDX is that the latter compares observed
data with the previous state rather than the healthy state, while the latter is calculated using
Eq.3.5.
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Fig. 3.3 Detrended spectrum of variables G, R and fused F.

RMSDk = | = (3.5)

where symbol n is used for number of frequency spectrum samples, D;‘ is the i'" frequency
sampling point for each k' damage state.

Delamination analysis of composite beam

The similar peaks in the R and G spectra are increased in the F spectra, giving a stronger
contribution to the damage quantification index. The RMSD index of the F, G, and R spectra
were calculated for the measurements in the composite beam and shown in Fig. 3.4. it
can be noted that all three of the damage measurement indices can be used to detect the
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Fig. 3.4 The RMSD index of the variables G, R and F for GFRP beam.

damage. Results from the G and F but R based RMSD index exhibit an increasing trend
of damage severity. The MAPD index of the F, G, and R spectra were calculated for the
measurements that exhibit an increasing damage severity in the composite beam shown in Fig.
3.5. Additionally, F-based RMSDk exhibits a trend toward an increase in damage severity in
the composite beam. Results from the G and R based RMSDk do not exhibit this trend as
shown in Fig. 3.6.

Impact damage analysis of composite plate

The GFRP plate with impact-induced damage was the second structure that was examined.
The Fig. 3.7 and Fig. 3.8 show the RMSD and MAPD damage index for G, R, and F

respectively. It is evident that DS1 is not identified for all three indices under the damage
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Fig. 3.5 The GFRP beam’s MAPD damage index for the variables G, R, and F.

scenario. It is believed that the missed detection was caused by the fact that the first impact’s
damage to the structure was very minimal and far from the sensors. The three variables G,
R and F successfully identify all other damage scenario. The variable F exhibits a greater
difference than the G and R variables for cases DS2 and DS3, which suggests a stronger
sensitivity to distinguish between damage of various magnitudes. The RMSDk damage index
shown in Fig. 3.9 does not exhibit an trend for all G, R and F. The F metric is preferred to the

G and R due to its increased sensitivity and capacity to distinguish various damage scenarios.

3.2.4 Summary

The table 3.2 provides a summary of the comparative damage index performance data
shown in subsection 3.2. It is important to keep in mind that the performance of each
variable depends on the index used for damage evaluation. As a result, given metric used
for quantification, it is necessary to compare the performance of each variable. All three
techniques for the GFRP beam exhibit a growing trend in the indices with rising damage.

and it can be inferred that they perform satisfactorily as a result. For the GFRP plate, none
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Fig. 3.6 The GFRP beam’s RMSDk damage index for the variables G, R, and F.

of the three parameters with any of the three indices are able to detect the smallest damage,

DSI.

However, the F performs better than the G and R parameters for the other damage

scenarios because it can discern between the increased damage between scenarios DS2 and

DS3.

None of the criteria for the RMSDKk metric can identify the damage DS3 using scenario

DS2 as the reference point. Therefore, it can be said that none of the parameters apply to this

case.

This flaw in the parameters can be linked to the RMSDk metric’s failure rather than the

parameters G, R, or F.

Table
plate.

3.2 Comparative performance study of G, R and F variable for GFRP beam and GFRP

Samples RMSD | MAPD | RMSDk

GFRP beam with delamination | Gand F | F,G and R F
GFRP plate with impact damage F Gand F none




3.2 Variables based data fusion

1 e 0.6 B
0.8
04
a 0.6 o
7] 9]
= =
04 o
0.2
0.2
0 0
NN clbe® NN e
%%06060606"‘ RIS g
Damage scenarios Damage scenarios
F
0.8 -
0.6
(]
Lo4
[ia
0.2
0
NN e ek
\25906060%0’9

Damage scenarios

Fig. 3.7 The RMSD damage index for the GFRP plate’s variables G, R, and F.
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Fig. 3.8 The MAPD damage index for the GFRP plate’s variables G, R, and F.
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3.3 Multi-level data fusion approach in damage detection

3.3.1 Introduction

This section proposes a new sensor network optimized data fusion approach for structural
health monitoring of metallic structures using EMI signals. The classification of damage and
undamaged health conditions of an aluminum plate with two holes is done using a new EMI-
based data fusion approach for the sensor network that employs a damage detection algorithm
and a statistical matching strategy.Data fusion makes it possible to extract information from
frequency domain data to improve damage detection by making wise decisions. A modified
method based on PCA projections is used to locate the damage using the contribution of
each sensor to the RMSD index. Firstly, local data fusion (sensor data integration) that
combines the data from four sensors is performed. Next, global data fusion (IZl, IYl, G and R
from four sensors) that combines the frequency-domain features using self-organizing maps
(SOM) is performed. SOM is an ANN technique based on the unsupervised algorithm for the
classification of different states of the structure. By combining the variance contributions of
PCA-based RMSD indices and feature level fusion, which are produced from four separate
data variables (IZI, IY], G and R) using SOM, the final assessment result is obtained. The
optimized data fusion approach is proposed which was realized at the sensor level using
the PCA as well as at the variable level using self-organizing maps (SOM) for the five
damage instances of the drilled hole. In order to classify fusion-based data using SOM,
statistical, data-driven damage matrices are computed, compared to the RMSD index, and
employed. Regardless of the vast frequency range chosen, the approach exhibits robust
damage sensitivity for hole sites and hole enlargement; nonetheless, the chosen frequency
range contains the resonant frequency range.

The experiments were performed on a large thin square aluminum plate with attached
piezo-actuators sensor network. Piezo-actuator placements are the outcome of a study using
an optimization method for guided wave-based damage detection. This sensor network
should only be used as an example of a distributed network for the EMI study since EMI-
based damage detection was not a concern of the optimization. The study investigates the
sensitivity of EMI responses to the drilled hole at different locations ‘D-a’ and ‘D-b’ in the
aluminum plate. The room’s temperature was kept constant during the above experiment,
and the aluminum plate’s dimensions were 100 x 100 x 0.1 ¢m?. The EMI signatures at the
piezo-actuator terminals were measured using an Impedance Analyzer by HIOKI, model
number IM3570. The *D-a’ position was first drilled to create a 5 mm diameter hole, which
was then enlarged to an 8 mm and finally a 10 mm diameter, as shown in Fig. 3.10. After

introducing the 10 mm hole at location D-a, a 5 mm of hole was drilled at new location (D-b).
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Fig. 3.10 Sensor network distribution against the damage locations in the sample plate.

3.3.2 Data driven methodology based on PCA and SOM

The four sensors were employed in the EMI data fusion demonstration at several levels to
examine the structural damage. Firstly, the data level fusion is by combining the raw data (IY|,
IZI, G, and R) utilizing a variance contribution of the PCs of the sensor network. Secondly,
feature-level fusion has performed as a heterogeneous (1Yl IZIl, G, and R from four sensors)
input of statistical indices in SOM. In this approach, a healthy structure’s baseline eigenvector
is generated using fused data, and then the damage responses are projected onto this model.
Statistical features of signatures are extracted from the original raw data using PCA based
damage indices, and these features are concatenated prior to the decision level SOM and
effective RMSD fusion. PCA provides further opportunities for damage classification using
statistical Q index , and T2 index. The SOM comparative studies are performed using the

Q-statistics (Q index) and the Hotelling’s T2 statistic. A data fusion based general framework
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of the adopted methodology in damage classification of an aluminium plate using a sensor

network is given in the Fig. 3.11.

Extraction of |Z], |Y|,R and G data

]

[ Common baseline modelling using eigenvectors of ]

actuators based on PCA

]

Projection of damage state data (|Z|, |Y|,R and G) ]

on common baseline

Qand T2 PC1 and PC2
indices (|Z], (1ZL. IYL.R
[Y],R and G) and G)
[ SOM [ Effective RMSD ]

Robust damage detection
and classification

Fig. 3.11 a framework for the methodology used to classify damage.

The sensor network variables IZI, [Y], G, and R have various magnitudes and scales that
can be scaled using the mean and standard deviation. Using the formula in Eq. 3.6, the

normalization process has been carried out according to conventional practice.

(3.6)

where D;; represents j" sample for the ' sensor, y; is mean of D; i » 0; is the standard
deviation of D;;. The PCA-based baseline model can be created by organizing the data
into an JxI matrix, D1 being the data set’s normalized matrix, and including information
(IY1, 1Zl, G and R) from the various sensors (I) of the sensor network. The PCA is used
to compute the covariance matrix of the data, eigenvalues, eigenvectors and combine the
data from different piezo-actuators. The components are organized in descending order of
variance contribution. Using Eq. 3.7, it is possible to construct the covariance matrix of the

normalized data matrix [112].
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Cc,=D1"D1 (3.7)

This covariance matrix has an IxI dimension and measures the degree of linear relation-
ship among all variables. If V contains the eigenvectors of the covariance matrix Cy, P is the
damage state data matrix and T is a damage score matrix which represents the projection of

damage data set in the direction of V and given by Eq. 3.8.

T=PV (3.8)

The PCA-based damage detection indices are the Q index and Hotelling’s 72 index used
in this thesis for the first time in the EMI application. The former uses the residual subspace
to examine the variability of projected data, while the latter, the new principal component
space [75, 76]. If I is the identity matrix, x is the corresponding piezo-actuator variable e.g.
1Y, 1ZI, G and R, x” is the transpose matrix of x, Pj are the reduced eigenvectors, PlT is the
transpose matrix of Py and A is the eigenvalues based diagonal matrix, then statistical indices
can be calculated using Eq. 3.9 and Eq. 3.10.

Q=x"(I—PP)x (3.9)
T2 =x" (P AT P )x (3.10)

Using the mixing weight matrix, the derived damage indices (Q index and 72 index) from
the PCA technique were combined to form a condensed artificial neural network (ANN).
SOM is a collection of nodes connected by weight-based inputs. These nodes are often
connected using rectangular or hexagonal topology. The winning neuron is determined by
the similarity between the weight w;; and the input variables (x1,x2). The SOM algorithm
is based on the smallest Euclidian distances d(x;,w;;) between each neuron and the input

variables, as given by the Eq. 3.11 [113].

d(Xj,Wij) = (3.11)

SOM is a potential tool for clustering and visualizing high-dimensional data due to
their unique differentiation strategies for different characteristics based on the internal
representation of input signals [113, 114]. The input layer neurons are fully connected to the
output neurons of the Kohonen layer for the strongest response using the weight matrix. Eq.

