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Abstract

The search for stronger, lighter, and more efficient structures has led the industry, particularly the
aeronautics sector, to use new materials with customized properties and multimaterial structures.
Adhesive joints eliminate fastening holes, distribute loads over larger areas than other bonding
methods, uniformize stress fields, and allow for thinner substrates, reducing weight. However, ad-
hesive joints are sensitive to substrate surface treatment, cyclic loads, arbitrary load combinations,
and environmental conditions, requiring monitoring throughout their lifecycle. Identifying critical
damage should precede potential failure, ensuring structural integrity and human safety. Although
adhesive joints have advantages over other bonding methods, there are obstacles to their appli-
cation in aeronautics and other key industries. In fact, current safety regulations require reliable
non-destructive testing (NDT) techniques for each bonded part, according to section 23.573(5)-
(iii) of the Federal Aviation Regulations (FAR).

Some NDT methods have been explored for monitoring adhesive joints, such as ultrasonic,
thermographic, radiographic, holographic, and based on electro-mechanical impedance spectroscopy.
However, current NDT methods do not offer good solutions for monitoring the integrity of the
bonded surface in primary structures. Structural health monitoring (SHM) utilizes NDT tech-
niques for continuous in-situ monitoring with equipment permanently attached to the structure.
SHM involves different technologies, such as instrumentation, signal conditioning, data process-
ing, and damage detection, localization, and quantification. Recently, specific SHM applications
have been developed in various areas, with some success, but reliable solutions for general use are
not yet available, and applied research on adhesive joints is scarce.

A promising approach for SHM is based on Lamb waves (LW), excited/detected through
piezoelectric actuators/sensors. LWs are a particular type of guided waves that propagate through
materials and are sensitive to structural damage. LWs are difficult to process due to electromag-
netic noise, environmental disturbances, and the complexity of their physical mechanisms, involv-
ing dispersive modes that overlap in both the time and frequency domains. Thus, proper processing
of LW signals is crucial to extract information on structural integrity. Several data processing tech-
niques have been proposed for LW-based SHM in various areas, but their applicability to bonded
structures has still to be proven. Analysis with small-scale structures, simple geometries, and the
existence of only one damage focus revealed the potential of LWs to detect damage in adhesive
joints. However, LW data processing techniques need to be further developed to extract informa-
tion on incipient damage, impossible to detect by other methods, as is the case with weak adhesion
(a.k.a. kissing bond or zero volume void). This type of damage is characterized by a reduction
in the Young’s modulus of the adhesive, in the border zone with the substrate, of at least 20%.
Currently, there are no NDT methods capable of conveniently detecting weak adhesion, which
severely limits the use of adhesives in critical structures in multiple potential application fields.
Thus, developing a method for continuous monitoring of adhesive joints throughout their lifespan
is essential.

This thesis consists of an extended summary and six papers, detailing the progression of work
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developed on detecting and characterizing weak adhesion in adhesive joints using LWs and ma-
chine learning (ML) algorithms. The work ranges from understanding the problem of weak adhe-
sion and the current limitations in detecting this type of damage, to proposing a method capable
of detecting, assessing intensity, and locating weak adhesion in simple lap joints (SLJs).

The first paper reviews equipment, procedures, and NDT and SHM techniques, focusing on
applications in adhesive joints. The fundamentals of LWs and their application in damage detec-
tion using various signal processing methods, such as statistical indices and ML, are discussed.
Issues of modeling, simulation, and manufacturing of SLJs with different values of weak adhe-
sion are addressed. This paper lays the groundwork for subsequent research, highlighting existing
research gaps and opportunities.

The second paper describes exploratory work on synthetic LWs data generation and the use
of data-driven algorithms for damage detection. It compares the performance of conventional
feedforward artificial neural networks (FNNs) and convolutional artificial neural networks (CNNs)
for simple damage classification in aluminum plates and proposes a methodology adaptable to
various types of damage and structures.

The third paper addresses a specialized feature extraction method on time series representing
LWs generated in simulated SLJs subjected to weak adhesion. Followed by feature selection using
the Benjamini-Hochberg procedure, supervised ML methods such as Random Forest and Naive
Bayes classifiers are employed to achieve classification metrics and isolate relevant features for
damage differentiation.

The fourth paper explores different ML algorithms, trained and tested with synthetic data,
namely FNN and Gated Recurrent Unit (GRU) networks, showing their performance in terms of
accuracy and convergence time.

The fifth paper presents an innovative approach using ML regression and LWs to determine
weak adhesion in SLJs. A numerical model of SLJs is validated with real data, and an artificial
neural network-based damage detection method is developed, achieving over 95% accuracy.

The sixth paper describes a methodology for detecting and characterizing weak adhesion, us-
ing transfer learning, where an extensive synthetic database is used to train CNN-based algorithms,
which are then fine-tuned with some experimental data. Tests with SLJs where weak adhesion in-
tensity could vary from 100 MPa to 500 MPa, and damage localization could change up to 125 mm
within the adhesive area, showed that the developed pipeline can not only detect weak adhesion
in simulated data with over 95.3% accuracy but also identify about 100% of cases with damage in
experimental data. Regarding the intensity of weak adhesion, the algorithm achieves an average
loss of 45 MPa for the experimental validation dataset, with an average error of 140 MPa and best
cases of only 3.6 MPa. As for damage localization, the algorithm exhibits an average loss of 8
mm in the validation synthetic dataset. Importantly, the methodology is flexible enough to deal
with other weak adhesion characteristics beyond existence, intensity, and localization, without
requiring major alterations.

The developed work demonstrates the potential of properly processed LWs with ML algo-
rithms to improve the quality control of adhesive bonding using NDT and improve the safety and
durability of bonded structures throughout their lifespan through SHM.



Resumo

A procura por estruturas mais resistentes, leves e eficientes tem levado a indústria, nomeadamente
a aeronáutica, a utilizar novos materiais, com propriedades personalizadas e estruturas multima-
teriais. As juntas adesivas dispensam os furos de fixação, distribuem cargas por áreas maiores
do que outros métodos de ligação, uniformizam os campos de tensão e permitem substratos mais
finos, reduzindo o peso. Porém, as juntas adesivas são sensíveis ao tratamento superficial dos
substratos, cargas cíclicas, combinações arbitrárias de cargas e condições ambientais, requerendo
monitorização ao longo do seu ciclo de vida. A identificação de dano crítico deve preceder uma
potencial falha, garantindo a integridade estrutural e a segurança humana. Embora as juntas ade-
sivas tenham vantagens sobre outros métodos de ligação, existem entraves na sua aplicação na
aeronáutica e em outras indústrias chave. De facto, os regulamentos de segurança vigentes exigem
técnicas de ensaio não destrutivo (END) fiáveis em cada peça adesivada, de acordo com a secção
23.573(5)-(iii) da “Federal Aviation Regulations”. Alguns métodos END têm sido explorados
para a monitorização de juntas adesivas, tais como os ultrassónicos (mais comuns), termográficos,
radiográficos, holográficos, e baseados em espectroscopia de impedância eletromecânica. Porém,
os atuais métodos END não oferecem boas soluções para monitorizar a integridade da superfície
adesivada em estruturas primárias. A monitorização de integridade estrutural (MIE) utiliza técni-
cas END para monitorização contínua in-situ com equipamento permanentemente ligado à estru-
tura. A MIE envolve diferentes tecnologias, como a instrumentação, condicionamento de sinal,
processamento de dados e deteção, localização e quantificação de dano. Recentemente, foram
desenvolvidas aplicações específicas de MIE em várias áreas, com algum sucesso, mas ainda não
estão disponíveis soluções fiáveis para uso geral, sendo escassa a investigação aplicada a juntas
adesivas. Uma abordagem promissora para MIE baseia-se em Ondas Lamb (OL), excitadas/de-
tetadas por meio de atuadores/sensores piezoeléctricos. As OL são um tipo particular de ondas
guiadas que se propagam através dos materiais e são sensíveis ao dano estrutural. As OL são difí-
ceis de processar devido ao ruído eletromagnético, às perturbações ambientais e à complexidade
dos seus mecanismos físicos, envolvendo modos dispersivos, que se sobrepõem tanto no domínio
do tempo como da frequência. Assim, o processamento adequado dos sinais de OL é crucial para
extrair dados sobre a integridade da estrutura. Foram propostas várias técnicas de processamento
de dados para MIE baseado em OL em diversas áreas, mas a sua aplicabilidade a estruturas ade-
sivadas requer comprovação. A análise com estruturas de pequena dimensão, geometrias simples
e a existência de apenas um foco de dano revelou o potencial das OL para detetar dano em juntas
adesivas. Contudo, as técnicas de processamento de dados de OL têm de ser mais desenvolvidas
para se extrair informação sobre dano incipiente, impossível de detetar por outros métodos, como é
o caso de “fraca adesão”. Este tipo de dano é caracterizado por uma redução do módulo de Young
do adesivo, na zona de fronteira com o substrato, de pelo menos 20%. Atualmente, não existem
métodos END capazes de detetar convenientemente a “fraca adesão”, o que limita profundamente
o uso de adesivos em estruturas críticas em múltiplos campos de potencial aplicação. Deste modo,
o desenvolvimento de um método para monitorização contínua de juntas adesivas ao longo da sua
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vida útil é essencial.
A tese é composta por um resumo extendido e seis artigos de revista, detalhando o progresso

do trabalho desenvolvido sobre deteção e caraterização de “fraca adesão” em juntas adesivas us-
ando OL e algoritmos de aprendizagem máquina (ML). O trabalho vai desde a compreensão do
problema da “fraca adesão” e das limitações atuais na deteção deste tipo de dano, até à proposta
de um método capaz de detetar, avaliar intensidade e localizar “fraca adesão” em juntas de so-
breposição simples (JSS).

O primeiro artigo revê equipamentos, procedimentos e técnicas END e MIE, com foco em
aplicações em juntas adesivas. Discutem-se os fundamentos das OL e a sua aplicação na de-
teção de dano, usando vários métodos de processamento de sinal, como índices estatísticos e ML.
Abordam-se questões de modelação, simulação e fabrico de SJLs com diferentes valores de “fraca
adesão”. Este artigo lança as bases para o estudo subsequente, destacando as lacunas e as oportu-
nidades de investigação existentes.

O segundo artigo descreve trabalho exploratório sobre geração de dados de OL sintéticos e
utilização de algoritmos baseados em dados para deteção de dano. Ele compara o desempenho
de redes neurais “feedforward” (FNNs) convencionais e redes neurais artificiais convolucionais
(CNNs) para classificação de dano simples em placas de alumínio e propõe uma metodologia
adaptável a vários tipos de dano e estruturas.

O terceiro artigo descreve a implementação de um método especializado de extração de car-
acterísticas (“features”) em séries temporais correspondentes a OL geradas em JSS simuladas, su-
jeitas a “fraca adesão”. Seguido da seleção de características usando o procedimento de Benjamini-
Hochberg, métodos de ML supervisionados, como classificadores “Random Forest” e “Naive
Bayes” são empregues para obter métricas de classificação e isolar características relevantes para
diferenciação de dano.

O quarto artigo explora distintos algoritmos de ML, treinados e testados com dados sintéticos,
nomeadamente FNNs e redes de unidade recorrente controlada (GRU), mostrando a sua perfor-
mance em termos de precisão e tempo de convergência.

O quinto artigo apresenta uma abordagem inovadora usando ML e OL para determinar “fraca
adesão” em JSS usando modelos de regressão. Um modelo numérico de JSS é validado com
dados de juntas reais, e um método de deteção de danos baseado em redes neurais artificiais é
desenvolvido, obtendo-se mais de 95% de precisão.

O sexto artigo descreve uma metodologia para deteção e caracterização de “fraca adesão”,
utilizando aprendizagem por transferência (“transfer learning”) onde uma extensa base de dados
sintética é usada para treino de algoritmos baseados em CNNs, que depois são afinados com alguns
dados experimentais. Testes com JSS, em que a “fraca adesão” podia variar de 100 MPa a 500
MPa, e a localização do dano podia mudar até 125 mm dentro da área adesiva, mostraram que o
pipeline desenvolvido não só pode detetar “fraca adesão” em dados simulados com mais de 95,3%
de precisão, mas também identificar cerca de 100% dos casos com dano em dados experimentais.
Em relação à intensidade de “fraca adesão”, o algoritmo alcança uma perda média (“loss”) de 45
MPa para o conjunto de dados de validação experimental, com erro médio de 140 MPa e melhores
casos de apenas 3,6 MPa. Quanto à localização de dano, o algoritmo apresenta uma perda média
de 8 mm no conjunto de dados sintéticos de validação. É importante realçar que a metodologia é
suficientemente flexível para lidar com outras características de “fraca adesão” além da intensidade
e localização, sem exigir grandes alterações.

O trabalho desenvolvido mostra o potencial das OL processadas adequadamente com algo-
ritmos de ML, para melhorar o controlo de qualidade da junta adesiva e melhorar a segurança e
durabilidade das estruturas adesivadas ao longo do seu tempo de vida através de MIE.



Acknowledgments

Without the help of others this thesis would not have been possible. I am immensely grateful to
all that helped in so many ways.

First, I would like to thank Professor António M. Lopes not only for the technical and academic
guidance, as well as going above and beyond to help with life’s challenges that might otherwise
have gone unnoticed. I would also like to express my gratitude to Professor Lucas da Silva for the
invaluable help throughout the entire thesis helping me with my doubts.

To Jonathan Holt that helped me simulate a metric shit ton of stuff, bogging his PC down
for weeks on end and not allowing him to play PoE because “I had to finish damage size 25” or
something like that. He also was their for more philosophical reasons such as helping me answer
questions of life and PhD until obscene times at night.

To Matheus Di Vaio simply for being there in all moments of my life even when we are
currently in different countries. One of the very very few people that I would call and accept a call
of “Buy a plane ticket and be here now I need help”.

To my Mother to whom I owe so much in my life and has always been there for me in any
situation without batting an eye. —You are and will always be my inspiration to continue on and
always persevere. This thesis will always have your mark of “Carry a stone while you rest”.

In memory of my father... —To you who said almost these exact words also in your PhD
thesis: “To my father... That saw how it all started, but did not have a chance to see how it ended.”
—I truly miss you.

To my Wife Thamiris Ramalho for being by my side for all these years helping me grow and
become who I am. For accepting the countless nights and weekends I had to stay home and study
and for all the hardships we passed through from a simple to fix Hangry Gabriel to a freaking
Pandemic. —I could not have finished this stage of my life without you by my side.

Finally to my Grandfather João that treats not only but my mom with so much warmth, caring
and love that I cannot express the joy I have to have him by my side.

Gabriel M. F. Ramalho

v



“It’s the questions we can’t answer that teach us the most.
They teach us how to think.”

Patrick Rothfuss

vi



Contents

1 Introduction 1
1.1 Background and motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.3 Research methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.4 Outline of the thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2 Literature Review 8
2.1 Fundamentals of LWs in SHM . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
2.2 Adhesive joints . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.2.1 The single lap joint . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
2.2.2 Defects in adhesive joints . . . . . . . . . . . . . . . . . . . . . . . . . 12
2.2.3 Testing methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
2.2.4 Instrumentation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.3 Statistical and ML based damage detection . . . . . . . . . . . . . . . . . . . . . 18
2.3.1 Statistical based methods . . . . . . . . . . . . . . . . . . . . . . . . . . 19
2.3.2 Machine learning methods . . . . . . . . . . . . . . . . . . . . . . . . . 20

2.4 Theoretical simulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
2.4.1 Modeling piezoelectric transducers . . . . . . . . . . . . . . . . . . . . 22
2.4.2 Modeling adhesive structures . . . . . . . . . . . . . . . . . . . . . . . . 23
2.4.3 Computer modeling software . . . . . . . . . . . . . . . . . . . . . . . . 24

2.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

3 Numerical methods 26
3.1 FEM models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

3.1.1 Model-1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
3.1.2 Model-2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
3.1.3 Model-3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

3.2 Actuator and LW simulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
3.3 Adhesive and weak adhesion simulation . . . . . . . . . . . . . . . . . . . . . . 30
3.4 Data processing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
3.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

4 Experimental Setup 34
4.1 Experimental setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

4.1.1 Creating weak adhesion . . . . . . . . . . . . . . . . . . . . . . . . . . 34
4.1.2 Experimental testing . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

4.2 Experimental model validation . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
4.3 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

vii



CONTENTS viii

5 Machine Learning Algorithms 40
5.1 Feedforward neural network . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
5.2 Recurrent neural network . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

5.2.1 Long short-term memory . . . . . . . . . . . . . . . . . . . . . . . . . . 41
5.2.2 Gated recurrent unit . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

5.3 Convolutional neural network . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
5.4 Transfer learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
5.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

6 A ML Pipeline for Detecting and Assessing Weak Adhesion in SLJs 47
6.1 Proposed methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

6.1.1 Design of the CNNs . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47
6.1.2 Design of the transfer learning scheme . . . . . . . . . . . . . . . . . . . 49

6.2 Final results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
6.2.1 Damage detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
6.2.2 Damage intensity evaluation . . . . . . . . . . . . . . . . . . . . . . . . 52
6.2.3 Damage localization . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

6.3 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

7 Conclusion and Future Work 56

References 58

A Paper A 69

B Paper B 92

C Paper C 113

D Paper D 128

E Paper E 148

F Paper F 166



List of Figures

1.1 Illustration of an LW-based SHM scheme applied to an aircraft. . . . . . . . . . . 3
1.2 Representation of the delineated work plan. . . . . . . . . . . . . . . . . . . . . 4

2.1 Example of symmetric and anti-symmetric modes in a wave phase velocity vs.
frequency graph. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.2 Relation between the wavelength of each mode and the frequency. . . . . . . . . 11
2.3 Example of how a sinusoidal signal is altered when multiplied by a Hann function. 11
2.4 Example of different types of defects, where A) is a void and B) is weak adhesion

between the adhesive and the substrate. . . . . . . . . . . . . . . . . . . . . . . 13
2.5 Examples of WTB and ATB sensor/actuator placement for LWs testing. . . . . . 14
2.6 Comb and interdigital transducer structure. . . . . . . . . . . . . . . . . . . . . . 16
2.7 Probability of detection caused by a defect located: (left) at the center; (right)

close to a border. Sensors/actuators are represented as blue circles [1]. . . . . . . 19
2.8 Schematic example of the output of the RAPID algorithm [2]. . . . . . . . . . . 20
2.9 Example of a NN with its input, hidden and output layers. . . . . . . . . . . . . . 21

3.1 Representation of an aluminum plate, with actuator, sensors, and a hole type defect. 27
3.2 Simulation of LWs moving in the aluminum sheet. . . . . . . . . . . . . . . . . 27
3.3 Illustration of the dimensions, and actuator and sensor placement, of the first type

of SLJ, used to address weak adhesion detection and intensity evaluation. . . . . 28
3.4 Illustration of the dimensions, and actuator and sensors placement, of the second

type of SLJ, used to address weak adhesion detection, intensity evaluation and
localization. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.5 Simulated SLJs showing the region of weak adhesion. . . . . . . . . . . . . . . . 29
3.6 Representation of the forces that approximate the behavior of the piezoelectric

round actuators used in real SLJs. . . . . . . . . . . . . . . . . . . . . . . . . . 30
3.7 Representation of the 3-layer approach to simulating weak adhesion. . . . . . . . 31
3.8 Representation of the data preprocessing steps. . . . . . . . . . . . . . . . . . . 32
3.9 MDS representation of five weak adhesion classes. . . . . . . . . . . . . . . . . 33

4.1 Experimental setup with four samples being produced in a fabrication jig and two
samples in another one. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

4.2 Data acquisition setup of one SLJ, with actuator and sensor connected to a signal
generator and an oscilloscope, respectively. . . . . . . . . . . . . . . . . . . . . 36

4.3 Stress-strain test performed with an Instron 3367 testing machine. . . . . . . . . 37
4.4 Load-displacement curves of all SLJs. . . . . . . . . . . . . . . . . . . . . . . . 37
4.5 A SLJ after rupture. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
4.6 Complete approach for experimental SLJ models validation. . . . . . . . . . . . 39

ix



LIST OF FIGURES x

5.1 Fundamental architecture of an FNN with the interaction of each component rep-
resented. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

5.2 The architecture of an LSTM cell with the input cell circled in green, the forget
cell in yellow, the cell state in red, and finally, the output gate in purple. . . . . . 42

5.3 Architecture of a GRU cell with the reset gate circled in purple and the update gate
in green. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

5.4 Architecture of a CNN comprising convolutional and pooling layers with a final
flattening layer. The dimensions of each layer are represented under each one. . . 44

5.5 Overall structure of a transfer learning scheme. The components within the bor-
derline have the same weights and biases as the pre-trained model, while the rest
are reset to be fine-tuned. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

6.1 Representation of the pipeline proposed for weak adhesion detection, intensity
evaluation and localization in SLJs. . . . . . . . . . . . . . . . . . . . . . . . . 48

6.2 Overall structure of the CNN used to detect damage in simulated data. . . . . . . 48
6.3 Overall structure of the CNN used to evaluate damage intensity in simulated data. 49
6.4 Overall structure of the CNN used for damage localization in simulated data. . . 49
6.5 Overall structure of the transfer learning scheme for damage detection. The com-

ponents within the borderline have the same weights and biases as the pre-trained
model, while the rest are reset to be fine-tuned. . . . . . . . . . . . . . . . . . . 50

6.6 Overall structure of the transfer learning scheme for evaluating the intensity of
weak adhesion. The components within the borderline have the same weights and
biases as the pre-trained model, while the rest are reset to be fine-tuned. . . . . . 50

6.7 Loss value for each epoch for the pre-trained damage detection algorithm. . . . . 51
6.8 The accuracy for each epoch for the pre-trained damage detection algorithm. . . . 51
6.9 The loss value for each epoch for the pre-trained damage intensity evaluation al-

gorithm. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
6.10 The error for each value of damage intensity studied. . . . . . . . . . . . . . . . 53
6.11 The intensity error for each value of the position of damage studied. . . . . . . . 53
6.12 The loss value in each epoch for the damage localization algorithm. . . . . . . . 54
6.13 The localization error for each value of damage position studied. . . . . . . . . . 54
6.14 The localization error for each value of damage size studied. . . . . . . . . . . . 55



Acronyms

ADAM Adaptive Moment Estimation
ATB Across The Bond
CEC Constant Error Carousel
CNN Convolutional Neural Network
CZM Cohesive Zone Method
DL Deep Learning
EMAT Electromagnetic Acoustic Transducer
FAR Federal Aviation Regulations
FDM Finite Difference Method
FE Finite Element
FEM Finite Element Method
FNN Feedforward Neural Network
GRU Gated Recurrent Unit
LISA Location Interaction Simulation Approach
LSTM Long Short-Term Memory
LW Lamb Wave
MAE Mean Absolute Error
MDS Multidimensional Scaling
MEMS Micro Electro-Mechanical System
ML Machine Learning
MLM Machine Learning Method
MSE Mean-Squared Error
NAN Not a Number
NDT Non-Destructive Testing
NN Neural Network
PCoA Principal Coordinates Analysis
PDE Partial Differential Equation
PWAS Piezoelectric Wafer Active Sensor
PZT Lead Zirconate Titanate
RAPID Reconstruction Algorithm for Probabilistic Inspection of Damage
RELU Rectified Linear Unit
RNN Recurrent Neural Network
SAFE Semi-Analytical Finite Element Method
SDC Signal Difference Coefficient
SHM Structural Health Monitoring
SLJ Single Lap Joint
TOFD Time Of Fight Diffraction
WTB Within The Bond

xi



Chapter 1

Introduction

This chapter presents the overall background and the motivation that led to studying NDT and

SHM of adhesive joints using LW and ML algorithms. The main objectives of the work are

defined and the research methodology is established, yielding a sequence of steps to be followed

to gradually study the problem. Finally, the outline of the thesis is presented.

1.1 Background and motivation

Adhesive joints have advantages over other joining processes, but are sensitive to surface treat-

ment, cyclic loadings and environmental variables, among other conditions [3, 4]. This is critical

in primary structures, and regulations oblige the use of NDT methods to monitor adhesive joints

through their lifecycle, so that severe damage and potential failure can be detected [5]. However,

state-of-the-art NDT methods cannot offer good solutions to monitor bondline integrity, specifi-

cally in what concerns weak adhesion (a.k.a. kissing bond or zero-volume void). This has been

the most serious issue hindering the use of adhesive primary structures in key industries, as in

the aeronautical and automotive ones. Weak adhesion is nowadays the most challenging issue in

adhesive science. Thus, the emergence of an NDT method able to detect and characterize weak

adhesion will constitute a revolution for adhesive bonding.

SHM appeared within intelligent structures able to perform auto-diagnostic [6, 7]. Active

SHM uses NDT for continuous in-situ monitoring, with equipment permanently attached to the

structure. Often lead zirconate titanate (PZT) piezoelectric elements are used [8]. Specific SHM

applications in certain areas have recently been addressed, with some success, but reliable solu-

tions are not yet available for widespread implementation. Plus, in what concerns adhesive joints,

current NDT and SHM techniques do not offer good solutions and no NDT based method can deal

with weak adhesion.

When comparing different SHM techniques, the approach utilizing LWs stands out as one of

the most promising candidates. Typically, lightweight piezoelectric actuators and sensors are used

to generate and sense a special kind of guided wave that makes the structure vibrate in a certain

way, depending on its overall characteristics. Although it is possible to detect damage, LWs are

1
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very difficult to process due to noise, environmental variables, and other intrinsic characteristics

that may affect the signals received at the sensors [9].

Due to the complex nature of LWs, several data processing methods have been adopted,

namely for adhesive joints. However, those techniques have been tried just in small and simple

structures that have only one type of damage or simple types of damage, such as voids [10, 11]. To

address large-scale parts and complex damage cases, the LW signals need to be effectively treated

so that LWs data can be related with damage signatures. This is an open issue, not only when deal-

ing with general damage (voids, porosity and cracks), but especially for weak adhesion. Existing

algorithms for damage detection, characterization and localization often present incremental dif-

ficulty. Several classifications exist [12, 13, 14, 15], but they are rather vague and overlaps exist.

Data-driven methods [15, 16] are currently opening new research avenues in SHM. These do not

require physical models. They take observable features of the structures and, automatically, learn

the relationship between inputs and health condition. Typically, this involves ML models trained

with large amounts of data. These data can be from real structures or, more practically, generated

by numerical models of the structures, namely by FE models [17]. Using numerical (simulation)

data for training ML algorithms may lead to suboptimal performance due to discrepancies be-

tween training and target (real) data domains. Therefore, recent ML trends rely on generative and

transfer learning [18, 19]. Generative models are able to generate new data samples similar to the

training data they were trained on, thus performing data augmentation. Transfer learning allows

models, trained with large volumes of data, to be fine-tuned, with small quantities of data from the

target domain, thus transferring previous knowledge to new tasks. This is also crucial when the

target domain data varies in time, as is the case of damage.

The LWs data processing approach based on ML is followed in this thesis. Weak adhesion is

nowadays the most challenging issue in adhesive science. Acoustic emission [20] and electrome-

chanical impedance spectroscopy [21] can handle the issue to some extent, but the emergence of

a disruptive NDT solution that revolutionizes adhesive bonding has still to be found [21, 22].

1.2 Objectives

State-of-the-art NDT methods do not offer good solutions to monitor bondline integrity, specifi-

cally in what concerns weak adhesion. This has been the most serious issue hindering the use of

bonded primary structures, as regulations demand that those structures be monitored along their

lifecycle using NDT methods.

The main goal of this work is to develop an effective LW-based SHM methodology to in-situ

detect and characterize weak adhesion in bonded structures. Figure 1.1 illustrates the concept

applied to an aircraft. The development of such a methodology will constitute a revolution for

adhesive bonding.

The specific objectives are:
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Figure 1.1: Illustration of an LW-based SHM scheme applied to an aircraft.

• To develop numerical models that are able to replicate the behavior of real SLJs subjected

to weak adhesion and LWs excitation, and can rapidly generate trustful damage-dependent

data;

• To establish experimental procedures for fabricating SLJs representative of the damage

cases of interest, with good repeatability as will be explained in 4;

• To develop a method that validates the SLJs numerical models with real experimental data;

• To study how the LWs data can be (pre)processed to facilitate the use of ML algorithms for

detecting and characterizing weak adhesion;

• To innovate on data-driven algorithms, namely ML ones, for detecting and characterizing

weak adhesion, and investigate their discriminative performance;

• To create a ML pipeline able to swiftly detect the presence of weak adhesion and determine

its characteristics.

1.3 Research methodology

To provide answers to the challenges faced, a methodology that combines experimental and com-

putational research was established and materialized in a work plan comprising six interrelated

steps, as illustrated in Figure 1.2 and detailed in the following.

1. Review of LW, weak adhesion, and ML applications

This step involves a comprehensive review of the literature to illuminate the road of the

research. In this step, the published studies on damage detection and characterization in

adhesive joints are analyzed, focusing in weak adhesion. This step also covers the existing
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Figure 1.2: Representation of the delineated work plan.

numerical and experimental efforts for generating LW, creating weak adhesion and collect-

ing data, as well as data processing methods and ML applications.

2. Study of how to simulate LWs, and simple damage detection

In this step, LWs in SLJs are modeled and simulated using FE software (Abaqus), and their

potential to detect simple damage types, such as voids, is addressed. Simple ML algorithms

are assessed to process the LWs data.

3. Study of how to simulate weak adhesion and detect damage

This step studies means for creating and simulating weak adhesion and understanding how

the generated LWs data can be treated, visualized, and used. Thus, damage detection is

performed, but the focus is to understand the data features and best overall metrics to be

used.

4. Study of ML algorithms

Multiple ML algorithms are tested with the intent of determining the types and parameters

that are best suited to the problem at hand. Simplified ML classification algorithms are

considered rather than more complicated regression models.

5. Experimental study of damage detection and classification

An experimental setup is created, generating data for validating the SLJs numerical models.

Weak adhesion intensity is studied using a regression ML model.

6. Create a ML pipeline to use regression models, and transfer learning to detect weak
adhesion and its characteristics.

A ML pipeline is created to condense all previously studied variables into a methodology

that can be applied in any scenario, to not only efficiently detect weak adhesion but also its

characteristics such as damage intensity and localization.
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1.4 Outline of the thesis

This thesis is based on the material reported in six peer-reviewed papers already published by the

author, with the exception of the sixth paper, which is still under review. It includes an extended

summary, divided into six chapters, followed by the papers mentioned above. The correspondence

between papers and work plan main steps is presented in Figure 1.2. This introductory chapter

contains a brief description of the problem addressed, as well as the background and motivation of

this work and its objectives. Additionally, it displays a summary of each paper. Chapter 2 presents

an in-depth literature review of the subjects needed for the studied. Chapter 3 addresses the over-

all simulation aspects in this work, including LWs and weak adhesion modeling and simulation.

Chapter ??details experimental procedures used to generate data for models validation and testing.

Chapter 5 presents the adopted ML algorithms. Chapter 6 presents the overall methodology cre-

ated along with the final results on weak adhesion detection and characterization. Finally, chapter

7 summarizes the conclusions and future work.

• Paper A: Structural health monitoring of adhesive joints using Lamb waves: A review

This paper presents a comprehensive review of equipment, testing procedures, and tech-

niques adopted in NDT and SHM, with emphasis on applications involving SHM of adhe-

sive joints. The fundamentals of LWs and their application to damage detection are dis-

cussed, and different signal processing, statistical, ML, and simulation methods are pre-

sented. The paper represents a basis to deepen the understanding of the problem at hand

and is a thorough compilation of relevant information for future work. Although LW-based

SHM methods have been heavily studied, there is a gap of few to no studies between these

topics and adhesive joints, namely, for monitoring weak adhesion.

• Paper B: Damage Classification Methodology Utilizing Lamb Waves and Artificial
Neural Networks

In this article, the performance of conventional FNNs and CNNs for simple damage clas-

sification in aluminum sheets is compared, and a novel methodology to classify damage

is proposed. The ML techniques adopted require large sets of prior data, which are gen-

erated by numerical simulations utilizing FE models. The damage classification pipeline

comprises (i) generating LW by one actuator, measuring the structure response using a set

of sensors, (iii) extracting features from the raw signals and training the ML algorithms,

and (iv) assessing the classification accuracy. The methodology has the advantage of being

baseline free, easily extendable for automatic feature extraction and testing, and adaptable to

different types of damage and structures, as long as the algorithms are trained with suitable

data.

• Paper C: Feature Extraction and Visualization for Damage Detection on Adhesive
Joints, Utilizing Lamb Waves and Supervised Machine Learning Algorithms
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In this paper, a powerful time series specialized feature extraction method is implemented.

Initially, over 75 different prominent features and their variations are extracted from each

sensor’s raw data. Then, by utilizing the Benjamini-Hochberg procedure some are selected

as relevant for a damage classification problem. After the initial selection, the features are

inserted into supervised ML methods, such as Random Forest and Naïve Bayes classifiers,

where not only is it possible to achieve high classification metrics using all features, but also

reveal and isolate which features allow the best differentiation of each damage class. This

selection methodology accounts for robustness by utilizing different layers of selection and

classification, validating the feature relevance in relation to the appropriate set of classes.

As such, different damage types and ranges can be utilized in this multi-class classification

pipeline.

• Paper D: Identifying Weak Adhesion in Single-Lap Joints Using Lamb Wave Data and
Artificial Intelligence Algorithms

In this paper, NDT techniques are proposed to detect weak adhesion. These are based on

LWs data and artificial intelligence algorithms. A dataset consisting of simulated LW time

series extracted from SLJs subjected to multiple levels of weak adhesion was generated.

The raw time series were preprocessed to avoid numerical saturation and to remove outliers.

The processed data were then used as the input to different artificial intelligence algorithms,

namely FNNs, long short-term memory (LSTM) networks, gated recurrent unit (GRU) net-

works, and CNNs, for their training and testing. The results showed that all algorithms were

capable of detecting up to 20 different levels of weak adhesion in SLJs, with an overall ac-

curacy between 97% and 99%. Regarding the training time, the FNN emerged as the most

appropriate. On the other hand, the GRU showed overall faster learning, being able to con-

verge in less than 50 epochs. Therefore, the FNN and GRU presented the best accuracy and

had relatively acceptable convergence times, making them the most suitable choices. The

proposed approach constitutes a new framework allowing the creation of standardized data

and optimal algorithm selection for further work on NDT damage detection and localization

in adhesive joints.

• Paper E: Assessing Weak Adhesion in Single Lap Joints Using Lamb Waves and Ma-
chine Learning Methods for Structural Health Monitoring

This paper presents a novel approach utilizing ML and LWs to determine the level of weak

adhesion. Firstly, a numerical model of SLJs with different levels of weak adhesion is

created and an original approach is proposed for its validation with data from real samples

so that reliable LWs data can further be easily generated to train and test any other data-

driven algorithm for tackling damage. Secondly, a damage detection method is proposed,

based on artificial neural networks (NNs) and fed with simulated data, to determine the

level of damage in SLJs, independent of their location. The results show that the simulation

model can be validated with a small set of experimental data, being capable of replicating

real damage in SLJs. Additionally, the use of simulated data in the training algorithm can
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increase the accuracy of the simulation model up to 26% when compared to only considering

experimental data. The adopted artificial NN for detecting weak adhesion emerges as a

promising approach, yielding a precision of over 95%. Thus, ML and LW data can be

used to improve the reliability and accuracy of adhesive bonding quality control, as well as

function as a technique for SHM, which can enhance the safety and durability of bonded

structures.

• Paper F: Detecting and Assessing Weak Adhesion in Structural Single Lap Joints Us-
ing a Machine Learning Pipeline with Lamb Waves Data

In this paper, an NDT testing technique is proposed for detecting, evaluating intensity, and

locating weak adhesion in SLJs. The method utilizes LWs data in a ML pipeline. First, a

large dataset of simulated LW time series for SLJs with varying levels of weak adhesion,

damage locations, and sizes is generated. After preprocessing to remove outliers and dis-

crepancies, these raw time series are fed into a pipeline consisting of CNNs, trained, and

tested with synthetic data to characterize damage. Finally, the weights and biases from the

CNNs are saved for use in a transfer learning algorithm, which is fine-tuned with a small

amount of experimental data. The algorithm is then applied to detect the presence of weak

adhesion and to assess its intensity. Tests with SLJs where weak adhesion intensity could

vary from 100 MPa to 500 MPa, and damage localization could change up to 125 mm within

the adhesive area, showed that the pipeline can not only detect weak adhesion in simulated

data with over 95.3% accuracy but also identify about 100% of damaged cases in experi-

mental data. Regarding the weak adhesion intensity, the algorithm achieves an average loss

of 45 MPa for the experimental validation dataset, with an average error of 140 MPa and

best cases of only 3.6 MPa. As for the weak adhesion localization, the algorithm exhibited

an average loss of 8 mm in the validation synthetic dataset. Importantly, the methodology

remains flexible enough to tackle damage characteristics beyond existence, intensity, and

localization, without requiring major alterations.



Chapter 2

Literature Review

This chapter reviews fundamental concepts of LW, ML, adhesive joints, and SLJs modeling and

simulation. Furthermore, the state of the art in NDT and SHM based damage detection and char-

acterization in adhesive joints is addressed. More information and details can be found in the

appended review paper, Paper A.

2.1 Fundamentals of LWs in SHM

As wear and tear occur on parts due to everyday use, the chances for the emergence of defects

grow. Most times the problems occur underneath the outer layer of the material, where it is diffi-

cult to see without destructive inspection techniques. Thus, efficient monitoring methods that do

not involve destroying the part are crucial. To accomplish this, NDT methods were devised for

different engineering structures, including bonded parts. The most used are the visual or optical,

liquid penetrant, magnetic particle, electromagnetic, radiographic, and ultrasonic testing methods.

Out of all NDT techniques, the ultrasonic, more specifically, the LW-based ultrasonic method,

revealed large possibilities of application in cutting-edge industries, namely in the aeronautical

field. This is largely due to the fact that airplanes contain thin and large areas and, thus, the

ultrasonic waves can potentially analyze entire structures.

The concept of LW was developed by Lamb in 1917. Throughout the Second World War up

to 1960, LWs were used mostly in the medical field, until Worlton used them to detect damage. A

LW is a form of guided wave that can exist in isotropic, plain, and thin structures with parallel free

edges [23]. In anisotropic and complex geometry structures, guided waves can propagate, which

are not LWs. Nevertheless, in this work, the common practice of using the term LW in such a

broader scope is followed.

LWs are nowadays seen as a prime candidate for damage detection in composite structures and

adhesive joints due to: (i) their sensitivity to interference in the propagation path; (ii) their potential

capability for traveling over a long distance, thus allowing for the analysis of large parts, limited by

the damping characteristics of the medium and the geometric complexity of the structure; and (iii)

the existence of various modes, allowing to detect damage that is internal [23, 24, 25]. LWs are

8
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also capable of traveling inside curved walls with shallow curvatures, thus making them suitable

to be used in the aeronautical field.

There are many ways to produce LWs, ranging from piezoelectric actuation to lasers, ultra-

sounds, and X-rays [26, 27]. Therefore, depending on the intended application, there are pros and

cons of each method. The main drawback of LWs in the context of SHM is the high complexity

of the LW signals, which demands sophisticated processing algorithms and high computational

power [23]. This has recently been facilitated with ML methods that allow the algorithms to learn

and grow, thus simplifying the problem at hand.

Regarding the adhesive joints, there are few studies that use LWs for defect detection. Most

research is for composite structures and is focused on the transmission alterations that occur when

LWs traverse the adhesive section, rather than on the interactions of the LWs with defects [23, 28,

29, 30].

Although there is vast literature addressing LWs, a brief introduction to the basic theory is

presented herein. In a solid medium, various elastic waves can be distinguished according to

the different motions of the particles. LWs propagate in thin plates guided by their upper and

lower boundaries, being actually the superposition of longitudinal and shear modes. One of the

key features of LWs is that, when observed across the thickness of the material, they present

a stationary wave pattern that can be divided into symmetric Sn and anti-symmetric An modes,

where n ∈ N is the number of inflection points [31]. The LW phase velocity is dependent on the

relation between the frequency and the material thickness. Thus, at any possible frequency value,

there can be multiple modes that, in turn, complicate the evaluation of the measured LW signals.

To better understand the existing modes, Sn and An, the analytical dispersion curves are used,

which may be written as [31]:

tan(qh)
tan(ph)

+
4k2qp

(k2 −q2)2 = 0, (2.1)

tan(qh)
tan(ph)

+
(k2 −q2)2

4k2qp
= 0, (2.2)

with

p2 =
ω2

c2
L
− k2, q2 =

ω2

c2
T
− k2, k =

2π

λ
, (2.3)

where p and q are placeholder variables, h stands for the half thickness of the plate, cL and cT

denote the longitudinal and shear wave velocities, respectively, k is the wavenumber, λ represents

the wavelength and ω is the angular frequency.

The longitudinal and shear velocities depend on the material properties, being given by:

cL =

√
E(1−ν)

ρ(1+ν)(1−2ν)
, (2.4)
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cT =

√
E

2ρ(1+ν)
, (2.5)

where E and ν represent the Young’s modulus and Poisson’s coefficient, and ρ stands for the

density of the material.