3.12 provides the relationships between the weight matrix and input x; ;.
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Outputj =Y (wijxij) (3.12)

1

The winner in the Kohonen layer is given by Eq. 3.13 for the k" iteration

wij(k4+1) = w;j(k) 4+ €(x; — wij) (3.13)

where, € is learning rate, w;; is the weighting factor between the i'" neuron of the input
layer and j* neuron of the Kohonen layer and x; ; 1s the input signal of the network in the
form of Q and 7 index.

The two-dimensional rectangle topology is shown in Fig. 3.12 which presents SOM for
the input and Kohonen layer employing neurons. For the two inputs, x;; (x1 and x2) is the
combination of the variables IZI, R and IYI, G using the Q index and T index, respectively.
SOM is performed on the Q index and 72 index based damage score to classify the damage
state of the structure using a Kohonen SOM toolbox of Matlab [115].

Kohonen
layer

input

Fig. 3.12 A framework of the two dimensional rectangular topology based SOM in
classification.
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3.3.3 Results and implementation of the damage detection

Fig. 3.13 displays the sensor network conductance spectra for the aluminum plate in both
its healthy and damaged states for piezo-actuators P1, P4, and P5 which are equally spaced
from the hole and P8 that is farther apart. The 17-600 kHz frequency range is suitable to
illustrate the method for all variables for damage identification and classification, according
to the prescreening of the EMI signatures. The peaks of G lied in the narrow frequency range
(180-250 kHz) and are also included in this selected wide frequency range. Consequently, the
technique is tested in both wide (17-600 kHz) and narrow (180-250 kHz) frequency bands.
Eq. 1.4 was used to obtain the RMSD damage indices for these piezo-actuators at various
damage severity levels (5 mm, 8 mm, and 10 mm holes).
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Fig. 3.13 Sensor network G spectra for piezo-actuator (a) P1, (b) P4, (c) PS5, and (d) P8 in
both the healthy and damaged states.

Fig. 3.14 and Fig. 3.15 provide the RMSD damage index for the wide frequency range of
17-600 kHz and the narrow frequency range of 180-250 kHz, respectively. According to Fig.
3.14, the piezo actuator P1 has demonstrated the highest RMSD index for all features (IZI,
IY], G, and R). The piezo-actuator P5 has demonstrated extraordinary behavior and is less
sensitive than P8 for the variables |IZI and Y. It has the second-highest sensitivity for the
variables R and G. It is also clear from the bar plot that the RMSD index is not increasing with
damage severity across all sensor’s variables. In addition, compared to their performance in
the wide frequency range, the piezo actuator’s performance for damage sensitivity is subpar
in the restricted narrow frequency range (Fig. 3.15). There are several instances when the

RMSD values for 8 mm and 10 mm hole damage cases are lower than for 5 mm hole damage
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Fig. 3.14 Sensor network RMSD damage indices of 5 mm, 8mm and 10 mm hole drilled at
‘D-a’ location for the IZI, Y], R and G in the wider frequency range 17-600 kHz.

situations. In both the narrow and wide frequency ranges, the RMSD for the 10 mm hole
damage scenario is not necessarily higher than for the 8 mm hole damage case. In conclusion,
it is clear that the damage severity cannot be determined for both frequency ranges using the
RMSD index.

In order to classify fusion-based data using SOM, statistical, data-driven damage matrices
are computed, compared to the RMSD index, and employed. All of these variables (IZI, Y],
G and R from four sensors) were examined using a principal component contribution-based
technique. The 1% principal component was utilized for damage analysis since it contains
the majority of the data variation. To create the healthy state baseline model for four piezo
actuators, the data from the healthy state is properly trained from the 10 experiments of
each piezo actuator. To generate the baseline PCA model, these data are structured into a
high-dimensional space matrix (JxI). After normalizing the projection of damage state data
onto the baseline model, the RMSD calculation is performed. The Fig. 3.16 displays the
reconstructed conductance spectrum plot for P1, P4, P5, and P8 using the first PC, which is
utilized to determine the RMSD index in the frequency range of 17-600 kHz.

The RMSD index for PC1 of projected data was determined using Eq. 1.4. The 1
principal component-based RMSD indices for the P1, P4, P5, and P8 for the IZI, IYI, G, and
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Fig. 3.15 Sensor network RMSD damage indices of 5 mm, 8mm and 10 mm hole drilled at
‘D-a’ location for the IZI, IY], R and G in the narrow frequency range 180-250 kHz.
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Fig. 3.16 The PC1 based reconstructed conductance spectrum plot for the sensors (a) P1, (b)
P4, (c) P5 and (d) P8.

R variables are shown in Fig. 3.17. The first PCA-based RMSD index for piezo actuator P1
demonstrates the highest level of damage sensitivity due to higher index values in each case.

P35 exhibits more sensitivity than P8 for all the variables in the instance of an 8mm hole based
on the 1% PCA RMSD damage indices, proving that P8 is farther away from P5. In contrast
to the RMSD that displays reduced values of P5 for IZI| and Yl, the R based PCA RMSD of
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Fig. 3.17 RMSD damage index for the variables IZI, IY], R, and G in the wide frequency
range of 17-600 kHz for the drill holes of 5 mm, 8 mm, and 10 mm based on the first PC.

P5 is nearly smaller than P8 for a 5 mm hole. However, P1, P4, and P5 PCA RMSD have
demonstrated superior sensitivity than P8 in the resonance frequency region, as seen by the
high index value and rising damage severity trend in Fig. 3.18, as opposed to RMSD, as
depicted in Fig. 3.15.

Further, to identify the damage in a wider frequency range (17-600 kHz), a principal
component’s variance contribution based method was also examined for the P1. This method
offers flexibility for data fusion using PC1, PC2, and other variance contribution-based PCs
in the effective RMSD index. The Fig. 3.19 shows the variance with respect to principal
components to the variable |ZI, IY], G and R in the baseline model of the sensor network.
IZI and Y] account for the majority of the variance contribution to the PC1. However, as
illustrated in the Fig. 3.19, PC2 cannot be disregarded for the R and G variables for damage
detection. The general algorithm used to calculate effective RMSD is given by Eq 3.14.

RMSDeffective =w1RMSDpci1 +woRMSDpcy +....... +w,RMSDpc, (3.14)

Where wy, wy and w,, are variance contribution of corresponding principal components;
RMSDpcy, RMSDpcs> and RMSDpc, are the RMSD values based on the 1, 2" and n'"

principal components of projected damage data with respect to the healthy state.



3.3 Multi-level data fusion approach in damage detection 53

0.8 = 0.8
S i = .
506 506 4
7] 7]
E =
< 0.4 T4
@ @
W w0
] 3
502 S 0.2
o o
;= 1 R
P1 P4 P5 P8 5 mm P1 P4 P5 P8
Sensors Hl: mm Sensors
B 10mm
0.8 = 0.8
x = 1 %) _ _
5 0.6 506
7] 0
= =
4 [
- 0.4 o 0.4
@ 3
o [
ial F=]
002 002
o o
i R A R
P1 P4 P5 P8 P1 P4 P5 P8
Sensors Sensors
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Fig. 3.20 depicts the most sensitive piezo actuator P1 damage scenario (Smm, 8mm, and
10mm diameter hole). The effective RMSD index combines 1* PC and 2"¢ PCA as opposed
to standard RMSD and 1" PCA RMSD. For the variables 1Y, IZI, G, and R, utilizing PCA
has a greater scale for RMSD than using standard RMSD. Effective RMSD (using PC1 and
PC2) used to quantify the severity of damage has showed a rising trend for 5 mm, 8 mm, and
10 mm diameter holes shown in Fig. 3.20.

Using the PC1 based RMSD of the common baseline healthy state model indicated above
in approach, the second damage position (hole at "D-b" ) is identified. The Fig. 3.21 displays
the PC1 RMSD of the P1, P4, P5, and P8 for all variables |ZI, Y], G, and R. The P5 has the
maximum sensitivity in this investigation, indicating that it is located closest to the site of
damage (D-b). P8 exhibits the lowest sensitivity in the all cases in compared to P1, P4, and
PS.

The study’s scope for damage classification and detection utilizing data fusion was
expanded by the addition of PCA-based damage indices and scores. Fig. 3.22 and Fig. 3.23
illustrate the determination of the Q index and T2 indexes for the P1 in damage categorization
for the holes that are 5 mm, 8 mm, and 10 mm in diameter. The P1 was chosen to show
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Fig. 3.21 Sensor network 1 PC RMSD damage index for the ‘D-b’ location for the
variables (a) IZI, (b) IYI, (¢) R and (d) G.

the change of the Q index (eq. 3.9) and 72 index (eq. 3.10) based on the highest degree
of damage sensitivity of all the piezo-actuators. These indices are displayed against the
rearranged dimensional score of the four sensor data variables IZI, 1Yl, R, and G which

corresponds to 25 measurements in each case, and they indicate small differences.
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Fig. 3.22 Q index calculation of P1 EMI variables (a) IZI, (b) IY], (c) R and (d) G on a large
sample plate.
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Fig. 3.23 72 index calculation P1 EMI variables (a) IZI, (b) 1Y], (c) R and (d) G on the
sample plate.

This is the data fusion stage, where the results from the Q index and T2 index for healthy,
5 mm, 8§ mm, and 10 mm diameter drilled holes are combined for IZI, IYl, R, and G by
entering them as input to the SOM. Based on heterogeneous feature-level fusion, a SOM
can be used to organize and compare similar and dissimilar features. Using the input to the
SOM, variables of piezo-actuator P1 are grouped into a data matrix. The variance approach
is used to further normalize these datasets. The training time for the feature data is quite
minimal and mostly depends on the amount of the score because the input to SOM is in terms
of the indices (Q index and 7?2 index). In this process, 42 neurons were employed in total.
The organized classification matrix data component of the IZI, R and IYI, G variables of the
piezo-actuator P1 was trained using the batch algorithm. Based on their intended use, data
visualization techniques using the SOM are divided into three categories: 1. visualization of
components/variables: component planes; 2. visualization of clusters and shape of the data:
projections of U-matrices based distance matrices; and 3. visualization of data projections: hit
histograms. In order to display the SOM’s cluster structure, distance matrices are frequently
utilized. They display the separations between adjacent units and are hence closely related to
single linkage clustering methods. The U-matrix is the distance matrix method that is most
frequently employed. The map’s U-matrix is displayed here (using all three components in
the distance calculation). The U-matrix of hexagonal topology and cluster of aluminum plate
health are shown in Figs. 3.24 and 3.25 using the SOM toolbox as mentioned earlier in the
methodology section based on distances between neighboring Q index and 72 index. The
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aggregate distribution of the index components is displayed on the map in the hit histogram
as a grey color. Greater discrepancies of the Q index the T2 index components are shown by
higher values of the U-matrix based damage classification, respectively. Based on the best
matching unit (BMU) of the associated indices, these hits histograms are computed. The
damage case D-a (holes of 5, 8, and 10 mm diameter are considered here as one damage

case) is labeled by the red color, while the healthy state (H) is indicated by the green color.
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Fig. 3.24 Matching hits based healthy (H) and damage data (D-a) classification for the Q
index of piezo-actuator P1 in aluminum plate using (a) IZI and R (b) 1Yl and G.
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Fig. 3.25 Matching hits based healthy (H) and damage (D-a) data classification using 72
index of piezo-actuator P1 in aluminum plate using (a) IZI and R (b) 1Yl and G.

Additionally, damage severity of holes with diameters of 5 mm, 8 mm, and 10 mm is

categorized using the colors green, blue, and red. As seen in Fig. 3.26 and Fig. 3.27, these
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values for the Q index and the T2 index are clearly distinct, supporting the quality of the
information used in the damage detection.

a) |Z|] &R b) |Y|&G 15 mm

Bl mm
"B ashath Bl 10 mm

Fig. 3.26 Matching hits based ‘D-a’ damage severity (5 mm, 8 mm and 10 mm hole) data
classification for the Q index of P1 in aluminum plate using (a) IZl and R (b) Y| and G.

a)|Z] &R

Fig. 3.27 Matching hits based damage ‘D-a’ damage severity (5 mm, 8 mm and 10 mm hole)
data classification for the 72 index of piezo-actuator P1 in aluminum plate using (a) IZI and
R (b) IYl and G.

Due to its highest sensitivity out of all the piezo-actuators employed for damage detection

in the second damage scenario, "D-b", the actuator PS5 was chosen to illustrate damage
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Fig. 3.28 Matching hits based healthy and damage locations data classification for the Q
index of piezo-actuator P5 in aluminum plate using (a) IZl and R (b) IYl and G.
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Fig. 3.29 T? indices based matching hits classification of healthy-H, damaged state-‘D-a’
and ‘D-b’ of the structure for the P5 in aluminum plate using (a) IZl and R (b) IYI and G.

classification. As shown in Figs. 3.28 and 3.29, the IY| and G based fused Q index and the
T2 index are unable to distinguish between healthy (H) and damage cases (D-a and D-b).
The fusion of variables |IZI| and R is therefore a superior quality of data than variables Y| and
G, supporting the calculation of the fusion-based RMSD index. The technique involved the
merging of data with similar unit definitions. It is also noted that damage classification based
on the Q index is less sensitive because it cannot classify all damages, but the T2 index is

more sensitive and recommended for use.



Chapter 4

Sensor network based damage imaging

4.1 Background

Even while EMI-based damage detection received a lot of attention, damage imaging local-
ization algorithms received much less attention. Ultrasonic-guided wave frequently uses a
probability weight function-based damage detection method that benefits from larger weights
for particular mathematical aspects [116]. Direct-coupled mechanical impedance (DCMI)
based derived signatures were employed for damage localization using a modified probability
weight function damage imaging algorithm that Zhu et al. suggested [117]. They use 16
sensors placed evenly to locate damage on a honeycomb composite plate. Using a finite
element model, Kralovec et al. [118] constructed a relationship between the distance and
damage index, such as the RMSD and MAPD. For the purpose of detecting damage in an
isotropic Al plate, they constructed an exponential relationship and employed the triangula-
tion approach. Experimental verification of the developed exponential relationship revealed
good agreement in an extremely narrow frequency band, which has an impact on the system’s
robustness. Furthermore, the detection of damage at places outside of the network was not
shown due to the sparse sensor count. For the purpose of locating damage, Cherrier et al. [61]
developed the inverse distance weighting technique. Based on the theories of acoustic wave
attenuation, they established the relationship between the damage index and the distance
and used it for impact localization. Experimental validation of the method was performed
on a beam and plate construction with two and three actuators, respectively. A damage
localization method was developed by Na et al. [70] based on a probabilistic neural network
that was trained on 90 damage scenarios and evaluated on 6 scenarios. Although the network
functions effectively, the resolution of damage is not as accurate as would be expected from
NDE/SHM methodologies. Even so, this might be enhanced with more sensors and training

data. The process of generating training data does take a considerable amount of time.
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The work of the data fusion-based damage detection approach was expanded upon in this
chapter to include data fusion-based damage localization. A comparison of damage imaging’s
radius resolution is conducted to achieve exact localization in less time. The effectiveness of
damage localization has been tested by the comparative application of the damage imaging
methodology utilizing various damage metrics, such as normalized RMSD, DCMI, fused
F data, etc. Further, sensor network optimization has been done for the multi-damage
detection simultaneously using the damage imaging approach for sensor-network based
damage detection in the structure. In order to enhance damage localization accuracy, a novel
inverse method is also used. In the suggested method, an analytical model of the relationship
between distance and angle with respect to the damage index (DI) is established using a
data-driven methodology. This methodology is utilized to construct an analytical model

based on the correlation of distance and angle with the DI.

4.2 Damage imaging approach

4.2.1 Comparative study of sensing radius using different types of EMI
signals

A square GFRP plate with six layers of 0 degree ply was used for the EMI studies. The
EMI data are measured for a GFRP composite plate with four sensors. The composite plate
has the following dimensions: 40 x 40 x 0.1 cm>. The damage, which is depicted in Fig.
4.1, was caused by a hit with a projectile that had a spherical end with an energy of 30 J.
Using a trial-and-error methodology, the damage analysis involves choosing the optimal
sensing radius while moving the damage location away from the sensor network in a range
of frequencies between 50 and 140 kHz. Fig. 4.2 displays the G plot for all sensors in both a
healthy and damaged state.

R and G information from sensors are evaluated in the frequency domain, and data fusion
is accomplished at the variable level using fused variable F, which is created by multiplying
G and R, as mentioned in Chapter 2 section 2.2.1.

In the normalized data (ND) approach, the sensor’s G information is divided by the

maximum absolute data points for G as given in Eq. 4.1.

G

max|G|

Gmodified = 4.1)

The DCMI signatures extraction approach is utilized from the sensitive portion of the EMI

coupling model described in Eq. 1.4. Z¢ is a DCMI in the complex domain and expressed by
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Fig. 4.1 Composite plate with bonded sensor network and with the impact damage.

Eq. 4.2. ()
) Zi(o
Zr=x kv =) (4.2)

where, x is the real part of the DCMI expression while y is the imaginary part. Z,(®) is
the short-circuited mechanical impedance of actuator, Z;(®) is the mechanical impedance of
structure [117].

An ideal sensing region radius (r) value in the sensor network can be found using damage
location accuracy (DLA), and is required for proper damage localization. DLA is determined
by Eq. 4.3 and is the inverse of positional deviation.

DLA = ! (4.3)

\/(x" - xC)Z + (yr — }’6)2

where (x,,y,) denotes the real position of the damage and (x.,y.) denotes the calculated

position.
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The plot of G for the sensor network is studied in the 1 kHz- 150 kHz frequency range

where maximum variation occurs in the signatures as shown in Fig. 4.2.
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Fig. 4.2 The comparative plot for the raw G signature in 2x2 PZT array.

The method has investigated the effects of damage imaging’s location accuracy (DLA)
behavior for both big and small r steps/intervals. Through the testing of various ’r’ values,
the relationship between the 'r’ value and DLA is examined in connection to structural
damage. Fig. 4.3 displays the DLA on the vertical axis and the sensing region’s radius (r)
on the horizontal axis. For the highest value of DLA, there is an ideal ’r’ value to use while
performing damage localization. The 'r’ value of the 1 mm, 5 mm, and 20 mm steps and
intervals were examined. The ’r’ value is the same for movements with small intervals of 1
mm and 5 mm, but for movements with wide intervals of 20 mm in the same frequency range,
there is a minor deviation. The stimulation frequency, PZT types, structure characteristics,
and shape are the key determinants of the r-value. From Fig. 4.3, it can be shown that the ’r’
value deviates little at increasing sensing radii. The initial ’r’ value is 806 mm, while for the
larger steps of 20 mm, ’r’ value is 821 mm.

The damage image plot for extracted changed signatures is then compared using a large
step of 20 mm radius of the sensing region. The large step simulation often takes less time,
requires fewer computer requirements, and has a much smaller accuracy difference. Fig. 4.4,
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Fig. 4.3 The plot between radius of sensing region (r) and DLA for normalized data a) r=1
mm, b) r=5mm and ¢) r=20mm.

which shows the DCMI and fused F data r plots, respectively, suggest the ideal 'r

501 mm and 1084 mm.

> values of

Because big intervals take less time and require less computation, the current study

demonstrates a modified probability weight function-based damage imaging approach for

the large steps/intervals of radius (r) in GFRP plates. Additionally, the method compares the
efficacy of DCMI data, fused F signature data, and modified normalized data (ND) data of G
signals for the big interval. The composite plate with impact damage was used to show how

damage imaging works with probability weights. Eq. 4.4 illustrates the probability weight

function that is employed in EMI-based damage imaging to determine the weight values for
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Fig. 4.4 The plot between radius (r) and DLA for a) DCMI and b) fused F at 20 mm interval.

each element.
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where W;[l;(x;,y;)] denotes the probability function at a given element (x;,y;). L;i(x;,y;)
denotes the Euclidean distance between the element (x;,y;) and PZT. d; is the calculated
RMSD damage indices of EMI signals. d;;,4x 1s maximum value among all damage indices of
the sensor network. r is the sensing region radius of the piezo-actuators on the surface of the
structure.