Equations (2.1)-(2.2) have multiple roots, thus allowing for multiple modes. Numerical meth-

ods are used to obtain the relationships between phase velocity, wavelength, wavenumber, and

frequency, cP = ω

2π
λ = ω

k . The results are often depicted using dispersion curves, which can be

presented in various forms. Figure 2.1 illustrates the dispersion curves of a specimen, where each

mode is represented as a phase velocity versus frequency curve in a given frequency range. The

specimen is an aluminum plate with a thickness of 2 mm, density ρ = 2500 kg/m3, Poisson’s

ratio ν = 0.33, and Young’s modulus E = 72.4 GPa. In Figure 2.2 it is possible to see how the

wavelength of each mode varies in relation to the frequency.

Figure 2.1: Example of symmetric and anti-symmetric modes in a wave phase velocity vs. fre-
quency graph.

It can be verified that there is a value of frequency below which only the S0 and A0 modes are

present, and for frequencies beyond this value multiple modes emerge. Therefore, above such a

threshold value, any analysis becomes complicated.

Non-zero volume defects, such as voids, require using LWs of wavelength smaller than twice

the size of the void [32]. This means that small defects can be detected as long as high-frequency

signals are used. For the case of zero-volume defects, such as weak adhesion in adhesive joints, the

concept of size is unclear and has to be replaced by “level of adhesion”. To the best of the author’s

knowledge, no studies are addressing the relation between wavelength and “level of adhesion”.

Another important aspect in the context of NDT and SHM is the type of exciting signal for

generating LWs. Since LWs are dispersive, packets of waves containing different frequencies
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Figure 2.2: Relation between the wavelength of each mode and the frequency.

tend to spread out and distort, difficulting the separation of different modes both in the time and

the frequency domains. Short time duration and narrow frequency spectrum excitation signals

mitigate the problem of dispersion. The Hann-windowed tone burst possesses those characteristics

and, thus, has been widely adopted to generate LWs, but other alternatives are also possible, such

as the Gaussian pulse or Gaussian windowed tone burst. The effect of the window is to concentrate

most energy of the input signal around a carrier frequency. When exciting LWs at points on the

dispersion curves that correspond to almost constant group velocity with respect to frequency, the

windowed tone bursts reduce the wave dispersion.

The Hann window is given by:

w(n) = 0.5−0.5cos
2πn

M−1
, (2.6)

where M is the total number of data points and n = 0,1, · · · ,M−1. When applied to a sinusoidal

signal, a burst-type waveform composed of a number of wave pulses results, as illustrated in Figure

2.3. Such signal, also called tapering function [33], has a known form and duration, leading to data

easier to analyze than those obtained with other types of excitation signals.

Figure 2.3: Example of how a sinusoidal signal is altered when multiplied by a Hann function.



Literature Review 12

Although there are many papers that report the use of Hann windowed tone bursts [34, 10, 35],

other works use alternative exciting signals. One example is the work of Phong B. Et al [36], where

cointegration is used in conjunction with a wavelet transform to determine damage in structures.

Another case is reported in the works of Liang Xu Et al [37], where multiple channel guided

waves were used to create damage indices that fed NNs for damage detection. More specifically

to adhesive joints, the work of Puthillath, Et al [38] addressed the inspection of a titanium repair

patch bonded to an aluminum aircraft skin. Referencing the works of Ren Et al [39] studied the use

of modal content-based damage indicators to improve the sensitivity of guided waves to disbonds

in the adhesive of composite structures. The work of Kumar Et al [40] proposed a LW based

technique for detecting multiple disbonds using damage features related to mode conversion and

nonlinear breathing phenomena.

2.2 Adhesive joints

There are different types of adhesive joints, but the SLJ is the most used in the industry [41]. Most

research on NDT and SHM of adhesively bonded structures addresses SLJ, but all the methods

and techniques developed for SLJ can be easily adapted to deal with other types of joints.

2.2.1 The single lap joint

A SLJ is composed of two adherends that overlap one another, with the adhesive in the between.

Although SLJs involve simple constructive procedures due to their simple geometry, the interac-

tion of LWs with the SLJ materials is complex. The work of Mori Et al [42] showed that the

reflection and transmission coefficients of the anti-symmetric mode A0 vary with the tangential

stiffness and frequency. Furthermore, there are multiple frequencies that present maxima and

minima reflection and transmission coefficients. The complex nature of the interactions of LWs

with the materials composing SLJs was also investigated in the works of K. Heller Et al [43],

where a combination of an ultrasonic laser technique and sophisticated signal processing methods

were used to measure extreme degradation due to high temperature in specimens.

2.2.2 Defects in adhesive joints

Defects in adhesive bonds tend to occur in the adhesive layer or in the substrate, as illustrated in

Figure 2.4, and may be caused by manufacturing problems (e.g., improper surface preparation,

environment contamination or poor curing) or in service deterioration (e.g., water or moisture

absorption, extreme temperature or loading conditions). In regards to the adherend, defects can be

superficial, in multiple sizes, and internal cracking formations. Referring more specifically to the

adhesive, three main defects can occur, namely poor cohesive strength of the adhesive, voids or

disbonds, and weak adhesion between the adhesive and the adherend [44, 45, 46]. It is important

to point out that voids can be subdivided into complete voids, where there is no adhesive between

the two bonding surfaces, small voids that stay present only in the adhesive and can be due to
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small air bubbles, and finally, surface voids, or delaminations that occur between the adhesive

and the substrate [45]. Although kissing bond is a term commonly adopted in the literature to

refer to weak adhesive bonding (e.g., slip bond, smooth bond, partial bond, zero-volume disbond,

and imperfect interface), herein it will be used to designate perfect contact between two surfaces

which transmits no shear stress. Conversely, the term weak adhesion will denote any intermediate

level of adhesion that can range from complete adhesion to kissing bond. Out of all defects, weak

adhesion between the adhesive and substrate is the hardest to detect accurately, and out of all NDT

or SHM methods, the most promising results come from guided waves, more specifically LWs

[44].

Figure 2.4: Example of different types of defects, where A) is a void and B) is weak adhesion
between the adhesive and the substrate.

One unique use of LWs is the possibility of determining surface and internal damage, which

is possible since each LW mode is particularly sensitive to specific types of damage. For ex-

ample, cracks can be detected using symmetric modes, while surface damage affects more the

anti-symmetric modes. For a given structure, if there is a defect between one actuator/sensor pair,

then the signal measured at the sensor will be different from the one acquired in a pristine spec-

imen. Increasing the number of actuator/sensor pairs will increase the accuracy of the damage

detection algorithm [47]. Moreover, to determine the extension and characteristics of the damage,

all aspects of the LW should be observed, both in the time and in the frequency domains. In other

words, by processing multiple data features, it is possible to determine additional information

about damage [43].

2.2.3 Testing methods

The most important part of a testing method suitable for LW-based SHM is the positioning of the

sensors and actuators in relation to the defect. This is extremely important due to the fact that

only the sensors that are in line with the defect and the actuators will measure a significant change

in the signal (in comparison with the signal acquired in a pristine specimen). Out of the studies

that address detection of defects in adhesive bonded structures using LWs, there are two main

approaches regarding sensor/actuator placement and data collection: (i) within the bond (WTB);

and (ii) across the bond (ATB), as illustrated in Figure 2.5. In the WTB approach, the LWs are

generated and detected in the adhesive region. In the ATB, the LWs are generated and detected

away from the bonded area, having the waves to pass the adhesive before they arrive at the sensor.

In the works of Verze Et ak [45] the ATB approach was adopted for the analysis of defects in
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adhesive structures. On the other hand, in the work of Kundu Et al [48] the use of WTB was

reported for investigating the sensitivity of normal incidence bulk waves.

Normally, the WTB is used as benchmark, as it is difficult to implement in real structures,

since it requires access to the adhesive joint. However, in SHM this is not an issue, since the part

is always instrumented with a sensor/actuator array. The main benefit of the WTB method is that

the LW modes are more easily detected by using a suitable positioning of the transducers and spe-

cific signals. The method was adopted in the works of Puthillanth Et al [38], where guided waves

were used to inspect repairs made using adhesive bonds in aluminum surfaces. The ATB imple-

mentation has the transducers placed away from the joint and can represent an easier approach to

the application in real parts [49]. However, the drawback is a discontinuity that will modify that

signal, since it is generated in the adherend [2].

Figure 2.5: Examples of WTB and ATB sensor/actuator placement for LWs testing.
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Out of many possible equipment and methods employed in NDT and SHM, just a few have

already been tested in adhesive joints. In Heller Et al [43] a Nd:YAG laser (1064 nm) with a low

pass filter at 10 MHz was used on an aluminum structure with dimensions 100 mm × 100 mm

× 0.9398 mm. The adhesive, placed on the entire surface forming a 0.25 mm thick layer, was a

M3 tap product F-9473PC. Lasers were also used in other studies [50, 51] that analyzed different

properties of adhesive bonds in specimens that ranged from 100 mm × 100 mm to 300 mm × 300

mm, with adhesive layers of 0.25 mm in average. In the works of Deng Et al [28], the substrate

was a composite material and the overlap was studied using lengths of 50 mm, 100 mm, and 200

mm. Referencing the work of Ren Et al [29] it is possible to see the use of transducers, but no

specific mention was made to their type. In this study, plates of composite material with 300 mm

× 300 mm were used with a 50 mm wide epoxy stringer.

All studies have in common the use of large structures with an average size of 100 mm × 100

mm, and a relatively small thickness, between 1 mm and 3 mm. The adhesive layer is of around

0.25 mm [52, 50, 51]. Due to the overall values of sensor placement and specimen size, these can

be used as an initial estimate for further work.

One of the main limitations of the aforementioned testing rigs is that relatively large and simple

sheets are used. This allows for new studies, regarding different specimen sizes, shapes and types,

and their effects on the ability to detect defects, more specifically in the case of weak adhesion.

2.2.4 Instrumentation

Although there are many ways to approach the use of LW in SHM, first, it is normally necessary to

understand the designated use of the specimen to, then, determine the technology, instrumentation

and testing methods that are possible and more suitable. When the intended purpose is an out-

door application, where lightweight, reliable and small size components are fundamental, certain

equipment, such as laser interferometers, suited to workbench use, is inappropriate. Therefore, out

of the remaining possible options, transducer-based equipment is a prime candidate for LW-based

SHM applications. In a simplified way, such technology works by placing two or more transducers

on the designated part, leaving the region where it is necessary to determine defects in between

the transducer [27, 26].

A few prominent transducer-based solutions are presented in the following. A brief overview

of the physical traits are given, followed by a simple description of how each method produces

LWs.

• Electromagnetic Acoustic Transducers (EMAT)

This transducer can be regarded as a speaker composed of a coil and a permanent magnet.

Its working principle is based on Lorentz’s forces and magnetic coupling that cause the

permanent magnet and coil to create a relative movement between them, depending on the

way the coil is functioning. This movement at high speed creates vibrations and thus can

excite LWs [53, 54]. These sensors were used in the works of Wilcox Et al [55] to generate
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LW in a 5 mm thick aluminum plate. It was shown that the sensors’ omni-directional sen-

sitivity allows for a precise wave detection in one plane. EMATs were used with adhesive

joints to assess the applicability of LWs and shear horizontal waves in the evaluation of thin

plate structures in the works of Rokhlin Et al [56]. In the work of Sun Et al [57] electromag-

netic pulse-induced acoustic testing was used to detect debonding in plastic composite/metal

specimens.

• Comb and Interdigital Transducers

Comb and interdigital transducers are normally composed by 3 layers of material, forming a

sandwich of two electrodes with a layer of piezoelectric material in the middle, as illustrated

in Figure 2.6. As the name suggests, usually, the top layer electrode is shaped forming a

comb like structure [58, 59].

Figure 2.6: Comb and interdigital transducer structure.

The main drawback of these transducers is that the comb pattern determines the wavelength

range that can be produced, which, in turn, can not be changed quickly. Although they are

used in LW-based NDT of diverse materials and structures, their application with adhesive

joints has been quite limited.

• Micro Electro-Mechanical Systems (MEMS)

Micro electro-mechanical systems (MEMS) can have many configurations [60]. They can

normally be constructed with flexible materials coupled with coils and permanent magnets.

The main difference between MEMS and EMAT is the overall configuration of the structure

and how each component is placed [61, 62]. Although they have been used with LWs [62],

they were adopted with parsimony, namely to monitor adhesive joints, probably due to their

high price and high susceptibility to noise for in-situ applications.

• Laser Vibrometry

A laser Doppler vibrometer makes non-contact vibration measurements of a surface. The

laser beam is directed to the object and the vibration amplitude and frequency are extracted

from the Doppler shift of the reflected beam frequency. The output of the sensor is directly

proportional to the object velocity along the direction of the laser beam. Besides velocity,

displacement can also be measured with appropriate signal conditioning. Laser Doppler vi-

brometery allows measuring with high resolution and linearity. However, the equipment is
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expensive and, although it can be useful in NDT for monitoring out-of-service components,

it is not suitable for SHM, since can not be permanently fixed to the structure. Normally,

pulsed Nd:YAG lasers or piezoelectric elements are used to excite the LWs whose prop-

agation characteristics are then acquired by the vibrometer. Within the scope of NDT of

adhesive joints, the technology has been used by many researchers [34, 63, 64, 65].

• Fiber Bragg Gratings

Fiber optic sensors, namely fiber Bragg gratings have proved their effectiveness as ultrasonic

sensors. Their main advantages include small weight and size and immunity to electromag-

netic interference, which are very interesting for SHM applications. A fiber Bragg grating

sensor is a microstructure with a typical length of a few millimeters that can be inserted into

the core of a standard singlemode fiber. The sensor acts as a wavelength selective mirror.

Light from a broadband source is injected into the optical fiber, but just the part within a

very narrow spectrum centered on the Bragg wavelength is reflected. The remaining light

is not affected and continues its path through the optical fiber. The Bragg wavelength is es-

sentially defined by the period of the microstructure and the refractive index of the nucleus.

When acting as a strain sensor, the fiber is stretched or compressed, which causes a change

in the period of the microstructure and in the Bragg wavelength. Fiber Bragg gratings have

been used with LW-based NDT techniques [66, 67], but their application to adhesive joints

has been limited [68].

• Distributed Sensors

Although sensors can be integrated individually on a structure, a practical and cost-effective

alternative is to use a (pre-built) network of sensors. One example is the Acellent Tech-

nologies’ SMART Layer, which consists of a network of piezoelectric elements that can be

efficiently deployed on both simple and complex shaped structures [69]. The technology

uses advanced electronics industry manufacturing processes, which involve printing and

etching a conductor pattern onto a dielectric substrate, laminating a dielectric cover layer

for electrical insulation, and mounting arrays of transducers on the circuit. The SMART

Layer is treated as an extra ply by the composite layup process or can be surface mounted

on structures made with a variety of materials. Acellent Technologies provides also the

SMART Suitcase product to interface the SMART Layer directly, as well as software for

damage diagnosis.

Another example of distributed sensors is the case of phased array probes, which are made

up of multiple elements, each one pulsed automatically at specific time instants. The ad-

vantage is the possibility of scanning large areas without the need for moving the probe

[70].

Applications of distributed sensors within the scope of damage detection in adhesive joints

[71, 72, 73] have been limited, although they are potentially interesting in SHM.

• Piezoceramic Transducers
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This type of transducer can vary in geometry, material, and size, but, generally, they are thin

wafers of piezoelectric material and, thus, they are also called piezoelectric wafer active

sensors (PWAS). The piezoelectric proprieties allow the material to alter its shape when

subjected to an electrical voltage excitation. Therefore, by applying a variable signal to

the wafer, it vibrates at the desired frequency, creating LWs. On the other hand, when a

piezoelectric material is mechanically deformed, it generates also an electric signal, thus

allowing the PWAS to work either as an actuator or as a sensor. The main benefits of

this technology are its simplicity, lightweight, and low cost [74]. PWAS can be commonly

seen as candidates for SHM in aeronautics, where large arrays are needed to monitor large

parts [75]. An example of use was reported in [74], where it was shown that PWAS are

particularly sensitive to the LW S0 mode at around 300 kHz. Reference [75] also used

PWAS to detect damage in-situ by using LWs. Specifically for adhesive joints monitoring

under the framework of LW-based SHM, PWAS have been widely adopted [40, 76, 35, 77].

Since the PWAS are often bonded to the structure, their effects in the SHM monitoring

system must also be considered [78]. Studies reported a shear lag effect caused by the

adhesive [79, 80], more critical for lower shear modulus and thicker adhesive layers, which

translated into worse shear transfer capability between the PWAS and the structure and

reduced signal amplitude. Other studies showed an increase in the signal amplitude when

using thicker adhesive layers [81], which was attributed to the PWAS resonant behavior

under different constraints imposed by the adhesive. This effect was studied numerically

[82], and the issue was addressed with the objective of generating high amplitude LWs with

limited electrical energy for wave excitation [83].

2.3 Statistical and ML based damage detection

Before determining the methodology that will be used to detect a defect in a testing part, it is

necessary to determine the optimal placement of the sensors/actuators. Although for adhesive

joints the problem is still not solved, for overall SHM there have been many studies that can serve

as a baseline. In [84], genetic algorithms were used to find the optimal location of a specified

number of elements. Genetic algorithms were also adopted in [85], where the main optimization

objective was maximizing the damage detection area. It is important to note that most research

work seeks to determine either the optimal number of sensors/actuators or their optimal placement,

while little work has been done combining both objectives [86].

A way to determine sensor/actuator placement and number is by calculating the spatial density

of information that is required. This issue is illustrated in Figure 2.7. The existing sensor/actuator

“overlapping paths” would allow for an accurate detection of a defect at the center of the specimen.

For a defect close to a border, there is a limited number of opposing actuator/sensor pairs. In the

example, the vertical axis is richer in information than the horizontal one. Thus, the horizontal

coordinate of the border defect would be detected more accurately than the vertical coordinate.

This is illustrated by the resulting oval area of detection.
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Figure 2.7: Probability of detection caused by a defect located: (left) at the center; (right) close to
a border. Sensors/actuators are represented as blue circles [1].

Even using the optimal sensor/actuator positions and quantity, detecting a defect utilizing LWs

is difficult when looking only at the raw data. To generate a meaningful and valid answer out of

the data, it is necessary to pass the collected information through one or more suitable processing

steps, either based on statistical approaches or ML algorithms.

2.3.1 Statistical based methods

Statistical based methods rely on the divergence, in frequency and/or time domains, between base-

line signals and actual sensor measurements. To exemplify this, it is better to imagine that each

LW, when hitting a defect, changes its direction, form and time of arrival at the sensor, in com-

parison with a “base test” (performed in a pristine specimen), as it has to “go around” the defect

[2, 1]. Statistical methods of reconstruction have subtle differences in their algorithms and, thus,

are classified in two main groups: (i) time of fight diffraction, or difference, or delay (TOFD) [47];

and (ii) signal difference coefficient (SDC) [87].

One example of SDC is the reconstruction algorithm for probabilistic inspection of damage

(RAPID), where there are two main assumptions. The first is that every effect that come from all

actuator/sensor pairs can be linearly summed to determine a defect probability distribution for a

given inspected area. The second is that the area that an actuator/sensor pair can inspect is some

subarea around the direct path between them. The mathematical formulation used for this method

is [2]:

P(x,y) =
N

∑
k=1

pk(x,y) =
N

∑
k=1

Ak

( −1
β −1

R(x,y,x1k,y,x2k,y2k)+
β

β −1

)
, (2.7)

R =

√
(x− x1k)2 +(y− y1k)2 +

√
(x− x2k)2 +(y− y2k)2

√
(x1k − x2k)2 +(y1k − y2k)2

, (2.8)
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where P is the probability of a defect at the coordinates (x,y), k stands for a actuator/sensor pair and

N is the total number of actuator/sensor pairs in the network. Finally, the total distance between

the actuator and sensor is R [2].

The variations present in the time domain signals S0 and A0 in the presence and absence of

a defect are only slight and without a careful analysis it is almost impossible to determine the

characteristics of the defect.

Figure 2.8 represents the sensors acquiring the data that are used in the RAPID algorithm to

create an image representing the most probable location of the defect. A defect at the central area

can be detected accurately, but defects close to the borders are hard to detect, requiring a higher

actuator/sensor network resolution.

Figure 2.8: Schematic example of the output of the RAPID algorithm [2].

In [2], a statistical method was used to determine the loss of material in aircraft parts by

using LWs excited/sensed by transducers embedded in the structure. In reference [87] a statistical

method to determine damage in composite structures was addressed.

Out of all review done, no evidence of statistical methods applied to LW-based SHM of adhe-

sive joints was found. This allows for novel studies in this area and, more specifically, in the use

of statistical methods to detect weak adhesion between bonded materials.

2.3.2 Machine learning methods

ML methods can be divided into three main categories, namely supervised, unsupervised and

reinforced learning. The first category is normally used when the objective is to classify and label

objects [88]. The second is adopted as a means to divide large quantities of information (big

data) into groups created by the algorithm [89, 90]. Finally, the last category is often used in the

field of robotics, where the algorithm has to learn and refine its objective in various stages and

“generations”, in a way similar to a genetic algorithm.
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To find the categories more suited to LW-based SHM, it is necessary first to determine what

is wanted. LWs are capable of detecting not only the location of a defect, but also its size and

type. Therefore, the objective is to classify the information obtained in classes that are chosen by

the user, which elects the supervised learning the best approach. However, other ML may also be

adopted.

As stated previously, the objective of the analysis is to determine the defect position, size and

type. To do this with supervised learning it is necessary to determine the type of information that

is deemed acceptable. For example, the position of a defect can be represented by the indices

of a cell in a rectangular grid. The type of answer required can drastically change the way the

algorithm is constructed and used.

Inside the category of supervised learning, there is a vast world of subcategories that can

be explored, but for the problem at hand, NN and deep learning (DL) play a key role due to

their ability in categorizing images and speech patterns that, if analyzed carefully, show many

similarities with damage detection problems [91].

The NN and DL are ML that rely on a matrix structure representation similar to the neural

synapses in humans. Although difficult to understand at first hand, the application of NNs for

analyzing LW signals follows specific steps.

First, as with the statistical methods, the data of interest must be acquired. These data, rep-

resenting amplitude of vibration versus time, measured at known sensor locations, are segmented

depending on the level of detail required. The resulting fragments are used as inputs to the neu-

rons. The algorithm then uses weights, biases and a nonlinear function to create a cost function,

or “hidden layer”. This cost function is compared with the wanted results in the “output layer”,

which in the problem at hand could be, for example, the presence or absence of damage. Depend-

ing on the comparison result, the NN adapts the weights and biases by means of some optimization

method. A schematic representation of a NN is depicted in Figure 2.9.

Figure 2.9: Example of a NN with its input, hidden and output layers.

As there are many papers that investigate NNs and DL to analyze LWs and defects, it is

necessary to clarify the difference between the algorithms. The two terms describe the use of many

intermediate “hidden layers”, where each neuron can be seen as a line that is created in a plane to

separate data points. Furthermore, each layer deforms the lines received from the previous layer to
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better suit the problem. This is important to understand, as each problem has an optimum number

of neurons and layers and it is fundamental not to use more layers nor neurons than necessary

to avoid overfitting. It should also be mentioned that inside the artificial NN category, there are

many variants. For example, the implementation of memory layers can be useful in certain cases.

However, the discussion of what techniques can, or should, be used is outside the scope of this

work.

As stated previously, ML have been used in various studies. One can mention the work [92],

where ML was adopted to diagnose damage on a specimen using a LW sensing network. Another

work [91] used LWs in conjunction with CNNs to quantify and localize damage. Finally, in [93]

DL to predict and determine the occurrence of delaminations in composite parts was studied. As

with the statistical methods, out of all reviews done, no evidence of any type of ML being used in

conjunction with LWs and adhesive joints was found. This allows for further studies in this area

and, more specifically, in the use of ML for the detection of weak adhesion between materials.

2.4 Theoretical simulation

When developing the simulations it is important to not only look at the problem and find the most

trustworthy solution but also find one that is less complex and allows for quicker simulation times.

There is also the aspect that the more layers of complexity that are added, the more variables are

used and there is more chance of errors to occur. Therefore, this section will analyze the equations

and validated techniques behind each component to determine what level of detail the model will

have in that aspect.

2.4.1 Modeling piezoelectric transducers

Piezoelectric transducers are regarded as prime candidates for LW-based SHM of adhesive joints,

and their dynamics must be considered to obtain reliable simulation models. Often, the models

are calibrated using real data from a few experimental tests.

The main constitutive equation of a linear piezoelectric element is the relation between the

mechanical and electrical characteristics of the material, namely strain Si j and stress Tkl [47]:

Si j = sE
i jklTkl +dki jEk, (2.9)

where Ek is the electric field, sE
i jkl denotes the mechanical compliance of the material in which the

electric filed is zero, and dki j is the distance where this filed is also zero. It is also important to note

that the indexes i, j,k represent the three Cartesian axes. Therefore, the equation that expresses the

direct piezoelectric effect is [47]:

D j = d jklTkl + ε
E
jkEk, (2.10)

where D j is the electrical displacement, and εE
jk is the dielectric permittivity of the material mea-

sured when the mechanical stress is zero.
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When observing the force application and experimental setup, the piezoelectric wafer is per-

manently fixed on the structure. This causes the strain/displacement compatibility and stress/force

equilibrium principles to apply. The interaction force will be called FPZT and it is assumed to

interact only with the sensors boundary [47]. In turn, this force will induce the activation forces

Na and moments Ma given by [47]:

Na = FPZT , (2.11)

Ma = FPZT
h
2
. (2.12)

where h is the height of the sheet of material.

By studying these models it is possible to not only understand how they work but also their

limitations and where they can be simplified. In the problem studied in this work, it is possible to

see that there is no need for a complicated simulation as there is a linear behavior of the electrical

signal with the forces applied. Thus it is better to simply consider a direct force being applied to

the part and then create multiple levels of error trying to simulate the electrical displacements and

properties. This will allow us to simulate the actuators and sensors in the simplest possible form

without detracting from the result.

2.4.2 Modeling adhesive structures

One of the most promising applications of LWs is to detect weak adhesion in adhesive joints [28].

One way to model different levels of weak adhesion is adopting the cohesive zone method (CZM).

This method is based on the use of interface elements [28, 94], where during the computer analysis

the stiffness of the cohesive zone suffers a step-by-step iteration following the traction-separation

law. This law presents three possible failure modes with a separation occurring in the normal

direction, shear occurring in the in-plane direction and mixed mode occurring as a combination of

the previous two modes. To calculate the normal and shear stresses, the following equations are

used:

σn = Knun(1−dn), (2.13)

τt = Ktut(1−dt), (2.14)

where σn and τt are the normal and shear stresses, with Kn and Kt being the respective stiffness

coefficients, un and ut standing for the relative displacements of the surface, and dn and dt being

calculated parameters that define the maximum allowable stress in each direction.

It should be mentioned that weak adhesion is different from kissing bonds since the kissing

bond is represented by a contact surface that has ultimately no cohesive elements between the

substrate and the adhesive [29].
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2.4.3 Computer modeling software

To accomplish the computer modeling, other than the basic mechanical equations that guide how

the simulation should behave, there are many methods that can be used [95]. In this section, the

various techniques will be introduced and examples will be given to determine what method is

more adequate to simulate LW in adhesive bonds subjected to weak adhesion.

• Finite Elements Method - The laws of physics can describe many space-time problems by

using partial differential equations (PDE). However, these analytical methods have limita-

tions of geometry and forces where the problem becomes too complex to solve analytically.

To overcome these problems, the FEM is applied, where the material has its form discretized

into small parts to create a mesh. This allows the PDE to be approximated by a numerical

model and thus, arrive at a result. This method is used by most commercial programs, such

as Abaqus and Ansys, and has been adopted in many studies [96, 97, 25, 98]. For example,

reference [99] used the FEM to detect damage on a spectral beam using an iterative search

technique. In [35] the FEM was applied within SHM of a bonded lap joint to analyze dis-

bonds. The work [100] used the FEM in simulations of kissing bond defects in adhesive

joints.

• Finite Difference Method - The basic concept behind the finite difference method (FDM)

is similar to the one in FEM. However, in the FDM the PDEs are replaced with many

discrete equations called finite difference equations and are mostly used for regular grid and

rectangular shapes [101]. One example of the application of the FDM can be found in [101],

that used the method in conjunction with wave motion for SHM of SLJs.

• Semi-Analytical Finite Element Method - The semi-analytical finite element method (SAFE)

is often used in problems subjected to waves, as it only requires the discretization of the

cross-section of the wave. Furthermore, it can utilize a pure analytical description of a wave

problem [102, 103, 104]. A few examples of studies with SAFE are the work [103], where

the method was implemented in a graphical interface for the simulation of guided waves,

and the work [28], that used the SAFE method to study the propagation of guided waves in

the adhesive layer of bonded composite structures.

All three methods can be used for simulating LWs in adhesive bonds subjected to weak

adhesion defects, each one with its advantages and disadvantages. To determine the best

option, it is necessary to observe secondary characteristics, such as ease of use and applica-

tion of the method with multi-physics, which simulates the sensors and actuators electrical

properties. This leaves the FEM as prime candidate as it has multiple commercial software

implementations.

• Local Interaction Simulation Approach - The local interaction simulation approach (LISA)

is essentially a FDM variant [105, 106]. It has received increased attention for the simulation

of guided waves due to its computational reliability and efficiency. LISA uses iterative
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equations to model the displacements at a given point based on those at their neighbors at

past time steps. Those equations are derived from elastodynamic equilibrium. Reference

[107] adopted LISA to model LWs in isotropic plates. The work [108] used LISA to model

damage in both isotropic and orthotropic plate structures. In modeling adhesive joints, LISA

was also used [109].

It should be emphasized that despite all modeling/simulation methods available, the high-

order FEM is the most suitable for wave propagation, especially the spectral element meth-

ods. Their effectiveness with adhesive joints was addressed in [110].

2.5 Summary

In this chapter LW-based SHM was addressed, with emphasis in adhesive joints. SHM goes be-

yond NDT, since it permits in-situ monitoring, meaning detection, localization and characteriza-

tion of damage. Despite the potential of LWs to detect incipient damage, its application to detect

certain types of defects, as is the case of weak adhesion, is still too far and requires much atten-

tion. This entails a gap of studies that can be done to ensure a full overview of the use of LWs

and ML to detect said damage. This chapter reviewed the work done in the last few years, with

emphasis in equipment, testing procedures and techniques adopted in that field. The fundamentals

of LWs and their application to damage detection were discussed, and different statistical, ML,

and simulation methods were presented. The information presented constitutes a basis to deepen

the understanding about the problem and points out future directions of work, where ML can be

used to detect damage or weak bonds in adhesive joints by using LWs.
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Numerical methods

This chapter presents the multiple FE models created along with the methods used to generate

LWs and weak adhesion in SLJs. After combining the models and methods, simulations were

performed to generate a large database of synthetic data that served as a backbone for developing

and (pre)training all adopted ML methods.

3.1 FEM models

In total three different models were developed. The first represents just a sheet of aluminum with

simple damage in its central region. The objective was focusing on the generation of LWs, ana-

lyzing the interaction of LWs with simple damage, and collecting preliminary data to be further

correlated with damage. The second model corresponds to a small SLJ, where the objective was

to model the adhesive and weak adhesion, and analyze their effect on LWs. This model could

generate data to develop ML algorithms for detecting and assessing weak adhesion intensity. Fi-

nally, the last model is for a large SLJ, where the objective was to generate data for developing

ML methods for weak adhesion detection, intensity evaluation and localization. All models were

implemented in Abaqus. A dynamic explicit method was used for the simulations, due to the time

dependency of the problem at hand. The mesh size for all cases was chosen to be 1.5 mm with

elements of the type C3D8R. This value was used in order to minimize the computational burden,

while being smaller than half-size the LWs wavelength and, thus, small enough to not cause the

simulations to diverge. Usually, the smaller the mesh, the better the simulations accuracy, but at

the cost of a higher simulation time. To further reduce the computational complexity, the mesh

outside the areas defined by the actuator/sensors were chosen uniform, while inside it was allowed

to change.

3.1.1 Model-1

For the first model, the aluminum sheet is 300×300×2 mm, with density ρ = 2,500 kg/m3, Pois-

son’s ratio ν = 0.33 and Young’s modulus E = 72.4 GPa (identical material for all models). The

26
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choice for aluminum was due to the fact that most primary structures of vehicles in the aeronauti-

cal industry are fabricated out of this material. The sheets are subjected to damage in the form of

cylindrical holes that can be 2, 6, or 10 mm in diameter.

Figure 3.1: Representation of an aluminum plate, with actuator, sensors, and a hole type defect.

One actuator and three sensors were positioned in a square configuration with a 150 mm side,

where the actuator is located at the bottom left corner (75,75) mm, as can be seen in Figure

3.1. The positions for the sensors were chosen to allow a large monitoring coverage, while still

maintaining a low sensor count. This is especially beneficial in the applications to aircrafts, as they

have large wing panels that can not have excess weight coming from complicated sensor arrays.

In Figure 3.2 it is possible to see the propagation of the LWs on the plate and their interactions

with the hole and plate boundaries.

Figure 3.2: Simulation of LWs moving in the aluminum sheet.
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In this model, the defects can be positioned in a random fashion inside a square with a reso-

lution of 1 mm, and their size can be randomly generated within the values {2,6,10} mm. Simu-

lation parameters were thoroughly tested and adjusted, but their initial values were obtained from

the literature [111, 112, 113].

3.1.2 Model-2

For the second model, the focus was on the simulation of the adhesive and weak adhesion, there-

fore a SLJ was created consisting of two aluminum substrates measuring 120×25×2 mm each,

along with an adhesive layer of 0.2 mm. Positioned on the upper substrate is a single actuator, sit-

uated 25 mm away from the edge. A single sensor is located on the lower substrate. Furthermore,

there are 6 mm holes in the substrates used to experimentally test the SLJs for traction. These parts

are schematically represented in Figure 3.3. It should be noted that the substrates dimensions of

the model used in Paper C were slightly different, but were adjusted thereafter to optimize the

simulations. Different levels of weak adhesion could be implemented as described in section 3.3

Figure 3.3: Illustration of the dimensions, and actuator and sensor placement, of the first type of
SLJ, used to address weak adhesion detection and intensity evaluation.

3.1.3 Model-3

Finally, for the third model, the objective was to create an area where more characteristics could

be applied, such as damage location and position. Therefore, two aluminum plates width dimen-

sions 120×350×2 mm were used, bonded with an adhesive layer of 0.2 mm, forming a SLJ. All

dimensions are shown in Figure 3.4. The SLJ included one actuator an five sensors. Weak adhe-

sion defects were simulated by creating a thin layer of adhesive where the Young’s modulus was

reduced in comparison to the rest of the adhesive material as will be further discussed in section

3.3.

The damaged area, spanning 25×25 mm, could be incrementally shifted across the substrates

overlap area (i.e., direction U1), ensuring a minimum distance of 50 mm from the edges of the SLJ

to mitigate LWs reflection effects. Furthermore, to ensure a comprehensive dataset, the dimensions

of the damage width could be varied in increments of 25 mm, ranging from 25 to 100 mm, resulting
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Figure 3.4: Illustration of the dimensions, and actuator and sensors placement, of the second type
of SLJ, used to address weak adhesion detection, intensity evaluation and localization.

in damage sizes of 25×25, 50×25, 75×25, and 100×25 mm. Figure 3.5 provides an overview

of the extent, boundaries, positioning, and size of the region with weak adhesion.

Figure 3.5: Simulated SLJs showing the region of weak adhesion.

3.2 Actuator and LW simulation

In the process of simulating LWs, it was crucial to understand the mechanism through which

vibrations are generated, as this directly influences the direction in which the LWs propagate. In

this study the vibrations needed to emulate motion generated by piezoelectric round actuators,
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which have small radial movements. Consequently, LWs propagate parallel to the surface of

the substrate and emanate in a 360◦ pattern from the border of the actuator. To approximate

this behavior, forces are applied at the edges of a square area representing the location of the

actuator, as illustrated by arrows in Figure 3.6. Previous empirical testing has confirmed that this

simplification adequately mimics experimental conditions and was therefore deemed acceptable.

The applied forces should vary in time according to a 5-cycle Hanning-windowed sinusoidal burst

centered at 100 kHz [114].

Figure 3.6: Representation of the forces that approximate the behavior of the piezoelectric round
actuators used in real SLJs.

There are multiple ways of recreating and representing the effect of these forces in Abaqus.

The one chosen in this work was to create a Python script that applies a variable deformation on

the surface of the part, simulating the sinusoidal pattern of the Hanning-windowed signal. Further-

more, the simulation program discretizes the vibrations measured at the three primary Cartesian

components U1, U2, and U3. This will be further analyzed in Chapter 4 to determine what com-

ponent or combination of components is most suited and similar to the real signal.

3.3 Adhesive and weak adhesion simulation

To simulate weak adhesion it was first necessary to divide the simulated adhesive into three parts,

as represented in Figure 3.7. The parts closer to the substrates are considered as layers of weak ad-

hesion, with an overall thickness of 0.001 mm, while the center of the adhesive, with the remaining

thickness, is considered without any alterations and thus has the original mechanical properties of

the material.

In regards to the adhesive’s properties, the overall value of stiffness of the weak adhesion layer

is lowered by reducing its Young’s modulus, as suggested in [115, 116] and reinforced in [117],

where it is possible to see the initial validation of the weak adhesion simulation.

3.4 Data processing

All collected data sequences undergo an initial cleaning process to create an usable dataset. This

involves choosing the data Cartesian component that most accurately represents the experimental

data. Studies showed that averaging the values of U1 and U2 yields the best option. This is
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Figure 3.7: Representation of the 3-layer approach to simulating weak adhesion.

further explained in Paper E. Then, initial cleaning for eliminating missing or invalid values is

performed. While this is less critical in simulated data, where the user has more control of the

output, it is important to eliminate any possibilities of corrupted values in order to establish a

robust methodology applicable to experimental data.

Following initial cleaning, the data need to be re-sampled. A step size of 10−7 s was used

to ensure uniform time series and match starting and ending points. The total number of points

in each time series is established balancing the acceptable noise levels generated by reflections

on SLJs’ boundaries and the need for a minimum number of points to accurately represent the

arriving wave at the sensor. For the final study, a total of 1,200 points was utilized and was chosen

based on previous work [114].

Subsequently, normalization and remapping of the values were applied to all time series. This

step is crucial as the dimensions of experimental and simulated data can influence the behavior of

the ML models. Figure 3.8 illustrates the data preprocessing steps.

When dealing with data from multiple sensors, these data can be organized in different ways.

One is to concatenate the sensors’ data and create a new larger time series. Another way is to take

the average values of all sensors’ time series, thus keeping the original time-series dimension. For

this work, the approach was rather to consider that each sensor’s data corresponds to a damage

case. This approach not only assists the algorithm in learning the characteristics of damage but

also makes the methodology flexible enough to accommodate any number of sensors.

Other than the general form of preprocessing described, there was a need for a specific ap-

proach regarding the case of “no damage”. The presence of only one instance of “no damage”

introduces data cases imbalance for the ML algorithms. To address this issue, multiple instances

of “no damage” were “artificially” created by adding Gaussian white noise to the signals at vary-

ing levels of intensity. The noise has zero mean and the same standard deviation and size as
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Figure 3.8: Representation of the data preprocessing steps.

the original signal. Subsequently, the noise was re-sized for being 10−2 times smaller than the

average value of the signal. These additional instances were generated following all preceding

preprocessing steps and were subsequently incorporated directly into the learning algorithms.

One way to observe the meaningful information embedded in the collected data is to apply

visualization techniques. This helps the user to better understand the relationships between data

points and the problem that generated the data. Data visualization regards the manipulation of

sampled data for comprehensive display, conducive to a deeper understanding of the data and

highlighting their underlying physical laws and properties. It is an important tool that helps the

data scientist in different stages of a project, by pointing out useless, incorrect or inconsistent

information that can be eliminated, and assessing the results, to expose dynamics and help to

define the focus points and regions of interest.

Dimensionality reduction is applied as a procedure to create projections of the data, mapping

these into a low dimensional space, in order to enable an insightful view of how data instances

relate to each other, namely the appearance of structures such as high local density, interesting

relations between observations and the presence of clusters. Time-oriented data visualization is a

widely researched topic, and visualization techniques can be categorized in many ways, such as

the structure of time itself (linear, cyclic, or branched), the frame of reference (spatial or abstract),

the number of variables that are time-dependent, and the dimensionality that is to be obtained (2D

or 3D, since those are intuitively understood by the human brain).

One of these techniques is multidimensional scaling (MDS). This technique is a multivariate

statistical method that represents measurements of proximity/similarity among pairs of objects as

distances between points in a low-dimensional space. MDS is also known as principal coordi-

nates analysis (PCoA) or even Torgerson scaling, and can be considered as a non-supervised ML

method. Anyway, in this work, MDS was used as an exploratory tool to help understanding the

potential of LWs to detect damage. Indeed, if MDS fed with LWs data can cluster together similar

damage cases, then LWs would be able to classify damage. In Figure 3.9 it is possible to see

how five weak adhesion classes are positioned relative to one another using the MDS technique

forming clear patterns.