Eq. 4.5 uses the weight function of the distance between the piezo-actuator and the
element to calculate the probability weight density of the sensor network. In comparison to
other indices, the DI value for damage near to PZT is given more weight. By plotting the
above-estimated probability density distribution in monitored structures, damage localization

can be implemented.
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Fig. 4.5 A comparative RMSD plot for DCMI real and imaginary data, ND data and fused F
data.
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Fig. 4.6 Illustration of impact damage on the composite structure using real part for the
DCMI signatures.
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N

pi(xi,yi) = Y Willi(xi, yi))di (4.5)
i=1

Where N is the total number of the sensors in the sensing network.

In comparison to S1, S3, and S7; S5 exhibits the highest RMSD sensitivity, as seen in
Fig. 4.5 except DCMI imaginary signature based RMSD. Since the real part of the DCMI
signature has demonstrated more accurate damage imaging, it is explored here [117]. The
actuator S1 which is farthest from the impact damage has the lowest RMSD value. Fig. 4.5
shows the comparative DI plot of ND signatures, rescaled fused data F, and DCMI curve
in the frequency range of 50-140 kHz. The differences between the composite structure’s
healthy and damaged states are shown by the heights of the RMSD bars. As a complex

number, the DCMI expression is also broken down into real and imaginary parts for analysis.
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Fig. 4.7 Illustration of impact damage on the composite structure using fused F signatures.

Figs 4.6, 4.7, and 4.8 each demonstrate the damage imaging of the impact damage
location utilizing DCMI, fused F, and ND signatures. The actual damage position in an
impact damage scenario is indicated by the red circle, while the predicted damage state is
shown by the yellow shape. The yellow shape of the predicted damage is big for DCMI and
small for ND signature. Based on Euclidean distance, the error in identified damage and
actual damage location is 10.14 mm, 10.12 mm, and 30.24 mm for the fused F, ND, and
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Fig. 4.8 Ilustration of impact damage on the composite structure using the ND signatures.

DCMI signatures respectively. In comparison to DCMI, F, and ND signatures have the lowest
relative error in Euclidean distance between identified damage site and the actual damage
location. The DCMI technique has the maximum Euclidian distance between the precise
location of damage and predicted damage, and it looks less accurate for the steps of the large

r’ value.

4.2.2 Multi-damage localization using sensor network

This part explains sensor network-based multi-damage detection using the damage imaging
approach. The validations of the multiple damage detection methods are carried out using
simulated damage by magnet placement on an acrylonitrile butadiene styrene (ABS) polymer
printed plate with nine sensors having distance ’d’ between two consecutive sensors, as
illustrated in Fig. 4.9. The suggested strategy, shown in Fig. 4.10, simultaneously localizes
one damage case, two damage cases, and three damage cases.

The sensor’s resistance value is divided by the maximum absolute value before calculating
RMSD-based DI values in the frequency range of 1 kHz-200 kHz. Using Eq. 4.3, the sensing
region r of the sensor network has been explored based on DLA for Smm steps/intervals.

Based on calibration of known damage cases, a radius of maximum sensitivity was estab-
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Fig. 4.9 Diagram of sensor network and multiple damage to an ABS plate.

lished, with the assumption that the radius would remain constant for all actuators, regardless
of their location. The correlation between the r value and DLA is examined in connection to
multi-structural damage simultaneously in the same frequency range. For the highest value
of DLA, there is an optimal r value for the damage localization found to be r,,= 66 mm. The
following procedures are adopted for the localization of a single damage.

* Firstly, DI is calculated for the healthy and damage states of all the available sensors.

* The highest DI of the repeated healthy measurements among all the sensors is named
DILjyeshoia- All the sensors with DI above Diyj,esn014 are selected as suitable candidates
to be used for damage localization. Consequently, sensors 1, 2, 4, and 5 are found
suitable for damage localization in this case, as shown in Fig. 4.11.

¢ All the available three-sensor combinations from the set of the selected sensors are
determined, from 4 sensors in the current case. Each three-sensor combination will
hereafter be referred to as a triangle.

* The triangles based sensors having the distance between each two sensors less than or
equal to the optimum radius (d < r,) are further selected for damage localization. In
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Fig. 4.10 Multi-damage detection flowchart.

this case, all the available combinations are selected, where the formed triangles are
4-5-1,5-4-2, 1-2-4, and 2-1-5.

* The location of a single defect is determined by triangles forming a quadrilateral.
If multiple quadrilaterals are formed by the selected triangles, the quadrilaterals are
separated for multiple-damage localization. This updates the number of potential
damage locations. Since T1 is a single-damage case, the selected triangles form a
single quadrilateral 1-2-4-5, as shown in Fig. 4.12a.
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Fig. 4.11 DI of sensor network for single damage detection.

* The sensors corresponding to each of the quadrilaterals are stored separately to be used

for damage localization.

* Eq. 4.5 is used to calculate the probability-density-based damage-localization image
for each available quadrilateral. The localization of the single-damage case T1, using

the proposed method, is shown in Fig. 4.12b.

For the two damaged cases, the DI of the respective sensors for healthy and damaged
cases are given in Fig. 4.13. Using the same procedure stated above, the triangles used for
damage localization are 7-4-5, 4-5-2, 2-3-6, 2-5-6, 5-6-3, and 5-2-3 based on the condition
of d < ryp. Examining the triangular distribution of sensors that suggests a potential region
with the defect location is shown in Fig. 4.14a. The location of each defect is determined
by triangles of sensors forming a quadrilateral. The first best triangle of sensors formed
quadrilateral: 2-4-5-7 of sensors. The algorithm moves on to the next phase for detecting the
second damage and updates the number of sensors for the possible second quadrilateral 2-3-5-
6 of sensors. Then each sensor is arranged according to respective DIs for each quadrilateral
to localize the damage. The localization of two-damage cases T1 and T2 simultaneously
with the proposed method is shown in Fig. 4.14b.

For the three damage case, the DI of the respective sensors are given in Fig. 4.15. The
triangle of damage identifications are 4-5-1, 5-4-2, 1-2-4, 2-1-5, 2-3-6, 2-5-6, 5-6-3, 5-2-3,
8-5-6, 8-9-6, 5-6-9, and 5-8-9. By examining the triangular distribution of sensors with
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Fig. 4.12 Single damage detection using a) triangular coverage and b) damage imaging.
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Fig. 4.13 DI of sensor network for two damage detection using normalized RMSD.

the defect location is shown in Fig. 4.16a. Using these triangles, formed quadrilateral by
sensors are 1-2-4-5, 2-3-5-6, and 5-6-8-9, to detect three damages in the structures. Then,
the sensors are arranged according to each sensor’s DIs for each quadrilateral to detect



4.2 Damage imaging approach

73

3

1 2
T2mm
(142, 144)
4

£ 9
E L = @ 6
(=} Tl mm 5
2 (52, 87)

¢ o @

7 8 9

200 mm
(a)

200

180

160

140

0 50 100 150 200
width(mm)

(b)

Fig. 4.14 Two damage detection using a) triangular coverage and b) damage imaging.
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Fig. 4.15 DI of sensor network for three damage detection using normalized RMSD.

the multi-damage locations. Eq 4.5 uses to calculate the probability density-based damage
imaging localization of the possible quadrilateral of PZT. The localization of multi-damage
T1, T2, and T3 simultaneously with the proposed method is shown in Fig. 4.16b.
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Fig. 4.16 Three damage detection using a) triangular coverage and b) damage imaging.
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4.3 Damage localization based on inverse model

This section continues the pattern by employing a brand-new inverse approach for damage
localization to improve accuracy. In conventional techniques the DI for the sensors is used
to locate the damage, in the proposed approach the DI is computed for a given damage
location and hence is termed as an inverse approach. The establishment of an analytical
model in function of the dependence of the distance and the DI is done using a data-driven
methodology. This analytical model is then used to calculate the DI for all sensors for a large
number of damage locations. The error in the measured DI and the analytically computed
DlIs is then minimized to obtain the damage location. This enables for more precise damage
localization. The study’s were used fused data F based DI, which is covered in the section
4.2.1 pf this chapter. Based on the information that can be used for the next steps, any DI
can be computed. Due to its reliability and improved performance, the proposed Frechet
distance metric based on normalized cumulative power was adopted [119]. By adding a mass
of magnets with a diameter of 10 mm, the damage was induced in the plate. Then, using
curve fitting, it is discovered how the DI depends on the angle and distance from the sensor.
Eq. 4.6 can be used to define the analytical equation for the dependency of DI on the angle
and distance.

DI(s,0) = f(s)h(8) (4.6)

where ’s’ is the separation between the sensor and the damage location, and 0 is the angle
between the two. For anisotropic constructions, such as composites, the dependency of DI
with angle is required.

Figs 4.17 and 4.18 depict the DI values for varying distance and angle in the composite
structure based on the work done by Kralovec et al. [118] to fit the exponential distribution
and by Zhu et al. [117] on a linear fit. The function f(s) for linear and exponential fit is given
in Eq. 4.7 and Eq. 4.8 respectively.

f($)in=m.s+c 4.7)

F(8)exp = ml.e™ T 4 ma (4.8)

where m=-9.18 x 104, ¢=0.0024, m1=0.004, m2= -0.0089, m3= 0.002 and m4=0.00012 are
constant values. The linear fit has a R squared value of 0.9 whereas the exponential fit has a
value of 0.96. Additionally, a visual comparison reveals that the exponential fit outperforms

the linear fit in terms of agreement and error.
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An absolute cosine fit given by Eq. 4.9 was deemed suitable for the dependence on the

angle due to the structure’s symmetry about x and y axes.

h(e)cosine =cl x |C‘0S(9 + 62)’ +c3 4.9)

where, ¢l = 1.9430x 104, ¢2 =-7.1103 and ¢3 = 0.9025 and 6 is in degrees.

Once the analytical model has been established, the DI values for each actuator can
be generated using it. In the present study, the plate was discretized with a resolution of
41 x 41. This resolution was chosen to match the size of the magnets (10 mm diameter)
used for simulating the damage corresponding to the size of the structure. This resolution
gave a total of 1681 possible damage scenarios. The technique was examined for impact
damage of 30J. When the plate was equipped with 4 sensors (namely S1, S3, S5, and S7),
impact damage was introduced. Only these 4 sensors were employed for the impact analysis
because the baseline for just those 4 sensors was available. An error based sensor elimination
procedure is implemented to rectify for the modeling and measurement errors. The highest
DI artificially enforces zero relative error at the sensor location. This enforcement of the zero
error ensures that the sensor with highest DI will not be removed and ensures good damage

localization. The relative error (RE) for each of the damage scenario is given by Eq. 4.10.
RE = ’Dlanalytical _DIexperimental| (4.10)

The sensors with a relative error of more than 50% are eliminated from the computation,
and then a new search is conducted for the damage scenario with the least error. One
sensor at a time is removed, beginning with the one that is located farthest away from the
identified damage. Until all sensors that exhibit relative error larger than 50% are eliminated,
the process is repeated. The damage map for the impact localization using the suggested
technique is shown in Fig. 4.19. The damage detection algorithm was run for impact damage

(230 mm, 315 mm) which predict the damage position with error of 11.120 mm.
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Fig. 4.18 Angle based DI in the composite structure.
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Fig. 4.19 Damage localization based on the inverse mode.



Chapter 5

A standard deviation approach in damage
detection

5.1 Introduction

The EMI-based damage detection method’s challenging task is choosing reliable and efficient
damage indices, frequency ranges, and merging the data for damage quantification. In this
chapter, a novel standard deviation approach is utilized to pick the best frequency bands for
damage detection. The innovative frequency range selection is motivated by the distinction
between data in healthy and damaged states. Further, combining G and R fused data with
a probabilistic density function (pdf) to identify and classify the damage. It will aid in
deriving reliable information from frequency domain data so that damage detection can be
improved through reliable decision-making. For damage identification and classification
utilizing analytical and experimental data in this practical frequency range, a data fusion
based probabilistic integral technique is also introduced. The RMSD index technique is
then compared with the combined C-index statistical data-driven damage matrices. The
approach appears appropriate for concurrently determining both the location and the severity
of damage, and it works better in circumstances of less severe damage. Regardless of the
sort of damage in the structure, the method is useful for identifying damage since it takes
into account the area difference in the structure’s health. The damage severity and piezo
placement problems are both solved using the newly introduced C-index. The novel approach
improved the ability to detect damage when compared to the conventional RMSD approach
by employing the highest likelihood area covered under the healthy and damaged state curves
for the chosen frequency range.
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5.2 Novel frequency range selection methodology

The research emphasizes how crucial it is to choose the effective frequency range to assess

the structure’s high-sensitivity performance and guarantee strong repeatability.

5.2.1 Need of effective frequency range selection

In comparison to the traditional vibration-based SHM approaches, the working frequency is
typically higher than 10 kHz [51]. The wavelength is short enough at such high frequencies to
make the EMI approach sensitive to minute changes in structural physical characteristics. On
the other hand, due to the local based damage detection approach, the EMI is less dependent
on the boundary conditions. According to Park et al., various frequency ranges with 20 to
30 peaks are typically chosen for damage assessment due to the fact that a higher mode
density denotes a more dynamic interaction [120]. The selection of an effective frequency
spectrum that is difficult to detect for incipient structural damage that has a significant impact
on how well the EMI approach performs. The efficiency of the EMI approach depends on
the choice of the effective frequency spectrum, which is typically challenging to estimate
for the early structural problems. The effective frequency range of the transducer cannot be
inferred theoretically from the experimental data. Trial and error can be used to determine
the damage detection in EMI method’s robust frequency range [91]. According to Peairs et
al., the high mode density frequency spectrum exhibits a more sensitive reaction when using
the EMI approach than the low mode density frequency spectrum [92]. Yang and Divsholi
provided a sub-frequency range based on damage location and severity detection utilizing
the RMSD index in the broad frequency range, since PZT resonance frequency also plays a
significant influence in the selection of the effective frequency range. Using EMI, Sienkiewicz
examined and confirmed the mechanical characteristics such as stiffness, viscosity, and
Young’s modulus, of soft tissues particularly human skin. The electromechanical equivalent
circuit discovered for the actuator’s resonance frequency and calculations based on Hertz’s
contact mechanics theory are connected via an analytically method [121].

This chapter describes the new theoretical way to predict the effective frequency range
for damage detection from the experimental data of the EMI. This chapter includes two
sample instances with different damage scenarios to show how this strategy might be applied.
In this study, the sample consists of a small-sized aluminum plate with drilled hole and a
composite plate made of glass fiber reinforced polymer (GFRP) with added mass to simulate
damage.
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5.2.2 Methodology of effective frequency range selection

In the beginning, a novel mechanism for selecting an appropriate frequency range based
on standard deviation (o) is proposed. For each of the samples taken into consideration
for the investigation, the entire frequency band data is separated into subfrequency bands.
The o values calculated for the damage and healthy structure data’s corresponding G and R
subfrequency intervals. In Eq. 5.1, variables v, and v, are used to represent the difference in
repeated healthy states (1, h2) and damage-healthy (d, 1) data respectively for G. Similarly,
variables v, and v, are used to represent the difference in repeated healthy states of (1, h2)

and damage-healthy (d, h1) data respectively for R.
Ved = Ga— Gn13ven = Gpa — Gp13vea = Rg — Ryt ven = Ry — R (5.1

Here, the variables vgq,v,5, V¢ and v,y, are represented by the general notation A. The typical
local maximum of the 64 values in the o4-frequency plot is utilized to investigate the useful

frequency range. The standard deviation for A is calculated using Eq. 5.2.

n (A —u)?
Oy = \/ M (5.2)
n—1
where A; represents i sample. The mean value (i) of the A is calculated using Eq.5.3.
n
T A
U= =177 (5.3)
n

The subject of attention is shown by the highest o4 values taken from the G and R
matching frequency band for the method’s demonstration. Assume that o4 is the value of a
specific frequency subrange band 1 and that d oy is the small change that corresponds to the
frequency band’s minor changes. Eq. 5.4 can be used to mathematically express the proper
o4 selection, which depends on the local maximum nature of these from the left and right
side of the chosen frequency range 7.

doy ca(n+6n)—oa(n)

—— = lim

an  sn—0 on

>0 (5.4)

In this section, the EMI-based damage detection methodology is illustrated using exper-
imental data gathered from the two structures. Metal and composite are presented in the
damage detection of experimental measurement for the demonstration of identifying the
damages. In vast frequency ranges between 1kHz and 2MHz, data for aluminum and com-
posite constructions were gathered in 200Hz increments, and the o4 values were evaluated

for a number of smaller bands. Although a smoother sample size will be time-consuming,
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using 200Hz appears adequate for such a high-frequency range of damage analysis. Using an
HIOKI IM3570 Impedance Analyzer, the experiments were carried out on the structures with
attached piezo-actuators. The Ceramtec piezoelectric transducers made of SONOX P502
material had a 10 mm diameter disc form and were utilized for the EMI tests. The aluminum
and composite plates are attached to the piezo-actuators using cyanoacrylate adhesive. In the
testing, a 1V stimulation voltage was used. The chosen damage location falls within the PZT

sensitivity range.

A small aluminum plate with drilled hole damage

A small aluminum plate with a hole drilled through it is used for the first analysis to show the
frequency band selection. The study investigates the sensitivity of EMI responses produced
by a single piezo-actuator to a 10 mm hole drilled in a small aluminum plate using the drilling
technique shown in Fig. 5.1 on the aluminum plate. The dimension of the aluminum plate
were 10 cm x 10 cm x 0.1 cm and the temperature of the room was maintained at constant
23°C in the above experiment.

Fig. 5.1 Diagram of a small aluminum sample that was used to choose an appropriate
frequency range and detect damage.

The full frequency range is divided into subranges (1, 2, 3, 4,... 28) of the appropriate
band at a frequency of roughly 70 kHz in this data-driven approach. Due to the fact that
the G and R to maximum 70-80 kHz range was employed for the majority of research on

damage sensitivity in EMI [122-124]. Then ¢ values were determined for each frequency
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band of G and R. The area of interest was explained by the local maximum deviation in the
damaged and healthy sub-frequency bands. The o4 subranges plot for the effective frequency
range analysis is given in Fig. 5.2 and Fig. 5.3. The frequency sub-bands 9", 12", 19",
23 exhibit the shared local maxima of o4, hence these values are chosen for the sensitivity
analysis. The plot of o4 is estimated for repeated measurements of the healthy state using
vgi, and circular hole damage state concerning the healthy state by v,,. Similarly, for R data,
v,;, 1s used for repeated measurements of the healthy state, and v,,4, for the damage state.
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Fig. 5.2 Sensitivity model parameters using 64 values based on the G in the aluminum
plate’s frequency sub ranges.

Study of added mass on GFRP plate

In the second research, a study of the composite sample’s ¢ values under an added mass
damage scenario is done. The picture of the investigated samples is shown in Fig. 5.4 having
magnets on the GFRP plate. The magnet is moved from the location "c¢" in the center to the
side location "s" of the square structure of side of the 50 cm by 50 cm and thickness 0.5 cm
which is midpoint of actuator 2 and 3.

The frequency range is separated into subfrequency ranges of the suitable band at a
distance of around 70 kHz, same like in previous section. Then, using the healthy and

damaged states, o4 values were determined for each frequency sub-range. The point of
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Fig. 5.3 Sensitivity model parameters using 64 values contingent on the R in the frequency
sub ranges of the aluminum plate.

interest was explained by the local maxima in the damaged and healthy sub frequencies. The
o4 subranges plot for the effective frequency range analysis can be given by Fig. 5.5 and Fig.
5.6. In the square layout of the piezo-actuators 1, 2, 3, and 4 on the GFRP plate, vg, 1 symbol
used for repeated measurements of the healthy state, vy,c and vg4s represent simulated mass
damage at the center and side 2-3 concerning healthy state using G data. Similarly, for R data,
v, 1 is used for repeated measurements of the healthy state, v,4c, and v,4s for the damage
state. The 4" and 9" frequency band shows the local maxima for the o as can be seen from
Fig. 5.5 and Fig. 5.6.