3.5 Summary

In this chapter three different simulation models were created, each one with their specific char-

acteristics and with their own individual objectives. The first model was developed for generating

LWs, while analyzing their interaction with simple damage, and collecting preliminary data to be
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Figure 3.9: MDS representation of five weak adhesion classes.

further correlated with damage in Paper B. The second model was necessary to study weak ad-

hesion intensity in SLJs, being used in Papers C - F. The third model was used to detect multiple

weak adhesion characteristics, including localization. This model served as a basis for further

studies in SLJs and weak adhesion. It was used in Papers E - F.
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Experimental Setup

In this chapter, an experimental setup is presented to serve as source of data for validation of

simulation models and for testing ML algorithms. This is accomplished by developing a way to

create multiple levels of weak adhesion in a real SLJ, followed by LWs and tensile testing.

4.1 Experimental setup

The experimental phase is divided into two stages. For SLJs manufactured with distinct levels of

weak adhesion, the first stage consists of exciting the samples and capturing the relevant LWs. The

second stage involves subjecting the SLJs to tensile tests in order to determine their corresponding

stress-strain curves.

4.1.1 Creating weak adhesion

SLJs with overall structure and properties as presented in section 3.1.2 are produced with multiple

levels of weak adhesion. Each substrate was prepared in the area where the adhesive would go.

They were sand blasted to maximize adhesive interaction. After all, the parts were geometrically

finalized and thoroughly cleaned with acetone to remove any particles that could alter the adhesive

bonding results. After adhesive curing, piezoelectric elements were bonded on the substrates to

allow LWs excitation and measurement.

To create multiple levels of weak adhesion, various quantities of release agent Loctite 770-

NC Frekote were used. For this experimental setup, four overall levels were created, comprising

a total of 11 SLJs. The first level corresponded to full adhesion, with no release agent applied,

and 2 samples manufactured. The second and third levels, with 3 SLJs each, corresponded to

intermediary levels of weak adhesion, where the parts were subjected to one layer of release agent

and one layer of a mixture of 50% release agent plus 50% acetone, respectively. Finally, the fourth

level, with 3 samples, was a severe weak adhesion case, where the SLJs were subjected to 2 layers

of release agent. After the parts had the necessary quantity of release agent applied, they were

placed in a dimensional jig and received the adhesive Plexus MA 560-1 [118] in order to create

34
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the SLJs. The fabrication setup can be seen in Figure 4.1, where there are two samples in one jig

and four samples in the other one.

It is worth emphasizing that, although the SLJs were manufactured based on controlling the

quantity of release agent applied, fabrication issues may affect the production and the obtention

of the desired four levels of weak adhesion. Therefore, further testing was necessary to determine

the real level of weak adhesion, as will be described in the following.

Figure 4.1: Experimental setup with four samples being produced in a fabrication jig and two
samples in another one.

4.1.2 Experimental testing

As previously mentioned, the experimental phase includes two stages. The first consists on LWs

testing, meaning electrical testing. The second is classical tensile testing to determine the real level

of weak adhesion affecting the manufactured SLJs, so that a direct relationship between values is

possible.

Regarding the first stage, each individual part was instrumented with piezoelectric elements

PIC 255 piezoceramic (PRYY + 1119 model). These piezoelectric elements were chosen due to

their lightweight, low cost, and versatility to serve as either actuators or sensors. This versatility

will also allow for further tests to be conducted and having an array of sensors to analyze large

areas. A 5-cycle Hanning-windowed voltage sinusoidal burst centered at the frequency of 100 kHz

[107, 119, 120, 121] was applied to the actuator by a signal generator AIM & Thurbly Thander In-

struments, model TGF4042. This type of excitation signal keeps LWs dispersion and attenuation at

a minimum, while still maximizing sensitivity. The sensor was connected to a digital oscilloscope

Tektronix, model TBS1000C, which samples and memorizes the signals. To facilitate input and

output synchronization, the Hanning-windowed signal applied to the actuator was also collected

by the oscilloscope. In Figure 4.2 the data acquisition setup can be seen.

After all LWs data were acquired from the SLJs, in a second stage, the sensors and actuators

were removed and the samples were subjected to tensile tests. Each part was carefully placed on

an Instron 3367 machine and stressed until rupture (Figure 4.3). It is important to analyze the
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Figure 4.2: Data acquisition setup of one SLJ, with actuator and sensor connected to a signal
generator and an oscilloscope, respectively.

stress–strain curves obtained, as adhesives are inherently complex, and even when fully cured in

the correct manner, variations in Young’s modulus over 275 MPa can be verified. This uncertainty

may be higher when dealing with artificially created SLJs with weak adhesion and might cause

difficulties when trying to simulate vibration data. In Figure 4.4, the load-displacement curves

of all SLJs are depicted. As expected, four groups with distinct levels of maximum load can

be identified. The group produced with two layers of release agent reveals the smallest ultimate

stress, while the cases without release agent correspond to the largest loads. Therefore, the method

adopted for the fabrication of SLJs based on the application of a release agent to create distinct

levels of weak adhesion is quite reliable. It is also interesting to observe that the two cases without

the release agent presented a larger plastic deformation, which may be caused by the adhesive

material deforming under loads, instead of a clean break of the adhesive on the contact surface of

the substrate, as seen for the other cases. When analyzing the samples, there is a stark contrast

between the adhesive of the samples that reinforces this hypothesis.

In Figure 4.5, it is possible to observe the difference between the sample that had plastic

deformation and the sample where the limit layer of the adhesive failed. With the maximum loads

determined, all samples can now be referenced to these values, and a linear percentile analysis

of Young’s modulus is used to compare simulated and experimental data. It is important to note

that Young’s modulus is being used as it is a variable that can be calculated by the tensile test and

is the main variable that is altered to determine the desired level of weak adhesion present in the

simulation.

When LWs data from all 11 SLJs are analyzed and compared, it is possible to verify that

no clear patterns emerge. This is clear when analyzing SLJs that have almost exactly the same

maximum tensile strength but possess completely different LWs vibrational patterns. This means

that directly correlating LWs with specific levels of weak adhesion is unfeasible. Therefore, these

collected data are used in conjunction with simulated data to validate the simulation models.

4.2 Experimental model validation

As already said, the collected experimental data served for validating simulation models, namely

Model-2 presented in Chapter 3.1.2. A diagram of the complete approach can be seen in Figure
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Figure 4.3: Stress-strain test performed with an Instron 3367 testing machine.

Figure 4.4: Load-displacement curves of all SLJs.

4.6. The experimental part is shown on the left-hand side, comprising SLJs fabrication, with

distinct levels of weak adhesion, and LWs and strain–stress testing and data acquisition. These

data are correlated to correctly match LWs to levels of weak adhesion. The FEM simulation model

of the SLJs is represented on the right-hand side of the diagram. Represented at the bottom of the
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Figure 4.5: A SLJ after rupture.

diagram, a ML algorithm is used, which takes numerical and experimental data and validates the

FE model by comparing experimental and simulated Young’s modulus.

4.3 Summary

In this chapter an experimental setup was described. This is able to generate data for SLJ models

validation and ML algorithms testing. The SLJs fabrication and testing processes were described.

Experimental validation of SLJ models was illustrated. This was performed by creating a means

to link a certain level of weak adhesion, determined by the tensile strength test data of a sample,

to the LWs signals captured by the SLJ sensor, and compare it to the simulation data. This will be

accomplished using ML.
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Figure 4.6: Complete approach for experimental SLJ models validation.



Chapter 5

Machine Learning Algorithms

In this chapter, the adopted ML algorithms are briefly explained starting from the simple FNN, and

diving into more advanced models such as two different types of RNNs, the CNN, and transfer

learning. Both the CNN and transfer learning are explained in the perspective of creating the final

methodology for weak adhesion monitoring.

5.1 Feedforward neural network

The multi-layer FNN has been extensively used in multiple applications, starting with the work

[122], where backpropagation algorithms were first adopted to adjust the weights in the hidden

layers. In an FNN, the elements that process the data, also known as neurons, are structured in

multiple successive layers that go from the input to the output, as can be seen in Figure 5.1. These

layers are all interconnected in such a way that all elements in a layer have their output connected

to every element in the next layer. Associated with each connection, there is a value, called the

weight, which is adjusted during the learning phase [123, 124]. Each neuron of a layer applies the

associated weight and utilizes a nonlinear function to transform the data that passes through it. A

commonly used function is the sigmoid function [125]:

g(h) =
1

1+ e−h , (5.1)

where h denotes a dimensionless variable.

The general and simplified intent behind an FNN is to reduce the error between the processed

data and target values previously known. This is performed by passing the data through the neu-

rons from the input to the output and, then, comparing the values with the training data previously

saved and known. The error that is obtained is used to determine a performance function, which

is continuously differentiable and correlates all the weights present from the output to the input

layer. Two examples of such performance functions that can be used are the gradient-descent-

based algorithms and the mean-squared error (MSE). These functions have weights as variables

and are minimized by altering them [125]. The FNN has been proven to be successful in modeling

complex problems in a large range of areas, from image compression to forecasting and signal
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Figure 5.1: Fundamental architecture of an FNN with the interaction of each component repre-
sented.

prediction [122]. However, this model presents the disadvantage that all elements in each layer

are interconnected to the next and previous layers. This requires a careful analysis of the problem

when mapping the data, as well as caution relative to the number of layers and elements used.

The higher the number of layers, the larger the datasets required and the more computationally

intensive the process will be. Thus, it is preferable to implement an FNN with a small number of

layers and elements [122].

5.2 Recurrent neural network

The RNN is a type of artificial neural network that differentiates itself by “memorizing” informa-

tion that can be later used in new data. This is performed by storing the output activation from

the layers and applying them together when feeding a new input to the algorithm [126]. Although

RNNs are powerful and have been applied to many problems, they suffer from a reduction or

“explosion” in the gradient during backpropagation. This, in turn, does not allow for the layers

closer to the input to have their weights altered or altered to such a degree that they make others

irrelevant and, thus, not contribute positively to the solution [127, 128]. To mitigate this problem,

a few algorithms, such as long short-term memory (LSTM) and the gated recurrent unit (GRU),

which contain different gating units, have been created.

5.2.1 Long short-term memory

To mitigate the vanishing gradient problem, LSTM utilizes an input gate and a forget gate, as

shown in Figure 5.2 (circled in green and yellow colors, respectively), to create a constant error

carousel (CEC) [129, 130]. The CEC works by enforcing a constant error flow within a special

cell controlled by the gate units, which learn when to grant access (circled in red color) [131]. The

various gates used in the CEC can be described as:

ft = σ(Wf [ht−1,xt ]+b f ), (5.2)
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it = σ(Wi[ht−1,xt ]+bi), (5.3)

ot = σ(Wo[ht−1,xt ]+bo), (5.4)

while the equations for the candidate state, cell state, and final output are

c′t = tanh(Wc[ht−1,xt ]+bc), (5.5)

ct = ftct−1 + itc′t , (5.6)

ht = ot · tanh(ct). (5.7)

In these equations, ft is the forget gate, it is the input gate, ot is the output gate, ct is the

cell state, c′t is the candidate state, and ht is the final output. Furthermore, Wx represents applied

weights, ht−1 are the outputs of the previous LSTM block, xt are the inputs at the current times-

tamps, and bx are the biases for the gates. These gates can be easily visualized in Figure 5.2, where

the components are in yellow, the layers are in dark blue, the line that divides represents a vari-

able copied, and the lines combining represent concatenation. Finally, the output gate is circled in

purple color and serves as the output of the cell.

Figure 5.2: The architecture of an LSTM cell with the input cell circled in green, the forget cell in
yellow, the cell state in red, and finally, the output gate in purple.

5.2.2 Gated recurrent unit

The GRU has been used in many applications but has seen more significant results in music and

speech modeling, as well as natural language processing. This method was developed with the

intent of allowing each recurrent unit to alter the sequence of dependencies in an adaptive manner

over time. To accomplish this, the unit was built with the following four steps, where xt is the

current input, ht−1 is the output of the previous step, W and U are parameter matrices for the

weights, and σ is the sigmoid function [132, 129]:
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1. The first step is an update gate, as shown in Figure 5.3 (circled in green color), which is

used to determine how much information will be updated in the unit. This gate is denoted

as z j
t and calculated by:

z j
t = σ(Wzxt +Uzht−1)

j.

2. The next step is a reset gate, seen in Figure 5.3 circled in purple, denoted as r j
t and calculated

by:

r j
t = σ(Wrxt +Urht−1)

j.

This gate is used to determine how much information needs to be forgotten. When the value

of this gate is close to zero, it determines that the j-th information should be forgotten in the

current memory. Any value close to one means that the data will be preserved.

3. The third step is to determine the current memory. This gate is denoted as h j
t in the following

expression and, in Figure 5.3, seen as ht .

h′t = tanh(Whxt + rt ·Uhht−1))
j.

This gate also uses the Hadamard product to decide how much of the hidden state of the

content should be forgotten.

4. Finally, the last step is to determine the information to be stored in the hidden layer at the

current iteration that will be passed onto the next cell. This step is denoted as ht in the

following equation and, in Figure 5.3, is denoted as ht−1:

ht = (1− z j
t )h

j
t + z j

t h̃ j
t .

These steps can all be easily visualized in Figure 5.3.

5.3 Convolutional neural network

Overall, the CNN can be seen as having a multi-layer feedforward structure and, normally, utilizes

other types of layers as a complement to the convolutional ones. The main characteristics that

define a CNN are the representation of the input layer and the way these input elements are pro-

cessed in the CNN layer, which allows for significant advantages while creating a few problems.

The first layer used is normally seen as a grid that can be compared to 2D images or pixels (or

even a signal in the time domain arranged in an n×1 column vector), as seen in Figure 5.4.

Another characteristic that defines a CNN is a convolutional operation called the kernel, which

is applied between the weights and the input CNN layer. This is performed to provide at the

output of the layer a feature map [133, 134]. When evaluating the inputs and the kernels used in a
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Figure 5.3: Architecture of a GRU cell with the reset gate circled in purple and the update gate in
green.

Figure 5.4: Architecture of a CNN comprising convolutional and pooling layers with a final flat-
tening layer. The dimensions of each layer are represented under each one.

convolutional layer as square n×n arrays, the size of the output layer can be calculated using

nout =

[
nin +2p− k

s

]
+1, (5.8)

where the width or height of the output and input arrays is represented by nout and nin, respectively.

Finally, two other parameters complement these layers: the convolutional padding size is a param-

eter that is used when it becomes adequate to include additional information on the border arrays,

while the sliding increment of the kernels over the input array is the stride parameter. These can

be seen as elaborated in the following equations:

s(t) =
∫

x(a)w(t −a)da, (5.9)

s(t) = (x∗w)(t), (5.10)

s(t) = (x∗w)(t) =
∞

∑
a=−∞

x(a)w(t −a), (5.11)
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where nout represents the number of output features obtained from the convolution, nin is the

number of input features, p is the convolutional padding size, k stands for the kernel size, and s is

the stride size to be used.

One way to better visualize these kernels is to see them as filters that go through the input

values, using a constant weight to identify specific features in the input data. These values are

refined during the learning phase. Using a CNN instead of an FNN allows for a smaller increase

in the number of variables and parameters when setting more layers, as the weights are used with

all inputs. This allows for more layers and a deeper learning FNN implementation. Furthermore,

it allows for a way to associate values that are near one another, which can be of interest in images,

time series, or any other sequential signal. Finally, the convolutional maps are normally associated

with pooling stages and processed through a nonlinear rectified linear unit (RELU) function to

stabilize values in specific locations [123].

5.4 Transfer learning

Transfer learning involves utilizing a ML method wherein a model previously trained on a specific

task is repurposed or adjusted to suit a similar task [135]. Rather than initiating the learning

procedure anew, transfer learning uses the knowledge acquired from addressing one problem and

employs it to tackle another related problem [136, 137, 138].

One such example of this is a CNN that is initially trained on a comprehensive synthetic

dataset, serving as a foundational step. Subsequently, the models undergo fine-tuning using a

smaller dataset comprised of experimental data. This process of using only a part of the neural

network can be seen in Figure 5.5 circled in red, where the components have the same weights and

biases of the pre-trained model, while the rest is reset to be fine-tuned.

Figure 5.5: Overall structure of a transfer learning scheme. The components within the borderline
have the same weights and biases as the pre-trained model, while the rest are reset to be fine-tuned.

5.5 Summary

In this chapter, the ML algorithms used in this work were explained starting from the FNN and

finishing with transfer learning techniques. Transfer learning allows models, trained with large

volumes of synthetic data, to be fine-tuned, with small quantities of experimental data from the

target domain, thus transferring previous knowledge to new tasks. This is also crucial when the
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target domain data varies in time, as is the case of damage. Transfer learning is used as the

cornerstone to develop a pipeline and methodology to detect weak adhesion in-situ and determine

its characteristics.



Chapter 6

A ML Pipeline for Detecting and
Assessing Weak Adhesion in SLJs

In this chapter, a methodology for detecting and assessing weak adhesion in SLJs using a ML

pipeline with LWs data is outlined. This method obtains both synthetic and experimental data,

preprocesses the data and trains ML algorithms. The methodology is shown very effective to

monitor weak adhesion in SLJ, and flexible enough to tackle damage characteristics beyond ex-

istence, intensity and localization, without requiring major alterations. Therefore, this approach

holds significant potential for enhancing the safety and durability of bonded structures through

SHM.

6.1 Proposed methodology

The proposed pipeline includes an initial data acquisition phase from any source, whether simu-

lated or experimental. These data are preprocessed and prepared for subsequent phases. A specific

CNN determines if damage is present in the SLJ. If damage does not exist, then there is no need

for extra processing, and the pipeline stops there. If damage is detected, then the pipeline trig-

gers additional CNNs to determine damage intensity and damage localization. The CNNs are

pre-trained with synthetic data and fine-tuned and used with experimental data within a transfer

learning scheme. Figure 6.1 illustrates the suggested full pipeline.

6.1.1 Design of the CNNs

In total, three CNN algorithms are employed to detect, evaluate intensity, and localize damage,

respectively. The first algorithm, besides detecting the presence of damage, serves as a pre-trained

model for further use in a transfer learning scheme, fine-tuned with experimental data. It utilizes

a CNN with 2,800 simulated cases of SLJs, including both damaged and undamaged instances of

the two types described in sections 3.1.2-3.1.3, as input. This input is followed by three hidden

layer blocks consisting of a convolutional layer and a pooling layer, and finally, two hidden layers

of fully connected dense layers with a dropout layer between them. Figure 6.2 illustrates this
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Figure 6.1: Representation of the pipeline proposed for weak adhesion detection, intensity evalu-
ation and localization in SLJs.

algorithm. The output consists of a dense layer with one output using a RELU activation function.

Binary cross-entropy was selected as the loss function, and accuracy served as the evaluation

metric. A total of 600 epochs were deemed sufficient for comprehensive analysis. The batch size

for this algorithm was set to 1,028, and the adaptive moment estimation (ADAM) optimization

method was employed. A total of 1,200 points originated from the data interpolation preprocessing

were adopted.

Figure 6.2: Overall structure of the CNN used to detect damage in simulated data.

The second CNN is designed to evaluate the intensity of weak adhesion. It will also be used

further as a pre-trained model in a transfer learning algorithm. The overall configuration is de-

picted in Figure 6.3, with a total of 14 layers. The input mirrors that of the previous model,

excluding the “no damage” SLJs, as all parts are now considered “with damage”. The input is

followed by 5 blocks consisting of a convolutional layer and a pooling layer, a flattening layer, and

2 fully connected layers, with the last one serving as the output. In this CNN, the output data used

to determine the level of damage intensity is Young’s modulus of the damaged area, as previously

described, ranging from 100 MPa to 500 MPa.

Hyperparameters for all layers were empirically tested until optimal results were attained.

Mean absolute error (MAE) was employed as both the loss function and evaluation metric for this

algorithm. A total of 600 epochs was selected, as preliminary analysis indicated that additional

iterations were unnecessary and training times remained within an acceptable range. The batch

size for this algorithm was set to 512, and the ADAM optimization method was utilized. The
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1,200 points originated from the data interpolation preprocessing were used.

Given that this case involves regression, the evaluation metric employed was the average and

overall errors for each case. This approach enables a better understanding of limitations and their

occurrence within each segment.

Figure 6.3: Overall structure of the CNN used to evaluate damage intensity in simulated data.

Finally, a CNN is created to determine the damage position in the SLJs of larger sizes. The

overall configuration can be seen in Figure 6.4. There is a total of 14 layers again with 5 blocks

composed of a convolutional and pooling layer, followed by a flattening layer and a final fully

connected layer that serves as the output. For this algorithm, the output is the position of the

damage along the U1 direction and the MAE is used as both the loss function and the evaluation

metric. For the optimizer, ADAM was also used, and a total of 1,000 epochs was adopted with a

batch size of 512 and a total of 1,200 initial points as inputs. Finally, this case also uses regression

with the same evaluation method as before, adopting the average and case-to-case error values.

Figure 6.4: Overall structure of the CNN used for damage localization in simulated data.

6.1.2 Design of the transfer learning scheme

After the CNNs are initially trained on a comprehensive synthetic dataset, serving as a founda-

tional step, the models undergo fine-tuning using a smaller dataset comprised of experimental

data. Firstly, transfer learning is used for damage detection, as illustrated in Figure 6.5. The com-

ponents within the borderline have the same weights and biases as the pre-trained model, while

the rest are reset to be fine-tuned.

In Figure 6.6, the transfer learning scheme utilized for evaluating the intensity of weak adhe-

sion is illustrated. As in the previous CNN, the components within the borderline have the same

weights and biases as the pre-trained model, while the rest is reset to be fine-tuned.
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Figure 6.5: Overall structure of the transfer learning scheme for damage detection. The compo-
nents within the borderline have the same weights and biases as the pre-trained model, while the
rest are reset to be fine-tuned.

Figure 6.6: Overall structure of the transfer learning scheme for evaluating the intensity of weak
adhesion. The components within the borderline have the same weights and biases as the pre-
trained model, while the rest are reset to be fine-tuned.

6.2 Final results

In this section, the results obtained with transfer learning for both weak adhesion detection and in-

tensity characterization are presented. For classification of damage locations, just results obtained

with synthetic data are presented, as no experimental data are available for performing transfer

learning. Following the presentation of each result, a discussion on the overall capability of the

algorithms is conducted.

6.2.1 Damage detection

As mentioned in subsection 6.1.2, the initial algorithm aimed to detect damage regardless of its

characteristics. The proposed pre-trained model successfully identified damage in the validation

synthetic dataset with an accuracy exceeding 95.3%. Figure 6.7 illustrates the loss function for

each epoch. It is evident that there is rapid convergence around the 40th epoch, followed by a

further decrease in loss after 500 epochs. Due to this behavior, the maximum number of epochs

was set sufficiently high to ensure attainment of the global minimum.

Figure 6.8 illustrates the algorithm’s accuracy convergence for each epoch. The plot demon-

strates a similar pattern to that of the loss function, with a significant convergence observed around

the 40th epoch, followed by another notable convergence around the 500th epoch. Additionally,

it is noticeable that approximately every 200 steps, there is a temporary decrease in accuracy

and an increase in loss, which are swiftly reversed. This phenomenon occurs because the algo-

rithm’s optimization process explores alternative local minima, failing to find satisfactory values
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Figure 6.7: Loss value for each epoch for the pre-trained damage detection algorithm.

and consequently returning to the previous ones. It is through this exploration that the convergence

observed around the 500th epoch is facilitated.

Figure 6.8: The accuracy for each epoch for the pre-trained damage detection algorithm.

Using simulated and experimental data, the algorithm successfully detected 100% of the dam-

aged SLJs but encountered challenges in identifying non-damaged cases, achieving an approxi-

mate success rate of around 70%. Although lower than during pre-training, this success rate is

highly beneficial for the algorithm, as it reveals that the algorithm ensures that all instances of true

positives are detected and forwarded to any subsequent stages. A simple analogy for this scenario

is akin to assessing whether an airplane wing is damaged in a real-life situation; the algorithm

consistently identifies damage, and in cases where damage is not detected, further analysis can be

conducted to ensure safety.

These findings are promising, indicating the algorithm’s high accuracy in detecting damage,

thereby allowing for a stopping point at the outset of the pipeline, which significantly reduces the

computational resources required.
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6.2.2 Damage intensity evaluation

In the next phase of the pipeline, a regression CNN is pre-trained on both types of simulated

SLJs to evaluate the intensity of damage. Figure 6.9 illustrates the loss function for each epoch,

revealing a slower convergence compared to the previous case, with the loss function converging

at an error of approximately 40 MPa. Additionally, there appears to be a plateau of around 600

epochs for the validation loss, while the training loss continues to decrease. This indicates a

potential tendency towards overfitting, although it is clear that the algorithm is indeed learning

from the training dataset.

Figure 6.9: The loss value for each epoch for the pre-trained damage intensity evaluation algo-
rithm.

While the methodology exhibits a general capability to accurately assess damage intensity, it is

essential to recognize its limitations. To delineate these limitations, we can refer to the following

results to identify the boundaries in each aspect. In Figure 6.10, it is evident that for most intensity

values, the error is extremely low, approaching 0. However, in a few instances, the error can be

quite significant, reaching up to 300 MPa. This discrepancy is attributed to the complexity of

the signals received by the algorithm. In cases with low error, the algorithm utilizes small data

samples where only intensity serves as a variable. Conversely, in other instances, large samples

are employed, encompassing variations not only in intensity but also in the position and size of the

damage. Consequently, the algorithm encounters greater difficulty in handling these variations.

Nevertheless, the majority of cases exhibit errors below 100 MPa, which is a noteworthy outcome.

This capability enables users not only to detect damage but also to gauge its severity independently

of its location or size.

Finally, in Figure 6.11, it is evident that the largest errors occur on the sites closest to the

boundaries of the SLJs. This phenomenon was previously discussed in the preceding Section.

However, it is important to note that the largest errors coincide with those observed in the 25 mm

damage size. This suggests that one approach to mitigate errors for smaller damage sizes is to

establish a certainty field where the algorithm reliably detects larger damages closer to the edges.

Alternatively, this issue can be addressed by ensuring there are no walls in proximity to the areas

under analysis. An exception observed in Figure 6.11 pertains to simulated cases without any
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Figure 6.10: The error for each value of damage intensity studied.

positional alterations, currently grouped under position 0. For these cases, positional evaluation is

irrelevant, and they exhibit no significant errors, thereby reducing their significance in the overall

analysis.

Figure 6.11: The intensity error for each value of the position of damage studied.

When observing Figures 6.10 - 6.11 together and combining the acquired results, it becomes

evident that the majority of the largest intensity errors occur in cases with boundary conditions,

such as the largest or smallest damage, or those located at the edges of the studied area. This

indicates that the algorithm performs better with central values, and for cases with boundary con-

ditions, a simple cutoff value is sufficient to significantly reduce errors.

When applying these pre-tests to experimental cases, similar to the previous step, certain lim-

itations emerge. The initial analysis focused on each experimental case, encompassing only nine

cases. It was observed that the average damage intensity error across all cases was 187 MPa, with

the two experimental cases at the upper limit load responsible for the poorest results, showing

errors ranging from 232 MPa to 406 MPa. Excluding these two cases, which could potentially

be affected by fabrication or experimental errors, the average error decreases to 140 MPa. The

highest error value is 250 MPa, while the lowest error originates from the case with the lowest

load, measuring 3.6 MPa.
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6.2.3 Damage localization

In the final phase of the pipeline, a regressive CNN is used to localize damage. Furthermore, only

simulated cases are used as available experimental data and do not have a position as a variable.

Figure 6.12 illustrates the loss value in each epoch. We verify a large decrease followed by

a slow decrease until the value is in a plateau at an average error of around 8 mm. As with the

intensity evaluation model, the validation loss is higher than the training loss.

Figure 6.12: The loss value in each epoch for the damage localization algorithm.

Figure 6.13 shows the localization error for each value of the damage position. The largest

errors occur more on the right of the figure but there is quite a large spread of values and positions,

with most position errors concentrated below 10 mm.

Figure 6.13: The localization error for each value of damage position studied.

In Figure 6.14 the localization error is compared for the 4 overall damage sizes that were

created, with the overall cases presenting a quite uniform distribution.

Further comparisons between position and intensity yielded results similar to those previously

discussed. This indicates that in the damage localization, there are no specific cases that tend

to exhibit errors. All error cases are fairly evenly distributed, demonstrating that the algorithm

was capable of generalizing the detection of this characteristic without encountering significant
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Figure 6.14: The localization error for each value of damage size studied.

issues. Moreover, the average error value of 8 mm enables precise pinpointing of the center of any

damage, particularly within a range of 25 mm to 100 mm.

Additionally, a separate case study attempted to combine damage characteristics into a single

ML algorithm by creating a multi-output CNN regression model. However, this approach proved

to be less effective than maintaining two separate models in sequence. This disparity is likely at-

tributed to the distinct nature of the information required to determine the position and intensity of

damage within the ML algorithm. Combining both aspects did not yield any discernible benefits.

An analogy that elucidates this issue is that the amplitude of the signal determines the position of

the damage, while the frequency determines its intensity; thus, there are no similarities that can be

exploited.

6.3 Summary

In this chapter, a methodology was outlined and used to detect and characterize damage in multiple

SLJ samples both from simulated and experimental origins. Tests with SLJs where weak adhesion

intensity could vary from 100 MPa to 500 MPa, and damage localization could change up to 125

mm within the adhesive area, showed that the developed pipeline, for weak adhesion detection,

achieved over 95.3% accuracy in simulated scenarios and identified 100% of experimental damage

cases. For weak adhesion intensity evaluation, the algorithm exhibited an average loss of 45 MPa

in simulated data and 140 MPa in experimental data, with the best cases having only a 3.6 MPa

error. Concerning weak adhesion localization, the algorithm demonstrated an average loss of 8

mm. The methodology is adaptable for integrating additional features, indicating promise for

enhancing SHM and improving the safety and longevity of structures.



Chapter 7

Conclusion and Future Work

This thesis proposes a groundbreaking method to enhance the precision and reliability of NDT

methods for detecting and characterizing weak adhesion in adhesive joints.

The method comprises an initial data acquisition phase from any source, whether simulated or

experimental. These data undergo preprocessing and preparation for subsequent phases. A specific

CNN determines if damage is present in the SLJ. If no damage exists, no further processing is

required. If damage is detected, additional CNNs are triggered to determine damage intensity and

damage localization. The CNNs are pre-trained with synthetic data, and fine-tuned and utilized

with experimental data within a transfer learning scheme. This synergistic approach not only

strengthens quality control but also holds potential as a robust SHM tool, ensuring the durability

and reliability of adhesive joint applications across diverse industries.

The work follows a well-delineated work plan and methodology, with successive achievements

reported in peer-reviewed journal papers. This thesis comprises an extended summary organized

into 7 chapters, along with 6 papers presented in the appendices. Chapter 1 provides background

information and outlines the sequential steps used to achieve the main goal of the work. Chapter 2

reviews previous works and identifies the challenges hindering the objective, serving as a guiding

reference. Chapter 3 presents the numerical models and methods used or created to develop a

comprehensive dataset of simulations for comparison with experimental data. The data obtained

from these simulations were studied, and a data processing pipeline was created as the initial point

for the methodology development. Chapter 4 utilizes the simulations and models to determine an

experimental setup representing them, establishing a baseline for ML models. Chapter 5 explores

various ML methods, with CNNs selected as the base method for implementation, along with

transfer learning. Finally, chapter 6 outlines the methodology and applies it to detect, assess in-

tensity, and determine localization of weak adhesion in both simulated and experimental samples,

demonstrating significant performance.

Although significant progress has been made, and this work has extended the detection and

characterization of weak adhesion in SLJ using ML and LWs data to new frontiers, there is always

room for further advancement. Several limitations exist within this work, such as the small number

of simulations conducted, and even when utilizing the model in section 3.1.3, the sensor placement

56
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remains static, as does the number of sensors. Additionally, no exploration was undertaken con-

cerning multiple damage points or moving the damage along two Cartesian axes. Bearing these

limitations in mind, several avenues for future research include:

• Increasing the number of experimental samples to incorporate multiple damage characteris-

tics;

• Detecting more than one type of damage per sample, both categorized as weak adhesion;

• Expanding the detection to encompass multiple damage types per sample;

• Generating more simulations with randomized sensor placement and varied part dimensions

to create a more robust dataset;

• Integrating additional variables and characteristics into simulations, such as varying damage

shapes or environmental factors like temperature and random vibrations;

• Applying the acquired knowledge to real-case scenarios, such as examining real airplane

wings for weak adhesion issues.
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Summary

In the past decades, Lamb waves (LW) have seen encouraging results when

applied to non destructive testing (NDT) and structural health monitoring

(SHM), with important research done continuously through the years in both

fields. This paper is a comprehensive review on equipment, testing procedures

and techniques adopted in NDT and SHM, with emphasis in applications

involving SHM of adhesive joints. The fundamentals of LW and their applica-

tion to damage detection are discussed, and different signal processing, statisti-

cal, machine learning and simulation methods are presented. The paper

represents a basis to deepen the understanding about the problem at hand and

is a thorough compilation of relevant information to future work. Although

LW-based SHM methods have been heavily studied, there is a gap of few to no

studies between these topics and adhesive joints, namely, for monitoring weak

adhesion.

KEYWORD S

adhesive joint, defect, Lamb wave, nondestructive testing, structural health monitoring

1 | INTRODUCTION

Over the past decades, materials science has created stronger and lighter materials that have revolutionized various
fields. One of the most impacted is the aeronautical industry, where small weight changes can mean significant cost
savings.1 To achieve weight reductions, multi-material assemblies are used and each part combined using various types
of joining techniques. One of the most promising ways is by adhesive joints that do not require fastener holes, thus dis-
tributing the stress over a large area and having limited points of stress concentration and probability of cracking. This
in turn allows for thin substrates that end up reducing the overall weight.2 Although adhesive joints have many advan-
tages, they also present some drawbacks as, for example, degradation due to arbitrary load combinations, humidity,
temperature, and other issues. Thus, it is necessary to constantly monitor the joint throughout its life cycle and inter-
vene before structure failure.3,4

Although disadvantages exist in adhesive joints, they are not what has limited the diffusion of adhesive joints in the
aeronautics and other cutting-edge industries. The main factor is related to the existing non destructive testing (NDT)
methods as, for example, ultrasonic, thermographic, radiographic, holographic, guided waves, and electromechanical
impedance-based methods,5,6 which are not mature enough to allow for reliable and consistent monitoring, as
requested by most standards, as the Federal Aviation Regulations (FAR) Section 23.573(5)—(iii).7

One way to go beyond NDT and achieve the required reliability is by using structural health monitoring (SHM).
The SHM involves permanent and continuous analysis of the joint structure utilizing the same base techniques of NDT,
but performing in-situ monitoring with all the necessary equipment permanently fixed to the structure. To accomplish
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this, SHM utilizes many different technologies. The monitoring equipment obtains damage-sensitive data that are
processed and structured, and then used in an algorithm that can detect if there is a defect and, if yes, where and which
type and size the flaw is.

When comparing different SHM techniques, the approach utilizing Lamb waves (LW) stands out as one of the most
promising candidates. This method often uses inexpensive and lightweight piezoelectric actuators and sensors to gener-
ate and sense a special kind of guided wave that makes the structure vibrate in a certain way, depending on its overall
characteristics. Although it is possible to detect damage, LW are very difficult to process due to noise, environmental
variables and other intrinsic characteristics that may affect the signals received at the sensors. 8

Due to the complex nature of LW, several data processing methods have been adopted, namely for adhesive joints.
However, those techniques have been implemented just in small and simple structures that have only one type of dam-
age.9-14 To allow for large-scale and complex geometry parts inspection, there have been two main research lines. One
involves utilizing data driven procedures, where the algorithm decides the best location for the sensors and actuators,
according to the accuracy and resolution necessary.15 The other consists of model driven methods, where machine
learning algorithms trained with data generated by simulations are compared with actual tests to determine damage.16

Furthermore, these machine learning techniques can be trained to pre-process the measured signals and to remove
noise, while also creating a damage sensitive index that detects the overall characteristics of the defect.

This paper is a review on the use of LW in SHM, focusing on adhesive joints. To accomplish this, the paper is
divided into eight sections. Section 2 introduces the LW fundamentals and describes how LW interact with structures
and defects. Section 3 addresses adhesive joints, defects, and testing equipment. Section 4 presents and discusses several
methods regarding the processing of LW signals. Section 5 demonstrates how statistical and machine learning tech-
niques work and how they are applied to LW-based SHM of adhesive joints. Section 6 presents alternative frameworks
for modeling and simulation. Section 7 summarizes the main open issues in LW-based SHM of adhesive joints. Finally,
Section 8 overviews and synthesizes the main aspects of the research.

2 | FUNDAMENTALS OF LAMB WAVES IN STRUCTURAL HEALTH
MONITORING

As parts are used, the chances for the emergence of defects grows. Most times the problems occur underneath the outer
layer of the material, where it is difficult to see without destructive inspection techniques. Thus, efficient monitoring
methods that do not involve destroying the part are crucial. To accomplish this, NDT methods were devised for differ-
ent engineering structures, including bonded parts. The most used are the visual, or optical, liquid penetrant, magnetic
particle, electromagnetic, radiographic, and ultrasonic testing methods.5,17

Out of all NDT techniques, the ultrasonic, more specifically, the LW-based ultrasonic method, revealed large possi-
bilities of application in cutting-edge industries, namely, in the aeronautical field. This is largely due to the fact that air-
planes contain thin and large areas and, thus, the ultrasonic waves can potentially analyze entire structures.

The concept of LW was developed by Lamb in 1917. Throughout the second World War up to 1960, LW were used
mostly in the medical field, until Worlton used them to detect damage.18 LW are a form of guided waves that can exist
in isotropic, plain, and thin structures with parallel free edges.19 In anisotropic and complex geometry structures,
guided waves can propagate, which are not LW. Nevertheless, in this work, the common practice of using the term LW
in such a broader scope will be followed.

LW are nowadays seen as a prime candidate in damage detection of composite structures and adhesive joints due to
(i) their sensitivity to interference in the propagation path; (ii) their potential capability for traveling over a long dis-
tance, thus allowing for the analysis of large parts, limited by the damping characteristics of the medium and the geo-
metric complexity of the structure; and (iii) the existence of various modes, allowing to detect damage that is
internal.19-21 LW are also capable of traveling inside curved walls with shallow curvatures, thus making them suitable
to be used in the aeronautical field.

There are many ways to produce LW, ranging from piezoelectric actuation to lasers, ultrasounds, and X-rays.22,23

Therefore, depending on the intended application, there are pros and cons of each method.
The main drawback of LW in the context of SHM is the high complexity of the LW signals, which demands

for sophisticated processing algorithms and high computational power.19 This has recently been facilitated with
machine learning methods (MLMs) that allow the algorithms to learn and grow, thus simplifying the problem
at hand.
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Regarding the adhesive joints, there are few studies that use LW for defect detection. Most research is for composite
structures and is focused on the transmission alterations that occur when LW pass the adhesive section, rather than on
the interactions of the LW with defects.19,24-28

2.1 | Dispersion curves

Although there is vast literature addressing LW, a brief introduction to the basic theory is presented here. In a solid
medium, various elastic waves can be distinguished according to the different motion of the particles. LW propagate in
thin plates guided by their upper and lower boundaries, being actually the superposition of longitudinal and shear
modes. One of the key features of LW is that, when observed across the thickness of the material, they present a station-
ary wave pattern that can be divided into symmetric Sn and anti-symmetric An modes, where n�ℕ is the number of
inflection points.29 The LW phase velocity is dependent on the relation between the frequency and the material thick-
ness. Thus, at any possible frequency value, there can be multiple modes that, in turn, complicate the evaluation of the
measured LW signals.

To better understand the existing modes, Sn and An, the analytical dispersion curves are used, which may be written
as29:

tanðqhÞ
tanðphÞþ

4k2qp

ðk2�q2Þ2
¼ 0, ð1Þ

tanðqhÞ
tanðphÞþ

ðk2�q2Þ2
4k2qp

¼ 0, ð2Þ

with

p2 ¼ω2

c2L
�k2, q2 ¼ω2

c2T
�k2, k¼ 2π

λ
, ð3Þ

where p and q are placeholder variables, h stands for the half thickness of the plate, cL and cT denote the longitudinal
and shear wave velocities, respectively, k is the wavenumber, λ represents the wavelength and ω is the angular
frequency.