5.3 Fusion-based probabilistic methodology

This work introduces the integration of the Gaussian probability density function to more
precisely identify damage location and damage severity. Integrating the Gaussian probability
density function for the G and R variables in the usable frequency range will aid in deriving
reliable information from frequency domain data so that damage detection can be improved
through robust decision-making. The technique is beneficial for pinpointing the location of
damage and determining the damage severity level. By introducing a damage algorithm and
a statistical matching strategy for a chosen frequency range, the scope of data fusion in the
EMI technique is expanded to allow for the quantification of damage and undamaged health
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Fig. 5.4 Diagram of composite samples used to test frequency range selection approach for
damage detection.

conditions of isotropic material and anisotropic plates. The EMI-based SHM technique is the
first to apply a few probability-based data fusion techniques, despite the fact that there has
been a lot of work done on data fusion. The Bayesian probability framework, which depends
on prior probabilities and model selections and is suitable for assessing structural damage,
is studied by the authors [125-127]. However, the major goal of this research is to create
a more accurate damage identification tool. This methodology expanded the possibilities
for damage indices and broadened the study’s scope for damage classification and detection
via data fusion. With this strategy, data fusion for various EMI factors is flexible. Similar
to Chapter 3, this one attempts to gauge the severity of damage by combining data from
variables with different natures (G and R) and those with similar natures (Y and G) to create

a PCA projection-based damage index.
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Fig. 5.5 Sensitivity plot of the G data in the frequency sub ranges of the GFRP plate using
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Fig. 5.6 Sensitivity plot of the R in the frequency sub ranges of the GFRP plate using o4
values.
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The work demonstrates the data fusion to achieve a common damage index for the G and
R EMI variables. The methodology provides a thorough explanation of the process and uses

this set of steps to illustrate it.

* Step 1: Calculation of vy, and v, variables from EMI measurements.
e Step 2: Selection of the frequency range using the oy values of vyg, vep, vy, and vyy,.

* Step 3: Calculation of the maximum and minimum limit for the v,4, and v,4 variables

in the selected frequency range.

» Step 4: Formation of the probability density function (pdf) p1 and p2 using the mean
and the standard deviation of the healthy and damaged state of the structure.

» Step 5: The new C-index damage index is investigated using the effective frequency
band.

For each sample, the G and R are experimental EMI measurements. The structural measure-
ments’ subscripts "h" and "d" stand for the healthy and damaged states, respectively and
hence the healthy state data for conductance and resistance are Gy, and R;, respectively. The
structure’s conductance and resistance damage states are represented by the variables G,
and Ry, respectively. Then a probabilistic way to represent the distribution of the healthy and
the damaged state of the variable A is given by Eq. 5.5 [128].

Ay ] L(A—py
p<GA7u)_GA\/ﬁexp< 2( o4 ) ) (55)

A Gaussian likelihood function (pdf) for the G and R variables describes the true value

of the parameter of interest using Eq. 5.5. The probability of the G and R healthy and
damaged data of a particular frequency band lying within deviation range of minimum (min)
to maximum (max) can be obtained in numerical value. Eqs 5.6 and 5.7 can be used to get
the numeric probability of area difference for these healthy and damage-related variables.

max G, max G,
Pl:/. P<—7ﬂgd)de—/_ P(——; Hgn) dGy; (5.6)
nun gd min eh
max Rd max Rh
p2: . p(_a.urd)de_/. p(_hurh)dRh; (5.7)
min rd min Orp

dGg, dGyp, dR; and dR), represent infinitesimal small deviations in the corresponding G

and R variables’ health status of the structure in Eq.5.6 and 5.7. The mean and standard
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Fig. 5.7 An illustration of the damage detection procedure using the samples’ C-index.

deviation of the healthy and damaged state of G and R are Ugq, Uen, Ura> Hris Ogds Oghs Ora
and o,, respectively.

The fusion of the G and R variable’s derived features used two probabilistic estimates
based on the Gaussian distribution function. The G and R spectral analysis is viewed as an
independent event in this equation, which has two variables. The C-index is a statistical dam-
age index that uses the G and R EMI variables. Eq.5.8 provides the developed mathematical
index expression [129, 130]. The method integrates the pl and p2 values in the effective
frequency range after transforming the G and R data using the Gaussian probability density

function.

plp2

C—index = (p1p2) +(1—p1)(1—p2)

(5.8)
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Data fusion has been applied at the highest level in the equation above by directly
combining the pl and p2 processed data using Eq.5.8, which serves as the primary statistical
index in EMI. The Gaussian probability function is utilized in the equation to estimate G
and R EMI variables within a specific frequency range. This methodology has the benefit
over others in that it only considers the data between the damaged and healthy states and
simultaneously combines the deviation of two variables, G and R. Hence the approach may
provide reliable damage detection because it covers all deviated areas between healthy and
damaged states. The schematic flow chart diagram of the selected single-frequency band

based damage detection procedure is given in Fig. 5.7 for the metal and composite samples.
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Fig. 5.8 Analytical signal spectra at the following points: a) baseline, b) amplitude increases,
c¢) with the addition of perturbation, d) with peak intensity, ) new perturbation and f)
increase in the amplitude of new peak.

5.3.1 C-index sensitivity study using analytical spectra

Using the numerical data generated from the fast Fourier transform (FFT) of the time
domain sine function, this section of the thesis illustrates the EMI-based damage detection
methodology. The sensitivity of the aforementioned method was examined using this

analytical signal, where modifications are made by amplifying already-existing peaks or by
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adding new peaks. A horizontal shift is a change in frequency, whereas a vertical shift is an
increase or decrease in amplitude. New peaks have been added to the original signals, and
some of the existing peaks have had their magnitudes along the frequency axis changed. Fig.
5.8a depicts the analysis’s baseline signal, and Fig. 5.8b depicts the frequency axis after a
perturbation has been applied. Before a perturbation is added in Fig. 5.8d, the amplitude’s
size increases in Fig. 5.8c. One additional new peak is added to the preceding signal in Fig.

5.8e, and in Fig. 5.8f, the intensity rises for the same disturbance.

67.85 T T T T T

caseb casec cased <casee casef
Signal modification

Fig. 5.9 Calculation of the C-index for the analytical spectra.

The C-index of the change in magnitudes of new peaks and introduction of the peaks
shown in Fig.5.9. The b & c case study the damage index by a change in the amplitude with
respect to healthy state ’a’. The ¢ & d case study the increase in peak intensity and new
perturbation together with respect to ’a’. The d & e case, study the increase in number of
perturbation only with respect to ’a’. The e & f case, study the increase in peak intensity of
new perturbation with respect to *a’. The findings show that the C-index is a reliable damage

index for any damage alterations made to the original signal.

5.3.2 C-index sensitivity study for metal and composites

This section includes an analysis of the damage location and severity for the sensitive sensor
using an efficient frequency range and the recommended C-index. The statistical C-index,

which is based on a probability density function, is assessed in the appropriate sub-frequency
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bands to help identify defects using sensors and gauge the extent of the damage. Small and
large aluminum plate, and GFRP composite structure experimental data were collected in
the 1kHz—2MHz frequency range. There may be multiple peaks for such a high frequency,
some of which will match the inherent frequency of the plate. Since 1 volt of stimulation
is insufficient to excite all of the plate’s modes due to the size of this aluminum and GFRP

plate.

C-index study for small aluminum plate

The frequency sub-bands 9th, 12”‘, 191,23 yged to estimate C-index and RMSD index for
the small aluminum plate as discussed in the earlier section and displayed in Fig.5.2 and
Fig.5.3. Egs. 1.4, and 5.8 are used to determine the RMSD index and C-index respectively.
The C-index, however, performs better in the higher frequency ranges. All local maxima

frequency sub-bands of the broad frequency range have undergone investigation.
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Fig. 5.10 C-index for the healthy and damaged aluminum plate in the frequency sub-bands:
a) 9" | b) 12", ¢) 19", and d) 23" respectively.
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Fig. 5.11 RMSD index for the healthy and damaged aluminum plate in the following
frequency sub-bands: a) 9, b) 12 | ¢) 19", and d) 23"¢ respectively.
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Fig. 5.12 C-index of the GFRP plate’s structures in the effective 9" frequency sub band.

C-index study for GFRP plate

The C-index performance analysis has been done in the 9" frequency subband which has

shown a well seperated increasing trend for o4 parameters as the mass is moved from the
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centre of the square structure to the midpoint of the side 2-3 of the piezo-actuators in the
GFRP plate. This method shows sensitivity for lighter damage than traditional RMSD
methods because it uses pdf transformations of the raw data and fuses two variables as
shown in Fig. 5.12. However, in the same frequency subband, the RMSD index of G and R

signatures do not show any sensitivity as shown in the Fig. 5.13.
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Fig. 5.13 RMSD index in effective 9" frequency sub band of the GFRP plate.

Damage severity study of metallic structure

The EMI experimental study was performed on a thin square aluminum plate with an
attached piezo-actuators network as shown in Fig. 3.10. The locations of piezo-actuators in
the network are a result of different studies with an optimization approach for guided wave-
based damage detection as described in Chapter 3 [131]. To assess the degree of damage, the
sensor P1, which is set at a distance of 22.36 cm from the hole "D-a," is employed only. This
study examines the sensitivity of EMI responses to two different sizes of drilled holes in an
aluminum plate: a 5 mm hole and a larger, 10 mm hole. As illustrated in Fig. 3.10 on the
plate, the hole was made using a drilling operation and then it was extended up to 10 mm.
The plate has the following measurements: 100 x 100 x 0.1 ¢m® and the temperature of the
room was kept constant at 23°C in the above experiment.

According to research done in Chapter 3, the piezo-actuator P1 demonstrated the maxi-

mum sensitivity to the damage caused by the hole made on the aluminum plate. To illustrate
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the development of the algorithm, the frequency domain analysis of the EMI G and R spectra
for the healthy and damaged states of the aluminum plate for P1 is performed. The algo-
rithm for calculating the damage index in the effective frequency range is being developed
with a primary focus on the hole D-a’ in Fig. 3.16. Fig. 5.14 illustrates the G spectra of
piezo-actuator P1 in both its healthy and damaged states. An efficient frequency approach
based on o values was used to choose the optimal frequency range (530-600 kHz). The
model for damage detection and classification is illustrated using this range. For the Smm
and 10mm drilled holes, the piezo actuator P1’s RMSD index is displayed in Fig. 5.15. The
threshold limit established for the P1 for damage detection is known from the other repeated
measurements in the healthy condition. The index is generated from the two measurements
in each case of the features G and R. In order to determine the degree of the damage in the
large aluminum structure, an RMSD index was computed using Eq. 1.6. From Fig. 5.15, it is
clear that for the Smm and 10mm holes, the RMSD index does not show an upward trend.
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Fig. 5.14 The sensor P1’s G spectrum plot for holes measuring 5 and 10 millimeters.

Fig. 5.16, Fig. 5.17 and Fig. 5.18 displays the pdf plot of two repeated measurements
of the healthy state in relation to various damage severity cases. According to table 5.1, the
bell-shaped width range utilizing the minimum (A) and maximum (B) of G and R increases
with the degree of damage. The standard deviation values for the P1 healthy and damaged

states are also shown in Table 5.1.
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Fig. 5.15 a) G and b) R sensor network RMSD damage indices for 5 mm and 10 mm holes
drilled in a large aluminum plate.
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Fig. 5.16 The pdf curve of healthy state’s a) vgj,, and b) v,;, variables.

Due to the maximal variations in the EMI response following structure degradation, the
width of A to B values (indicated by vertical lines) in the pdf plot also grows. The likelihood



5.3 Fusion-based probabilistic methodology 96

x10% a) b)
6F 4 0.5 1
o 1 oaf |
4 L -
- « 0.3} .
=] =]
o o
3 - -
0.2} E
2 L .
0.1 1
1 L -
0 L— : : ol— : .
2 0 2 20 0 20
Vad x 10 L

Fig. 5.17 The pdf curve of a) vg4, and b) v, variables for the Smm damage state.
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Fig. 5.18 The pdf curve of a) vg4, and b) v,, variables for the 10 mm damage state.
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Fig. 5.19 C-index of piezo P1 for the damage of 5 mm and 10 mm drilled holes in the large
aluminum plate.

Table 5.1 Summary of P1 healthy and damaged state statistically.

Healthy state repeated measurement 5 mm-hole 10 mm-hole
G(S) R(Q) G(S) R(Q) G(S) R(Q)
o | 0.12x107° 0.12 3.7x107° | 4.47 | 417x107° | 5.05
A | -0.39x107° -0.436 779%107° | -5.39 | -8.6x10~° | -6.38
B | 3.09x107° 0.4 1.23x10°% | 17.45 | 1.14x10~* | 18.27

of a bell-shaped curve is higher if the two curves (Gh and Gd or Rh and Rd) share the same
perturbation or horizontal shift. However, there is less chance of identifying the same place
within the cell if there is curvature fluctuation. The width of the A to B values in the pdf also
grows as it contained the maximum changes in the spectrum after damage in the structure.
For the 10 mm hole, the breadth range in the pdf of the G and R variables is greater than for
the 5 mm hole. It is also obvious that the combined effort of the G and R variables is what
causes the C-index for the 5 mm hole and 10 mm hole damage. Since the spectrum typically
has several data points above and below to represent the healthy condition and damaged
state, it can be challenging to determine which region is crucial for comparison. However, by
utilizing this technique, we are able to identify the p1 and p2’s dominant effects. Eq. 5.8 is

used to determine the C-index performance for the P1 in each scenario, and the results are
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displayed in Fig. 5.19. It is evident from the figure that the degree of damage for the C-index
of P1 in the large aluminum plate is on an increasing trend.

For the most sensitive piezo actuator P1, the effective C-index incorporating G and R
variables was compared to conventional RMSD. For the variables G and R damage severity
assessment, the C-index has demonstrated an increasing tendency for 5 mm and 10 mm
diameter holes than the classic RMSD index.

Study of GFRP composite plate

The EMI planned calibration experiments were performed on a square thick GFRP composite
plate using a square network consisting of four sensors used to measure the signatures at the
piezoelectric transducer terminals. The damage was introduced by an impact at the energy of
30 J with a projectile with a spherical end. The GFRP plate of dimension 50 cm x 50 cm
x 3 cm made of 8 layers of woven GFRP. Moreover, during the manufacturing stage of the
sample another damage was simulated by introducing a thin Teflon patch (10 mm x 10 mm)
between 2nd and 3rd layer of the composite just in the area where later piezo actuator no. 1
was positioned as discussed in Fig. 3.2 of chapter 3. The point ‘g’, ‘h’, and ‘k’ in Fig. 5.20

marks the introduced damage positions.

P4 (O @)

k-
g 130mm|

55mm it 4
|125mm

O

P1 P2

Fig. 5.20 GFRP plate with impact damage shown in diagram.
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Fig. 5.21 The sensor P1, P2, P3, and P4’s G spectrum displayed on a GFRP plate.
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Fig. 5.22 The sensor network’s C-index following the impact at composite plate point "g".

Study of impact damage location using sensor network on a composite GFRP plate

This part explains the damage sensitivity for P2 in a frame of sensor network contribution.
The conductance plot for P1, P2, P3 and P4 are shown in Fig. 5.21 after impact at a position of
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Fig. 5.23 Variables a) vy4 and b) v,y pdf distribution diagram for P1 following the impact of

damage "g".
’g’. The C-index for the all piezo-actuator was calculated in the frequency range of 170-250
kHz, which is an effective frequency range as obtained using ¢ values. The piezo-actuator
P1, P2, P3 and P4 individual behaviour has shown for the variables R and G variables through
the combined C-index in Fig. 5.22. The high sensitivity for the P2 is due to damage impact
close to the piezo-actuator. The second highest sensitivity is shown by the P3, due to the

second nearest to the impact damage.
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Fig. 5.24 Variables a) v44 and b) v, pdf distribution diagram for P2 following the impact of

n._n

damage "g".
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Fig. 5.25 Variables a) vy4 and b) v,y pdf distribution diagram for P3 following the impact of

damage "g".
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Fig. 5.26 Variables a) vgq and b) v,4 pdf distribution diagram for P4 following the impact of

"n_n

damage "g".

The pdf plot of P1, P2, P3 and P4 are shown in Fig. 5.23, Fig. 5.24, Fig. 5.25, and Fig.
5.26 respectively for the impact damage location ‘g’. The bell-shaped pdf response gets
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flattened for the P2, which is nearest to the damaged location. The pdf demonstrates the
highest deviation of P2 and lowest of P1 out of A and B limits. However, C-index for the
P1 is minimum and cover a higher range than P4 for the G and R variables in the minimum
and the maximum deviation range. The dominating effect of the p1 and p2 values is higher
for the P1 even though the standard deviation value is greater for the P1 compared to P4 as
shown in table 5.2. This shows that the sensitivity of this method is limited to some extent.

Table 5.2 Standard deviation and width data for the sensor network after impact at location

b b

g .

Pl P2 P3 P4

G(S) R(Q) G(S) R(Q) G(S) R(Q) G(S) R(Q)

o |618x107° | 84 140x107> | 270.1 | 60.7x107> | 97 | 3.35x107° | 2.98
A | -15x107% | -27.1 | -0.0013x1077 | -1.67 -0.002 | -145.1 | -5.81x107° | -4.66
B| 19%x107% | 27.3 0.005 1063 | -2.3x107% | 161.6 | 1.41x107% | -6.93

Study of impact damage severity on composite GFRP plate

In this case, the piezo-actuator P2 was used to examine the structure’s health following each
impact from the damage. According to Fig. 5.20, the impact location in the composite
structure is shifting from 'k’ to "g’. The frequency spectrum plot for all piezo-actuator is
given in Fig. 5.27. The closest impact to the P2 allows the biggest data fluctuation, as seen in
Fig. 5.27. The P2 was used to show damage location detection in the 170-250 kHz frequency
band using the Gaussian distribution function. The P2 is examined using a C-index approach
under various damage impact conditions (’g’, ’h’, and ’k’). However, the index value is
lowest for the repeated measurement and highest for the closest hit, as seen in the Fig. 5.28.

Table 5.3 Standard deviation and width data for P2 after impact at g’,’h’,’k’ damaged cases.

Healthy state repeated measurement impact at’g’ impact at ’h’ impact at 'k’
G(S) R(Q) G(S) R(Q) G(S) R(Q) G(S) R(Q)
o | 058x107° 0.2728 140x107° [ 270.1 | 3.86x107> | 2.9 | 1.46x107° | 1.22
A | -02.33%x107? -1.65 -0.0013 | -1.67 | -1.59%x107> | 2.24 | -1.1x107° | -2.0
B | -6.25x1077 -0.43 0.005 1063 | 1.33x107% | 11.8 | 4.14x107° | 34

From Fig. 5.29, Fig. 5.24, Fig. 5.30 and Fig. 5.31, as the position of the impact
damage moves farther from the P2, we can see that the bell-shaped curves of the G and R are
becoming less flat. The mean, standard deviation, A and B values are indicated in table 5.3
for examining the degree or location of damage in calculated frequency range. The majority
of the P2’s variance is covered by the healthy state pdf curve in the A and B limits. As a

result, it accounts for the majority of deviation in the bell-shaped curve, and the likelihood of
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Fig. 5.27 The G spectrum plot of the sensor P2 after each impact on the GFRP plate.
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Fig. 5.28 Sensor P2, C-index contribution after each damage impact on the composite plate.

discovering these deviations at the maximum and minimum ranges of the deviation is very

high. According to Fig. 5.30 and Fig. 5.24, the damage impact site g’ demonstrates a higher
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Fig. 5.29 The pdf distribution of the a) v¢j, and b) v, variables for the P2 repeated
measurements in a healthy state.
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Fig. 5.30 The pdf distribution of the a) v¢4 and b) v, variables for P2 following the impact
of damage "h".

deviation than impact place ’h’ out of A and B limits. Due to the comparable nature of the G
and R spectra in Fig. 5.29 and Fig. 5.31, pdf for the position "k" is essentially identical to

repeated healthy state measurements.
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Fig. 5.31 The pdf distribution of the a) v¢4 and b) v, for P2 following the impact of damage
Hkll .



Chapter 6
Conclusions and Future work

The thesis summarizes the data-driven approach to improve the performance of damage
detection and classification. The unified approach considers many factors like data fusion
of EMI variables and sensor data fusion for the sensor network. Further, a novel standard
deviation-based approach is discussed for the frequency range selection. Multi-damage
detection and an inverse model were proposed. The major contribution with recommended

future works is described in this chapter.