The longitudinal and shear velocities depend on the material properties, being given by

cL ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

Eð1�νÞ
ρð1þνÞð1�2νÞ

s
, ð4Þ

cT ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

E
2ρð1þνÞ

s
, ð5Þ

where E and ν represent the Young's modulus and Poisson's coefficient, and ρ stands for the density of the material.
Equations (1) and (2) have multiple roots, thus allowing for multiple modes. Numerical methods are used to obtain

the relationships between phase velocity, wavelength, wavenumber and frequency, cP ¼ ω
2π λ¼ ω

k . The results are often
depicted using dispersion curves, which can be presented in various forms. Figure 1 illustrates the dispersion curves of
a specimen, where each mode is represented as a phase velocity versus frequency curve in a given frequency range. The
specimen is an aluminum plate with thickness 2mm, density ρ¼ 2500 kg/m3, Poisson's ratio ν¼ 0:33 and Young's mod-
ulus E¼ 72:4 GPa. In Figure 2 it is possible to see how the wavelength of each mode varies in relation to the frequency.

It can be verified that there is a value of frequency below which only the S0 and A0 modes are present, and for fre-
quencies beyond this value multiple modes emerge. Therefore, above such threshold value, any analysis becomes
complicated.
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Non-zero volume defects, such as voids, require using LW of wavelength smaller than twice the size of the void.30

This means that small defects can be detected as long as high frequency signals are used. For the case of zero-volume
defects, as weak adhesion in adhesive joints, the concept of size is unclear and has to be replaced by “level of adhesion.”
To the best of the authors knowledge, there are no studies addressing the relation between wavelength and “level of
adhesion.”

Another important aspect in the context of NDT and SHM is the type of exciting signal for generating LW. Since
LW are dispersive, packets of waves containing different frequencies tend to spread out and distort, difficulting the sep-
aration of different modes both in the time and the frequency domains. Short time duration and narrow frequency spec-
trum excitation signals mitigate the problem of dispersion. The Hann-windowed tone burst possesses those
characteristics and, thus, has been widely adopted to generate LW, but other alternatives are also possible, such as the
Gaussian pulse or Gaussian windowed tone burst. The effect of the window is to concentrate most energy of the input
signal around a carrier frequency. When exciting LW at points on the dispersion curves that correspond to almost con-
stant group velocity with respect to frequency, the windowed tone bursts reduce the waves dispersion.

The Hann window is given by

wðnÞ¼ 0:5�0:5 cos
2πn
M�1

, ð6Þ

FIGURE 1 Example of symmetric and anti-symmetric modes in a wave phase velocity versus frequency graph

FIGURE 2 Relation between the wavelength of each mode and the frequency
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where M is the total number of data points and n¼ 0,1,…,M�1. When applied to a sinusoidal signal, a burst type
waveform composed of a number of wave pulses results, as illustrated in Figure 3. Such signal, also called tapering
function,31 has a known form and duration, leading to data easier to analyze than those obtained with other types of
excitation signals.

Although there are many papers that report the use of Hann windowed tone bursts,11,15,32 other works use alterna-
tive exciting signals. One example is the work of Dao et al,33 where cointegration is used in conjunction with a wavelet
transform to determine damage in structures. Another case is reported by Xu et al,34 where multiple channel guided
waves were used to create damage indices that fed neural networks (NN) for damage detection. More specifically to
adhesive joints, Puthillath and Rose35 addressed the inspection of a titanium repair patch bonded to an aluminum air-
craft skin. Ren and Lissenden36 studied the use of modal content-based damage indicators to improve the sensitivity of
guided waves to disbonds in the adhesive of composite structures. Kumar and Sunny16 proposed a LW based technique
for detecting multiple disbonds using damage features related to mode conversion and nonlinear breathing
phenomena.

3 | ADHESIVE JOINTS

There are different types of adhesive joints, but the single lap joint (SLJ) is the most used in the industry.2 Most research
on NDT and SHM of adhesively bonded structures addresses SLJ, but all the methods and techniques developed for SLJ
can be easily adapted to other types of joints.

3.1 | The single lap joint

A SLJ is composed of two adherends that overlap one another, with the adhesive in the between. Although SLJ involve
simple constructive procedures due to their simple geometry, the interaction of LW with the SLJ materials is complex.
Mori and Kusaka37 showed that the reflection and transmission coefficients of the anti-symmetric mode A0 vary with
the tangential stiffness and frequency. Furthermore, there are multiple frequencies that present maxima and minima
reflection and transmission coefficients. The complex nature of the interactions of LW with the materials composing
SLJ was also investigated in Heller et al,38 where a combination of an ultrasonic laser technique and sophisticated sig-
nal processing methods were used to measure extreme degradation due to high temperature in specimens.

3.2 | Defects in adhesive joints

Defects in adhesive bonds tend to occur in the adhesive layer or in the substrate (Figure 4) and may be caused by
manufacturing problems (e.g., improper surface preparation, environment contamination, or poor curing) or in ser-
vice deterioration (e.g., water or moisture absorption, extreme temperature, or loading conditions). In regard to the
adherend, defects can be superficial, in multiple sizes, and internal cracking formations. Referring more specifically
to the adhesive, three main defects can occur, namely poor cohesive strength of the adhesive, voids or disbonds,
and weak adhesion between the adhesive and the adherend.39-41 It is important to point out that voids can be

FIGURE 3 Example of how a sinusoidal signal is altered when multiplied by a Hann function
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subdivided into complete voids, where there is no adhesive between the two bonding surfaces, small voids that stay
present only in the adhesive and can be due to small air bubbles and, finally, surface voids or delaminations that
occur between the adhesive and the substrate.40 Although kissing bond is a term commonly adopted in the litera-
ture to refer weak adhesive bonding (e.g., slip bond, smooth bond, partial bond, zero-volume disbond, and imperfect
interface), herein it will be used to designate perfect contact between two surfaces which transmits no shear stress.
Conversely, the term weak adhesion will denote any intermediate level of adhesion that can range from complete
adhesion to kissing bond.42 Out of all defects, weak adhesion between the adhesive and substrate is the hardest to
detect accurately, and out of all NDT or SHM methods, the most promising results come from guided waves, more
specifically LW.5,39

One unique use of LW is the possibility of determining surface and internal damage, which is possible since each
LW mode is particularly sensitive to specific types of damage. For example, cracks can be detected using symmetric
modes, while surface damage affect more the anti-symmetric modes.43 For a given structure, if there is a defect between
one actuator/sensor pair, then the signal measured at the sensor will be different from the one acquired in a pristine
specimen. Increasing the number of actuator/sensor pairs will increase the accuracy of the damage detection algo-
rithm.44 Moreover, to determine the extension and characteristics of the damage, all aspects of the LW should be
observed, both in the time and in the frequency domains. In other words, by processing multiple data features, it is pos-
sible to determine additional information about damage.38

3.3 | Instrumentation

Although there are many ways to approach the use of LW in SHM, first, it is normally necessary to understand
the designated use of the specimen to, then, determine the technology, instrumentation and testing methods that
are possible and more suitable. When the intended purpose is an outdoor application, where lightweight, reliable,
and small size components are fundamental, certain equipment, such as laser interferometers, suited to workbench
use, is inappropriate. Therefore, out of the remaining possible options, transducer-based equipment is a prime can-
didate for LW-based SHM applications. In a simplified way, such technology works by placing two or more trans-
ducers on the designated part, leaving the region where it is necessary to determine defects in between the
transducer.22,23

A few prominent transducer-based solutions are presented in the follow-up. A brief overview of the physical traits
will be given, followed by a simple description of how each method produces LW.

3.3.1 | Electromagnetic Acoustic Transducers

This transducer can be regarded as a speaker composed of a coil and a permanent magnet. Its working principle is
based on Lorentz's forces and magnetic coupling that cause the permanent magnet and coil to create a relative move-
ment between them, depending on the way the coil is functioning. This movement at high speed creates vibrations and
thus can excite LW.45,46 These sensors were used in Wilcox et al47 to generate LW in a 5 mm thick aluminum plate. It
was shown that the sensors' omni-directional sensitivity allows for a precise wave detection in one plane. Electromag-
netic acoustic transducers (EMAT) were used with adhesive joints by He et al48 to assess the applicability of LW and
shear horizontal waves in the evaluation of thin plate structures. Sun et al49 used electromagnetic pulse-induced acous-
tic testing to detect debonding in plastic composite/metal specimens.

FIGURE 4 Example of different types of defects where (a) is a void and (b) is weak adhesion between the adhesive and the substrate
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3.3.2 | Comb and interdigital transducers

Comb and interdigital transducers are normally composed by three layers of material, forming a sandwich of two elec-
trodes with a layer of piezoelectric material in the middle, as illustrated in Figure 5. As the name suggests, usually, the
top layer electrode is shaped forming a comb like structure.50,51

The main drawback of these transducers is that the comb pattern determines the wavelength range that can be pro-
duced, which, in turn, can not be changed quickly. Although they are used in LW-based NDT of diverse materials and
structures, their application with adhesive joints has been quite limited.

3.3.3 | Micro Electro-Mechanical Systems

Micro electro-mechanical systems (MEMS) can have many configurations citepbjurstrom2006thin. They can normally
be constructed with flexible materials coupled with coils and permanent magnets. The main difference between MEMS
and EMAT is the overall configuration of the structure and how each component is placed.52,53 Although they have
been used with LW, as seen, for example, in Di Pietrantonio et al,53 they were adopted with parsimony, namely, to
monitor adhesive joints, probably due to their high price and high sensitivity to noise for in-situ applications.

3.3.4 | Laser vibrometry

A laser Doppler vibrometer makes non-contact vibration measurements of a surface. The laser beam is directed to the
object and the vibration amplitude and frequency are extracted from the Doppler shift of the reflected beam frequency.
The output of the sensor is directly proportional to the object velocity along the direction of the laser beam. Besides
velocity, displacement can also be measured with appropriate signal conditioning. Laser Doppler vibrometery allows
measuring with high resolution and linearity. However, the equipment is expensive and, although it can be useful in
NDT for monitoring out-of-service components, it is not suitable for SHM, since can not be permanently fixed to the
structure. Normally, pulsed Nd:YAG lasers or piezoelectric elements are used to excite the LW whose propagation char-
acteristics are then acquired by the vibrometer. Within the scope of NDT of adhesive joints, the technology has been
used by many researchers.15,54-56

3.3.5 | Fiber bragg gratings

Fiber optic sensors, namely, fiber Bragg gratings have proved their effectiveness as ultrasonic sensors. Their main
advantages include small weight and size and immunity to electromagnetic interference, which are very interesting for
SHM applications. A fiber Bragg grating sensor is a microstructure with a typical length of a few millimeters that can
be inserted into the core of a standard singlemode fiber. The sensor acts as a wavelength selective mirror. Light from a
broadband source is injected into the optical fiber, but just the part within a very narrow spectrum centered on the
Bragg wavelength is reflected. The remaining light is not affected and continues its path through the optical fiber. The
Bragg wavelength is essentially defined by the period of the microstructure and the refractive index of the nucleus.

FIGURE 5 Comb and interdigital transducer structure
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When acting as a strain sensor, the fiber is stretched or compressed, which causes a change in the period of the micro-
structure and in the Bragg wavelength. Fiber Bragg gratings have been used with LW-based NDT techniques,57,58 but
their application to adhesive joints has been limited.59

3.3.6 | Distributed sensors

Although sensors can be integrated individually on a structure, a practical and cost-effective alternative is to use a (pre-
built) network of sensors. One example is the Acellent Technologies' SMART Layer, which consists of a network of pie-
zoelectric elements that can be efficiently deployed on both simple and complex shaped structures.60 The technology
uses advanced electronics industry manufacturing process, which involve printing and etching a conductor pattern onto
a dielectric substrate, laminating a dielectric cover layer for electrical insulation, and mounting arrays of transducers on
the circuit. The SMART Layer is treated as an extra ply by the composite layup process, or can be surface mounted on
structures made with a variety of materials. Acellent Technologies provides also the SMART Suitcase product to inter-
face the SMART Layer directly, as well as software for damage diagnosis.

Another example of distributed sensors is the case of phased array probes, which are made up of multiple elements,
each one pulsed automatically at specific time instants. The advantage is the possibility of scanning large areas without
the need for moving the probe.61

Applications of distributed sensors within the scope of damage detection in adhesive joints62-64 have been limited,
although they are potentially interesting in SHM.

3.3.7 | Piezoceramic transducers

This type of transducer can vary in geometry, material and size, but, generally they are thin wafers of piezoelectric
material and, thus, they are also called piezoelectric wafer active sensors (PWAS). The piezoelectric proprieties allow
the material to alter its shape when subjected to an electrical voltage excitation. Therefore, by applying a variable signal
to the wafer, it vibrates at the desired frequency, creating LW. On the other hand, when a piezoelectric material is
mechanically deformed, it generates also an electric signal, thus allowing the PWAS to work either as an actuator or as
a sensor. The main benefits of this technology are its simplicity, lightweight and low cost.65 PWAS can be commonly
seen as candidates for SHM in aeronautics, where large arrays are needed to monitor large parts.66 An example of use
was reported in Giurgiutiu,65 where it was shown that PWAS are particularly sensitive to the LW S0 mode at around
300 kHz. Michaels and Michaels66 also used PWAS to detect damage in-situ by using LW. Specifically for adhesive
joints monitoring under the framework of LW-based SHM, PWAS have been widely used.16,32,67,68

Since the PWAS are often bonded to the structure, their effects in the SHM monitoring system must also be consid-
ered.69 Studies reported a shear lag effect caused by the adhesive,70,71 more critical for lower shear modulus and thicker
adhesive layers, which translated into worse shear transfer capability between the PWAS and the structure and reduced
signal amplitude. Other studies showed an increase in the signal amplitude when using thicker adhesive layers,72 which
was attributed to the PWAS resonant behavior under different constraints imposed by the adhesive. This effect was
studied numerically by Ha and Chang,73 while Willberg et al74 addressed the issue with the objective of generating high
amplitude LW with limited electrical energy for wave excitation.

3.4 | Testing methods

The most important part of a testing method suitable for LW-based SHM is the positioning of the sensors and actuators
in relation to the defect. This is extremely important due to the fact that only the sensors that are in line with the defect
and the actuators will measure a significant change in the signal (in comparison with the signal acquired in a pristine
specimen). Out of the studies that address detection of defects in adhesive bonded structures using LW, there are two
main approaches regarding sensor/actuator placement and data collection: (i) within the bond (WTB); and (ii) across
the bond (ATB), as illustrated in Figure 6. In the WTB approach, the LW are generated and detected in the adhesive
region. In the ATB, the LW are generated and detected away from the bonded area, having the waves to pass the adhe-
sive before they arrive at the sensor. In Verze40 the ATB approach was adopted for the analysis of defects in adhesive
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structures. On the other hand, in the work of Kundu et al.75 the use of WTB was reported for investigating the sensitiv-
ity of normal incidence bulk waves.

Normally, the WTB is used as benchmark, as it is difficult to implement in real structures, since it requires access to
the adhesive joint. However, in SHM this is not an issue, since the part is always instrumented with a sensor/actuator
array. The main benefit of the WTB method is that the LW modes are more easily detected by using a suitable position-
ing of the transducers and specific signals. The method was adopted by Puthillath and Rose,35 where guided waves were
used to inspect repairs made using adhesive bonds in aluminum surfaces. The ATB implementation has the transducers
placed away from the joint and can represent an easier approach to the application in real parts.76 However, the draw-
back is a discontinuity that will modify that signal, since it is generated in the adherend.77

Out of many possible equipment and methods employed in NDT and SHM, just a few have already been tested in
adhesive joints. In Heller et al38 a Nd:YAG laser (1064 nm) with a low pass filter at 10 MHz was used on an aluminum
structure with dimensions 100 mm � 100 mm � 0.9398 mm. The adhesive, placed on the entire surface forming a
0.25 mm thick layer, was a M3 tap product F-9473PC. Lasers were also used in other studies, such as those by Seifried
et al78 and Gauthier et al.,79 who analyzed different properties of adhesive bonds in specimens that ranged from
100 mm � 100 mm to 300 mm � 300 mm, with adhesive layers of 0.25 mm in average. In Deng and Yang,25 the sub-
strate was a composite material and the overlap was studied using lengths of 50, 100, and 200 mm. Ren and Lissenden26

reported the use of transducers, but no specific mention was made to their type. In this study, plates of composite mate-
rial with 300 mm � 300 mm were used with a 50-mm-wide epoxy stringer. All studies have in common the use of large
structures with an average size of 100 mm � 100 mm, and a relatively small thickness, between 1 mm and 3 mm. The
adhesive layer is of around 0.25 mm.78-80 Due to the overall values of sensor placement and specimen size, these can be
used as an initial estimate for further work.

One of the main limitations of the aforementioned testing rigs is that relatively large and simple sheets are used.
This allows for further studies, regarding different specimen sizes, shapes and types, and their effects on the ability to
detect defects, more specifically for the case of weak adhesion.

4 | SIGNAL PROCESSING TECHNIQUES

During the process of SHM, the first step is data collection by the sensors. This means that the array of sensors has func-
tioned correctly and all data have been collected on a computer. At this stage, there are two ways of obtaining results
from the data. The first is to use the acquired information directly in a damage detection algorithm. The second is to
pre-process the data before further treatment. This process from obtaining the data until damage localization can be
seen in Figure 7. Besides experimental data, simulation data is also useful for algorithms that rely on training for learn-
ing. During an experiment in a controlled environment, such as a laboratory, there is little to no noise caused by exter-
nal perturbations, such as vibrations, temperature variations, and other issues. Thus, data pre-processing is not always
needed. However, this is vital when the application is in-situ and there are many disruptive variables, whose influence
can not be avoided.66

LW produced by piezoelectric transducers have, in general, multi-modal characteristics, and the structure, trans-
ducers and bandwidth are important factors. Out of the many possible options to process the LW signals, there are a
few that have been tested and stand out. In the follow-up, they will be addressed briefly.

FIGURE 6 Examples of within the bond (WTB) and across the bond (ATB) sensor/actuator placement for Lamb waves (LW) testing
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4.1 | Fast fourier transform

The Fourier transform is a method that converts a time domain signal to the frequency domain. Often, using informa-
tion about spectral amplitude it is possible to identify damage. The Fourier transform of a function u(t) is given by

uðiωÞ¼
ð∞
�∞

uðtÞe�iwtdt, ð7Þ

where ω stands for the angular frequency and i is the imaginary unit.81-83

When considering adhesive joints, there were a few studies that used the fast Fourier transform (FFT) signal
processing method to analyze the interference of the LW with the adhesive structure. The main reasons are the simplic-
ity and the straightforward digital implementation of the FFT.26,28,38,84 In Heller et al38 the FFT was adopted to process
LW and to determine adhesive bond proprieties. The results showed the effectiveness of the method, including to detect
irreparable damages caused by high temperatures. Siryabe et al28 used the FFT to analyze the transmission of LW
across a bonded joint by signalizing the received signal. Although the method is functional in simple problems, for the
analysis of multiple defects and complex joint shapes it might not be robust enough to cope with the difficulties
presented.

4.2 | Hilbert transform

The Hilbert transform is given by

hðtÞ¼ 1
π

ð∞
�∞

uðτÞ
t� τ

dτ, ð8Þ

where u(τ) is a wave signal with a 90 deg phase shift in relation to h(t).81,85

Yu and Giurgiutiu86 used the Hilbert transform, and other advanced signal processing techniques, to improve the
performance of guided waves based methods in locating damage. Ng81 studied some effective signal processing tech-
niques, including the Hilbert transform, applied to damage identification using guided waves and statistical methods.
Willberg et al87 adopted the Hilbert transform to extract signals' envelopes and to determine time of flights. Su et al88

devised a method for damage localization based on the Hilbert energy spectrum and LW tomography.

4.3 | Continuous wavelet transform

The continuous wavelet transform can be used to analyze a given signal in the continuous time-frequency domain,
being the signal divided into local functions. It can be defined as follows:

FIGURE 7 Flowchart illustrating the steps involved in processing the data collected by the sensors
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CWTða,bÞ¼ 1ffiffiffi
a

p
ð∞
�∞

uðtÞψ t�b
a

� �
dt, ð9Þ

where a and b are constants that define the scaling and translation, and ψ(t) is the main wavelet function. In LW-based
SHM, the Gabor function is often used as the main wavelet, since it presents an equilibrium between frequency and
time resolution and is effective in extracting local feature from signals. However, other functions can be adopted, such
as the Mexican Hat, Derivative of Gaussian, and Shannon. The Gabor function can be defined as follows:

ψðtÞ¼ 1ffiffiffi
π4

p
ffiffiffiffiffiffi
ω0

λ

r
exp

ðω0=λÞ2
2

t2þ iω0t

" #
, ð10Þ

where λ is the shaping factor and w0 is the center frequency.
81,89,90

Like the Hilbert, the continuous wavelet transform was also used by Ng.81 Other authors such as Hameed et al91

used it to detect damage using LW from active sensor networks. The continuous wavelet transform has been widely
applied in the context of SHM for signal denoising92 and feature extraction.93 Specifically for adhesive joints, the contin-
uous wavelet transform was used by Rucka et al80 and Hong et al,94 just to cite a few.

4.4 | Discrete wavelet decomposition

The discrete wavelet decomposition may be written as:

DWTðm,dÞ¼
ð∞
�∞

uðtÞψm,dwðtÞdt, ð11Þ

where ψm,dwðtÞ is a orthonormal basis of functions, m and dw are integers that represent scale and translation indices,
respectively, and u(t) stands for the mother wavelet function. The advantages of the DWT is that it allows the adoption
of high and low pass filters that are user defined, which permits fine tuning of the method for each case.81,89,95,96 In
Liew and Veidt95 DWT were used in combination with NN and guided waves to find patterns in damaged specimens.
The approach reported detection errors below 4%.

In Ng81 several methods were compared as advanced processing techniques for damage identification using guided
waves. Out of those, the one that led to better results was the Hilbert transformation.81 However, this does not exclude
the other options, as their effectiveness in a variety of possible real conditions has still to be verified. Moreover, most
tests have been conducted only with statistical-based damage detection approaches and not with the application of
machine learning based techniques. Other than the limited testing of signal processing methods with machine learning,
there are also no studies on signal processing for determining weak adhesion.

5 | STATISTICAL AND MACHINE LEARNING BASED DAMAGE
DETECTION

Before determining the methodology that will be used to detect a defect in a testing part, it is necessary to determine
the optimal placement of the sensors/actuators. Although for adhesive joints the problem is still not solved, for overall
SHM there have been many studies that can serve as a baseline. In Zhou et al97 genetic algorithms were used to find
the optimal location of a specified number of elements. Genetic algorithms were also adopted in Soman et al.,98 where
the main optimization objective was maximizing the damage detection area. It is important to note that most research
work seeks to determine either the optimal number of sensors/actuators or their optimal placement, while little work
has been done combining both objectives.99

A way to determine sensor/actuator placement and number is by calculating the spatial density of information that
is required. This issue is illustrated in Figure 8. The existing sensor/actuator ‘overlapping paths’ would allow for an
accurate detection of a defect at the center of the specimen. For a defect close to a border, there is a limited number of
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opposing actuator/sensor pairs. In the example, the vertical axis is richer in information than the horizontal one. Thus,
the horizontal coordinate of the border defect would be detected more accurately than the vertical coordinate. This is
illustrated by the resulting oval area of detection.

Even using the optimal sensor/actuator positions and quantity, detecting a defect utilizing LW is difficult when
looking only at the raw data. To generate a meaningful and valid answer out of the data, it is necessary to pass the col-
lected information through one or more suitable processing steps, either based on statistical approaches or machine
learning algorithms.

5.1 | Statistical based methods

Statistical based methods rely on the divergence, in frequency and/or time domains, between baseline signals and
actual sensor measurements. To exemplify this, it is better to imagine that each LW, when hitting a defect, changes its
direction, form and time of arrival at the sensor, in comparison with a ‘base test’ (performed in a pristine specimen), as
it has to ‘go around’ the defect.77,100 Statistical methods of reconstruction have subtle differences in their algorithms
and, thus, are classified in two main groups: (i) time of fight diffraction, or difference, or delay (TOFD)44; and (ii) signal
difference coefficient (SDC).101

One example of SDC is the reconstruction algorithm for probabilistic inspection of damage (RAPID), where there
are two main assumptions. The first is that every effects that come from all actuator/sensor pairs can be linearly
summed to determine a defect probability distribution for a given inspected area. The second is that the area that an
actuator/sensor pair can inspect is some subarea around the direct path between them. The mathematical formulation
used for this method is77

Pðx,yÞ¼
XN
k¼1

pkðx,yÞ¼
XN
k¼1

Ak
�1
β�1

Rðx,y,x1k,y,x2k,y2kÞþ
β

β�1

� �
, ð12Þ

R¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðx� x1kÞ2þðy� y1kÞ2

q
þ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðx� x2kÞ2þðy� y2kÞ2

q
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðx1k� x2kÞ2þðy1k� y2kÞ2

q , ð13Þ

where P is the probability of a defect at the coordinates (x, y), k stands for a actuator/sensor pair and N is the
total number of actuator/sensor pairs in the network. Finally, the total distance between the actuator and sensor
is R.77

The variations present in the time domain signals S0 and A0 in the presence and absence of a defect are only slight
and without a careful analysis it is almost impossible to determine the characteristics of the defect.

FIGURE 8 Probability of detection caused by a defect located: (left) at the center; (right) close to a border. Sensors/actuators are

represented as blue circles100
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Figure 9 represents the sensors acquiring the data that are used in the RAPID algorithm to create an image rep-
resenting the most probable location of the defect. A defect at the central area can be detected accurately, but defects
close to the borders are hard to detect, requiring a higher actuator/sensor network resolution.

In the work of Hay et al77 a statistical method was used to determine the loss of material in aircraft parts by using
LW excited/sensed by transducers embedded in the structure. Tabatabaeipour et al101 addressed a statistical method to
determine damage in composite structures.

Out of all review done, no evidence of statistical methods applied to LW-based SHM of adhesive joints was found.
This allows for further studies in this area and, more specifically, in the use of statistical methods to detect weak adhe-
sion between bonded materials.

5.2 | Machine learning methods

MLMs can be divided into three main categories, namely supervised, unsupervised and reinforced learning. The first
category is normally used when the objective is to classify and label objects.102 The second is adopted as a means to
divide large quantities of information (big data) into groups created by the algorithm.103,104 Finally, the last category is
often used in the field of robotics, where the algorithm has to learn and refine its objective in various stages and
“generations,” in a way similar to a genetic algorithm.

To find the categories more suited to LW-based SHM, it is necessary first to determine the objectives that are
wanted. LW are capable of detecting not only the location of a defect but also its size and type. Therefore, the objective
is to classify the information obtained in classes that are chosen by the user, which elects the supervised learning the
best approach. However, other MLM may also be adopted.

As stated previously, the objective of the analysis is to determine the defect position, size, and type. To do this with
supervised learning it is necessary to determine the type of information that is deemed acceptable. For example, the
position of a defect can be represented by the indices of a cell in a rectangular grid. The type of answer required can
drastically change the way the algorithm is constructed and used.

Inside the category of supervised learning there is a vast world of subcategories that can be explored, but for the
problem at hand, NN and deep learning (DL) play a key role due to their ability in categorizing images and speech pat-
terns that, if analyzed carefully, show many similarities with damage detection problems.92

The NN and DL are MLM that rely on a matrix structure representation similar to the neural synapses in humans.
Although difficult to understand at first hand, the application of NN for analyzing LW signals follows specific steps.

First, as with the statistical methods, the data of interest must be acquired. These data, representing amplitude of
vibration versus time, measured at known sensor locations, are segmented depending on the level of detail required.
The resulting fragments are used as inputs to the neurons. The algorithm then uses weights, biases and a nonlinear
function to create a cost function, or “hidden layer.” This cost function is compared with the wanted results in the “out-
put layer,” which in the problem at hand could be, for example, the presence or absence of damage. Depending on the
comparison result, the NN adapts the weights and biases by means of some optimization method. A schematic repre-
sentation of a NN is depicted in Figure 10.

FIGURE 9 Schematic example of the output of the RAPID algorithm77
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As there are many papers that investigate NN and DL to analyze LW and defects, it is necessary to clarify the differ-
ence between the algorithms. The two terms describe the use of many intermediate ‘hidden layers’, where each neuron
can be seen as a line that is created in a plane to separate data points. Furthermore, each layer deforms the lines
received from the previous layer to better suit the problem. This is important to understand, as each problem has an
optimum number of neurons and layers and it is fundamental not using more layers or neurons then the necessary to
avoid overfitting. It should also be mentioned that inside the artificial NN category there are many variants. For exam-
ple, the implementation of memory layers can be useful in certain cases. However, the discussion of what techniques
can, or should, be used are outside the scope of this paper.

As stated previously MLM have been used in various studies. One can mention the work of Sbarufatti et al,105 where
MLM was adopted to diagnose damage on a specimen using a LW sensing network. Another work is due to Su et al,92

who used LW in conjunction with convolution NN (CNN) to quantify and localize damage. Finally, the work of Khan
et al106 studied DL to predict and determine the occurrence of delaminations in composite parts. As with the statistical
methods, out of all review done, no evidence of any type of MLM being used in conjunction with LW and adhesive
joints was found. This allows for further studies in this area and, more specifically, in the use of MLM for the detection
of weak adhesion between materials.

6 | MODELING AND SIMULATION OF LAMB WAVES IN STRUCTURAL
HEALTH MONITORING

The use of machine learning in SHM implies the need of a large database containing information captured at multiple
sensor locations, for a variety of defect sizes and types. Acquiring such volume of data by means of physically testings
may be unfeasible. An alternative can rely on using simulation data for training in conjunction with real data for fine-
tuning and validation of the results. From these two options, due to the long testing and high costs involved with physi-
cal testing, simulation based data play a key role.

One important aspect to consider before simulating cases to be used in MLM is to determine the optimal number of
sensors and their relative position in respect to the possible damage boundaries. To accomplish this, it is possible to use
optimization algorithms, as genetic algorithms, where the cost function depends on the total number of sensors and
their coordinates, and other parameters related with their distribution in the desired area. This would allow minimizing
the amount of tests needed to obtain worthwhile results.

6.1 | Modeling piezoelectric transducers

Piezoelectric transducers are regarded as prime candidates for LW-based SHM of adhesive joints, and their dynamics
must be considered to obtain reliable simulation models. Often, the models are calibrated using real data from a few
experimental tests.

FIGURE 10 Example of a neural network (NN) with its input, hidden, and output layers
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The main constitutive equation of a linear piezoelectric element is the relation between the mechanical and electri-
cal proprieties of the material, namely strain Sij and stress Tkl

44:

Sij ¼ sEijklTklþdkijEk, ð14Þ

where Ek is the electric field, sEijkl denotes the mechanical compliance of the material in which the electric filed is zero,
and dkij is the distance where this filed is also zero. It is also important to note that the indexes i, j, k represent the three
Cartesian axes. Therefore, the equation that expresses the direct piezoelectric effect is44:

Dj ¼ djklTklþϵEjkEk, ð15Þ

where Dj is the electrical displacement, and ϵEjk is the dielectric permittivity of the material measured when the mechan-
ical stress is zero.

When observing the force application and experimental setup, the piezoelectric wafer is permanently fixed on the
structure. This causes the strain/displacement compatibility and stress/force equilibrium principles to apply. The inter-
action force will be called FPZT and it is assumed to interact only with the sensors boundary.44 In turn, this force will
induce the activation forces Na and moments Ma given by44:

Na ¼FPZT , ð16Þ

Ma ¼FPZT
h
2
: ð17Þ

where h is the height of the sheet of material.

6.2 | Modeling adhesive structures

One of the most promising applications of LW is to detect weak adhesion in adhesive joints.25 One way to model differ-
ent levels of weak adhesion is adopting the cohesive zone method (CZM). This method is based on the use of interface
elements,25,107 where during the computer analysis the stiffness of the cohesive zone suffers a step-by-step iteration fol-
lowing the traction-separation law. This law presents three possible failure modes with a separation occurring in the
normal direction, shear occurring in the in-plane direction and mixed mode occurring as a combination of the previous
two modes. To calculate the normal and shear stresses, the following equations are used:

σn ¼Knunð1�dnÞ, ð18Þ

τt ¼Ktutð1�dtÞ, ð19Þ

where σn and τt are the normal and shear stresses, with Kn and Kt being the respective stiffness coefficients, un and ut
standing for the relative displacements of the surface, and dn and dt being calculated parameters that define the maxi-
mum allowable stress in each direction.

It should be mentioned that weak adhesion is different from kissing bonds since the kissing bond is represented by
a contact surface that has ultimately no cohesive elements between the substrate and the adhesive.26

6.3 | Computer modeling software

To accomplish the computer modeling, other then the basic mechanical equations that guide how the simulation
should behave, there are many methods that can be used.108,109 In this section the various techniques will be introduced
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and examples will be given to determine what method is more adequate to simulate LW in adhesive bonds subjected to
weak adhesion.

6.3.1 | Finite elements method

The laws of physics can describe many space-time problems by using partial differential equations (PDE). How-
ever, these analytical methods have limitations of geometry and forces where the problem becomes too complex
to solve analytically. To overcome these problems, the finite elements method (FEM) is applied, where the mate-
rial has its form discretized into small parts to create a mesh. This allows the PDE to be approximated by a
numerical model and thus, arrive at a result. This method is used by most commercial programs, such as Abaqus
and Ansys, and has been adopted in many studies.21,81,110,111 For example, Krawczuk83 used the FEM to detect
damage on a spectral beam using an iterative search technique. Nicassio et al32 applied the FEM to SHM of a
bonded lap joint to analyze disbonds. Jeenjitkaew and Guild112 used the FEM in simulations of kissing bond
defects in adhesive joints.

6.3.2 | Finite difference method

The basic concept behind the finite difference method (FDM) is similar to the one in FEM. However, in the FDM the
PDEs are replaced with many discrete equations called finite difference equations and are mostly used for regular grid
and rectangular shapes.113 One example of application of the FDM can be found in Carrino et al,113 who used the
method in conjunction with wave motion for SHM of SLJ.

6.3.3 | Semi-analytical finite element method

The semi-analytical finite element method (SAFE) is often used in problems subjected to waves, as it only requires
the discretization of the cross-section of the wave. Furthermore, it can utilize a pure analytical description of a wave
problem.114-116 A few examples of studies with SAFE are the work of Bocchini et al,115 where the method was
implemented in a graphical interface for the simulation of guided waves, and the work of Deng and Yang,25 who
used the SAFE method to study the propagation of guided waves in the adhesive layer of bonded composite
structures.

All three methods can be used for simulating LW in adhesive bonds subjected to weak adhesion defects, each
one with its advantages and disadvantages. To determine the best option, it is necessary to observe secondary char-
acteristics, such as ease of use and application of the method with multi-physics, which simulates the sensors and
actuators electrical properties. This leaves the FEM as prime candidate as it has multiple commercial software
implementations.

6.3.4 | Local interaction simulation approach

The local interaction simulation approach (LISA) is essentially a FDM variant.117,118 It has received increased attention
for the simulation of guided waves due to its computational reliability and efficiency. LISA uses iterative equations to
model the displacements at a given point based on those at their neighbors at past time steps. Those equations are
derived from elastodynamic equilibrium. Lee and Staszewski119 adopted LISA to model LW in isotropic plates. Sun-
dararaman and Adams120 used LISA to model damage in both isotropic and orthotropic plate structures. In modeling
adhesive joints, LISA was used by Delsanto et al.121

It should be emphasized that despite all modeling/simulation methods available, the high-order FEM are the most
suitable for wave propagation, especially the spectral element methods.87,122,123 Their effectiveness with adhesive joints
was addressed by Samaratunga et al.124
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7 | DISCUSSION

Adams and Cawley39 said in their work that adhesive bonding in primary structures had been restricted by the lack of
mature NDT procedures and, as such, structural reliability could not be assured. Moreover, since mechanical behavior
and life cycle of an adhesive joint rely on the adhesive-substrate interface integrity, NDT were essential.6 These state-
ments remain very up-to-date, since advances in this area are still needed, especially with regards to the detection of
weak adhesion.

NDT emerged with great importance to evaluate adhesive joints,2 and includes techniques as digital image correla-
tion, ultrasound, holographic interferometry, thermography, radiography, electromechanical impedance spectroscopy
and guided waves.6 However, due to lack of confidence in current NDT for bondline integrity monitoring, most stan-
dards still require traditional joining techniques within the adhesive.125 SHM appeared in the context of smart struc-
tures able to perform auto-diagnosis. Active SHM uses NDT with sensors/actuators permanently fixed to the structure.
Piezoelectric elements are widely adopted due to their ability to work as sensors or actuators, reduced cost, easy instal-
lation, and reliability. LW excited/sensed with piezoelectric elements is a promising approach to SHM.8 LW are sensi-
tive to damage difficult or impossible to perceive with other methods, but the measured signals are complex, and
extracting effective information about damage is still an open issue.

Some data processing methods have been used within the LW-based SHM approach for de-noising, compensating
for environmental variables, and extracting damage signatures. A possible “high-level” classification arranges the dam-
age detection, localization and quantification approaches in126: (i) baseline-dependent; (ii) baseline-free; and
(iii) instantaneous baseline methods.127 Another possible classification distinguishes: (iv) statistical-based (image-
based)128; and (v) machine learning methods.129 Modeling and simulation are essential to understand LW interaction
with damage and loading inputs, to discern sensor-structure interaction, to find sensors/actuators optimal placement
and to tune the diagnostic input parameters.126 Recently, FEM packages have become suitable for this application,
reducing the costs inherent in building and testing real prototypes.

LW-based SHM has been used with relative success to monitor various types of assemblies,126 but its application
to bonded structures is still new. Studies revealed the ability of LW for detecting small damage in both bond and
interface layers, but they considered just specific conditions, as small SLJ with only one damage focus.13,112 Thus,
they ignored the difficulties inherent to large and non-regular assemblies, as well as those posed by the increasing
complexity of adhesives and materials. Therefore, the existing LW data processing techniques must be extended and
new approaches investigated for attaining effective extraction of signatures of incipient damage, namely weak adhe-
sion, which are not perceived by other methods. A common issue to any algorithm for damage detection, localiza-
tion and quantification based on LW data is that they rely on effective de-noising, data reduction, mode
decomposition and feature extraction, and further research is needed to cope with this. For example, tools from
areas as far as economics have been used to mitigate the effect of environment variables in LW-based SHM33 and
fractional-order filtering was used with good results. Though, the interplay among areas remains to be fully
explored, and the processing techniques borrowed from complex and fractional dynamics, extensively used in other
areas130,131 have great potential herein.

The ability to tackle weak adhesion will be crucial to push the use of primary bonded structures to the next level,
either in aeronautics or other fields. However, to obtain a reliable NDT method in the framework of SHM is challenging
and, specifically, one must note that

• SHM can be implemented using different methods. LW excited/sensed by means of piezoelectric elements that are
commonly used and found to be effective with a variety of structures in some areas. LW are sensitive to damage, but
extracting damage signatures from LW raw signals is challenging;

• LW-based SHM of bonded structures is new. Research on simple adhesive joints with just one focus of damage
demonstrated that LW can be used to detect incipient damage. However, current data processing methods cannot
detect, localize and quantity weak adhesion effectively. As such, promising methods in other areas have to be
extended to adhesively bonded structures, and novel procedures must be developed to cope with their
specificities;

• Challenges posed by LW-based SHM of bonded structures involve various technologies, namely instrumentation,
data acquisition, signal processing, damage detection, localization and quantification, and adhesives and adhesion.
Interdisciplinary research is thus essential to address the problem.
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8 | CONCLUSIONS

This paper addressed LW-based SHM, with emphasis in adhesive joints. SHM goes beyond NDT, since it permits in-situ
monitoring, meaning detection, localization and characterization of damage. Up to the present day, no LW-based SHM
scheme could perform all tasks effectively. This is particularly true for adhesively bonded structures, where research
has been focused on simple structures and damage. Despite the potential of LW to detect incipient damage, its applica-
tion to detect certain types of defects, as is the case of weak adhesion, is still too far and requires much attention. This
entails a gap of studies that could be done to ensure a full overview of the use of LW and machine learning to detect
said damage. This paper reviewed the work done in the last few years, with emphasis in equipment, testing procedures
and techniques adopted in that field. The fundamentals of LW and their application to damage detection were dis-
cussed, and different signal processing, statistical, machine learning, and simulation methods were presented. The
information presented constitutes a basis to deepen the understanding about the problem and points out future direc-
tions of work, where machine learning could be used to detect damage or weak bonds in adhesive joints by using LW.
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ABSTRACT
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method that goes beyond simple nondestructive testing is structural health monitoring

(SHM), more specifically Lamb waves (LW)-based SHM. Indeed, LW have shown great promise

in nondestructive in-situ testing, but require computationally expensive calculations, so that

precise results can be obtained. An opportunity to overcome LW drawbacks arises with the use

of machine learning (ML) algorithms. In this article, the performance of conventional feedfor-

ward and convolutional artificial neural networks for damage classification in aluminum sheets

is compared, and a novel methodology to classify damage is proposed. The ML techniques

adopted require large sets of prior data, which are generated by numerical simulations utilizing

the finite element method. The damage classification pipeline comprises (i) generating LW by

one actuator, measuring the structure response using a set of sensors, (iii) extracting features

from the raw signals and training the ML algorithms, and (iv) assessing the classification

accuracy. The methodology has the advantage of being baseline free, easily extendable for

automatic feature extraction and testing, and adaptable to different types of damage and

structures, as long as the algorithms are trained with suitable data.
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Introduction

In recent years, the aeronautical industry has been urging for stronger and lighter primary structures as a way to

reduce operating costs while maintaining reliability requirements.1 This has led to an increasing interest on struc-

tural health monitoring (SHM), as a means to prematurely detect damaged areas. One promising SHM method

uses a particular type of guided waves called Lamb waves (LW). The LW are sensitive to damage while also being

able to discern between superficial and internal defects.2–4 The LW-based SHM method is especially suited for

monitoring aircraft primary structures, as LW are normally used in plain and thin bodies with parallel-free edges,

such as aircraft wings.2

The application of LW for damage monitoring is vast and was adopted in different areas. For instance, in

Seifried, Jacobs, and Qu,5 LW were applied to monitor adhesive bonded aluminum plates. In Wilcox,6 it was

reported an LW-based SHM technique, where large structures were equipped with interdigital transducers

and their signals were constantly monitored and processed for damage classification. In Wilcox,6 two main ap-

plication areas were analyzed: the first being the development of models describing the propagation of LW in

curved plates, and the second being the analysis of the LW dispersion over long ranges. In Mallet,7 LW were used

to detect damage by utilizing a single sensor. As such, laser vibrometry was adopted on two sheets of aluminum

with an overall dimension of 400 by 150 by 2 mm, where one had a rectangular defect of 12 by 5 mm at the center,

and the other one possessed a small circular hole with diameter 0.5 mm. The acquired LW signals showed prom-

ising results in detecting damage of distinct sizes.

The main drawbacks of LW are the high computational power and the sophisticated algorithms necessary to

detect or classify damage because of the high complexity of the raw LW signals.2 Although theses drawbacks exist,

they have been recently mitigated with the adoption of advanced machine learning (ML) techniques that enhance

the capability of learning patterns embedded in the data.

The combination of both LW and ML was used in Agarwal and Mitra8 to automatically detect surface dam-

ages of 10 by 1 mm on a 1.6-mm-thick plate that was simulated as a two-dimensional (2D) problem without

boundary conditions. Such work used LW and two types of ML algorithms, namely support-vector machine

(SVM) and artificial neural networks (ANN), and presented a thorough comparison between them. In

Ewald et al.,9 a plate of aluminum with circular defects varying from 15 to 75 mm in diameter and positioned

along different angles were simulated. Afterward, these data were validated experimentally and applied to con-

volution neural networks (CNN), which yielded good accuracy. In Sun et al.,10 LW and least squares SVM were

combined to quantify damage. Genetic algorithms were adopted to classify cracks varying from 2 to 20 mm in

length, at increments of 3 mm, and from 20 to 30 mm in length, at increments 5 mm, on an aluminum sheet with

dimensions 200 by 400 by 2 mm.

In this article, the performance of conventional feedforward ANN (FFNN) and CNN for damage classifi-

cation in aluminum sheets is compared, and a novel methodology for damage classification is proposed. Because

the algorithms adopted are a subclass of ML techniques that require large amounts of data, the required infor-

mation is generated by finite element method (FEM) simulations. The damage classification pipeline comprises

(i) generating LW by one actuator, (ii) measuring the structure response using a set of sensors, (iii) extracting

features from the raw signals and training the ML algorithms, and (iv) assessing the classification accuracy. The

methodology was able to classify the size of holes of diameter 2, 6, and 10 mm, independently of their localization.

It should be mentioned that the FEMmodel adopted was validated using experimental data and, as such, the FEM

numerical dataset is reliable. However, experimental data possess their own specificities, and the ML algorithms

have to be further fine tuned and tested with data from real experiments. Nevertheless, the approach has the

advantage of being baseline free, easily extendable for automatic feature extraction and testing, and adaptable

to different types of damage and structures, as long as the algorithms are trained with suitable data.

The article is divided into six sections. In the section “Lamb Waves for Defect Detection and Classification,”

the characteristics of LW and their suitability for damage classification is explained, along with the FEM sim-

ulations adopted. In “Conventional FFNN versus CNN,” an in-depth study on ANN and CNN is presented. In the

Journal of Testing and Evaluation

RAMALHO ET AL. ON DAMAGE DETECTION WITH LAMB WAVES



section “Experimental Investigation and Feature Extraction,” the damage classification approach is addressed,

followed by the results obtained. Finally, the main conclusions are discussed.

Lamb Waves for Defect Detection and Classification

LW theory goes back to 1917, and their original application was in the medical field.3,11 In recent years, LW were

applied successfully in nondestructive testing (NDT), and are nowadays seen as a prime candidate for damage

detection in composite structures and adhesive joints, among other cutting-edge materials, because of their

(i) sensitivity to damage along the propagation paths; (ii) capability for traveling long distance with limited

attenuation; and (iii) distinct modes, allowing the detection of internal defects.2–4 LW are guided waves that

propagate in isotropic, plain, and thin media with parallel-free boundaries.2 Indeed, in anisotropic and complex

geometry specimens, guided waves can propagate, but those are not LW. Nevertheless, often the term LW in such

a broad scope is still adopted and will be followed in this article.

LW can be generated using several methods, namely piezoelectric actuators, lasers, X-rays and ultra-

sounds.7,12 Every technology has pros and cons, but piezoelectric elements became attractive for in-situ mon-

itoring because of their ability to work as both actuator and sensor, lightweight, easy installation, robustness, and

cost.

A brief introduction to the theory of LW is presented in the sequel. As mentioned, LW propagate in thin

plates guided by their upper and lower boundaries. They are made of the superposition of longitudinal and shear

modes and, when observed across the thickness of the medium, reveal a stationary wave pattern constituted by

symmetric Sn and anti-symmetric An modes, with n ∈ N representing the number of inflection points.13 The LW

phase velocity is a function of the relation between frequency and material thickness, meaning that, at every

frequency, there exist multiple modes, which, in turn, make harder the processing of the measured LW raw data.

To understand the wave modes, Sn and An, dispersion curves are often adopted, being given by the

following13:

tanðqhÞ
tanðphÞ +

4k2qp
ðk2 − q2Þ2 = 0,

tanðqhÞ
tanðphÞ +

ðk2 − q2Þ2
4k2qp

= 0 (1)

with

p2 =
ω2

c2L
− k2, q2 =

ω2

c2T
− k2, k =

2π
λ

(2)

where p and q are placeholders, h represents the half thickness of the plate-like medium, cL and cT stand for the

longitudinal and shear velocities, respectively, k corresponds to the wavenumber, λ is the wavelength, and ω

denotes the angular frequency.

The longitudinal and shear wave velocities are functions of the propagation medium properties, and can be

expressed as

cL =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Eð1 − νÞ

ρð1 + νÞð1 − 2νÞ

s
, cT =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
E

2ρð1 + νÞ

s
(3)

where E and ν stand for the modulus of Young and coefficient of Poisson, and ρ represents the material density.

Equation (1) admits different solutions, yielding for multiple wave modes. Often, to obtain the relationships

between the variables phase velocity, wavelength, wavenumber, and frequency, cP = ω
2π λ =

ω
k , numerical methods

are used, and the results are represented using the so-called dispersion curves.

There is a frequency threshold value below which just the modes S0 and A0 exist, whereas for frequencies

beyond such value additional modes emerge. For the so-called non-zero volume damage, namely voids or holes,
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LW with wavelength smaller than twice the ‘size’ of the void or hole are necessary for suitable detection.14 This

means that, in theory, every non-zero defect can be detected, independently of its size, as long as signals of suf-

ficiently high frequency are adopted. Another important issue when using LW-based SHM is the input applied by

the actuator to generate LW. Short time and narrow frequency bandwidth excitation signals are useful to min-

imize dispersion and, thus, to avoid LW to spread out and distort. The Hann-windowed tone burst has been

widely adopted since it possesses such characteristics. Nevertheless, alternatives are possible, such as the

Gaussian windowed tone burst and the Gaussian pulse. When generating LW at points on the dispersion curves

corresponding to near constant group velocity with respect to frequency, the windowed tone bursts mitigate the

waves dispersion.

The Hann window is given by

WðnÞ = 0.5 − 0.5 cos
2πn
M − 1

(4)

whereM is the total number of points of the signal and n = 0, 1, : : : , M − 1. When applied to a sinusoidal signal,

a burst type waveform composed of a number of wave pulses is generated.15–18

FINITE ELEMENT SIMULATIONS

Most ML methods require large data sets to learn from. As it is costly, or not feasible, to perform large numbers of

experimental tests, FEM models can be used to create an in-depth database.

Herein, an FEM model was created in the software package ABAQUS. An aluminum sheet of 300 by 300 by

2 mm was modeled, with density ρ = 2,500 kg=m3, Poisson ratio ν = 0.33 and Young modulus E = 72.4GPa. The

choice for aluminum was due to the fact that most primary structures of vehicles in the aeronautical industry are

fabricated out of this material. The sheets are subjected to damage in the form of cylindrical holes that can have 2,

6, or 10 mm in diameter.

One actuator and three sensors were positioned in a square configuration with a 150-mm side, where the

actuator is located at the bottom left corner (75,75) mm as can be seen in figure 1. The positions for the sensors

were chosen to allow a large monitoring coverage while still maintaining a low sensor count. This is especially

FIG. 1

Representation of an

aluminum plate, with

actuator, sensors, and a

hole type defect.
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beneficial in the applications to aircrafts, as they have large wing panels that can not have excess weight coming

from complicated sensor arrays.

An explicit dynamic analysis method was implemented in ABAQUS because of its computational efficiency,

followed by a few important steps in order to ensure a correct simulation of the LW. In the first step, the total time

of the simulation was fixed at 0.5 ms, as this allows the LW to interact with the damage and arrive at the sensors.

The second step was the creation of a distributed force, as seen in figure 2, to represent accurately the loads

created by a real piezoelectric element. This is important since a piezoelectric actuator does not apply a con-

centrated force normal to the plate but, instead, it applies distributed tangential forces. It was determined by

trial and error that applying two forces at each side of a square representing the actuator yielded good results.

After determining the forces and their configuration, the mesh size was chosen with 1.5 mm. This value was

used in order to minimize the computational burden while being lesser than half-size of the wavelength and, thus,

small enough to not cause the simulation to diverge. Usually, the smaller the mesh, the better the simulation

accuracy, but at the cost of a higher simulation time. To further reduce the computational complexity, the mesh

outside the square defined by the actuator/sensors was chosen uniform, whereas inside it was allowed to change.

The established compromises led to a simulation time inferior to 20 min.

As stated previously, in the study presented in this work, the defects were positioned in a random fashion

inside a square with a resolution of 1 mm, and their size was also randomly generated within the values

f2,6,10gmm. We ended up with a total of 163 cases of class 2 mm, 164 cases of class 6 mm, and 194 cases

of class 10 mm. Furthermore, the overall domain was populated quite uniformly by all classes.

The parameters described previously were thoroughly tested and adjusted, but their initial values were

obtained from the literature.9,11,19

DATA OBTAINED FROM SIMULATIONS

The simulation starts with the vibrations of the aluminum plate caused by the forces generated by the actuator. To

accomplish this vibration, 5 pulse Hann-windowed 100-kHz sinusoidal force signals were used. The simulation

was first validated by verifying the output vibration at the points of interest without any interference caused by

reflections on the boundaries. A Python script was then developed to automatically create the database, with over

50 cases being saved at every iteration. In total, 521 cases were simulated, each yielding one time series per sensor,

where these cases are individual, unique, and used in the ML algorithms either in testing or training depending

FIG. 2 Discretization and distribution of the force caused by a piezoelectric actuator (partial view of the plate and the

inspection areas, delimited by the straight lines).
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where it will randomly be allocated. In figure 3, it is possible to see the propagation of the LW on the plate and

their interactions with the hole and boundaries.

The signals obtained from the simulations had to be processed in order to be properly used by the ML

algorithms. The first decision was to create a fixed time-step and resample all data. The chosen sampling fre-

quency was 10−7 Hz as a compromise between high resolution and acceptable number of data points (5,000 in

total). The resample to a fixed-step was important since the explicit dynamic simulations carried out on ABAQUS

used variable-step and, thus, created simulations with a number of datapoints between 16,000 and 90,000.

Figure 4 illustrates the raw data obtained from a sensor in the presence of damage with three different sizes,

at the same position.

After processing the signals, it was necessary to remove faulty cases. These cases may appear for two reasons:

(i) the simulation does not converge because of numerical issues, or (ii) cases are repeated, that is, despite they are

FIG. 3

Simulation of LWmoving

in the aluminum sheet.

FIG. 4 Raw signals obtained from one sensor with damage of three different sizes (2, 6, and 10 mm) at the same location.
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randomly generated, defects can have equal size and position. This was accomplished by automatically detecting

discrepancies in the number of peaks present in each time series. Signals with less than 40 peaks were discarded

along with duplicate cases created randomly. This step is very important as any faulty results could create addi-

tional problems in developing ML solutions. Thus, we began with data for 530 cases, each containing 3 time series

for each of the 3 sensors. After withdrawing the faulty cases, we ended up with 521 valid ones.

It is important to note that because of the random placement of the damage, it is very difficult to visualize

differences in amplitude and time position of the peaks. This is why the application of ML is beneficial for the

problem at hand.

Conventional FFNN versus CNN

With the advent of technology evolution and its application across almost every field touching our day life, enor-

mous amounts of data are available, which justify the widespread interest in exploring the capability of ML meth-

ods to deal with these data. ANN can be included in these methodologies, as they inherently require data from a

specific problem to parameterize a model capable of providing a solution for that problem.20

A variety of architectures, parameters, and distinguishing features have been considered in the development

of ANN, but they normally involve the use of multiple, simple processor units, each implementing typically a

nonlinear function. The multiple processors can be interconnected according to various structures, including

feedback or recurrent connections. Within every architecture, modeling a specific problem into an ANN entails

a representation phase, i.e., defining the type and encoding of the information we give to the ANN, as a set of

INPUT elements, and defining the type and encoding of the information the ANN provides as a solution to the

problem, i.e., a set of OUTPUT elements. Prior to being ready to provide a solution, an adjustment phase is

required where the respective parameters are set, using a variety of possible methods, normally involving the

minimization of a cost function, in a supervised or unsupervised mode. For this adjustment phase, i.e., learning

phase, a set of data from the problem is required and determinant for the performance obtained with the ANN.21

The high number of parameters gives the models a high capability to represent complex problems, whether

formulated as classification or function approximation problems, provided enough data are available. In spite of

the diversity of architectures and learning algorithms, in general there is no definite guidelines on how to develop

an ANN model for a specific problem, including the amount of data required and, less even, how to scale a given

solution to a different, although related, problem.

In this work, we concentrated on comparing the applicability of two types of architectures to our damage

classification problem. The first, considered as conventional multi-layer FFNN, i.e., not involving feedback or

recurrent connections between elements, using mainly sigmoid type functions, back-propagation gradient descent

type learning algorithms, and a reduced number of hidden elements or layers, normally designated by shallow

ANN. The second architecture involves using CNN, also organized in a feedforward structure, but more often

associated with deep-learning ANN and image recognition applications. In both cases, the damage classification

problem is formulated as a classification type problem. The main discussion regarding these ANN approaches

relates to the capability of feature recognition and generalization ability for the specific damage classification

problem.22

CONVENTIONAL MULTI-LAYER FFNN

The multi-layer feedforward structure has been used extensively, especially following the work of Zupan,23 when

the backpropagation algorithm for adjusting weights in the hidden layers was presented. In this structure, the

processing elements, i.e., neurons, are arranged in successive layers, from INPUT to OUTPUT, and the output of

each element of each layer is connected to every element of the next layer. Each of these connections has an

associated value, i.e., weight w, which must be adjusted during the learning phase.22,24 Each element of a layer

transforms all its inputs through a nonlinear function, typically a sigmoid function, as seen in expression 5, to its

output value, which will be used as an input to the next layer of elements25:
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gðhÞ = 1

1 + e−h
(5)

The learning algorithm is intended to reduce the error that can be calculated when comparing the values

obtained at the OUTPUT layer, once the values presented at the INPUT layer are processed (feedforward)

through the hidden layers, with the known or target values for the corresponding cases. The resulting error

is used to define the performance function, which must be continuously differentiable, and involves all the con-

nection weights from the output to the input layers. A commonly used function is the mean squared error, as well

as a gradient descent based algorithm (i.e., backpropagation) to find each weights’ value that minimize the per-

formance function.25

This architecture has proved successful in modeling complex problems in various areas, ranging from signal

prediction and forecasting to image compression.23 However, because of the complete interconnections between

elements in adjacent layers, a careful analysis is required when defining the representation of the problem in this

input/output mapping, as well as the number of hidden elements. The higher the number of connection weights

to be adjusted, the larger the required data set and the higher the learning computation costs will be. This char-

acteristic makes it more viable to implement FFNN with a reduced number of layers and elements, i.e., shallow

FFNN.23

CONVOLUTIONAL NEURAL NETWORKS

CNN can be organized as multi-layer feedforward structures and, normally, include other layers as a complement

to the CNN layers. The main characteristic of the CNN relates to the representation of the input information into

the network, i.e., input layer, and a specific processing of the input elements to the CNN layers, which has sig-

nificant advantages in certain problems. First, the input layer is organized as a grid type layer, which makes it

naturally suitable for the representation of closely related data, such as the pixels in a 2D image or the values in a

sequential time signal arranged in a column vector (i.e., n by 1 grid), as seen in figure 5.

The second distinct characteristic is the use of a convolution operation between sets of weights, normally

referred to as kernels, and the inputs of a CNN layer, in order to provide at the output of the CNN layer a so-called

feature map.20,26 When considering the input and kernels used in a CNN layer, as square (i.e., n × n) arrays, the

spatial size of the convolutional output layer volume can be obtained using

nout =
�
nin + 2p − k

s

�
+ 1, (6)

where the width (or height) of the output and input arrays are represented by nout and nin, respectively. The

convolutional padding size p is a parameter used when it becomes adequate to include additional information

FIG. 5 Architecture of a CNN.
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on the borders (limits) of the input arrays. The sliding increment of the kernels over the input array is the stride

parameter.

These kernels can be seen as filters that run through all input values using the same weight values to identify

specific features across the input data. These weight values are determined during the learning process. Using this

approach, comparatively to a fully connected FFNN, allows for a slower increase of the number of connection

parameters (i.e., weights) with an increase of the size of the FFNN, as the same set of weights is used with all

inputs. As such, it leads more easily to a deep-learning ANN implementation. It also presents a way to look at

associations of nearby data values, which can be of interest not only in image type data but also in time or non-

natural image sequential signals. The results of the convolution maps are frequently subsequently processed

through a nonlinear rectified linear unit (RELU) function and a pooling stage (i.e., max pooling) to stabilize

values around specific locations.24

FEATURES AND ANN REPRESENTATION

Features are important aspects of any ML algorithm; however, it does not matter how powerful the algorithm is, if

the information desired is not present or retrievable in the data supplied to the ML algorithm. A feature is a

characteristic or attribute of the data set, rather then all the possible information. It reduces the data being proc-

essed by the ML and should contain the most relevant data for a specific problem. When considering FFNN

models, features are directly linked to the representation of the problem into a FFNN architecture. The specific

encoding of the information given to the FFNN defines the number of INPUT elements of the FFNN and, there-

fore, directly contributes to the number of its internal parameters or links. Given the flexibility of FFNN archi-

tectures, it is conceivable to use all details for the data available in the development of an FFNN, and expect it to be

capable of extracting the most relevant information for the problem when trained to give the desired solution.

However, this approach can, in practice, be limited by the large number of internal parameters to be adjusted and

the normally associated large number of data cases required. Alternatively, one can use the best knowledge avail-

able of the problem, or a critical analysis of the data available, to identify and select which features could be used to

define the information and respective encoding to the INPUT. This approach will result in FFNN with lower

internal parameters and consequently lower data requirements and faster training cycles.

Considering the use of LW signals to detect and identify damage in the problem at hand, several approaches

were analyzed regarding the use of the information available in each data case. Three alternatives to treat time

series were tested: (i) to work in the time domain; (ii) to convert the data to the frequency domain by applying a

fast Fourier transform; and (iii) to adopt a combination of both domains using a spectogram.

All features and data sets have their advantages and disadvantages and, in order to understand the best

options, a preliminary analysis, which included using the data represented in the various domains, was performed.

The frequency domain revealed low variety among distinct cases and was discarded. The spectrogram has a

representation that fits well within the CNN framework, as it can directly be interpreted as an image, but it also

revealed low variability, thus making classification difficult. This is illustrated in figure 6, where instead of having

a large range of variation in the frequency and time domains, the information is concentrated in a limited range.

The time domain representation has the advantage of being simple, since little to no processing is required,

and yielded promising results that prompted further investigation. One such case was obtained with the use of

maximum or/and minimum values (peaks), as illustrated in figure 7. The peak values, the peaks time instants, or

both, can be used as features characterizing the signals. One of the advantages of this representation is to reduce

the original number of data points from 5,000 to about 100. This allows for smaller data sets and consequently

lower processing times.

It should be noted that we are adopting manual feature extraction and, therefore, the question of knowing

whether or not we are using the most useful features for the problem at hand remains. Indeed, ML algorithms can

be fed with raw data or with a huge variety of features. Which features are the most appropriate is the research

subject of Feature Engineering, which is out of the scope of this article. However, our approach can be extended to

incorporate a multi-class classification pipeline that takes the raw sensor data obtained from the FEM simulations,
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extracts features containing meaningful information regarding the data, preprocesses this information, automati-

cally selects the features according to their significance relative to the classes, and uses them in the ML algorithms

to predict the damage class for each instance of testing. Therefore, herein ML algorithms are seen as a baseline-

free powerful alternative to methods based on damage indices.

As a result from this preliminary analysis, the focus of the study was on using the peak information for

developing both FFNN and CNN, with the variants:

• FFNN using only peak amplitudes;
• FFNN using only peak times;
• FFNN using peak amplitudes and times;
• CNN using only peak amplitudes;
• CNN using only peak times; and
• CNN using peak amplitudes and times.

Experimental Investigation and Feature Extraction

This section describes the design approach used to develop and test FFNN and CNN, based on the preliminary

feature selection performed in the section “Features and ANN Representation.” A preliminary analysis adopted

multidimensional scaling (MDS)27–29 to clarify whether or not using information of all three sensors together can

bring more discriminating capabilities relative to using the sensor signals separately. MDS is used to scale the

FIG. 7

Illustration of the peak

points present in an LW

signal.

FIG. 6

Narrow frequency band

present in the

spectogram.
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variables to simplify its visualization in a 2D or 3D configuration. To do this, it uses Euclidean distances between

the variables to represent all of them in the designated space.

By processing the data with the MDS algorithm, there was a clear distinct grouping of the cases as seen in

figure 8. For each sensor considered separately, there is a clustering around three points, meaning that each

sensor data can be used to discriminate between cases. On the other hand, with the data of all sensors used

together, there is a clear clustering of the cases, but with a larger dispersion between sizes of defect. With this

information it is possible to conclude that the use of all sensors together should allow for a better classification

regarding the hole size.

MODEL TRAINING AND TESTING

Themethods and learning parameters that are common to the various alternativeMLmodels, either FFNN or CNN,

are described in this section. The respective INPUT varied depending on the specific representation of the selected

features, as explained in the follow-up. The computing platform used to implement both FFNN and CNN structures

was based on the Python programming language and the Keras/TensorflowML libraries. Both structures implement

a classification-type ANNwith three classes at the output: 2, 6, and 10-mm diameter holes defect. The same random

separation of the data into a validation set (20 %) and training set (80 %) was used. After the division was done, the

data in each group were standardized by using the mean and standard deviation of the training set.

Inside the ML algorithm, there are a few similarities between both cases used. The first is the need to classify

the output in three categories representing the size of damage. For that, the final layer for both CNN and FFNN

are a fully connected layer created by utilizing the function model.add(tf.keras.layers. Dense(units=3, activa-

tion=’softmax’)) with a dimensionality of 3 and the softmax activation function that is a normally used with

multi classification models. In the case of the CNN, a flattening layer utilizing the model.add(tf.keras.layers.

Flatten()) function is used in order to compress any multidimensionality in previous layers. The learning algo-

rithm, cost or loss function, and performance metrics used, were the same in both ANN structures: the adaptive

moment estimation optimizer algorithm, the categorical cross entropy loss function and the accuracy, i.e., ratio

between correct classification cases over total cases, as the performance measure. Regarding the stopping criteria,

a total number of 500 epochs was used as this allowed the model to develop to a stable state.

In order to evaluate and compare the ML algorithms, a confusion matrix and two graphs containing the pro-

gression of the accuracy and loss that occurred in each epoch was used. In the confusion matrix, there are three

labels that represent the three classes with ‘0’ representing 2 mm, ‘1’ representing 6 mm, and ‘2’ representing 10 mm.

FIG. 8 MDS technique applied with sensor data separately and as a group.
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FFNN MODELING

Various combinations of information given to the network were tested (i.e., peak amplitudes, peaks time, and

both amplitude and time peaks), which resulted in a large number of elements in the input layer and inevitably

lead to larger networks. Different combinations of intermediate layers (i.e., number and size of layers) were also

tested and a base structure that showed overall better results was chosen. The main objective at this stage was to

concentrate on a comparison of the results when using different type of information given to the FFNN rather

than optimizing each FFNN specific structure. That is why we allowed the training phase to extend over a high

number of iterations in order to observe, not only the performance on accuracy but also the behavior of the loss

function. The introduction of Gaussian noise layers helped on reducing overfitting.

The base structure used to implement and develop the FFNN in the Keras/tensorflow platform is represented in

figure 9. In addition to the input and output layers, the dense layers were included to represent the hidden layers of

a classical FFNNmodel. Each dense layer implemented the RELU, being fully connected to the next layer. Gaussian

noise layers were also used with the objective of incorporating in the data signal patterns that could be caused by

noise in signals on real tests and create a more robust algorithm while also reducing the possibility of overfitting.

These were implemented utilizing the Keras/tensorflow function tf.keras.layers. GaussianNoise(0.5,inputshape=

(X,))). This function works by applying an additive zero-centered Gaussian noise, which alters the input value

and mitigates the possibility of overfitting.

The first Gaussian layer used a 0.4 noise ratio followed by the fully connected layer with an input dimen-

sionality equal to 100. After these first layers, the Gaussian noise ratio was maintained the same, but the dimen-

sionality of the following fully connected layers decreased to 50 and 10 in order to arrive at a closer output

dimension of 3. Finally a mini-bach methodology was used for the FFNN with a total size of 32.

CNN MODELING

In regards to these models, an example of a base structure used consists of three sequences of a convolution layer

followed by a pooling layer (figure 10). This configuration was chosen as it can reduce large data sets quickly

while still having a low computational expenditure. The convolutional layers were chosen to have a steady grow-

ing beginning at 34, 64, and finally 128, whereas the kernel size started with a (3,3) and ended with (1,1). In

regards to the pooling layers, they had a constant (2,2) pooling size.

Finally a mini-bach methodology was also used for the CNN with a total size of 128.

PRELIMINARY COMPARISON TESTS

In order to evaluate and compare the results obtained from the FFNN and CNN, it is necessary to verify how the

differences incorporated in the algorithm affect the individual results. To accomplish this, three tests were

FIG. 9

Simplified

representation of the

chosen FFNN.
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developed, with the first comparing the effect of the Gaussian noise layers on the FFNN, the second also compar-

ing the effect of a noise layer but this time on a CNN, and finally the behavior of the CNN when reducing the

number of layers to only one convolutional layer and one pooling layer. For all cases, the input data utilized are

the peak amplitude and peak time data.

FFNN without Noise

For the FFNN without noise, three fully connected hidden layers were used with the input having 918 nodes, the

first hidden layer with 100, and subsequently 50, 10, and finally 3 nodes at the output. All other parameters were

the same as for the other FFNN.

In the FFNN without noise, it is possible to see in figure 11A the training algorithm quickly arriving at a

stable maximum value in both the training and validation sets, showing little or no variations along the cost

function minimization iterations.

For comparison, an FFNN with four layers and Gaussian noise with 50 % was used, and the results are

depicted in figure 11B. Comparing both cases, it is possible to observe that there is a growth in fluctuation

FIG. 10 Simplified representation of the chosen CNN.

FIG. 11 Confusion matrix, accuracy and loss graph of a FFNN, when using peaks amplitude and time as input data: (A)

without noise and (B) with noise.
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in the accuracy and a higher growth in the loss function. The maximum accuracy remains mostly the same, which

seems to suggest that including noise layers does not affect the overall results. In all results presented, the con-

fusion matrix values correspond to the final epoch (500) learning state.

CNN with Noise

For the CNNwith noise, the input was a Gaussian noise layer with (30,30,1) dimension, followed by a sequence of:

convolutional, pooling, noise, convolutional, pooling, convolutional and, finally, the fully connected output layer.

This was done in order to have a large number of noise layers to see their effect on the CNN learning model.

Figure 12A presents the results of this case, and in figure 12B, the results of the equivalent CNN model without

the noise layers are shown.

Considering these preliminary tests with FFNN and CNN and the inclusion or not of noise, it seems that,

overall, the major influence is on the loss function behavior with the maximum accuracy achieved being similar

in overall.

CNN with Two Layers

Finally, a CNN with two layers was created with only a convolutional and a pooling layer. All other parameters

were maintained the same. This was done to compare the results of the FFNN with an CNN. In both cases, no

noise was applied. The CNN results are shown in figure 13, which can be compared with those in figure 11A. We

verify that in both cases, it is possible to observe very similar behavior, with minor differences in the accuracy, loss,

and even in the confusion matrix.

FFNN WITH PEAKS AMPLITUDE, TIME, AND BOTH

The peaks from all three sensors were combined into one list. Then, a hard cutoff value was chosen of 150 peaks

where cases with more than 150 had the smallest peaks excluded. This allowed for a total fixed number of inputs

of 459. The peak amplitude and times data sets were normalized separately with the objective of not creating a

biased data set and to maintain consistency with what was done for all models developed.

FIG. 12 Confusionmatrix, accuracy, and loss graph of a CNN, when using peaks amplitude and time as input data: (A) with

noise and (B) without noise.
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CNN WITH PEAK AMPLITUDE, TIME, AND BOTH

For the CNN cases, the initial procedure is equivalent to the FFNN with the concatenation of the peaks from the

three sensors and then the creation of a cutoff value for minimum peaks to equalize the number of inputs. This is

then followed by the normalization of the data just as seen previously. Finally, as a 2D CNN is used, the data have

to be reshaped to a 2D matrix. Thus the number of data points has to be altered in order to have enough points to

create the 2D matrix. This can be done in two ways. The first is to reduce the cutoff value of peaks in order to

achieve the value and the second is to add null values at the end of the list to complete the missing values. For all

CNN cases, a mixture of the two was done with the reduction of the cutoff value to the closest integer, and then

null values were added if needed. It was done this way to reduce the possible influence caused by the imple-

mentation of an arbitrary number of null values. Finally, the data were divided into test/train and a new stand-

ardization was done in each one as described previously.

Results and Discussion

This section presents the best results obtained from the multiple models developed. As stated previously, in order

to use the desired feature in each case the data set had to be altered accordingly. For the CNN, this meant creating

a 2D array for the data, whereas for the FFNN, an input layer was created with the required number of elements

and parameters according to the features used. In the following cases, a confusion matrix, the evolution of the

accuracy and loss performance functions along the learning phase are used to describe the results obtained.

THE FFNN

In figure 14A, it is possible to see the error matrix with a slightly biased error in regards to the separation of the 1

and 2 labels (6 and 10 mm holes). In spite of the matrix values represented (500 epochs) do not correspond to the

minimum levels of the loss functions, this shows that the peak amplitude of both these size holes have similar

behaviors and the algorithm has a harder time in determining the correct hole size. Furthermore, it can be ob-

served that the misclassifications lie in the safe side, considering that low size holes are classified as larger holes. In

the accuracy curves, there is a large growth arriving at the maximum accuracies in under 50 epochs; furthermore,

the curves remain reasonably stable around the maximum levels. This trend can also be seen in the loss graph

where there is a minimum value for the loss at around 30 epochs and then it grows to show that there is probable

overfitting occurring.

The results obtained when using only peak times information to the FFNN models (fig. 14B) show that the

accuracy on the validation sets was well below the results obtained when using peak amplitudes (fig. 14A).

Moreover when observing the values in the confusion matrix, the misclassifications occur again in classes 1

and 2 and are equally distributed.

In figure 14B, it is possible to see that while validation accuracy oscillates around an average value, the

validation loss function shows an increasing trend, which may explain that misclassification in this data set

FIG. 13 Confusionmatrix, accuracy, and loss graph of a CNNwith two layers without noisewith peaks amplitude and time

as input data.
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becomes easier, as well as that overfitting may be occurring. The low value in the overall testing accuracy shows

that the time when a peak happens is not a good metric to evaluate the hole size when compared to the am-

plitudes. This is most probably because of the reduction of the wave signal when subjected to the damage being

more relevant and different in each case than when the signal arrives.

The benefits of using both amplitude and time information of the peaks extracted from the signals data can

be observed in figure 14C. A maximum accuracy of 99 % on the validation set was achieved as well as a low value

on the loss function. Overall, there still remains a misclassification in classes 1 and 2, but only with one case.

Further tests showed similar results.

THE CNN

For the CNN case using only the amplitude data, it is possible to see in figure 15A the same behavior present in

the FFNN case with only amplitude data, with even similar results. The largest difference is that the CNN show an

increasing trend of the validation loss function along the learning iterations. It can also be observed in this case

that a best overall solution in terms of accuracy and loss functions is possible (just over 100 epochs).

Also following the trend of the FFNN case, the times of the peaks present the same overall results as seen

previously (fig. 15B). This demonstrates that the results are less influenced by the ML learning algorithm used

FIG. 14 Confusion matrix, accuracy, and loss graph of the FFNN for different input data: (A) peaks amplitude; (B) peaks

time; and (C) peaks amplitude and time.
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than the features or input information used. It is also interesting to observe that the overall accuracy of this feature

is very similar to the one obtained in the FFNN case demonstrating that the time of the peaks real holds less

information than the amplitudes.

Finally, the peak amplitude and time are used to train a CNN model, with results that are similar, if not

slightly better as they are more consistently closer to optimum values of accuracy and loss functions, than the

FFNN models (fig. 15C). With these results, it is possible to say that both ANN models can provide high-quality

results and that combining amplitude and time information provide the best results.

Conclusions

In this article, a thorough analysis of the effects of various features and ML methods on damage classification was

successfully fulfilled. This was done by firstly creating FEM simulations of damaged aluminum sheets, exciting the

specimens with LW and collecting the outputs to generate a large database of cases. Then, the database was

preprocessed in order to eliminate corrupted simulations, and different features were intensively evaluated.

Finally, the most promising features were chosen and used in FFNN and CNN algorithms in order to determine

their overall performance to classify damage.

FIG. 15 Confusion matrix, accuracy, and loss graph of the CNN for different input data: (A) peaks amplitude; (B) peaks

time; and (C) peaks amplitude and time.
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The main conclusions that can be drawn are as follows:

• the use of LW and ML together are promising tools for NDT and SHM;
• peaks amplitude and time data provide good results, better than those achieved with just peaks amplitude

or peaks time, for all algorithms;
• FFNN and CNN have similar classification performance (around 95–98 %); and
• a small number of sensors placed correctly on the specimens can detect small damages in large areas.

Although the article gives an insight on the relationships between features and ML algorithms applied to a

problem at hand, there is future work to be developed. As such, experimental data must now be used to validate

the numerical results and to test the effectiveness of the overall technique proposed. Moreover, the ML algorithms

should be assessed for classifying other types of damage or even different types of damage.
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Abstract
In recent years, the aeronautical industry has grown with new materials and fabrication methods being developed.
This has caused the use of Structural Health Monitoring methods, more specifically Lamb Waves, to become more
prevalent as regulations become more severe. Methods utilizing time series sensor data for damage detection have
shown great promise in classifying the extent of damage present in plate structures when used in union with machine
learning algorithms. Despite this success, there is still a lack of a robust method for choosing features that optimize the
learning process to classify any damage.
In this paper a powerful time series specialized feature extraction method is implemented. Initially over 75 different
prominent features and their variations are extracted from each sensor’s raw data. Then, by utilizing the Benjamini-
Hochberg procedure some are selected as relevant for a damage classification problem. After the initial selection, the
features are inserted into supervised machine learning methods, such as Random Forest and Naı̈ve Bayes classifiers,
where not only is it possible to achieve high classification metrics using all features, but also reveal and isolate which
features allow the best differentiation of each damage class. This selection methodology accounts for robustness by
utilizing different layers of selection and classification, validating the feature relevance in relation to the appropriate set
of classes. As such, different damage types and ranges can be utilized in this multi-class classification pipeline.

Keywords
Lamb Waves, Adhesive Joint, Weak Adhesion, Structural Health Monitoring, Nondestructive Testing

Introduction

Research on LW - an elastic disturbance that propagates
on thin plate structures with shallow to no curvature -
and their relevance to this application has been carried out
throughout the last few years, in a collective effort to increase
the reliability, integrity and durability of adhesive bonded
structures (1), which are present and growing in popularity in
different industries, such as the aeronautical and automotive
industries/sectors, due to their potential for reduction of
weight and cost in relation to other joining methods, such as
screwed, riveted or welded connections (2). As component
reliability and performance is paramount in these fields, it is
necessary to be able to identify and locate defects without
causing the destruction of the structure or component under
test/examination/inspection, which ultimately is the aim of
all NDT (3).

LW are a prime candidate for NDT, since they propagate
over long distances with minimal attenuation and have
the capability of interacting with various types of material
discontinuities and defects (4). However, the intrinsic
nature of LW propagation makes the interpretation of their
characteristics more difficult, since they invariably excite
more than one propagation mode at any given testing
frequency (3), and interaction with defects present in the
medium results in very complicated time-based response
signals arising from the sensors. Hence, the opportunity to

apply Machine Learning (ML) to the time series signals
should be explored, by extracting meaningful features and
inputting the information into classification algorithms, in
order to train them for damage detection.

The paper is divided into five parts: firstly the
introduction, secondly a literature review of the subjects
addressed in this paper, namely LW, adhesive joints and
defects associated with them and data visualization/machine
learning techniques. Then an explanation of the project’s
structure and development, followed by the presentation
and discussion of the obtained results, ending with the
conclusion.

The main objective of this paper is to present the
development of a machine learning pipeline designed to take
raw LW response vibration signals measured in a single-lap
adhesive joint, and, through feature engineering and machine
learning algorithms, predict the degree of adhesion strenght
in that joint.
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Literature Review
This section is an overview of the topics covered in this
paper, namely the theoretical support and definition of LW,
a review on adhesion technology and considerations on
the data visualization techniques and ML algorithms to be
implemented, including the mathematical concepts and tools
involved.

Lamb Waves
It was 1916 when Horace Lamb. published the article
“On Waves in an Elastic Plate”, in which he presents his
considerations on the problem of two-dimensional waves
in a solid bounded by parallel planes, first approached by
Lord Rayleigh in 1889 (5). In fact, both Rayleigh and
Lamb mention each other on different papers on the subject
of vibrations around this time (6), but in this paper in
1916, Lamb presents the equations that characterize the
propagation of this type of waves, that ended up with his
name.

LW techniques have proven capabilities to provide
information about damage type, severity and location ever
since they were first used to detect damage in 1960 by
Worlton of the General Eletric Company. Since then, they
have been employed in a variety of fashions, from research
conducted at NASA that demonstrated the possibility of
using LW to detect delamination in composite beams, to
different groups at Imperial College, working to optimize the
generation of directional LW, among many others (7).

Assuming an infinite solid medium, elastic waves can
propagate in two basic modes: pressure (P) waves and shear
(S) waves. Yet, if the medium is bounded, wave reflections
occur at the boundary, giving way for more complicated
wave patterns. Guided Waves are particularly interesting
because they remain contained in a wave guide and can
travel very large distances with little amplitude attenuation.
As such, they are excellent for damage detection due to
the full cross-section interrogation of the material, assuring
that the wave will interact with any possible defect. The
sensitivity to different defects will depend on mode type and
the location of the defect in the thickness of the structure.
Examples of Guided Waves are LW, and others, such as Love
Waves, which travel in layered materials, or Rayleigh Waves,
which travel in a constrained manner the surface (8; 9). These
are actually the typical seismic waves that propagate on the
surface of the earth during an earthquake.

LW in specific are a form of elastic perturbation that
propagates in a solid thin plate with parallel free boundaries,
but can also occur on shell-like structures with shallow
curvature, and they are made up of a superposition of
pressure modes, whose characteristics vary with entry angle,
excitation and structural geometry (10). They have two
fundamental propagation modes: Symmetric (Sn) and Anti-
symmetric (An).