6.1 Research conclusions

Firstly, thesis successfully demonstrates the advantage of the parallel combination of the
EMI-based damage detection. This methodology enhanced the scope of study from individual
connections of the actuators to fused connections based damage detection to reduce the time
taken during the measurement. This work investigate damage sensitivity of mass and crack
for measurement time consumption reduction using the proposed connection. This method
shows sensitivity for mass detection in varied temperature conditions. However, it should
noted that the individual connections are more sensitive to the environment conditions mass
was within the sensitivity range of both transducers. All connections pl, p2, p12p, and
p12s detected the big mass (50 gram) in the both locations. The p12p successfully detected
the small mass in the varying temperature condition irrespective of the healthy baseline
measurement temperature. The p12p connections has also been detected the small crack
created in the steel beam. This paper successfully demonstrates the advantage of the parallel
combination of the EMI-based damage detection using RMSD and MAPD and have less
influence of the temperature variation on measurements. Finally, this approach allows us

time consumption reduction using the proposed connection for mass detection in varied
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temperature conditions. The following advantage, parallel connections hold in compared to
the individual connections.

1. Faster measurement.

2. Less sensitivity to the temperature variation in compared to the other individual and

combined connections and always able to detect the damage.

3. Robust damage detection sensitivity for the small and big simulated mass as well crack

in the steel beam.

The improvement of SHM performance in low weight structures was the main emphasis
of the thesis. The performance of damage detection and damage severity assessment can be
improved using a data-driven strategy based on the combination of the G and R parameters
data fusion derived from the EMI measurements. The most common damage indices used to
identify anomalies in a structure using the EMI approach are the RMSD, RMSDk, and MAPD
indices. These indices, developed using F, are more precise in identifying the degree of
damage. For two different structures, specifically a GFRP beam with introduced delamination
and a GFRP plate with introduced impact damage, the performance of the parameter fused F
is compared with that of R and G. The research was conducted using a frequency range of 1
kHz to 100 kHz to make structural sample comparisons. The outcomes show that the fused F
parameter is, in fact, more reliable for categorizing the degree of damage. It can be seen that
the sensitivity is increased by combining the G and R factors. This might be accounted by the
smoother F spectrum that was produced by multiplying the G and R spectra. Furthermore,
compared to present approaches, which concentrate on a narrow frequency range where the
selected parameter (G or R) is more sensitive, the F spectra can identify damage over a wide
frequency range. The F parameter’s wider frequency range for sensitivity makes application
simpler.

Further, regardless of whether a wide or small frequency range is chosen, a robust
identification method based on integrated data fusion is presented for estimating structural
damage, and the chosen frequency contains the resonant frequency range based on a process
of trial and error. The identification of many damages at various locations in a wide frequency
range was effectively accomplished in this work by applying data fusion at the sensor level
by a common baseline model of sensor network. The suggested solution demonstrates an
integrated strategy employing PCA and SOM as a more reliable way for damage localisation.
The SOM was employed for the variable level data fusion in the EMI technique employing
the four sensor data |ZI, IYl, R and G. The robust method incorporates data fusion-based SOM
classification for SHM, statistical PCA tools-based damage classification, and PCA-based
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RMSD index. In the choice to identify damage, the PCA concatenates the data fusion
technique based on variance contribution and machine learning SOM. The Q-statistics (Q
index) and Hotelling’s T statistic are used in the SOM investigations to classify the damage.
Irrespective to the trial-and-error based damage detection strategy, the method exhibits robust
damage sensitivity to the specified resonance frequency 180-250 kHz and large frequency
range (17-600 kHz) that contains the resonant frequency range. The following conclusion was
reached utilizing sensor network-based damage detection and the combination of sensor-level
and variable-level data.

* The comparison of the PCA-based RMSD index and the conventional RMSD technique
for damage identification. In comparison to the conventional RMSD approach, the

PCA-based data fusion shows the potential for damage identification.

* The methodology developed in this work are successfully tested and validated by
drilling a hole that is 5 mm in diameter, increasing it to 8 mm, and eventually to 10
mm. The fusion of variables |Zl and R provides superior data quality than variables Y]
and G, supporting the calculation of the fusion-based DI index.

* The use of data variables IZI, Y], R and G in EMI approach increases potential through
the application of data fusion. Over the Q index of the fused variables, the SOM of the

T2 index has demonstrated superior performance.

The performance assessment is not limited to damage severity but also proposed data
fusion for the sensor network based damage imaging. The study made a comparison to a
strategy put forward by Zhu et al. [13], which was regarded as pioneering for the localisation
of damage using linear weight of DI utilizing the EMI methodology. The comparative
discussion aims to emphasize a modified probability weight function-based damage imaging
strategy for large sensing radius steps/intervals. In comparison to small ’r’ intervals, the
approach has explored the behavior of big steps in ’'r’ values on damage imaging. Because
large intervals require less computation and processing, they take less time. The relative
efficacy of DCMI, F data, and modified normalized data (ND) has also been investigated
using big interval. The DCMI technique has the biggest Euclidian distance between the
true location of damage and expected damage, making it less suitable for the large interval
steps of the sensing radius region. The nascent method of fused data F variables and ND has
effectively demonstrated the best effectiveness on GFRP composite plate with impact damage.
The proposed approach extended to detect and localize the two and three damages T1, T2,
and T1, T2, T3 simultaneously in the 3D printed ABS structure. Further, a new technique
based on inverse formulation for damage localization using EMI impedance signature has
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been proposed. An analytical model is first established to determine the dependence of the
DI on the distance and angle. The analytical model is then used to compute the DI of all the
sensors under difference damage scenarios and used as a database for damage localization.
The experimental EMI signature obtained from the host structure is used to calculate the
DIs. These DIs are compared to the DI generated from the analytical model. A value of
higher relative error is eliminated by observing model and measurement errors. The proposed
method is applied to the analytical models using the combination of exponential and cosine
fit which yields better damage localization due to the lower modelling errors. The method
is applied for real impact damage scenario and the proposed method works really well for
simulated and real damage scenarios.

Lastly, the study extends the data fusion based on a standard deviation-based frequency
range selection approach. The Gaussian probability density function of two-variable used
in data fusion-based damage detection in the EMI technique. This maximizes the known
likelihood distribution for the given G and R experimental data. The likelihood function
relates the extent to which the G and R EMI variable probability is subject to change by
utilizing the available information about the problem. A novel Gaussian integral equation
was used to find the C-index for the G and R together in quantifying the location and severity
of damages. The work calculates the C-index, a robust damage identification statistical
fusion tool in damage classification of EMI-based structural health monitoring. This C-
index equation provides higher accuracy for the fusion of two variables with a reasonable
estimate for the two variables G and R. The novel approach using maximum likelihood
covered area under healthy and damage state curve for the selected frequency range and
showed improvement for damage detection capability in comparison to the traditional RMSD
approach. This work demonstrates the theoretically effective frequency range selection
for damage detection. The methodology studied many kinds of structures (small and big
aluminum plates with drilled holes, and composite plates with different types of damage)
with damages. In the first case, the aluminum plate with drilled hole, the second case the
composite plate with added mass. The third case of different damage severity and the fourth
case of impact damages moving toward P2 were successfully detected. The method has
an advantage over the other approach because it only covers the area enclosed between the
damaged and healthy state in the selected frequency band and fuses two variables G and R
simultaneously. This approach successfully compared the standard RMSD approach with the
new damage index for damage detection evaluation. The discussed results show sensitivity
towards the theoretical model for a considerable amount of experimental aluminum and
composite GFRP data. The implemented modified algorithm was used for localization of the

damage employing the suitable effective frequency range selection based on o values. The
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method shows better sensitivity for the lighter damage case of movement of magnetic mass
and enlargement of the hole. However, for the larger hole damage on the aluminum plate
method sensitivity increases in the higher frequency ranges. Hence, it is proved that the
thesis provides robust data-driven data-fusion based approaches to enhance damage
detection and localization for metal, composites, and 3D printed polymer structures by
proving the following:

* The data fusion techniques are enhancing performance compared to the conven-
tional approach for damage identification.

* Sensor network-based damage localization accurately predicts single and multi-
damage locations.

* A data-driven theoretical effective frequency range selection is possible that
enhances the performance of data fusion-based damage detection and damage
severity quantification.

6.2 Major Contributions

This thesis comprehensively discusses a detailed analysis of EMI data fusion in light struc-
tures in order to enhance damage quantification utilizing DI.

The benefit of data fusion-based parallel combination in damage detection is centered on
reducing measurement time and an easier robust technique while investigating the damage
sensitivity in a constrained temperature fluctuating environment.

In this thesis, the variable fusion level (F signatures) and sensor level (sensor network)
data fusion approaches are illustrated, along with a discussion of how they might be used to
enhance the performance of damage detection using PCA and SOM.

For the first time, a robust damage identification approach based on integrated data fusion
was established, for an EMI application employing the PCA-based Q index and the 7% index.

Structural multi-damage detection is based on linear damage imaging techniques in a
3D-printed ABS structure. Additionally, a novel method for damage localisation using the
EMI impedance signature based on inverse formulation has been put forth.

For the purpose of choosing the most efficient frequency ranges for damage detection, a
novel theoretical approach based on standard deviation is employed.

Probabilistic integral based data fusion approach using C-index which covers the area
difference of the health of the structures, so it is an effective data-driven approach for damage

identification irrespective of the type of damage in the structure.
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6.3 Future work recommendation

This thesis comprehensively discusses the application of data-driven data fusion based EMI
SHM methods. Based on the experiences and results obtained in this research, the following
suggestions can be made for further work.

The sensitivity of the fused, F parameter to complicated geometries-based metallic,
composite structure are being investigated. Furthermore, the investigation must analyze
environmental elements such as temperature change.

The impact of temperature variation must be highlighted in structural multi-damage
identification. Studying the effect of temperature on correctly identifying damage and
misinterpretations of damage is necessary. Additionally, the effect has to compensate for
precisely detect damage in metal and composite materials.

The inverse technique-based detection and localization of various defects in the structure
are indicated as a subject of additional research in the varying temperature conditions. In
addition, the issue of the optimal placement of sensors, will also be examined in the future.

EMI can work with the other sensing method, it can offer useful information about the
condition of a structure. In order to provide a more complete health assessment of a material,
future research may investigate how to combine EMI with other sensing methods, such as

ultrasound.
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