This symmetry or anti-symmetry happens with respect to
the plate’s mid-plane. Considering a plate with stress-free
upper and lower surface, the outline of the equations for a
LW propagation, following Giurgiutiu, et al. and Su, et al.,
is presented(8; 10; 11). Consider the equation of motion for
an isotropic elastic medium, that describes the displacement
field by satisfying Navier’s displacement equation:

µ∇2u + (λ+ µ)∇∇ • u = ρ
∂2u
∂t2

(1)

where λ and µ are the Lamé constants, which are two
material-dependent quantities that arise from the study of
elastic stress-strain relationships, ρ is the mass density, and
u is the displacement vector, given by:

u = ∇Φ +∇×Ψ (2)

where Φ and Ψ are the potential functions.
The wave equations can be written as a function of this

potential functions, the mass density, the Lamé constants,
and both the longitudinal (L) wavespeed, given by c2L =
(λ+ 2µ)/ρ, and the transversal (T) wavespeed, given by
c2T = µ/ρ:

∂2Φ

∂x2
+
∂2Φ

∂y2
+
ω2

c2L
Φ = 0

∂2Ψ

∂x2
+
∂2Ψ

∂y2
+
ω2

c2T
Ψ = 0

(3)

The time dependency for these waves is assumed
harmonic, in the form eiωt, bringing the general solution to
equation (3) as:

Φ = (A1 sin py +A2 cos py)ei(ξx−ωt)

Ψ = (B1 sin qy +B2 cos qy)ei(ξx−ωt)
(4)

where ξ = ω/c is the wavenumber and:

p2 =
ω2

c2L
− ξ2 , q2 =

ω2

c2T
− ξ2 (5)

The four integration constants, A1, A2, B1, B2 are to be
obtained from the boundary conditions. Getting the relations
between the potential functions and the displacements,
stresses and strains:

ux =
∂Φ

∂x
+
∂Ψ

∂y
(6a)

τyx = µ

(
2
∂2Φ

∂x∂y
− ∂2Ψ

∂x2
+
∂2Ψ

∂y2

)
(6b)

uy =
∂Φ

∂y
+
∂Ψ

∂x
(6c)

τyy = λ

(
∂2Φ

∂x2
+
∂2Φ

∂y2

)
+ 2µ

(
∂2Φ

∂x2
− ∂2Ψ

∂x∂y

)
(6d)

εx =
∂ux
∂x

(6e)

and plugging them into the general solution equations
gets:

ux = [(A2iξ cos py +B1q cos qy)+

(A1iξ sin py −B2q sin qy)]ei(ξx−ωt) (7)

uy = [−(A2p sin py +B1iξ sin qy)+

(A1p cos py +B2iξ cos qy)]ei(ξx−ωt) (8)
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For free wave motion, the homogeneous solution is
derived by applying the stress-free boundary conditions at
the upper and lower surfaces (y = ±d), where d is half of
the plate thickness, obtaining the characteristic equations:

DS = (ξ2 − q2)2 cos pd sin qd+

4ξ2pq sin pd cos qd = 0 (9a)

DA = (ξ2 − q2)2 sin pd cos qd+

4ξ2pq cos pd sin qd = 0 (9b)

And finally, equations (9a) and (9b) can be rewritten in the
more compact form as the Rayleigh-Lamb equation:

tan pd

tan qd
= −

[
4ξ2pq

(ξ2 − q2)2

]±1
(10)

where the exponent +1 corresponds to symmetric (S) motion
and -1 to anti-symmetric (A) motion. Equations (9a) and
(9b) accept a number of eigenvalues, ξS0 , ξ

S
1 , ξ

S
2 , ..., and

ξA0 , ξ
A
1 , ξ

A
2 , ..., respectively. Each parameter corresponds to

a set of eigencoefficients (A2, B1) for the symmetric case
and (A1, B2) for the anti-symmetric one, that can be plugged
into equations (7) and (8) and yield the corresponding modes:
S0, S1, S2, ..., Sn and A0, A1, A2, ..., An.

The coefficients p and q in equations (9a) and (9b) are
dependant on the angular frequency, ω, and, consequently,
the eigenvalues ξSi and ξAi will change accordingly, and
since the wavespeeds correspond to ci = ω/ξi, they will also
change with frequency, and this change produces the so-
called wave dispersion.

LW are highly dispersive, meaning that the fundamental
way to concretely describe their propagation in a material is
through their dispersion curves, that plot the phase and group
velocities against the excitation frequency (often shown as a
product with thickness), since, for each frequency-thickness
product, and each solution of the Rayleigh-Lamb equation,
one finds a corresponding LW mode (7; 11).

A proper LW mode for damage detection should
feature non-dispersion, low attenuation, high sensitivity, easy
excitability and good detectability. The best way to prevent
wave dispersal is to have an input signal with a narrow
bandwidth, such as a windowed toneburst which is a more
frequently adopted input signal.

The generation of LW can be done through a variety
of instruments, roughly grouped under five categories,
ultrasonic probes, laser, interdigital transducers, optical
fibre, piezoeletric elements (10). All of these methods
have strengths and weaknesses. Piezoeletric, or lead
zirconate titanate (PZT) elements have advantages, since
they can be used for both LW generation and acquisition,
delivering excellent performance, allied to their neglectable
mass/volume, effortless integration, outstanding mechanical
strength, wide frequency response range, low power
consumption and acoustic impedance, and low cost, making
them particularly suitable for SHM applications as an in-
situ generator/sensor. On the other hand, some nonlinear
behaviour and hysteresis under large strains/voltages, or
at high temperatures should be accounted for, and their

brittleness and low fatigue life may cause concerns or
limit some applications. Importantly, PZT-generated LW
unavoidably excite multiple modes that generate complex
response signals, requiring sophisticated signal processing to
successfully utilize them for damage detection (10).

Adhesive Joints and Defects
An adhesive is formally defined as a material which, when
applied to surfaces, can join them together and resist
separation. Adhesive is, therefore, the general term which
covers materials like glue, cement, paste, among others (12).
An adhesive joint is the finished connection of two surfaces,
made of similar or different materials, through the use of
adhesives. The materials that are bonded by the adhesive,
before bonding, are called substrates, and after bonding,
they are referred to as adherends (12). The region linking
the adherend and the adhesive is the interphase, whose
chemical and physical characteristics critically influence the
mechanical properties of the adhesive bond itself. Not to
be confused with the interface also known as the boundary
layer, that resides within the interphase (where various
interfaces connecting different materials can exist), which
is the plane defined by the contact between the surface and
the two materials, where, during the formation stages of the
bond, the intimate molecular contact is created (13).

Adhesive joints provide a wide variety of advantages when
compared to conventional mechanical fasteners, according
to (13): more uniform stress distribution along the bonded
area, that leads to a good resistance to dynamic solicitation as
well as load transmission and higher stiffness, as well as the
reduction of the weight on the structure and consequently, the
cost; The possibility of automating the adhesive application
is also appealing.

However, some disadvantages should also be considered,
like the need to avoid peel and cleavage stress because
they create a load concentration in a small area, resulting
in low strength in that area, limited resistance to extreme
environmental conditions, such as high temperature and
humidity, and the difficult quality control, since there is
no expeditious way to assess the integrity of the bond -
that could change with non-destructive testing techniques
(12; 13).

Even if a certain adhesive is the perfect choice for a given
application, its durability is a function of the entire bonding
system, that is, adhesion defects and other problems can still
arise and lead the joint to failures of different types when
subjected to mechanical stress, be it because of the lack of
proper surface preparation, bad chemical formulation of the
adhesive, incomplete curing cycle or other environmental
disturbances, such as high humidity.

Structural bonds, in particular, are expected to undergo
some form of loading for a significant part of their service
life, and so, an understanding of the bond failure and failure
modes is critically important. It can occur in a number
of places within a bonded joint or structure, as reported
by (13; 14), cohesively within the adherends, interfacially
between the adherend and the adhesive layer or cohesively
within the adhesive. The bond might also contain ”isolated
phenomena” that compromises its structural integrity, such
as voids, debonds, porosity or cracks within the adhesive
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layer, and these should be detected as soon as possible to
avoid serious damage or failure of the bond.

Data Visualization Techniques
Data visualization regards the manipulation of sampled and
computed data for comprehensive display, conducive to
a deeper understanding of the data and highlighting the
underlying physical laws and properties. It is an important
tool that helps the data scientist in different stages of a
project, by pointing out useless, incorrect or inconsistent
information that can be eliminated, and assessing the results,
to expose dynamics and help define the focus points and
regions of interest (15).

Dimensionality reduction is applied as a procedure
to create projections of the data, mapping it into a
low dimensional space, in order to enable an insightful
view of how data instances relate to each other, namely
the appearance of structures such as high local density,
interesting relations between observations and the presence
of clusters (16; 17).

Time-oriented data visualization is a widely researched
topic, and according to Aigner, et al. (18), visualization
techniques can be categorized in many ways, such as the
structure of time itself (linear, cyclic or branched), the frame
of reference (spatial or abstract), the number of variables
that are time-dependant, and the dimensionality that is to be
obtained (2D or 3D, since those are intuitively understood by
the human brain).

It is a common procedure in data science to transform
the raw data formats into more suitable and consistent
ones before applying any further techniques, through
processes like smoothing, generalization and normalization.
Normalization is likely to improve accuracy and efficiency
of classification algorithms, and for distance-based methods
in particular, it prevents attributes with initially large
value ranges from outweighing those with smaller ranges,
uniforming the importance of any given testing instance,
while keeping the intrinsic information intact. Among others,
data normalization methods include Min-Max normalization,
Z-Score normalization, l2 normalization and normalization
by decimal scaling (19; 20).

Min-Max normalization performs a linear transformation
on the original data. If an attribute A has a range of values
of [amin, amax], Min-Max normalization maps a value x
of A, to its counterpart x’ in the new predetermined range
[a′min, a

′
max] by computing: (19)

x′ =
x− amin

amax − amin
× (a′max − a′min) + a′min (11)

where, in this case, the new selected range was
[a′min, a

′
max] = [0, 1].

Two of the most widespread visualization techniques,
Multidimensional Scaling (MDS), and t-distributed Stochas-
tic Neighbor Embedding (t-SNE), are implemented for the
projection and visualization of the time series themselves and
also to visualize some features later on.

Multidimensional Scaling (MDS) MDS is a multivariate
statistical method that represents measurements of proxim-
ity/similarity (or dissimilarity) among pairs of objects geo-
metrically, as distances between points of a low-dimensional

space. Torgerson proposed the first MDS method and coined
its name, Multidimensional Scaling, that can also be known
as Principal Coordinates Analysis (PCoA) or even Torgerson
Scaling (21).

MDS shows the correlations among instances of the data,
displaying each of these as a point on a plane, so that
the closer together the points are, the more correlated the
respective instances are, turning the data from immense
arrays of numbers to an accessible visual representation, for
easy inspection and exploration (22).

The application of MDS is exploratory, so as to uncover
the data elements accounting for the proximity of the data,
rather than to test a priori hypothesis about the existence and
properties of those elements (23). The vastly used family of
procedures known as Principal Components Analysis (PCA),
which should not be mistaken with PCoA, is closely related
to MDS in function, but differs in some key aspects, the
principal being the fact that MDS starts with a matrix of
similarities between a set of individuals, while PCA starts
directly with the initial data matrix (24; 25).

MDS models are defined by the similarity or dissimilarity
of data - the proximity indexes pij between pairs (i, j)
of objects, that construct an n× n matrix C, being n the
total number of objects - and how those proximity indexes
are mapped into distances of an m-dimensional MDS space
configuration: X. In classic MDS, C is symmetric, with
pij > 0 for i 6= j and its main diagonal is composed of “1”
(17).

The mapping is given by a representation function f(pij),
that specifies how the proximities should be related to
the distances dij(X), seeking the configuration (in a given
dimensionality m) whose distances satisfy f as closely as
possible. The condition “as closely as possible” is quantified
by a badness-of-fit measure, also called a loss function - an
expression that aggregates the representation errors : eij =
f(pij)− dij(X). The most common loss function in MDS
is named raw-Stress (ρ), also known as “Kruskal stress”
(24). It varies between 0 and 1, with values near 0 evidently
indicating a better fit (22; 26).

ρ = [f(pij)− dij ]2, i, j = 1, ..., n (12)

Shepard plots are also used to evaluate the fit of the
mapping, by comparing dij versus pij for a given value of m.
A narrow scatter of points, resembling a smooth straight line
without sudden steps indicates a successful representation
(22; 24; 26).

The m-dimensional MDS space configuration always
refers to a coordinate system, customarily a set of m directed
axes, perpendicular to each other and intersecting in one
point, the origin. If the value for m is chosen to be 2, for
example, this would define a Cartesian plane. Since the
MDS interpretation is based on the emerging clusters and
distances between points in the mapping, rather than on their
absolute coordinates, the units of the axes are meaningless,
and so, the MDS map can be rotated and translated, as the
distances between points remain the same (17; 22). As for the
distances’ definition, the most natural and frequently used is
the Euclidean distance, corresponding to the length of the
straight line segment connecting i and j, computed by the
formula (22):
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dij(X) =
√

(xi1 − xj1)2 + (xi2 − xj2)2 (13)

Thus, dij(X) equals the square root of the sum of
the intradimensional differences xia − xja, which, in plain
terms, is the Pythagorean theorem for the length of the
hypotenuse of a right triangle. Generalizing to the m-
dimensional case, yields:

dij(X) =

[
m∑

a=1

(xia − xja)2

]1/2
(14)

The dissimilarity matrix C can adopt different measures,
such as the so-called Canberra and Manhattan distances,
among others. It should be noted that the use of alternative
measure methods within the MDS is a common procedure,
often having distinct representations of the same data set,
that view phenomena with different perspectives, opening up
the possibility of choosing the MDS charts that yield better
visualizations (26).

t-distributed Stochastic Neighbor Embedding Stochastic
Neighbor Embedding (SNE), as originally presented by
Hinton and Roweis (27), is a probabilistic approach to the
task of placing objects, from high-dimensional vectors or by
pairwise dissimilarities, in a low-dimensional space in such
a way that preserves neighbor identities. It serves the same
purpose as MDS, dimensionality reduction, but unlike MDS,
SNE makes use of a Gaussian distribution, centered on each
object of the high dimensional space, and the densities under
this distribution are used to define a probability distribution
over all the potential neighbors of the object (24; 27).

Briefly, it starts by converting the high-dimensional
Euclidean distances between datapoints, xj and xi into
conditional probabilities pj|i, representing the probability
that xi would pick xj as its neighbor, if neighbors were
picked in proportion to their probability density under a
Gaussian centered at xi. This probability will be high for
nearby points, and almost infinitesimal for widely separated
ones.

pj|i =
exp (−||xi − xj ||2/2σ2

i )∑
k 6=i exp (−||xi − xk||2/σ2

i )
(15)

where σi is the variance of the Gaussian distribution centered
around xi. Now for their low-dimensional counterparts, yi
and yj , a similar conditional probability is computed (but
with a fixed variance), denoted by qj|i. If these conditional
probabilities are equal, in other words, if the distributions are
matched, the model is correctly mapping the data (27; 28).

So, the aim of the embedding is to match the distributions
as well as possible, which is also achieved by minimizing
a cost function. A natural measure of the faithfulness
with which the probabilities match is the Kullback-Leibler
divergence. Therefore a cost function C is defined by a sum
of the Kullback-Leibler divergences between the original
(pj|i) and the induced (qj|i) distributions over neighbors
for each object. SNE minimizes C using a gradient descent
method (27; 28).

C =
∑

i

∑

j

pj|i log
pj|i
qj|i

(16)

The t-SNE is a variation of SNE, with two important
differences, which aim to solve some shortcomings of the
SNE method (27; 28).

Firstly, since the Kullback-Leibler divergence is not
symmetric, different types of error in the pairwise distances
present in the low-dimensional map are not weighted equally.
For instance, there is a large cost for using widely spaced
map points to represent nearby datapoints, but a small cost
for using neighboring map points to represent datapoints.
In t-SNE, conditions to this function are applied to ensure
that it is symmetrized, eliminating that problem. It is said to
be symmetric because it has the property that pij = pji and
qij = qji, ∀i, j, hereby named joint probabilities. The new
cost function C comes:

C =
∑

i

∑

j

pij log
pij
qij

(17)

and this cost function is minimized by the gradient descent
method given by:

Cyi = 4
∑

j

(pij − qij)(yi − yj)(1 + ||yi − yj ||2)−1 (18)

The issue known as the ”Crowding Problem”, lies in the
fact that if small distances are to be accurately mapped, the
moderately distanced datapoints will be placed much too far
away in the representation. As a solution, in t-SNE, instead
of using a Gaussian distribution, it is swapped by the heavy-
tailed Student t-distribution with one degree of freedom (also
known as Cauchy distribution) on the low-dimensional map,
qij . The mismatched tails on this distribution compensate the
mismatched dimensionalities on the data.

There are various parameters that can be tinkered with in
a t-SNE application to optimize the cost function gradient
descent, some of which are the number of iterations, early
exaggeration, learning rate and perplexity, interpreted as a
smooth measure of the effective number of neighbors; so
adjusting all these parameters yields different results even
for the same data set (28).

Machine Learning and Features
ML is the subfield of AI that gives ”computers the ability to
learn without being explicitly programmed” (29). Evolved
from the study of pattern recognition, ML explores the
construction and optimization of algorithms that can learn
from, and make predictions on data. They operate by
building and improving models from sample inputs, making
data-driven decisions instead of following strict program
instructions. It is closely related to (and often overlaps with)
computational statistics, making regular use of mathematical
and statistical methods.

Even with the powerful tools that ML has to offer, it is
difficult for ML algorithms to produce proper results if the
input is not preprocessed. There could exist outliers that
need to be discarded, missing values on tests that should be
eliminated or appended with accordingly interpolated values
(30). This preprocessing is fundamental, even more so if the
data is obtained from real life sensors, that might contain
noise and interference effects that should be minimized, or
malfunctions that should be accounted for. Such is not the
case in the present project, as all the data is obtained from
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simulations, so the preprocessing stage has a lighter overall
significance.

If a large number of observations are registered, the whole
data set turns into a high-dimensional one. It is important
to reduce this dimensionality in order to handle the data
adequately, and use it successfully in ML algorithms. Ideally,
the reduced representation should have a dimensionality that
corresponds to the intrinsic dimensionality of the data, the
minimum number of parameters needed to account for the
observed properties (31).

However, one needs to differentiate between the number
of cases (observations) in a large data set, and the number of
variables available for each case - these variables comprise
specific information about the data and are referred to as
”features”. These features are not present in the original
measurements, but signal processing tools can extract these
from the raw data, enabling a more efficient use of ML
algorithms. This procedure can be viewed as ”nontrivial
extraction of implicit, previously unknown and potentially
useful information from data, or the search for relationships
and global patterns that exist in databases” (32).

Feature Engineering plays a vital role in ML algorithms
and big data analytics, encompassing the generation,
extraction, transformation, selection, analysis and evaluation
of features. Indeed, little can be achieved if there is a short
amount of features to represent the underlying data objects,
and the quality of the results obtained in those algorithms
will reflect the quality of the available features themselves
(33; 34).

Feature Engineering is often data specific and application
dependent, which means that different data types - text,
images, streaming data, social media data - require
specialized techniques (33).

It is useful to distinguish three main types of features,
besides simple Statistical Features (which can also be
significant), based on the domain their information is in,
namely Time Domain, Frequency Domain and Time-
Frequency Domain:

Statistical features are the simplest form of features,
obtained directly from the signal by statistical analysis, and
represent basic information about the data. Some examples
are the Mean, Variance, Standard Deviation, Skewness,
Kurtosis and higher order moments, and even Maximum
and Minimum values (Peaks). Even though they do not
result from complex analysis and advanced methods, their
information can be valuable (35).

Time domain features, are typically used to predict
future values for signals using time-based models like the
Autoregressive (AR), Integrated (I) and Moving Average
(MA) models, that can be fused together in the ARIMA
model first introduced by Box and Jenkins (36). However,
some orders/parameters of these models can be used as a
feature in itself, as well as the Auto-Correlation dimensions
of the signal (where it is compared to itself with a small
delay). The Auto-Correlation coefficients produced a by the
vibration of a healthy structure could be different than those
from a faulty one. From the ML algorithms viewpoint, these
features are just arrays of organized information to be used in
a specific task, with no connection to the time-based models
that originated them, or their purpose;

Frequency domain features are based on the frequency
domain analysis, which is is arguably the most far-reaching
set of mathematical tools utilized in engineering, specially
signal analysis, and its cornerstone is the Fourier Transform
(FT). It is based on the premise that every function - no
matter how complex it looks - can be decomposed into a sum
of simpler functions, a concept proposed by Joseph Fourier
in 1822 (37; 38).

Taking f(t) as a time-dependant input signal, that may be
composed by harmonic and/or periodic elements, its Fourier
Transform F (ω) is called the signal’s spectrum, and can
be viewed as the frequency response - a transformation of
the time signal into a sum of basis functions (sinusoidal)
of various frequencies, which the original signal contains as
periodic components, where (37; 39; 40):

F (ω) =

∫ ∞

t=−∞
f(t)e−jωt dt (19)

with j =
√
−1 and the complex exponentials as the

sinusoids: ejθ = cos θ + j sin θ. A Fourier Transform pair is
often written f(t)↔ F (ω). The Inverse Fourier Transform
is also applicable, changing the content from the frequency
to the time domain:

f(t) =
1

2π

∫ ∞

ω=−∞
F (ω)ejωt dω (20)

F (ω), which is written as a complex number in terms of
its magnitude and phase, ultimately tells how much content
the original signal has at any frequency ω;

The necessity for Time-Frequency domain features
arises from the fact the the Fourier Transform is of great
use to transform a signal into the frequency domain, where
it has great resolution, at the expense of the time domain
information, as it contains none. In other words, it is known
at which frequencies the signal oscillates, but not at which
time these oscillations occur. So if a signal has a dynamic
frequency spectrum, i.e. the frequency content changing over
time or frequencies appearing abruptly for a short period
of time, the Fourier Transform will not expose them. For
that, the Time-Frequency domain is approached, specially
through the Short-Time Fourier Transform (STFT), the
Wavelet Transform or the Hilbert-Huang Transform, among
others (37).

The STFT can be used as a way of quantifying the change
of a non-stationary signal’s frequency and phase content over
time, by dividing a time-based signal into shorter segments
of equal length and then computing the Fourier Transform in
each of those segments separately, therefore keeping in the
results of the magnitude and phase content for each point in
time. The use the Fast Fourier Transform on these segments
yields the discrete-time STFT, expressed as:

STFTx(k)(m,n) =

L−1∑

k=0

x(k)g(k −m)e−j2πnk/L (21)

where x(k) denotes the discrete time signal, that is multiplied
by g(k), an L-point window function with a fixed size n,
that will divide the signal into chunks as it slides through
the signal with m amount of shift. The FFT is then applied
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to each of these chunks to compute the STFT (41; 42).
The Hamming window, a smooth, “bell-shaped” curve is
a popular choice for the window function employed. The
STFT can also be called a Gabor transform, if the window
used is a Gaussian function (43).

The STFT is utilized to construct what is called the
Spectrogram, a 2-D visualization that plots, in a logarithmic
scale, the normalized, squared magnitude of the STFT
coefficients (41; 44).

Machine Learning pipeline

Acquisition of simulation data
LW based NDT methods can detect incipient damage, often
unnoticed by other techniques, with the help of suitable
electric signals applied to a PZT actuator which induces
the propagation of this type of waves on the structure or
specimen. Other PZT sensors, placed strategically in the
specimen, measure the vibrations and output electric signals,
with distinct amplitude and phase from the input, and whose
characteristics will depend on the existence and type of
damage in the structure.

Data processing algorithms based on ML require large
volumes of data to be trained and, therefore, it would be
impracticable to use experimental data in their development.
The alternative is to use simulation data from numerical
models, generated with finite element method (FEM)
software - ABAQUS. For the purpose of this project, an
adhesive joint simulated specimen was modeled.

An adhesive joint among two aluminium plates, with a
single-lap joint design with varying degrees of adhesion
strength on each test (ranging from 600 to 270000 kPa),
with 1 PZT actuator on the top plate and 1 PZT sensor
on the lower plate. The aluminium plate has a density ρ =
2500 kg/m3, Poisson ratio ν = 0.33 and Young modulus
E = 72.4 GPa. The chosen adhesive to simulate was a
0.2 mm layer of Nagase T-836/R-810, as it has great
potential for industrial applications, specifically aeronautical
and automotive. The simulated adhesive joint is presented on
Figure 1.

This model was run 900 times, and since it measures only
one sensor’s displacement as a function of time, accounts for
900 time series. All signals obtained were made uniform as
a vector of equal dimension, achieved by interpolating the
whole original array of values, imposing a fixed time step of
5000 to fit an array of predetermined size. The simulation ran
with a fixed time of 0.5 ms, as this is enough time to have the
waves interact with the defects / adhesive joint and arrive
at the sensor without receiving too many reflected waves
from the opposite wall. The excitation signal chosen was a
5-cycle Hanning-windowed sinusoidal tone burst with the
central frequency of 100 KHz, applied to the PZT elements.

As an example, two signals from different tests are shown
in Figure 2, and 3, a test with a higher adhesion strength in
the joint:

In Figure 2 only the top 10 peaks were marked directly on
the time series plot, but the values of all the local minima and
maxima of the entire domain are saved in an array, for each
of the tests - a statistical feature.

It is perceptible that the second signal comes from a
stronger, firmer and more consistent medium, as the LW

Figure 1. Model of the adhesive joint simulation setup.

propagates and arrives at the sensor more smoothly, creating
a more balanced response. The average displacement
measured on the sensor is higher, and all of the 10 peaks
appear above the 1× 10−5 m mark, while on the first test,
the single highest peak falls short of that mark, being the
only one that surpasses 0.75× 10−5 m.

Automatic Feature Extraction
Viewed as one of the general topics of feature engineering,
Automatic Feature Extraction is a methodology capable of
automatically generating a large number of features from a
data set and subsequently selecting the most effective subset
of these features to be applied in the ML algorithms. The best
way to differentiate the information within the signals is to
have the highest possible number of features being initially
extracted from the time series, in all the domains discussed
in the previous chapter, and then choosing the best, most
meaningful and adequate subset to the problem at hand, so
that ML algorithms can use it in the most effective way
possible to detect damage (33).

The automation of the feature extraction process was
key, and for that effect, tsfresh - Time Series FeatuRe
Extraction on basis of Scalable Hypothesis - a Python
package developed by Christ et. al (45), was implemented,
comprised of two main steps: the feature extraction and
feature selection.

The first step is the feature extraction from the time series,
resulting in a M ×N matrix, where the M rows correspond
to the time series, identified by their id, while each of the N
columns correspond to the extracted features, characterized
by the kind of time series (which sensor) that originated
the data, followed by the feature calculator itself and lastly
the key-value pairs of parameters configuring the respective
feature calculator. A sample of the feature matrix is shown
on Figure 4:

The second step, which can be run separately, in parallel
with any other ongoing feature extraction thread, is the
estimation of each feature’s relevance to a given ML task,
through hypothesis tests and calculation of the respective
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Figure 2. Representation of an adhesive joint test test, with a signal from the PZT Sensor and the top 10 peaks marked. Adhesion
strength = 900 kPa.

Figure 3. Representation of an adhesive joint test test, with a signal from the PZT Sensor and the top 10 peaks marked. Adhesion
strength = 50100 kPa.

Figure 4. tsfresh feature matrix sample.

p-values. The hypothesis tests are automatically configured
depending on the type of supervised ML problem (classifi-
cation/regression) and feature type (categorical/continuous).
It also involves a multiple testing procedure, utilizing an
instrument called Benjamini-Hochberg Method, which is
designed to control the false discovery rate (FDR). This

feature selection step is crucial, as the effectiveness of a
feature is ultimately measured in terms of its performance
to the ML task at hand, and whether or not it improves
its metrics, in other words, whether or not the feature has
relevance to the problem at hand (33).
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Table 1. tsfresh classification-task oriented feature filtering
steps results

Adhesive Joint
Classes 1 2 3 4 5

Extracted features 788
Features with
p-value ≤ 0.05

681 636 599 598 590

Benjamini-
Hochberg
Selected features

657 559 555 571 571

Top features 244

Through this selection method, the pool of extracted
features considered relevant by the univariate hypothesis
testing (those that scored p-values lower or equal to 0.05)
is filtered, leaving only the so called “selected features”,
which have remained relevant for the classification task of
at least one class. Table 1 shows the feature filtering process
results. The “Top” features are those considered relevant
for all classes simultaneously. It is fair to mention that this
automated feature selection module of tsfresh is just as
appropriate and decisive as the feature extraction module
itself. They work together seamlessly and elegantly, allowing
for the whole direct data processing, from preprocessed time
series to finely selected, ML-task oriented features.

Results and Discussion

Visualization of the data / Features
The results of the application of MDS and t-SNE is now
presented, both to the signals’ original time series and the
extracted/selected features.

The chart in Figure 5 represents the MDS applied to the
time series themselves. The absence of legend is due to the
fact that the results are not shown per class, but directly
using the adhesion strength value, from the weakest adhesion
being the deepest blue to the strongest adhesion in the dark
red, yielding the direct realization that the LW propagation
signals are as closely related as the adhesion strength itself.

Figure 6 presents the t-SNE mapping of the data. It follows
the color map convention used on the MDS visualization,
and the result has the same overall character, with a
steady evolution of distances following the adhesion strength
increase in a smother trend than with the results obtained
using MDS.

For the visualization of features, considering that the
adhesion strength value varies from 600 to 270000 kPa, five
classes were arbitrarily assumed, by dividing that range in
five equal intervals, intended to illustrate qualitatively the
data: 1 - Very Low Adhesion Force; 2 - Low Adhesion force;
3 - Medium Adhesion force; 4 - High Adhesion force; 5
- Very High Adhesion force; The target vectors are then
composed by the corresponding time series id, that should
be consistent with the features id, of its respective class.

In Figure 7, a feature calculated from a linear least-squares
regression of the time series values, is represented in MDS
mapping. The differentiation among classes is evident here,
with the sole exception of class number 2 (low adhesion
strength), that does not stand on its own, isolated from the
others.

Supervised Machine Learning - Classification
Algorithms
Naı̈ve Bayes For each feature x, the Naı̈ve Bayes approach
to classification is to formulate a probabilistic model that
estimates the posterior probability, P (y|x), of the different
classes, y, and to predict the one with the largest posterior
probability. According to Bayes’ Theorem, one has that:

P (y|x) =
P (x|y)P (y)

P (x)
(22)

where P(y) can be estimated by counting the proportion of
class y in the training set, and P(x) can be ignored since
we are comparing different y on the same x; thus, the only
component that needs to be considered is P (x|y). If an
accurate estimate for P (x|y) is obtained, that will correspond
to the Bayes optimal classifier, with the smallest theoretical
error rate. Estimating P (x|y) is not straightforward, given
that it involves the estimation of exponential numbers of
joint-probabilities of the features. That can be avoided
by assuming that, in each class label, the n features are
independent of each other, and so we can estimate the
conditional probability by:

P (x|y) =
n∏

i=1

P (xi|y) (23)

In the training stage, these probabilities are estimated, and
then in the testing stage, a feature x will be predicted as label
y, if y leads to the largest value of:

P (y|x) ∝ P (y)
n∏

i=1

P (xi|y) (24)

The different Naı̈ve Bayes classifiers differ mainly in the
assumptions made regarding the distribution of P (xi|y). In
this case, a Normal distribution is appointed (46).

k-Nearest Neighbors In the k-Nearest Neighbors (KNN)
classification algorithm, one relies on the simple principle
that objects similar in the input space will also be similar in
the output space. It is considered a lazy learning approach,
known as instance based or non-generalizing learning, as it
does not have an explicit training process nor does it attempt
to construct a general internal model. It merely stores the
instances of the training set. In training, the KNN model
will pick out the k instances from the training set that are
closer to the test instance. Then, for classification, the test
instance will be classified to the majority class among the k
nearest instances, with k being a value specified by the user.
The basic KNN uses uniform weights: the value assigned
to a query point is computed from a simple majority vote
of the nearest neighbors. Under some circumstances, it is
better to weigh the neighbors such that the nearer neighbors
contribute more to the fit (46; 47).

Ensemble methods Ensemble methods are state-of-the-
art ML approaches that train multiple learners to solve
the same problem and combine their results, significantly
improving the accuracy compared to a single learner model.
Ensemble learning is also called committee-based learning
or multiple classifier systems. They are constructed in two
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Figure 5. 2-D MDS Visualization of the adhesive joint simulation tests.

Figure 6. 2-D t-SNE Visualization of the adhesive joint simulation tests.

steps: generating the base models, that should be as accurate
and diverse as possible, and then averaging their results (46).

The ensemble contains a number of learners called
base learners, generated from the training data by a base
algorithm, which can be decision trees, neural networks or
other kinds of models. All of the three ensemble methods
mentioned are based on the decision tree model, and by using
a single base algorithm, they produce homogenous base
learners, leading to homogenous ensembles. That implies
that heterogeneous ensembles also exist, using various
learning algorithms that get the name individual/component
learners, instead of base learners (46). Before expanding on
ensemble methods, defining the used base learner is in order.

A Decision Tree is a non-parametric model made up
of tree-structured decision tests, working in a divide-and-
conquer way, predicting the value of a target variable by
learning simple decision rules inferred from the data features.
It starts on the root node and from there each non-leaf node is
associated with a feature test, also called a split. Data falling
into the node will be split into subsets according to their

different results on the feature test, eventually landing in a
leaf node, associated with a classification label to which that
instance will be assigned. Decision Tree learning algorithms
are generally recursive processes, since, in each step, a data
set is given and a split is selected, then acting as the given
data set for the next step. The key of the decision tree
algorithm is in the selection criteria of the splits. Typical split
criteria include the “information gain” or the Gini criteria
(46).

A final distinction among ensemble methods is required on
how the base learners are generated, which can be divided in
two paradigms (46):

− Boosting - Refers to a family of algorithms that
convert “weak learners” to “strong learners” by having
the weak models working together. Characterized
by being sequential ensemble methods, where the
base learners are generated in succession, exploiting
the dependence between them and boosting overall
performance in a residual-decreasing way. Gradient
Boosting is a representative of this kind;
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Figure 7. MDS 3-D Adhesive Joint Feature: “value agg linear trend attr intercept chunk len 10 f agg var”.

− Bagging - Exploits the independence between base
learners by setting them up parallel to each other,
reducing the error by combining them and averaging
out the results. To have independent base learners,
one possibility is to apply bootstrap sampling. That
means training those base models with non-overlapped
subsets of the training data pool. Not only does
bagging improve performance, but also decreases
variance and helps handling overfitting. Random
Forest represents this kind.

According to Zhou (46), for many tasks, “the best off-the-
shelf learning technique at present is an ensemble method
such as Random Forest, facilitated with feature engineering
which constructs/generates usually an overly large number
of new features rather than simply working on the original
features.”

Classification Metrics and Evaluation
In ML, the algorithm’s performance is presented and
analysed through the results’ metrics. Numerous metrics
exist, specifically designed to evaluate certain aspects of each
ML category (classification, regression, clustering, etc.), that
can go from a broad assessment of the algorithms’ behaviour,
to very particular measurements that could be of special
interest. The most mainstream and widely used classification
metrics were examined, as presented by (47; 48): Confusion
Matrix, also known as an error matrix, a confusion matrix
is a square table layout that allows for the visualization of
the performance of an algorithm. Each row of the matrix
represents the instances in an actual class while each column

represents the instances in a predicted class. Evidently there
are as many rows and columns as there are classes, and
the diagonal represents the instances that were properly
classified. The name stems from the fact that it makes it
easy to see whether the system is confusing two classes (i.e.
commonly mislabeling one as another). Figure 8 represents
one of the confusion matrices obtained from the K-Nearest
Neighbors algorithm, using the Top Features data subset. The
accuracy is almost perfect, only missing the prediction of a
few tests.

The Accuracy Score (acc) measures the ratio of correct
predictions over the total number of instances evaluated:

acc =
tp+ tn

tp+ fp+ tn+ fn
(25)

Precision Score (p) is the ratio of correctly predicted
positive observations to the total number of positive
observations. Intuitively, it is the ability of the classifier not
to label as positive a sample that is negative:

p =
tp

tp+ fp
(26)

Recall Score (r) is the ratio of correctly predicted positive
observations to all observations in actual class. Intuitively, it
is the ability of the classifier to find all the positive samples:

r =
tp

tp+ fn
(27)

F1 Score (F1), also known as balanced F-score or F-
measure, is a weighted average of recall and precision, that
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is a parameter of great importance when having an uneven
class distribution in data:

F1 =
2× p× r
p+ r

(28)

Despite having a fairly balanced class distribution, the
dataset is not perfectly balanced, so measuring the F1 score
is valid.

The symbols tp, fp, tn and fn signify true positive, false
positive, true negative and false negative respectively. All
classification scores are calculated by averaging the results
for each class.

Figure 8. Confusion Matrix - KNN Classifier - Top Features
data set.

Prior to the models being put into practice, the data set
must be split into two parts: the training / testing sets. In
this split, a ratio must be chosen between the data to which
the model will be fitted to (trained on), and the data left aside
to be used in the class prediction (tested on). In this work, the
70% training / 30% testing ratio was adopted.

While splitting, the properties of the original data set
should be kept as much as possible, otherwise the results
could be misleading (by chance of a really favorable or
really poor split/sampling). To avoid that, a commonly used
validation method is called k-fold cross-validation: the
original data set is partitioned into k equal sized disjoint
subsets, and then k runs of fitting/predicting are performed.
For any iteration of this process, k − 1 subsets are randomly
chosen as the training set, and testing of this fold is done
with the remaining subset. The average results of the k runs’
metrics are taken as results of the cross-validation (46; 49).
A usual configuration is the 10-fold cross validation, which
has been adopted in this work.

The adhesive joint strength classification results are
shown in Table 2. The ensemble algorithms are utilizing
the available features perfectly, the k-fold cross-validation
shows 98-100% accuracy on all the 10 running instances,
so they are as successful as one can be with this data
set. Evaluating the Gaussian Naı̈ve Bayes and k-Nearest
Neighbors models, the first one shows a major excellent
metrics also, although not as perfect as the Random Forest
Classifier. As for the KNN, it shows major improvement
on the top features subset, that contains 244 features. It is
possible that some sort of feature number threshold was
preventing the model from scoring higher.

Conclusions
A Structural Health Monitoring method, based on a Machine
Learning classification pipeline, was successfully assembled,
taking as inputs raw vibration signals from sensors, in a time
series format. These signals originated from Finite Element

Model simulations of a Lamb Wave propagating through a
solid medium - a single-lap adhesive joint (with variable
adhesion strength). After preprocessing, the relation between
the time series was visualized through the employment of
dimensionality reduction techniques.

Those time series signals were then subject to an
automated feature extraction and selection procedure, where
a large pool of features - attributes that characterize the
signals in various domains (time, frequency, time-frequency,
statistical) - were derived from the time series, and filtered
through statistical methods, according to their relevance to
the classification task.

Finally, those features were used to train Supervised
Machine Learning algorithms, making them capable of
predicting the approximate adhesion strength of the single-
lap adhesive joint with great accuracy.

The principal conclusions drawn from this project are:

− Feature selection is a crucial part of any Machine
Learning project that involves feature engineering, as
the best results will emerge from the algorithms when
the best possible set of features is available;

− More training data generally means better perfor-
mance of the algorithms, so the working data set
should be as big as possible;

− Ensemble methods are the best off-the-shelf ML
algorithms in terms of classification performance,
specially if applied along with feature engineering.
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Abstract: In the last few years, the application of adhesive joints has grown significantly. Adhesive
joints are often affected by a specific type of defect known as weak adhesion, which can only be
effectively detected through destructive tests. In this paper, we propose nondestructive testing tech-
niques to detect weak adhesion. These are based on Lamb wave (LW) data and artificial intelligence
algorithms. A dataset consisting of simulated LW time series extracted from single-lap joints (SLJs)
subjected to multiple levels of weak adhesion was generated. The raw time series were pre-processed
to avoid numerical saturation and to remove outliers. The processed data were then used as the
input to different artificial intelligence algorithms, namely feedforward neural networks (FNNs),
long short-term memory (LSTM) networks, gated recurrent unit (GRU) networks, and convolutional
neural networks (CNNs), for their training and testing. The results showed that all algorithms were
capable of detecting up to 20 different levels of weak adhesion in SLJs, with an overall accuracy
between 97% and 99%. Regarding the training time, the FNN emerged as the most-appropriate.
On the other hand, the GRU showed overall faster learning, being able to converge in less than
50 epochs. Therefore, the FNN and GRU presented the best accuracy and had relatively acceptable
convergence times, making them the most-suitable choices. The proposed approach constitutes a new
framework allowing the creation of standardized data and optimal algorithm selection for further
work on nondestructive damage detection and localization in adhesive joints.

Keywords: artificial intelligence; adhesive joints; machine learning; Lamb wave

1. Introduction

In recent years, there has been an increase in the use of adhesive joints in many in-
dustries. They are attractive due to their ability to bond different classes of materials,
such as metals and composites, while uniformly distributing stress and being lighter than
conventional joining methods, namely rivets [1–3]. Different types of adhesive joints can
be manufactured, the single-lap joint (SLJ) being one of the most-used, with applications
ranging from the automotive to the aeronautical industries [4]. Although the adoption of
adhesive joints is widespread, their use in critical primary structures is still limited due
to their inability to meet the needed strict certification and inspection criteria [5]. Existing
standards require that, for any joining mechanism, there must exist reliable and robust
nondestructive testing (NDT) methods for damage detection. Current NDT methods have
strong limitations with adhesive joints, and certain types of damage cannot be effectively
detected [5–7], as is the case of weak adhesion. Weak adhesion is characterized by a re-
duction of at least 20% of the maximum adhesive strength of the joint, without presenting
any discernible voids, cracks, or other visible alterations in the structure. Weak adhesion
is normally caused by contamination between the adhesive and the substrate and is com-
monly due to the presence of oil or dust or improper surface preparation for the desired
adhesive [8].
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Some NDT methods have been proposed for detecting weak adhesion. The one that
has recently shown the most-promising results involves Lamb waves (LWs). LWs are a form
of elastic disturbance that propagates trough thin plates with shallow to no curvature and
possess the capacity to travel long distances without large signal attenuation [9,10]. These
properties come with the disadvantage that the raw signals are extremely complex, and
depending on the frequencies and materials used, they are multimodal, which further com-
plicates any required type of analysis [11]. This complexity can be mitigated by choosing
appropriate methods to evaluate and process the LW data. One such option is the use of
machine learning methods applied to the time series, as they allow a hands-off approach for
detecting and classifying any damage present in the bonded structures. For using machine
learning, large datasets are often needed for training and testing the algorithms. Creating
large datasets experimentally is costly or even impracticable. Therefore, developing numer-
ical models of the SLJ and, subsequently, validating them with experimental data reduce
the overall burden. An added benefit is that any large volumes of data can be obtained to
develop machine learning algorithms.

This paper proposes an NDT technique based on LW data and artificial intelligence
algorithms for detecting weak adhesion in SLJs. Initially, a dataset was generated by
simulating LWs propagating in an SLJ subjected to multiple levels of weak adhesion. This
was accomplished by a finite-element model (FEM) developed in the software Abaqus
(Dassault Systemes, Vélizy-Villacoublay, France), which generated over 1000 variations of
weak adhesion at the SLJ. The numerical data were validated with experimental tests, for
the sake of reliability, thus forming the base of the present work. The raw data were pre-
processed to remove outliers and generate normalized time series. These processed data
were then used in different artificial intelligence algorithms, namely feedforward neural
networks (FNNs), long short-term memory (LSTM) networks, gated recurrent unit (GRU)
networks, and convolutional neural networks (CNNs). These data-driven algorithms were
chosen as they are widely used for time series forecasting, while still being commonly used
in other non-time related datasets. The algorithms were adjusted and compared in terms of
accuracy and training burden. The four methods for LW data processing allowed not only
accurately detecting up to 20 different levels of weak adhesion in SLJs, but also choosing
an efficient training method for the problem at hand. The proposed framework allows
the correlation between the methods’ parameters, accuracy, and training time and can be
further used with different data and algorithms.

This paper is divided into sections as follows: Section 2 presents a literature review on
the subjects addressed in the paper, namely LWs, adhesive joints, and defects. Section 3
introduces each artificial intelligence method adopted in the paper. Section 4 describes the
SLJ model and the generation of the dataset. Section 5 presents the algorithms’ adjustments
and discusses the obtained results. Finally, Section 6 summarizes the main conclusions.

2. Preliminary Concepts

This section presents a model for LWs and introduces adhesive joints and their possi-
ble defects.

2.1. Lamb Waves

An LW is a type of elastic guided wave that moves through a solid medium, exhibiting
pressure (P) and shear (S) propagation modes. When applied to a medium that has bound-
ary conditions, reflection emerges and creates complex patterns. LWs present a particularly
interesting property, which is their capacity to travel long distances and even pass through
multiple materials with small attenuation [12,13]. When LWs interact with a defect in the
material, they alter their wave pattern, and thus, they are sensitive enough to detect, and
even discern between, the damage type, size, and location [14]. When propagating in
a thin plate, an LW presents two fundamental modes, namely the symmetric (Sn) and the
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anti-symmetric (An) modes. These modes occur in relation to the mid-plane of the plate.
The vector of displacement of these waves can be analytically described by

µ∇2u + (λ + µ)∇∇ • u = ρ
∂2u
∂t2 , (1)

where µ and λ stand for the Lamé constants, which are two material-dependent quantities
that come from the elastic stress–strain relationships, ρ is the material’s mass density, and
the vector u represents the displacement, such that

u = ∇Φ +∇×Ψ, (2)

with Φ and Ψ denoting potentials.
These equations can be divided into the transverse and longitudinal displacements

and be written, in turn, by defining the longitudinal (L) wave speed c2
L = (λ + 2µ)/ρ and

the transverse (T) wave speed c2
T = µ/ρ, yielding:

∂2Φ
∂x2 +

∂2Φ
∂y2 +

ω2

c2
L

Φ = 0,

∂2Ψ
∂x2 +

∂2Ψ
∂y2 +

ω2

c2
T

Ψ = 0,
(3)

where ω stands for the angular frequency.
One way to visualize LWs is through their dispersion curves, where it is possible to

depict the phase alteration depending on the frequency [15–18]. In the case of damage detec-
tion applications, the dispersion must be kept to a minimum, together with the attenuation,
while still maximizing the sensitivity. This can be achieved by using a windowed tone burst
as an excitation signal, as is the case of a Hann window. Several possible actuators can be
employed, namely piezoelectric, due to their versatility, lightweight, and low cost. These
elements have the advantage of being used also as sensors and possess a wide bandwidth,
which can allow for multiple frequencies to be studied [14,19].

2.2. Adhesive Joints and Defects

An adhesive is a substance that has the capacity to join two materials together, indepen-
dently of their (dis)similarity, giving them the ability to resist any form of separation [20].
When an adhesive connects two separate parts, an adhesive joint is formed. This concept
can be further expanded by classifying the parts as substrates, before the bonding process,
and adherents, after the creation of the joint [20]. Furthermore, the adhesive layer in contact
with the adherents is called an interface, also known as the boundary layer [6].

When comparing adhesive joints with traditional fastening methods, their benefits
include a more uniform distribution of stress along the bonded area, which yields good
resistance to dynamic solicitation and excellent load transmission, as well as higher stiffness.
Due to not using bulky fasteners, there is also a large reduction of the weight of the
structure and, consequently, a minimization of the cost. However, these benefits also
come with many disadvantages, which hinder the widespread application of bonded
primary structures. Indeed, a major drawback is the absence of effective NDT techniques
to detect damage [6,20]. The NDT methods need to be robust because, even if an adhesive
is adequate for an application, many variables can alter the overall quality of the bonded
joint and lead to premature mechanical failure. Common problems affecting adhesive
joints are the lack of proper surface finishing, an incomplete or altered curing cycle, high
humidity, or a degraded chemical composition caused by improper handling or storing of
an adhesive [21]. These perturbations, when verified together, can cause a defective part,
but there are cases when only one of these issues occurs. This can lead to damage types
like those illustrated in Figure 1. These defects can occur in several places in the bond,
such as cohesively within the adhesive, inter-facially between the adherend and adhesive,
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or segmented throughout the bonded joint. Often, these are voids, debonds, porosity, or
cracks within the adhesive layer. A few of these defects are detectable by certain NDT
methods, but there is one defect in particular that still cannot be effectively detected by
NDT, specifically weak adhesion. This defect consists of an inter-facial defect that reduces
the maximum strength of an adhesive joint by at least 20% and is extremely hard to detect
by conventional methods, as there is no gap or alteration in the structure; just a small
reduction in the overall surface adhesion exists.

Adhesive bond

Substrate

Substrate

B
A

Figure 1. Representation of common defects in an SLJ, with “A” illustrating voids in the adhesive
and “B” indicating weak adhesion.

3. Artificial Intelligence Algorithms

This section introduces the machine learning algorithms that were used in this paper.

3.1. Feedforward Neural Networks

The multi-layer FNN has been extensively used in multiple applications, starting with
the work [22], where backpropagation algorithms were first used to adjust the weights in
the hidden layers. In an FNN, the elements that process the data, also known as neurons,
are structured in multiple successive layers that go from the input to the output (Figure 2).
These layers are all interconnected in such a way that all elements in a layer have their output
connected to every element in the next layer. Associated with each connection, there is a value,
called the weight, which is adjusted during the learning phase [23,24]. Each neuron of a layer
applies the associated weight and utilizes a nonlinear function to transform the data that pass
through it. A commonly used function is the sigmoid function [25]:

g(h) =
1

1 + e−h . (4)

where h denotes a dimensionless variable.

Figure 2. Fundamental architecture of an FNN with the interaction of each component represented.
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The general and simplified intent behind an FNN is to reduce the error between the
processed data and target values previously known. This is performed by passing the data
through the neurons from the input to the output and, then, comparing the values with the
training data previously saved and known. The error that is obtained is used to determine
a performance function, which is continuously differentiable and correlates all the weights
present from the output to the input layer. Two examples of such performance functions
that can be used are the gradient-descent-based algorithms and the mean-squared error
(MSE). These functions have weights as variables and are minimized by altering them [25].
The FNN model has been proven to be successful in modeling complex problems in a large
range of areas, from image compression to forecasting and signal prediction [22]. However,
this model presents the disadvantage that all elements in each layer are interconnected to
the next and previous layers. This requires a careful analysis of the problem when mapping
the data, as well as caution relative to the number of layers and elements used. The
higher the number of layers, the larger the datasets required and the more computationally
intensive the process will be. Thus, it is preferable to implement an FNN with a small
number of layers and elements [22].

3.2. Recurrent Neural Network

The RNN is a type of artificial neural network that differentiates itself by “memorizing”
information that can be later used in new data. This is performed by storing the output
activation from the layers and applying them together when feeding a new input to the
algorithm [26]. Although RNNs are powerful and have been applied to many problems,
they suffer from a reduction or “explosion” in the gradient during backpropagation. This,
in turn, does not allow for the layers closer to the input to have their weights altered or
altered to such a degree that they make others irrelevant and, thus, not contribute positively
to the solution [27,28]. To mitigate this problem, a few algorithms, such as LSTM and the
GRU, which contain different gating units, have been created.

3.2.1. Long Short-Term Memory

To mitigate the vanishing gradient problem, LSTM utilizes an input gate and a forget
gate, as shown in Figure 3 (circled in green and yellow colors, respectively), to create
a constant error carousel (CEC) [29,30]. The CEC works by enforcing a constant error flow
within a special cell controlled by the gate units, which learn when to grant access (circled
in red color) [31]. The various gates used in the CEC can be described as

ft = σ(W f [ht−1, xt] + b f ), (5)

it = σ(Wi[ht−1, xt] + bi), (6)

ot = σ(Wo[ht−1, xt] + bo), (7)

while the equations for the candidate state, cell state, and final output are

c′t = tanh(Wc[ht−1, xt] + bc), (8)

ct = ftct−1 + itc′t, (9)

ht = ot · tanh(ct). (10)

In these equations, ft is the forget gate, it is the input gate, ot is the output gate, ct is
the cell state, c′t is the candidate state, and ht is the final output. Furthermore, Wx represents
applied weights; ht−1 are the outputs of the previous LSTM block; xt are the inputs at the
current timestamps; bx are the biases for the gates. These gates can be easily visualized
in Figure 3, where the components are in yellow, the layers are in dark blue, the line that
divides represents a variable copied, and lines combining represent concatenation. Finally,
the output gate is circled in purple color and serves as the output of the cell.
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Figure 3. The architecture of an LSTM cell with the input cell circled in green, the forget cell in yellow,
the cell state in red, and finally, the output gate in purple.

3.2.2. Gated Recurrent Unit

The GRU has been used in many applications, but has seen more significant results
in music and speech modeling, as well as natural language processing. This method
was developed with the intent of allowing each recurrent unit to alter the sequence of
dependencies in an adaptive manner over time. To accomplish this, the unit was built with
the following four steps, where xt is the current input, ht−1 is the output of the previous
step, W and U are parameter matrices for the weights, and σ is the sigmoid function [29,32]:

1. The first step is an update gate, as shown in Figure 4 (circled in green color), which is
used to determine how much information will be updated in the unit. This gate is
denoted as zj

t and calculated by:

zj
t = σ(Wzxt + Uzht−1)

j.

2. The next step is a reset gate, seen in Figure 4, circled in purple, denoted as rj
t and

calculated by:
rj

t = σ(Wrxt + Urht−1)
j.

This gate is used to determine how much information needs to be forgotten. When
the value of this gate is close to zero, it determines that the j-th information should
be forgotten in the current memory. Any value close to one means that the data will
be preserved.

3. The third step is to determine the current memory. This gate is denoted as hj
t in the

following expression and, in Figure 4, seen as ht.

h′t = tanh(Whxt + rt ·Uhht−1))
j.

This gate also uses the Hadamard product to decide how much of the hidden state of
the content should be forgotten.

4. Finally, the last step is to determine the information to be stored in the hidden layer at
the current iteration that will be passed onto the next cell. This step is denoted as ht in
the following equation and, in Figure 4, is denoted as ht−1:

ht = (1− zj
t)h

j
t + zj

t h̃
j
t.

These steps can all be easily visualized in Figure 4.
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Figure 4. Architecture of a GRU cell with the reset gate circled in purple and the update gate in green.

3.3. Convolutional Neural Network

Overall, the CNN can be seen as having a multi-layer feedforward structure and,
normally, utilizes other types of layers as a complement to the convolutional ones. The
main characteristics that define a CNN are the representation of the input layer and the
way these input elements are processed in the CNN layer, which allows for significant
advantages while creating a few problems. The first layer used is normally seen as a grid
that can be compared to 2D images or pixels (or even a signal in the time domain arranged
in an n× 1 column vector), as seen in Figure 5.

Figure 5. Architecture of a CNN comprising convolutional and pooling layers with a final flattening
layer. The dimensions of each layer are represented under each one.

Another characteristic that defines a CNN is a convolutional operation called the
kernel, which is applied between the weights and the input CNN layer. This is performed
to provide at the output of the layer a feature map [33,34]. When evaluating the inputs and
the kernels used in a convolutional layer as square n× n arrays, the size of the output layer
can be calculated using

nout =

[
nin + 2p− k

s

]
+ 1, (11)

where the width or height of the output and input arrays is represented by nout and nin,
respectively. Finally, two other parameters complement these layers: the convolutional
padding size is a parameter that is used when it becomes adequate to include additional
information on the border arrays, while the sliding increment of the kernels over the input
array is the stride parameter. These can be seen as elaborated in the following equations:

s(t) =
∫

x(a)w(t− a)da, (12)

s(t) = (x ∗ w)(t), (13)
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s(t) = (x ∗ w)(t) =
∞

∑
a=−∞

x(a)w(t− a), (14)

where nout represents the number of output features obtained from the convolution, nin is
the number of input features, p is the convolutional padding size, k stands for the kernel
size, and s is the stride size to be used. One way to better visualize these kernels is to see
them as filters that go through the input values, using a constant weight to identify specific
features in the input data. These values are refined during the learning phase. Using a CNN
instead of an FNN allows for a smaller increase in the number of variables and parameters
when setting more layers, as the weights are used with all inputs. This allows for more
layers and a deeper learning FNN implementation. Furthermore, it allows for a way to
associate values that are near one another, which can be of interest in images, time series, or
any other sequential signal. Finally, the convolutional maps are normally associated with
pooling stages and processed through a nonlinear rectified linear unit (RELU) function to
stabilize values in specific locations [23].

4. Numerical Simulated Data

To fully utilize the combination of LWs and machine learning methods, it is necessary
to create a large dataset that can be used to train and test the algorithms. As there is a need
for a large volume of data, creating these experimentally would be labor-intensive, costly,
and difficult to obtain consistently. Therefore, the alternative of using simulation data from
accurate and experimentally validated numerical models has considerable advantages.
Herein, a model of an SLJ composed of two aluminum substrates bonded with the epoxy-
modified Nagase T-836/R-810 was adopted. This adhesive was chosen as it has great
potential for industrial applications, specifically in the aeronautical and automotive sectors.
However, any other epoxy-based adhesive with similar mechanical properties can be used
with the same methodology. One actuator was chosen to excite the LWs, and one sensor
captured the SLJ response. The specimen dimensions and the positions of the actuator and
sensor can be seen in Figure 6.

Figure 6. Top and side view of the adhesive joint simulation setup with the position of the sensor
and actuator and the overall dimensions of each part.



Appl. Sci. 2023, 13, 2642 9 of 19

The model was developed and simulated using the FEM in the software Abaqus.
The two SLJ aluminum plates were modeled with a density ρ = 2500 kg/m3, a Poisson’s
ratio of ν = 0.33, and a Young’s modulus of E = 72.4 GPa. Weak adhesion defects were
simulated by creating a thin layer of adhesive where Young’s modulus was reduced in
comparison to the rest of the adhesive material. A total of 1000 cases were simulated with
linearly distributed values between 600 and 270,000 kPa. For exciting the SLJ, a distributed
discretized tangential force was applied to the substrate plane, as illustrated in Figure
7. A 5-cycle Hanning-windowed sinusoidal burst centered at the frequency of 100 kHz
was adopted [35–38]. The amplitude of the force was adjusted in accordance with the
experimental observations, by successive trials. The explicit dynamic analysis was adopted,
due to its computational efficiency and because the excitation is impulsive and the time-
dependent reaction needs to be captured. The total simulation time was limited to 0.5 ms,
which corresponds to enough time for the LW to interact with the weak adhesion defects
and arrive at the sensor [39,40]. Following a mesh convergence study, a mesh size of
1.5 mm with elements of the type C3D8R was utilized. This was performed to reduce
the computational burden and, thus, the time necessary for each simulation, while still
maintaining a small enough mesh to not cause any numerical divergence. This combination
allowed a simulation time inferior to 20 min for each case.

Figure 7. Representation of how the forces were simulated by discretizing and applying them to the
edges of a square that has the same dimensions as the actuator.

Due to the explicit dynamic analysis carried out in Abaqus, the time series generated
presented varying lengths, as each simulation was performed without a fixed time step.
Thus, it was necessary to interpolate the data to have a fixed number of points. The value of
5000 points was chosen, this being enough to represent the LW signals well while keeping
the amount of data limited.

It should be noted that the use of only one actuator/sensor pair on the SLJ is the
minimum necessary to detect damage. However, it does not allow for damage localization.
Indeed, this work focused only on determining the level of weak adhesion in an SLJ of
reduced dimensions. For localizing damage in larger parts, extra sensors are needed, along
with some triangulation methods for data processing.

5. Algorithm Application and Results
5.1. Evaluation of Components and Indicators

To use artificial neural networks, it is first necessary to describe the desired outcome of
the model and, from there, determine how the task should be handled. Adhesive materials
intrinsically have many variables that determine their overall bonding strength [41,42].
For a given adhesive and joint, damage can limit the joint strength to a specific interval,
between no adhesion up to full-strength adhesion. Therefore, the problem at hand is
considered as involving classification into a given number of weak adhesion classes, rather
than a regression problem. A total of 20 classes were chosen, as this was a large enough
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value to visualize any possible damage progression, while still small enough to allow for
distinct classes.

With the basic concept chosen, various parameters can immediately be defined. Thus,
the evaluation metric or loss function adopted was the categorical cross-entropy, and all
final layers before the output contained the softmax activation function with a kernel equal
to 20, that is the number of classes. Finally, the accuracy metric was chosen, as it is widely
implemented in classification problems and is a simple metric to assess the different models
that were used. To train the model, the data were divided into training and testing in the
proportion 70% and 30%, respectively, as these percentages are classic values that work in
most cases and give a good baseline to initiate the study. Finally, the chosen epoch size was
400, as the objective of this work was to properly understand each algorithm and not allow
for an early stop, which could exclude important behaviors. This may cause overfitting
of the training data, but this was not considered a concern during the analysis, as it was
an expected outcome. Although there would be a constant of 100 epochs, each algorithm
was also evaluated accordingly with the epoch at which the accuracy started to converge
and how long this process took.

To give the best evaluation of each model for each type of dataset, it is necessary to
assess several parameters and algorithm architectures. These parameters vary from algo-
rithm to algorithm, and their optimization requires an extensive grid search to determine,
inside the chosen grid, the best parameters. To minimize the total time expended in such an
optimization, a broad trend search was conducted, where the total accuracy was compared
to the time spent to reach the solution. This allowed the algorithm not only be efficient,
but also faster when compared to other configurations, which can take days to train on
a dataset. Initially, the parameters listed in Table 1 were chosen to start the optimization
study on the FNN, as it is one of the fastest methods.

Table 1. Initial parameters of the FNN.

Experimental Variables to Be Tested

Batch Size Kernel Size Number of Hidden Layers

32 50 1
64 100 3
128 400 7

After testing these values, it was possible to see how each variable behaved. During
the tests, the time spent to test a batch with a kernel size of 400 compared to a kernel size of
50 was over 12-times greater with minimal accuracy changes. Thus, all tests using kernel
sizes of 400 were discarded as being too time-consuming for minimal results. In Figure 8, it
is possible to see that, for an algorithm depth of one hidden layer, the batch size had a small
influence on the time per training, while there was no variation in the accuracy. Therefore,
a batch size of 128 was chosen, as it was the fastest in both cases with comparable results.

The number of hidden layers was tested together with multiple values of the kernel
and batch sizes, and the ones with the shortest training times and highest accuracy were
chosen. To compare the influence of the number of hidden layers, three tests were conducted
with a constant batch size of 128, as defined previously, and a varying kernel size between
50 and 100. In Figure 9, it is possible to verify that, while there was a linear growth in time
for the kernel size of 100, there was a plateau at the kernel size of 50. Therefore, it was
better to not only utilize a kernel size equal to 50, but also to use more layers. This may
change if the model is tested for a larger number of hidden layers or for other algorithms,
but these data served as a starting point for further evaluations.
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Figure 8. Comparison between the total training time and batch size for the FNN when fixing the
kernel size to 50 (blue) and 100 (orange).

Figure 9. Comparison between the total training time and the number of hidden layers for the FNN
when fixing the kernel size to 50 (blue) and 100 (orange).

When comparing the previous graphs and results, it is possible to conclude that the
configuration of the parameters and algorithm architecture that brought the most-consistent
and highest values of accuracy, while still taking the least time, was:

• Batch size: 128;
• Number of hidden layers: seven;
• Kernel size: 50.

Therefore, the chosen configuration for the FNN had a total of four dense layers, as
shown in Figure 10.
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Figure 10. Graphic representation of the FNN configuration, chosen after the optimization process,
with a total of 7 dense hidden layers.

Although the batch size can be defined for all algorithms, every one has specific
characteristics that need to be altered individually. One example of this concerns the CNN,
which not only has the kernel size, but also has filters and utilizes max pooling layers,
which have their own individual parameters, namely the pool size. In these cases, the base
parameters are maintained as much as possible, while each unique parameter must be
individually studied.

When optimizing the two RNN algorithms, the main obstacle was related to the
training time. This was not only due to a large number of inputs, but also to the very nature
of the algorithms, in which each neuron had a recurring unit, which further necessitated
calculations and, thus, required additional computational power. Due to these restrictions,
the optimization of the RNNs was limited to creating a model that requires a training
time similar to that of the FNN and CNN. This optimization led to a simple algorithm
that had only two recurring layers, each one with a kernel size equal to 10. The batch
size was maintained from the previous analysis at the value of 128. Therefore, the chosen
configuration for the GRU had a total of two recurrent GRU layers, as shown in Figure 11,
and for the LSTM, there was a total of four dense layers, as shown in Figure 12.

Figure 11. Graphic representation of the GRU’s configuration, chosen after the optimization process,
with two layers.

Figure 12. Graphic representation of the LSTM’s configuration, chosen after the optimization process,
with two layers.
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In comparison to the RNNs, the CNN algorithm did not have the training time as
a limiting factor, and thus, it was possible to test multiple configurations, as done with the
FNN. The first analysis conducted was to determine the batch size that would be used for
the CNN. It is possible to see in Figure 13 that the overall batch size did not influence the
training time greatly, while the size of the kernel did. Therefore, the chosen batch size was
64, as it is an average value that could be used as a base for the next variable testing. It
is important to note that, although not explicitly shown in the following figures, the first
criterion when choosing the variables was the achieved overall accuracy, and only after
confirming that the differences in the accuracy were small, the time criterion was used.

Figure 13. Comparison between the total training time and the number of hidden layers for the CNN
when fixing the kernel size to 5 (blue) and 10 (orange).

With the batch size chosen, the next variable studied was the kernel size. It was already
shown in Figure 13 that the kernel size played an important role in the training time, and
this becomes more apparent in Figure 14, where it is possible to see that, with low pooling
sizes, the training time grew significantly. Therefore, to minimize the training, the chosen
kernel size was five.

Figure 14. Comparison between the total training time and the kernel size for the CNN when fixing
the pool size to 2 (blue) and 5 (orange).

Although Figure 15 shows that the fastest training cycles occurred at a pool size of
10 and a filter of 50, the chosen values for these were slightly different. To choose the
pooling and filter size, the accuracy criterion was used instead of the time, as the values
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obtained from a pooling size of two and a filter size of 50 were slightly larger than the
other values.

Figure 15. Comparison between the total training time and the pool size for the CNN when fixing
the filter size to 50 (blue) and 100 (orange).

Therefore, the chosen configuration for the CNN had a total of two convolutional and
two pooling layers, as shown in Figure 16.

Figure 16. Chosen architecture for the CNN, with two convolutional and two pooling layers with the
total size of each layer represented under the graphical representation.

5.2. Results and Discussion

With all models’ architecture and parameters chosen, the algorithms were trained for
400 epochs. As stated previously, this was performed to fully understand the behavior of
each algorithm. As expected, after model optimization, the algorithms quickly converged
and had the lowest loss values before 100 epochs, as seen in Figures 17–20. For the FNN, at
about 250 epochs, the validation loss function started to grow, indicating that the algorithm
was overfitting the data. While this showed that the FNN was more prone to overfitting
compared to the other algorithms, the quick convergence mitigated the problem and
allowed the algorithm to be suitable for the problem at hand. For the other algorithms, no
overfitting occurred, even after 400 epochs, showing that they were more robust.
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Figure 17. Comparison between the loss and accuracy for the FNN algorithm in both training and
validation cycles.

Relative to the FNN, the CNN presented little variation in the graphs, with a smooth
decrease in loss and a steady increase in accuracy.

Figure 18. Comparison between the loss and accuracy for the CNN algorithm in both training and
validation cycles.

Compared to the other algorithms, the GRU started with the highest value of the
accuracy, around 0.60, while the others yielded about 30. Moreover, it had the lowest
loss. This demonstrated the exceptional learning capacity of the algorithm for the type
of problem presented. This was further confirmed by the aggressive overall growth until
convergence, with around 35 epochs until the value stabilized. It is also important to
point out that the maximum value was achieved in less than 20 epochs, but it took around
40 epochs until the values stabilized. Utilizing just the accuracy and loss criteria, the GRU
emerged as the most-suitable algorithm of the ones studied in this work.

Figure 19. Comparison between the loss and accuracy for the GRU algorithm in both training and
validation cycles.

The LSTM presented an initial and final accuracy similar to that of the CNN and FNN.
The most-striking difference was the low learning rate that the algorithm showed, taking
between 150 and 200 epochs to converge. This can be further seen with the erratic initial
behavior of this algorithm, which implies that the weight values were being altered, which
created an overshooting effect. When only analyzing Figure 20, it can be concluded that
the LSTM algorithm was the least suitable for the problem at hand.
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Figure 20. Comparison between the loss and accuracy for the LSTM algorithm in both training and
validation cycles.

As expected, due to the low layer count of all algorithms, there was no plateau
followed by large decreases in the loss. With the plots broadly observed, it is still possible
to dive deeper by using the variables listed in Table 2, where a condensed version of the
information obtained from the graphs can be seen. These variables are commonly used
to describe the performance and represent information that could be seen in a confusion
matrix or error matrix:

− The accuracy score (acc) is used to evaluate the ratio of correct predictions to the total
number of instances. This can be calculated as

acc =
tp + tn

tp + f p + tn + f n
; (15)

where tp denotes true positives, tn stands for true negatives, f p represents false
positives, and finally, f n corresponds to false negatives.

− The precision score (p) is the ratio of correctly predicted positive observations to the
total number of positive ones. From a more intuitive perspective, it is the capacity of
the algorithm to not label a positive sample as a negative one. It is given by:

p =
tp

tp + f p
; (16)

− The recall score (r) is the ratio of correctly predicted positive observations in a class,
thus from an intuitive perspective, it is the capacity of the algorithm to determine all
positive samples. Its value is calculated as:

r =
tp

tp + f n
; (17)

− The F1-score (F1) is the weighted average of the recall and precision and is commonly
more important when there are large imbalances of the data in the class distributions.
It is given by:

F1 =
2× precision× recall

precision + recall
. (18)

In the case of the tested algorithms, the lowest values can be seen for the CNN,
while the highest ones were observed for the FNN and GRU models. Even with these
differences, the overall results showed that all algorithms could be used to determine the
classes presented in this work. It is worth noting that, when evaluating an SLJ, it is more
important that the algorithm does not give false negatives than it generates false positives.
This remark makes the recall score more important than the other indices. Indeed, the
recall score is directly dependent on the false negatives, while the other criteria use false
negatives more indirectly. Using this as a basis, it is possible to see in Table 2 that both
LSTM and the CNN presented lower recall values than the FNN and GRU. This makes
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both LSTM and the CNN less suitable for the problem at hand and both the FNN and GRU
the most-promising ones.

Table 2. Algorithms’ evaluation criteria.

Evaluation Criteria

Algorithm Accuracy Precision Recall F1-Score

FNN 0.99 0.99 0.99 0.99
CNN 0.975 0.97 0.98 0.97
GRU 0.99 0.99 0.99 0.99
LSTM 0.98 0.98 0.98 0.98

It is important to understand that the accuracy, precision, recall, and F1-scores of
Expressions (15)–(18) are relevant, but other evaluation criteria need also to be analyzed,
such as the number of epochs to reach convergence and the total time taken to achieve
the solutions. In Table 3, it is possible to compare the results, which give a more accurate
insight into each algorithm. One surprising value is that, although the GRU took longer to
calculate for each epoch compared to the CNN and FNN, the total epochs required were
fewer, which allowed for the total time to be minimized. It is also possible to see that the
GRU and LSTM would largely benefit from a feature extraction protocol, which could
reduce the number of features to a few dozens, as large datasets tend to slow calculations
and the training process.

Table 3. Performance comparison of the algorithms.

Epochs and Total Time

Algorithm Epochs to Converge Time to Converge (min) Total Time (min)

FNN 100 7 28.0
CNN 150 4.5 12.3
GRU 35 15 177.5
LSTM 150 89 238.3

When considering the results summarized in Tables 2 and 3, it is possible to see that,
out of all the algorithms, the CNN presented good results, as it was only 2% off the best
accuracy and could accomplish this in almost half the time of the next fastest algorithm.
At the other end of the spectrum, LSTM took quite a long time to reach the solution and
presented the second-lowest value for the accuracy. Finally, the FNN and GRU presented
the best accuracy and had relatively acceptable convergence times, making them overall
the most-suitable choices.

6. Conclusions

This paper proposed an NDT technique based on LW data and artificial intelligence
algorithms to detect weak adhesion defects in an SLJ. Four algorithms were trained and
tested with simulated LW data from an FEM developed and experimentally validated. The
algorithms were assessed and compared. A total of 20 different levels of weak adhesion
could be detected, with overall accuracy between 97% and 99%. The results showed the
effectiveness of the proposed nondestructive methods to treat the problem, which, until
now, could only be solved with classical destructive mechanical testing. Furthermore, the
overall training capability was studied, revealing that the training time for each algorithm
could be reduced by almost 60% by altering the algorithm’s parameters. The LSTM emerged
as the least-suitable, taking over 200 epochs to converge, and the GRU the most-applicable,
converging in less than 50 epochs. Regarding the training time, the FNN proved to be
more appropriate. Therefore, the FNN and GRU presented the best accuracy and showed
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relatively acceptable convergence times, making them the most-suitable choices. Further
work will expand the technique to increase the resolution for detecting weak adhesion, as
well as to localize defects in adhesive joints with a larger and more complex geometry.
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Abstract: The use of adhesive joints has become increasingly popular in various industries due to
their many benefits, such as low weight and good mechanical performance. However, adhesive
joints can suffer from defects, one of them being weak adhesion. This defect poses a significant
risk to structural integrity and can lead to premature failure, but is hard to detect using existing
nondestructive testing methods. Therefore, there is a need for an effective technique that can detect
weak adhesion in single-lap joints (SLJ) to prevent failure and assist in maintenance, namely in the
framework of structural health monitoring. This paper presents a novel approach utilizing machine
learning and Lamb Waves (LW) to determine the level of weak adhesion. Firstly, a numerical model
of SLJs with different levels of weak adhesion is created and an original approach is proposed for its
validation with data from real samples so that reliable LW data can further be easily generated to
train and test any other data-driven algorithm for tackling damage. Secondly, a damage detection
method is proposed, based on artificial neural networks and fed with simulated data, to determine
the level of damage in SLJs, independent of their location. The results show that the simulation model
can be validated with a small set of experimental data, being capable of replicating real damage in
SLJs. Additionally, the use of simulated data in the training algorithm can increase the accuracy of
the simulation model up to 26% when compared to only considering experimental data. The adopted
artificial neural network for detecting weak adhesion emerges as a promising approach, yielding a
precision of over 95%. Thus, machine learning and LW data can be used to improve the reliability and
accuracy of adhesive bonding quality control, as well function as a technique for structural health
monitoring, which can enhance the safety and durability of bonded structures.

Keywords: artificial intelligence; adhesive joint; machine learning; lamb wave

1. Introduction

In the last few years, the utilization of adhesive joints has seen an increase in various
industries. This is attributed to their ability to connect different materials while providing
uniform stress distributions around the joining areas, as well as to create structures that are
lighter than those obtained with traditional joining methods [1–3]. Examples of industries
that have benefited from the use of adhesives are the automotive manufacturing industry,
with adhesive bonds in body panels, interior components, and even in joining chassis parts,
allowing for cars to be built in fewer parts and thus making them lighter and cheaper [1],
and the healthcare industry, with delicate applications for securing catheters to human
skin, or even for attaching orthopedics to bones [4]. Other industries that can be mentioned
are the renewable energy sector, with the fabrication of efficient and easier-to-install solar
panels, the marine industry, with the fabrication of lightweight hulls and deck components,
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and the packaging industry, where adhesive tapes have been heavily relied upon to secure
and protect packages [5–7].

The single lap joint (SLJ) is one of the most used types of adhesive assembles, with ap-
plications in different industries, ranging from the automotive to the aeronautical sectors [8].
However, the use of adhesive structural joints in cutting-edge industries has been restricted
due to the high certification and inspection requirements posed by industry standards,
as is the case for the Federal Aviation Regulations (FAR) Section 23.573(5)-(iii) [9]. Indeed,
these standards demand reliable and robust non-destructive testing methods (NDT) to
detect damage in joined parts, but existing testing methods for adhesive joints have great
limitations and are inadequate in detecting some types of damage [9,10].

One of the primary types of damage that affects adhesive joints, for which there
is a lack of suitable NDT methods, is weak adhesion. This defect is present when the
maximum adhesive strength of the joint decreases more than 20% without showing any
noticeable voids, cracks, or other visible changes. Usually, this happens when, during the
manufacturing process, there is contamination between the adhesive and the substrates,
which is often caused by oils, dust, or a poorly prepared surface that does not allow the
adhesive to adhere properly [11].

To detect weak adhesion, several methods have been proposed, one of the most
promising being based on the use of Lamb wave (LWs) data. LWs are a kind of guided
wave that have the ability to travel over long distances and to sensitively interact with
structural defects, meaning that their characteristic parameters change in the presence
of defects, even in parts with complex geometries, making them a powerful tool in the
realm of NDT [8]. The major drawback to their application is the complexity of the signals
produced, which poses challenges to correlating LW with damage. To counter this problem,
the implementation of robust methods, such as those based on machine learning, is needed.

While traditional signal-processing approaches may struggle when dealing with low
signal-to-noise ratios or sparse data acquisition points, machine learning algorithms can
effectively process complex information and still yield valuable insights. As more data are
collected from different structures and inspection scenarios, the algorithms can continually
refine their understanding of complex LW data, enabling them to better discriminate
between normal wave patterns and those associated with defects.

When using machine learning, large datasets are often needed to train and test the al-
gorithms. Creating large datasets experimentally is costly or even impracticable. Therefore,
developing reliable numerical models of the SLJs, validated with experimental data from
real parts, can reduce the overall burden [12]. An added benefit is that any large volumes
of data can be obtained to develop machine learning algorithms.

In recent years there have been a few attempts to develop weak adhesion detection
in SLJ. Initial studies were conducted with simulated data to determine features and find
the best visualization methods to detect this form of damage in Loreiro et al. [13]. Further
studies were conducted with simulated data and limited experimental validation such as in
Ramalho et al. [14], where machine learning was used together with LWs to detect damage
using a limited number of classes, but no direct correlation to experimental data was used
to increase accuracy nor was the damage limited to a small area of the SLJ and intensity
found independent of its position.

This paper proposes a new framework for the detection and classification of weak
adhesion within SLJs through a fusion of LW data and machine learning techniques.
The main contributions are as follows:

• A finite element method (FEM)-based model of SLJs for properly modeling weak
adhesion is developed.

• An approach to validate the numerical model of SLJs subjected to weak adhesion
using a small set of experimental data and machine learning algorithms is derived.

• A machine learning algorithm for classifying weak adhesion based on simulated LWs
data and neural networks is proposed, exhibiting remarkable potential in precisely
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predicting the extent of weak adhesion, and being robust even when the defect’s
location within the joint is altered.

This paper is divided into sections. In Section 2, a numerical method is developed,
able to generate LW data characterizing SLJs with different levels of weak adhesion. The nu-
merical model is tuned and validated by comparing, via machine learning, the LW signals
with those obtained from a real experimental setup. The validated model, being reliable,
constitutes the basis upon which further algorithms are trained and tested for weak adhe-
sion classification. In Section 3, large volumes of model-simulated data for multiple cases
of weak adhesion are generated, and a suitable machine learning algorithm is developed,
which is robust enough to detect the level of weak adhesion independent of where it is
located within the SLJs. The results are reviewed and discussed. Finally, in Section 4, the
main conclusions are drawn.

2. Numerical Model Development and Experimental Validation

In this section, a numerical model for generating LW data from SLJs subjected to
weak adhesion is developed. The model is validated, using machine learning techniques,
by comparing the simulation results with those from experimental tests with real SLJs. A
diagram of the approach can be seen in Figure 1. The experimental part is shown on the
left-hand side, comprising SLJ fabrication, with distinct levels of weak adhesion, and LWs
and strain–stress data acquisition. These data are correlated to correctly match LWs to
levels of weak adhesion. The FEM simulation model of the SLJs is represented on the
right-hand side of the diagram. At the bottom of the chart, a machine learning algorithm is
used, which takes numerical and experimental data and validates the FEM model.

Figure 1. Diagram of the proposed approach for FEM model development and validation.
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2.1. Experimental Setup

The experimental setup is divided into two stages. For SLJs manufactured with distinct
levels of weak adhesion, the first stage consists of exciting the samples and capturing the
relevant LWs. The second stage involves subjecting the SLJs to tensile tests in order to
determine their corresponding stress–strain curves.

2.1.1. Creating Weak Adhesion

Before any experimental tests, samples were produced with multiple levels of weak
adhesion. This was done by initially cutting aluminum 6061 bars into 120 × 25 × 2 mm
parts to have the upper and lower substrates of the SLJs. Each part was then drilled with
a 6 mm hole at 10 mm from one of its ends to allow it to be held at the tension testing
machine, as will be described in the follow-up. The other end of each substrate, where the
adhesive would go, was sand blasted to maximize adhesive interaction. Next, the parts
were geometrically finalized and thoroughly cleaned with acetone to remove any particles
that could alter the adhesive bonding results. After adhesive curing, piezoelectric elements
were bonded on the substrates to allow LW excitation and measurement. In Figure 2, a
diagram of a final part can be seen, along with the overall measurements and the Cartesian
coordinates that are used during simulation. The piezoelectric elements’ dimensions and
their placement are also represented.

Figure 2. Representation and dimensions of a SLJ along with the Cartesian axis description that is
used during simulations.

To create multiple levels of weak adhesion, various quantities of release agent Loctite
770-NC Frekote were used. For the study at hand, four overall levels were created, compris-
ing a total of 11 SLJs. The first level corresponded to full adhesion, with no release agent
applied, and two samples were manufactured. The second and third levels, with three
SLJs each, corresponded to intermediary levels of weak adhesion, where the parts were
subjected to one layer of release agent and one layer of a mixture of 50% release agent plus
50% acetone, respectively. Finally, the fourth level, with three samples, was a severe weak
adhesion case, where the SLJs were subjected to two layers of release agent. After the parts
had the necessary quantity of release agent applied, they were placed in a dimensional jig
and received the adhesive Plexus MA 560-1 [15] in order to create the SLJs.

It is worth emphasizing that, although the SLJs were manufactured based on con-
trolling the quantity of release agent applied, fabrication issues may affect the production
and the obtention of the desired four levels of weak adhesion. Therefore, further testing is
necessary to determine the real level of weak adhesion, as will be described in the follow-up.

2.1.2. Experimental Testing

As previously described, there were two stages in the experimental setup, with the
first being used to determine the effect of weak adhesion on LW parameters, and the second
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one to determine the real level of weak adhesion affecting the manufactured SLJs, so that a
direct relationship between values is possible.

Regarding the first stage, each individual part was instrumented with two piezoelectric
elements PIC 255 piezoceramic (PRYY + 1119 model), with one serving as sensor and the
other working as an actuator, as illustrated in Figure 2. These piezoelectric elements were
chosen due to their light weight, low cost, and versatility to serve as either actuators or
sensor. This versatility will also allow for further tests to be conducted and will allow
for having an array of sensors to analyze large areas. A five-cycle Hanning-windowed
sinusoidal burst centered at a frequency of 100 kHz [16–19] was applied to the actuator
by a signal generator AIM & Thurbly Thander Instruments, model TGF4042. This type of
excitation signal keeps LW dispersion and attenuation at a minimum, while still maximizing
sensitivity. The sensor was connected to a digital oscilloscope Tektronix, model TBS1000C,
which samples and memorizes the signals. To facilitate input and output synchronization,
the Hanning window signal applied to the actuator was also collected by the oscilloscope.
In Figure 3 the data acquisition setup can be seen.

Figure 3. Data acquisition setup of one SLJ, with actuator and sensor connected to a signal generator
and an oscilloscope, respectively.

After all LW data were acquired from the SLJs, in a second stage, the sensors and
actuators were removed and the samples were subjected to tensile tests. Each part was
carefully placed on an Instron 3367 machine and stressed until rupture.

It is important to analyze the stress–strain curves obtained, as adhesives are inherently
complex, and even when fully cured in the correct manner, variations in Young modulus
over 275 Mpa can be verified [15]. This uncertainty may be higher when dealing with
artificially created SLJs with weak adhesion and might cause difficulties when trying to
simulate vibration data.

In Figure 4, the load-displacement curves of all SLJs are depicted. As expected,
four groups with distinct levels of maximum load can be identified. The group produced
with two layers of release agent reveals the smallest ultimate stress, while the cases without
release agent correspond to the largest loads. Therefore, the method adopted for the
fabrication of SLJs based on the application of a release agent to create distinct levels of
weak adhesion is quite reliable. It is also interesting to observe that the two cases without
the release agent presented a larger plastic deformation, which may be caused by the
adhesive material deforming under loads, instead of a clean break of the adhesive on the
contact surface of the substrate, as seen for the other cases. When analyzing the samples,
there is a stark contrast between the adhesive of the samples that reinforces this theory.
In Figure 5, it is possible to observe the difference between the sample that had plastic
deformation and the sample where the limit layer of the adhesive failed.

With the maximum loads determined, all samples can now be referenced to these
values, and a linear percentile analysis of Young’s modulus is used to compare simulated
and experimental data. It is important to note that Young’s modulus is being used as it is a
variable that can be calculated by the tensile test and is the main variable that is altered to
determine the desired level of weak adhesion present in the simulation.
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Figure 4. Load-displacement curves for all 11 experimental SLJs. Each case represents a sample
fabricated with a different level of weak adhesion, adding up to four different fabrication groups.

Figure 5. Comparison between a sample that had no plastic deformation (left) and one that had
intense plastic deformation (right).

When LW data from all 11 SLJs are analyzed and compared, it is possible to verify that
no clear patterns emerge. This is more evident when analyzing two tests that have almost
exactly the same maximum tensile strength but possess completely different vibrational
patterns, as can be seen in Figure 6. This means that directly correlating LWs with specific
levels of weak adhesion is unfeasible. Thus, it is preferable to have the machine learning
algorithm compare the acquired data directly than to forcefully try to distill any type of
results from these signals.

As can be seen, the process of obtaining experimental data from SLJ is very labor-
intensive and complex, which results in a very high overall cost to create a large number of
cases. In any real-world cases, this could not be reliably used. Therefore, these collected
data will be used in conjunction with simulated data to validate the simulated methodology.
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Figure 6. The LW of two samples 6678 N and 6680 N, obtained during the tensile test, shows that
even very similar tensile strengths generate completely different signals.

2.2. Numerical Model

A FEM model of SLJ was developed and simulated using the software Abaqus (Das-
sault Systemes, Vélizy-Villacoublay, France). To create the simulation model, the values of
most parameters were chosen based on the existing literature. The mesh size of 1.5 mm was
selected, as this is the largest allowable value still below half the LW wavelength, as sug-
gested by the works of Jeenjitkaew et al. [11]. Along the thickness of the substrates, another
approach was taken, with the mesh size being governed by the number of layers rather
than by the overall size of each element. The value chosen was four layers in each part
thickness in order to have enough elements on the thickness to allow the wave to transverse
it while still maintaining a reasonable simulation time, which on average corresponded to
1 h per case. A dynamic explicit simulation was chosen due to the temporal flow intrinsic
to the problem at hand, while the element type chosen was C3D8R.

2.2.1. Lamb Waves Simulation

To simulate LWs, it was first necessary to observe how the vibrations are induced on
the real SLJs. In this work, piezoelectric actuators were used. Thus, the overall excitation
occurs on the surface of the substrate, radially from the actuator. To approximate this
behavior, the forces were discretized and placed on the edges of the actuator, represented
in yellow in Figure 7. Through empirical testing, it was seen that this discretization was
enough to mimic experimental tests and, thus, was deemed accepted.

Figure 7. Illustration of a piezoelectric sensor with the forces being discretized at the tips of the
square that encompasses the sensor.

The LWs were generated with Hanning window pulse forces with the same character-
istics as in the experiment setup. There are multiple ways of creating and representing these
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waves in Abaqus, the one chosen in this work was to create a Python script that would
apply a variable deformation on the surface of the part simulating the sinusoidal pattern
of the Hanning window. Furthermore, the simulation program Abaqus discretizes the
vibrations received into the three primary Cartesian components, U1, U2, and U3, as shown
in Figure 2. This will be further analyzed in Section 2.3.2 to determine what component or
combination of components is most suited and similar to the real signal.

2.2.2. Weak Adhesion Simulation

To simulate weak adhesion, it was first necessary to divide the simulated adhesive into
three parts, as represented in Figure 8. The outside edges were considered a layer of weak
adhesion with an overall thickness of 0.001 mm, while the center of the adhesive, with the
remaining height, was considered not to have been subjected to any physical alterations
and thus had the total mechanical properties of the material.

Figure 8. Representation of the three-layer approach to simulating weak adhesion.

In regards to the materials’ properties, the overall value of stiffness of the weak adhesion
layer was lowered by reducing its Young’s modulus, as suggested in [20,21] and reinforced
in [22], where it is possible to see the initial validation of the weak adhesion simulation.

Utilizing the previously described techniques, a total of 72 unique cases were gener-
ated, each one with a different level of weak adhesion varying from 100 to 700 MPa. These
simulations presented time-series that had an overall close visual aspect to the experimen-
tal ones, but no conclusions or validation could be made based only on this due to the
discrepancies of data previously commented on and seen in Figure 6.

2.3. Numerical Model Validation
2.3.1. Data Processing

Before any analysis of the experimental and simulated data, the collected LW time-
series were subjected to interpolation with a step size of 10−7, so that their overall size and
start and finishing points were the same. Then, all data were normalized in amplitude
to the interval [−1, 1]. Furthermore, due to the small size of the experimental dataset, it
was necessary to do a cross-validation where each of the 11 experimental time-series was
used as a validation set. To do this, the 11 experimental time-series were divided into three
categories, with one case being used as a validation set, two used for testing, and the other
eight used for training. Once the validation dataset was classified, a new validation dataset
was chosen, and this was repeated until all 11 were chosen. This was done so that the
results were not subjected to any bias that could arise from the low number of experimental
cases and possible inconsistencies of the experimental setup.
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As stated previously, during the simulations, a total of 72 were created, thus there was
a large discrepancy between the 11 experimental datasets we had and the 72 that came
from the simulation. Therefore it was necessary to implement a data augmentation method
to increase the number of experimental points. The chosen method was the application
of a Gaussian white noise filter that was 5% of the average size of the overall signal. This
allows for multiple cases that directly correlate to an experimental setup where multiple
data acquisitions are taken of the same sample and the only difference is the noise caused
by small environmental variations. After all data were treated and augmented, it was
combined and normalized in order to have the same dimensionality.

2.3.2. Machine Learning

The objective of this machine learning algorithm is to analyze the correlation between
the experimental and simulated data and determine if the simulations can be used as
stand-ins for experimental tests and what are their limitations.

With all the data correctly organized and divided, the machine learning method of
choice was a Feed Forward Neural Network (FFNN) due to its simplicity and ease of use.
It was also chosen due to its suitability as a regression model, thus the damage can be
detected more precisely without the need for classes. The chosen batch size was 16 and the
number of data points/input data used was 500 from the total 1700 obtained during the
interpolation process of the time-series previously acquired. On the other hand, the output
data used were, for the simulated data, Young’s modulus of the damaged area, and for the
experimental, an approximation of Young’s modulus obtained from the tensile test was
used. This small number of 500 points out of 1700 from the time-series was used as they
possessed a portion of the initial vibration without a large influence of the reflections. This
shows that the simulation is lacking in the reflections when compared to the experimental
cases and thus there is a fine-tuning between too few data points and where the reflections
start to heavily influence the data. The mean absolute error (MAE) was chosen both as a
loss function and as an evaluation metric, while for the optimization the ADAM method
was used. Finally, a total of 100 epochs was selected as previous analysis showed that there
was no need for more iterations and the overall training times were in the accepted range.

The overall structure of the FFNN can be seen in Figure 9, with a total of five layers,
one input, three hidden, and one output layer. The input consisted of the 500 data points of
one signal and the subsequent layers had several nodes that were tested empirically until
the best results were achieved.

Figure 9. Overall structure of the chosen FFNN with five layers, each one with a different kernel size.



Appl. Sci. 2023, 13, 10877 10 of 17

The first test conducted was to determine what signal direction from the simulation
should be used. To do this, five tests for each direction were conducted, whose results are
listed in Table 1.

Table 1. Average error for each validation case for the three Cartesian Axes plus two others that
represent an average of the results in order to represent other intermediate directions. All data are
represented in MPa.

U1 U2 U3 U1 + U2 U1 + U2 + U3

Case 1671 N 464.5 227.1 406.4 406.2 461.8

Case 1902 N 169.8 166.2 166.5 169.0 161.4

Case 2465 N 147.7 161.2 130.7 159.4 130.1

Case 2587 N 137.0 173.4 144.7 163.2 195.7

Case 3192 N 225.3 199.7 163.6 194.4 156.1

Case 4562 N 205.9 221.8 140.1 201.3 197.9

Case 5291 N 327.6 286.0 332.8 280.4 279.6

Case 5670 N 250.2 308.3 299.5 245.0 246.6

Case 6678 N 415.1 331.9 349.7 413.7 415.7

Case 6680 N 347.4 303.1 317.6 379.2 324.9

Case 7301 N 224.3 267.5 439.4 325.5 220.8

Average 265.0 240.6 262.8 267.0 253.7

The average of the five combinations of directions was taken for each case. Finally,
the average of these results was obtained. It is possible to see that the direction U2
has the lowest average value, with a total of 240 MPa of average error. Finally, when
analyzing the complete dataset obtained from the five cases, U2 was the only case where
there was no complete error case and where the algorithm obtained the wrong result by
at least the maximum analysis range. The use of U2 also makes sense when analyzing the
simulated specimen, as U2 is the direction in which the sensor is from the actuator, thus
it is the shortest path and has fewer cases of reflections when compared with the other
Cartesian directions.

With the chosen vibrational direction, it is possible to determine the influence of
the simulated data when combined with the experimental. This was done following the
previous test but instead of the vibrational direction, the number of experimental cases was
altered in comparison to the simulated. For each case, a total of five tests were conducted
and the average can be seen in Table 2.

In Table 2, the previously mentioned results can be seen and it is possible to conclude
two things:

• A few experimental cases constantly have bad results. This is probably because the
tests had some form of inconsistency during the experimental setup and thus can be
considered faulty.

• The average values are always lower when simulated values are used, showing their
reliability as a form of simple data augmentation.

• The validation cases cannot be correctly determined when testing and training are
done only with simulated values, showing that there is still a need for a few experi-
mental cases to create a correlation between the experimental and simulated data.
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It is also important to note that the experimental cases shown in this validation had a
very narrow shape and thus were subjected to many reflections, this shows the robustness
of the method as it was capable of detecting damage and even detecting a few of the
samples to extremely close values. This test demonstrates that the use of experimental
and simulated data in conjunction allows for the correct identification of damage and thus
validates the use of the simulated parameters.

Table 2. Multiple tests conducted with different levels of simulated data and noise with the chosen
Cartesian direction. All values are represented in MPa.

77 Exp, 15% Noise 22 Exp, 15% Noise 22 Exp, 5% Noise 49 Exp, 5% Noise
Simu + Exp Exp Sim + Exp Exp Sim + Exp Exp Sim + Exp Exp

Case 1671 N 288.5 465.2 470.0 462.8 415.6 450.9 470.3 468.5

Case 1902 N 205.4 144.3 235.2 288.7 272.9 306.8 228.6 169.9

Case 2465 N 42.3 134.2 94.3 256.3 100.4 259.0 82.0 140.7

Case 2587 N 215.2 154.7 177.6 288.9 214.5 276.5 224.7 200.4

Case 3192 N 24.9 146.6 134.7 283.9 76.6 266.2 136.7 241.1

Case 4562 N 197.7 211.8 176.2 31.3 209.7 127.5 185.0 141.1

Case 5291 N 350.8 161.0 299.5 187.1 279.3 195.9 232.1 162.6

Case 5670 N 253.8 253.1 163.3 99.1 65.0 292.5 163.1 247.9

Case 6678 N 427.0 420.2 321.3 188.9 312.7 184.3 373.9 427.9

Case 6680 N 195.4 417.3 203.0 188.5 181.8 284.6 185.2 355.8

Case 7301 N 313.6 328.4 500.2 326.1 163.0 333.2 355.9 357.9

Average 228.6 257.9 252.3 236.5 208.3 270.7 239.8 264.9

3. Weak Adhesion Detection and Classification

With the simulation model validated, the necessary volumes of data for training and
testing machine learning algorithms can be reliably generated, and weak adhesion detection
can be performed without the need for experimental data.

In this section, the basic parameters for the simulations are maintained as previously
performed, as well as the methods to simulate LWs and to create weak adhesion, while only
the size of the samples and the positioning of the sensors/actuators were changed. Larger
parts have fewer LW reflections captured by the sensors, which had already been seen as
detrimental. Furthermore, weak adhesion detection is conducted in SLJs considering a
wide enough damaged areas to have damage detection independent of position.

3.1. Simulation Data

The experimental setup is composed of two substrates with dimensions 120 × 350 × 2 mm
and the same adhesive structure previously described in Section 2.2. There is also one
actuator located on the top substrate at a distance of 50 mm from the edge. On the lower
substrate, there are five sensors equally positioned, as can be seen in Figure 10.

As the objective is to detect damage without any dependence on its location, the dam-
aged section with a width of 25 mm was moved in increments of 1 mm in the adhesive
area, always keeping a minimum distance of 50 mm from the edges to reduce the effect of
the reflections on the acquired data. In Figure 11, it is possible to see the overall size, limits,
and positioning of the weak adhesion region.
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Figure 10. Simulated parts dimensions and positioning of the actuator and sensor components.

Figure 11. Simulated parts showing the region of weak adhesion.

3.2. Machine Learning Application

As a simple FFNN has been shown to detect damage without any significant problems,
it will also be used to detect the damage in this case. The overall structure of the FNNN
has only been slightly altered to six layers after a few empirical tests were conducted to
maximize the results obtained and the final configuration can be seen in Figure 12.

To iterate on the used parameters and data, a total of 1255 cases were used, divided
into 225 different positions for five different levels of damage ranging from 100 to 500 MPa.
Each case had five sensors receiving the signal from one actuator and all these data were
combined into one continuous time-series. Therefore, the input used was a time-series
composed of a total of 2500 data points, concatenated from 500 points from each of the
five sensors. For the machine learning algorithm, 500 epochs were chosen to better guaran-
tee conversion, with a batch size of 64, and the maximum absolute error (MAE) was used
for both loss function and metrics.
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Figure 12. Graphic representation of a FFNN used in the final study with six dense layers.

4. Results and Discussion

From the machine learning setup, it was possible to accomplish the required simu-
lations and in Figure 13 it is possible to see the loss function for both the training and
validation cycles. In this figure, there is a gradual decrease in loss from both cases, with
the training loss always lower than the validation. It is possible to see that, after around
500 epochs, there is a stabilization of the value of the validation loss, followed by an in-
crease at around 800 epochs. For the training loss, there is a slow decrease after 500 epochs,
thus showing signs of overfitting. The option for 1500 epochs was for allowing to visualize
the behavior of the loss curve and have the guarantee of its convergence.

Figure 13. Plot of the loss function for both the training and the validation sets per epoch.

In Figure 14, the predicted values obtained from the validation dataset were compared
to the original values and the error was plotted from smallest to largest. In the figure,
the difference between them is plotted, showing that there are more cases with less than
50 MPa of error, with a few cases above 150 MPa of error. These values by themselves
do not hold a large significance but, when compared with the values of Young’s modules
from weak adhesion, it is possible to see that most of the error represents, on average,
less than 5% of the damage. This means that this method can detect the level of damage
with a 95% accuracy without needing to know where the damage is located. Furthermore,
the figure shows that only a few occurrences have an error over 25%, which may be
acceptable. However, due to the possible future practical applications of this method, it is
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important to better understand when these errors occur, to allow for further investigation
and increase robustness.

Figure 14. Plot of the number of cases in each error class showing that most errors are below 50 MPa.

To analyze the data even further, the cases were separated between their real value,
and in Figure 15 it is possible to see how the error is spread out for each case. It can be seen
that the case with the most and largest errors is when the weak adhesion has a Young’s
modulus of 100 MPa, while all other cases present few errors with a value over 100 MPa.
This shows that there is a more pronounced difference between the simulations in the lower
range tested and thus, to create a more robust method, a minimum threshold should be
adopted, where any values lower than 200 MPa are indicative of damage and no further
evaluation should be taken.

Figure 15. Comparison between the error for each real value of damage.

Following the previous analysis, the data were divided into not only the error but also
the overall position of the error for each different case of real value. This division can be
seen in Figure 16, where each of the circles corresponds to a different level of real value
and the overall dimension of the circles represents the size of the error. In this Figure, it is
possible to see that the larger errors occur on the edges of the panels where there is less
information being captured by the sensors and the information that does get captured can
be subjected to reflections on the walls. This shows not only where the errors are occurring
but also reinforces that the previous study of comparing the simulated and experimental
data was done in sub-optimal conditions and still generated significant positive results.
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Figure 16. Comparison between the error for each real value of damage in their x coordinate location.
The size of the circles represents the dimension of the error.

5. Conclusions

This paper delves into a comprehensive investigation of weak adhesion detection
within SLJ through a fusion of LW simulations and advanced machine learning techniques.

Adhesive joints have gained considerable popularity in diverse industries, yet weak
adhesion remains a formidable challenge due to its difficult detection before triggering
premature structural failure. The utilization of Law, acknowledged for its sensitivity to
these types of defects, coupled with machine learning algorithms, presents a novel and
promising avenue for addressing this critical issue.

The study methodology encompasses the generation of validated simulated weak
adhesion scenarios, closely aligned with experimental ones. Leveraging the intrinsic
capabilities of LWs, combined with the sophisticated capabilities of machine learning,
enables accurate determination of weak adhesion damage levels. The simulations are
compared with realistic cases, leading to LW signals that are subsequently harnessed by
machine learning models for robust damage quantification with an over 26% increase
in capacity. The validation process serves to underscore the efficacy of amalgamating
simulated data with a more limited experimental dataset to train the machine learning
models, as these augmentations of the experimental dataset result in tangible improvements
in terms of detection accuracy. It also allows for further studies to be conducted only with
simulated data. The proposed machine learning framework, manifested as a FFNN, exhibits
remarkable potential in precisely predicting the extent of weak adhesion damage, holding
true even when the defect’s location within the joint is altered, with an overall damage
quantification of 95%.

In essence, this study advances the notion that the integration of LW simulations and
machine learning techniques offers a pioneering solution that enhances both the precision
and dependability of weak adhesion defect detection in adhesive joints. The resultant
synergy between these two methodologies holds the key to elevating the quality control
of adhesive bonding processes, providing an unparalleled degree of accuracy in damage
assessment. This promising approach not only bolsters quality control but also offers the
prospect of serving as a potent structural health monitoring tool, thereby fortifying the
integrity and longevity of adhesive joint applications across an array of industries.

Using the methods outlined in this paper along with more simulations will allow to
determine not only the intensity of the damage but also its location, shape, and dimension.
It can also be used to determine whether the damage is a void, weak adhesion, adhesive
cracks, or any other type of damage. Furthermore, there is a large area of practical research
where the effects of temperature, humidity, and noise need to be studied and determined.
Finally, in order to widen the scope and practicality of this study, it should include highly
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flexible adhesives, as is the case of silicone, and those with a broad band of characteristics,
such as epoxies.
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Abstract

Adhesive joints are widely used in various industries due to their low weight and
good mechanical performance. However, they are affected by defects and damage
along their life cycle, with weak adhesion being the most significant issue affecting
structural integrity. Currently, weak adhesion can only be effectively detected by
destructive testing techniques, posing a serious obstacle to the widespread use
of adhesives in the manufacture of primary structures, which are crucial in key
industries such as aerospace and automotive sectors. In this paper, we propose a
nondestructive testing technique for detecting, evaluating intensity and locating
weak adhesion in single lap joints (SLJs). The method utilizes Lamb waves (LWs)
data in a machine learning pipeline. First, we generate a large dataset of simulated
LW time-series for SLJs with varying levels of weak adhesion, damage locations
and sizes. After pre-processing to remove outliers and discrepancies, these raw
time-series are fed into a pipeline consisting of convolutional neural networks
(CNNs), trained and tested with synthetic data to characterize damage. Finally,
the weights and biases from the CNNs are saved for use in a transfer learning
algorithm, which is fine-tuned with a small amount of experimental data. The
algorithm is then applied to detect the presence of damage and to assess its
intensity.
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The results demonstrate that the pipeline can not only detect damage in simu-
lated data with over 95.3% accuracy but also identify about 100% of damaged
cases in experimental data. Regarding the weak adhesion intensity, the algo-
rithm achieves an average loss of 45 MPa for the experimental validation dataset,
with average error of 140 MPa and best cases of only 3.6 MPa. As for the weak
adhesion localization, the algorithm exhibited an average loss of 8 mm in the val-
idation synthetic dataset. Importantly, the methodology remains flexible enough
to tackle damage characteristics beyond existence, intensity and localization,
without requiring major alterations. Therefore, this approach holds significant
potential for enhancing the safety and durability of bonded structures through
structural health monitoring.

Keywords: Adhesive joint; Weak adhesion; Lamb wave; Convolutional neural
network; Transfer learning.

1 Introduction

Over recent years, there has been a rise in the use of adhesive joints across diverse
industries. This increase is due to the capability of adhesives to join different materi-
als, ensure uniform stress distribution, and allow structures that are lighter than those
created using conventional jointing methods (Chen et al, 2011; da Silva et al, 2018;
Borges et al, 2023). Among the different types of joints, the single lap joint (SLJ)
stands out as one of the most frequently employed, finding application in industries,
namely the vehicle sector (Ramalho et al, 2021). However, the utilization of adhesive
joints in certain industries, such as aeronautics, still faces limitations due to strict
inspection and certification requirements imposed by industry standards, such as the
Federal Aviation Regulations (FAR) Section 23.573(5)-(iii) (Archives and Adminis-
tration, 2014). One of the main requirements is the need for reliable non-destructive
testing methods (NDTs) to identify damage. Unfortunately, existing NDT methods
for adhesive joints exhibit constraints and are inadequate for detecting certain types
of damage (Ramalho et al, 2021; Guyott et al, 1986; Heilmann and Hoffmann, 2023;
Akaike and Akiyama, 2023), namely weak adhesion (a.k.a. kissing bond or zero volume
void).

Weak adhesion corresponds to a reduction in maximum adhesive strength by at
least 20%, without the joint displaying any noticeable voids, cracks, or any other
observable evidences. This typically occurs when contamination (e.g., with oils or dust)
or inadequate surface preparation interfere with the proper adhesion of the adhesive
to the substrates (Jeenjitkaew and Guild, 2017). Various NDT methods have been
proposed to detect weak adhesion, with the most promising being based on Lamb
waves (LWs).

LWs are guided waves that propagate through a solid medium, having both a pres-
sure and shear propagation modes. When encountering boundary conditions within the
medium, they undergo reflection, giving rise to intricate patterns. One of the advan-
tages of LWs is their capability to traverse long distances without much attenuation,
even in complex geometries. They are very sensitive to incipient damage, making them
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suitable as an NDT method (Ramalho et al, 2022; Giurgiutiu and Cuc, 2005; Dod-
son and Inman, 2013). However, a major drawback lies in the complex signals they
produce, and relating their patterns with damage signatures is challenging. To fully
explore the potential of LW as an NDT method, the implementation of robust data
processing algorithms becomes imperative (Ramalho et al, 2021; Tenreiro et al, 2022).

There are two primary approaches to relate LW data with damage: statistical
methods and machine learning methods. Statistical-based methods rely on identifying
discrepancies, either in time or frequency domains, between baseline signals and actual
data. There are subtle variations in the used algorithms, which are broadly categorized
into two groups: (i) time of flight diffraction (TOFD) (Capinha, 2007; Hay et al, 2006);
and (ii) signal difference coefficient (SDC) (Tabatabaeipour et al, 2014). In the study
by Hay et al (2006), LWs generated and detected with transducers integrated into an
aircraft structure were used in a statistical method to assess material loss in aircraft
components. Similarly, Tabatabaeipour et al (2014) utilized a statistical method to
identify damage in composite structures, achieving varying degrees of success.

Various studies have explored the application of machine learning methods in
detecting defects, including some involving LWs data, but not specifically dealing
with adhesive joints. One such study was conducted by Sbarufatti et al (2014), where
machine learning techniques were employed to diagnose damage in a specimen using
an LW sensing network. Similarly, Su et al (2019) utilized LWs in combination with
convolutional neural networks (CNNs) to quantify and localize damage. Additionally,
Khan et al (2019) investigated the use of deep learning (DL) (Kovilpillai and Jayan-
thy, 2023) to predict and identify delaminations in composite parts. Ramalho et al
(2023) addressed weak adhesion using simulated data from an experimentally vali-
dated model and characterized SLJs’ damage in terms of the Young’s modulus of the
adhesive at its interface with the substrates. The machine learning-based approaches
parallel the methodologies observed in statistical methods. Unlike more standard
signal-processing approaches, which reveal difficulties with low signal-to-noise ratios or
sparse data, machine learning models can effectively process information and extract
valuable insights. As more data is gathered from diverse structures and conditions, the
algorithms continually enhance their knowledge of complex LWs data, enabling them
to better distinguish between normal wave patterns and those related to damage.

In this paper, a novel NDT technique is proposed to characterize weak adhesion
in SLJs. The method utilizes LWs data in a machine learning pipeline. First, a large
synthetic dataset for SLJs with varying levels of weak adhesion, damage locations,
and sizes is generated. Then, the dataset undergoes pre-processing to remove outliers
and discrepancies before being fed into a pipeline of CNNs. These CNNs are trained
and tested with the synthetic data for detecting, evaluating the intensity, and locat-
ing damage. Subsequently, the (pre)trained CNNs are utilized in a transfer learning
scheme, thus they are fine-tuned with small amounts of experimental data and then
applied to detect the presence of damage and assess its intensity. Furthermore, the
size of the damage is varied, introducing a new variable and broadening the level of
complexity that the ML algorithm has to handle. The main novelties of the paper
include:
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• Creation of finite element (FE) models able to describe weak adhesion damage, and
LWs generation and propagation in SLJs;

• Development of a machine learning pipeline based on CNNs trained with synthetic
data to detect, evaluate, and locate weak adhesion in simulated SLJs;

• Use of transfer learning to fine-tune the (pre)trained CNNs with experimental data
to detect and evaluate weak adhesion in real SLJs.

The paper is divided into 6 sections. Section 2 presents the FE modeling and
simulation of SLJs. Section 3 details the experimental setup used to acquire SLJs
experimental data. Section 4 presents the machine learning algorithms along with the
methodology developed to characterize weak adhesion damage. Section 5 presents and
discusses the main results. Section 6 summarizes the conclusions.

2 SLJs Modeling and Simulation

FE models of SLJs were implemented and LWs were simulated using the software
package ABAQUS. To generate the synthetic dataset, several important variables’
values were selected based on prior literature (Ramalho et al, 2023), serving as an
initial foundation for all simulated SLJs. A frequency of 100 kHz was adopted for
LWs because it falls below the range where multiple modes occur, yet it remains
sufficiently high to detect damage. The mesh size was set equal to 1.5 mm, which is
the largest value that remains below half the wavelength of the LWs (Jeenjitkaew and
Guild, 2017), except in the direction of the SLJ’s materials thicknesses. In this case,
the mesh size was determined by a fixed number of layers rather than the overall size
of each element. Specifically, 4 layers were selected in each part thickness to ensure
sufficient layers for an apparent wave traversal while still maintaining a reasonable
simulation time, averaging 1 hour per simulated SLJ. A dynamic explicit simulation
was chosen due to the intrinsic temporal flow of the problem at hand, and the element
type selected was C3D8R.

Two types of SLJs were modeled with experimental setups in mind, which will
be briefly explained in Section 3. The first type was used to treat weak adhesion
detection and intensity evaluation. Thus, the SLJs consist of two substrates measuring
120× 25× 2 mm each, along with an adhesive layer of 0.2 mm, as further detailed in
Section 2.2. Positioned on the upper substrate is a single actuator, situated 25 mm
away from the edge. A single sensor is located on the lower substrate. Furthermore,
there are 6 mm holes in the substrates used to experimentally test the SLJs for traction.
These parts are schematically represented in Figure 1.

The second type was used to address damage localization. Thus, the SLJs are wider
than the previous ones, consisting of two substrates measuring 120×350×2 mm each,
also with an adhesive thickness of 0.2 mm. Positioned on the upper substrate is a single
actuator, situated 50 mm away from the edge, while on the lower substrate a total of
five sensors are placed evenly distributed, as depicted in Figure 2. It is important to
note that all other variables, except those stated herein, were maintained as for the
first type of SLJ.
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Fig. 1 Illustration of the dimensions, and actuator and sensor placement, of the first type of SLJ,
used to address weak adhesion detection and intensity evaluation.

Fig. 2 Illustration of the dimensions, and actuator and sensor placement, of the second type of SLJ,
used to address weak adhesion localization.

2.1 Lamb Waves Simulation

In the process of simulating LWs, it was crucial to understand the mechanism through
which vibrations are generated, as this directly influences the direction in which the
LWs propagate. In this study, the vibrations needed to emulate motion generated
by piezoelectric round actuators, which have small radial movements. Consequently,
LWs propagate parallel to the surface of the substrate and emanate in a 360◦ pat-
tern from the edges and on the plane of the simulated actuator. To approximate this
behavior, forces are applied at the edges of a square area representing the location
of the actuator, as illustrated by arrows in Figure 3. Previous empirical testing has
confirmed that this discretization adequately mimics experimental conditions and was
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therefore deemed acceptable. The applied forces vary in time according to a 5-cycle
Hanning-windowed sinusoidal burst centered at 100 kHz (Ramalho et al, 2023).

Fig. 3 Representation of the forces that approximate the behavior of the piezoelectric round actu-
ators used in real SLJs.

When propagating within a thin plate away from boundary conditions, LWs exhibit
two fundamental modes: the symmetric (Sn) and the anti-symmetric (An), which are
relative to the plate’s mid-plane. The displacement vector u is analytically described
by:

µ∇2u+ (λ+ µ)∇(∇ · u) = ρ
∂2u

∂t2
, (1)

where µ and λ denote the Lamé constants, which are material-specific parameters
arising from elastic stress-strain relationships, and ρ represents the material mass
density. Thus, we have:

u = ∇Φ+∇×Ψ, (2)

with Φ and Ψ representing potentials.
As ABAQUS cannot directly generate guided waves as needed, a Python script was

implemented to apply the necessary forces, discretized into a number of points. These
discretized values were then transmitted to ABAQUS and assigned to the desired
Cartesian components, which, in the context of this work, correspond to the plane of
the actuator.

2.2 Weak Adhesion Simulation

To simulate weak adhesion, we partition the adhesive layer into three parts, as illus-
trated in Figure 4. The faces that were in direct contact with the aluminum substrates
were designated as a layer of weak adhesion with a total thickness of 0.001 mm,
while the center of the adhesive, comprising the remaining height of 0.198 mm, was
considered unaffected and retained the material’s original mechanical properties.

Regarding material properties, the stiffness of the weak adhesion layer was reduced
by adjusting its Young’s modulus, in line with previous research (Xu et al, 2022;
Zhuang et al, 2018; Mehrabi et al, 2021; Ramalho et al, 2023).

To generate the synthetic datasets, two approaches were employed depending on
the type of SLJ. For the first type, focused on detecting the presence and assessing the
intensity of weak adhesion, the damaged area’s intensity was incrementally altered in 2
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Fig. 4 Representation of the adhesive 3-layer partition to simulate weak adhesion.

MPa increments, ranging from 100 MPa to 500 MPa, compatible with the experimental
results in Section 3, while maintaining a constant size of 25 mm. For the second
type, focused on damage localization, the damaged area, spanning 25 × 25 mm, was
systematically shifted in 1 mm increments across the substrates overlap area (i.e.,
direction U1), ensuring a minimum distance of 50 mm from the edges of the SLJs to
mitigate LWs reflection effects. Furthermore, to ensure a comprehensive dataset, the
dimensions of the damage width were also varied in increments of 25 mm, ranging
from 25 to 100 mm, resulting in damage sizes of 25 × 25, 50 × 25, 75 × 25, and
100 × 25 mm. By combining all cases, over 14,000 simulations were generated, each
featuring distinct levels of weak adhesion, damage positions, and sizes. It should be
noted that the synthetic dataset can be easily enlarged with the inclusion of further
intricacies into the simulations, establishing a protocol and methodology to enhance
the simulation’s resemblance to real-world scenarios. Figure 5 provides an overview of
the extent, boundaries, and positioning of the region with weak adhesion.

3 Experimental SLJs’ Testing

The experimental dataset was obtained using the first type of SLJ depicted in Figure
1. Piezoelectric elements PIC 255 piezoceramic (PRYY + 1119 model) were used as
sensors and actuators. These elements were selected due to their light weight, low
cost, and versatility. Their versatility will also facilitate conducting further tests and
enable the use of sensor arrays to analyze large SLJ areas. The substrates are made
of aluminum 6061 with holes drilled to allow the parts to be held in a tension testing
machine. The adhesive used was Plexus MA 560-1. Multiple levels of weak adhesion
were created by applying different quantities of release agent Loctite 770-NC Frekote,
resulting in a total of 11 SLJs.

The experimental test was divided into two parts. The first part aimed to capture
the LWs at the sensor. The second part was used to determine the overall maximum
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Fig. 5 Simulated SLJs showing the region of weak adhesion.

load capability of the joint. Consistent with the simulated setup, a five-cycle Hanning-
windowed sinusoidal burst centered at a frequency of 100 kHz was applied to the
actuator by a signal generator AIM & Thurbly Thander Instruments, model TGF4042.
This approach mitigates the dispersion effects of the LWs while maintaining good
sensitivity. To simplify input and output synchronization, the excitation signal was
also collected by a data acquisition system Tektronix, model TBS1000C.

Once all the experimental data were acquired, the sensor and actuator were
removed, and the parts were subjected to a tensile test using an Instron 3367 machine
until rupture occurred. Figure 6 depicts the load-displacement curves of all SLJs, from
which the Young’s modulus can be determined.

Fig. 6 Load-displacement curves for the 11 experimental SLJs. Each case represents a sample
fabricated with a different level of weak adhesion.
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4 Machine Learning Pipeline

This Section presents an overview of the entire pipeline proposed to characterize weak
adhesion in SLJs. It is composed of an initial data acquisition phase from any source,
whether simulated or experimental. These data are pre-processed and prepared for sub-
sequent phases. A specific CNN determines if damage is present in the SLJ. If damage
does not exist, then there is no need for extra processing, and the pipeline stops there.
If damage is detected, then the pipeline triggers additional CNNs to determine dam-
age intensity and damage localization. The CNNs are pre-trained with synthetic data
and fine-tuned and used with experimental data within a transfer learning scheme.
Figure 7 illustrates the suggested full pipeline.

Fig. 7 Representation of the pipeline proposed for locating and evaluating weak adhesion in SLJs.

4.1 Data Pre-processing

The simulations generate LWs with components along the three Cartesian axes U1,
U2, and U3 of the SLJs. The average values between U1 and U2 represent the closest
match to experimental data and are thus utilized for further processing (Ramalho
et al, 2023). All data sequences undergo an initial cleaning process to create a usable
dataset. While this is less critical in simulated data, where the user has more control
of the output, it is important to eliminate any possibilities of corrupt values in order
to establish a robust methodology applicable to experimental data.

Following initial cleaning, the data was re-sampled with a step size of 10−7 s to
ensure uniform time-series and match starting and ending points. The total number
of points in each time-series is fixed balancing the acceptable noise levels generated
by reflections on SLJs’ boundaries and the need for a minimum number of points to
accurately represent the arriving wave at the sensor. For this study, a total of 1,200
points was utilized, based on previous work (Ramalho et al, 2023).

Subsequently, normalization and remapping of the values were applied to all time-
series. This step is crucial as the dimensions of experimental and simulated data can
influence the behavior of the CNNs. Figure 8 illustrates the pre-processing steps.
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When dealing with data from multiple sensors, these data can be organized in dif-
ferent ways. One is to concatenate the sensors’ data and create a new larger time-series.
Another way is to take the average values of all sensors’ time-series, thus keeping the
original time-series dimension. For this paper, the approach was rather to consider that
each sensor’s data corresponds to a damage case. This approach not only assists the
algorithm in learning the characteristics of damage but also makes the methodology
flexible enough to accommodate any number of sensors.

Fig. 8 Representation of the data pre-processing sequence.

Other than the general form of pre-processing described, there was a need for a
specific approach regarding the case of ‘no damage’. The presence of only one instance
of ‘no damage’ introduces data cases imbalance for the machine learning algorithms.
To address this imbalance, multiple instances of ‘no damage’ were ‘artificially’ cre-
ated by adding Gaussian white noise to the signals at varying levels of intensity. The
noise has zero mean and the same standard deviation and size as the original sig-
nal. Subsequently, the noise was re-sized to be 10−2 times smaller than the average
value of the signal. These additional instances were generated following all preced-
ing pre-processing steps and were subsequently incorporated directly into the learning
algorithms.

4.2 Design of the Convolutional Neural Network

With all data correctly organized, the chosen machine learning method was a CNN,
selected for its simplicity, ease of use, and suitability as a regression model. Addition-
ally, this algorithm reduces its overall size at each pooling level, making it more efficient
and faster to calculate than others, which is crucial, particularly if more variables are
incorporated into the simulations or for in-situ real-time applications.

In total, three CNN algorithms were employed to detect, evaluate intensity, and
localize damage, respectively. The first algorithm, besides detecting the presence of
damage, serves as a pre-trained model for further use in a transfer learning scheme,
fine-tuned with experimental data. It utilizes a CNN with 2,800 simulated cases of
SLJs, including both damaged and undamaged instances of the two types described
in Section 2, as input. This input is followed by three hidden layer blocks consisting
of a convolutional layer and a pooling layer, and finally, two hidden layers of fully
connected dense layers with a dropout layer between them. Figure 9 illustrates this
algorithm. The output consists of a dense layer with one output using a RELU acti-
vation function. Binary cross-entropy was selected as the loss function, and accuracy
served as the evaluation metric. A total of 600 epochs were deemed sufficient for com-
prehensive analysis. The batch size for this algorithm was set to 1,028, and the ADAM
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optimization method was employed. A total of 1,200 points originated from the data
interpolation pre-processing were adopted.

Fig. 9 Overall structure of the CNN used to detect damage in simulated data.

The second CNN was designed to evaluate the intensity of weak adhesion. It will
also be used further as a pre-trained model in a transfer learning algorithm. The overall
configuration is depicted in Figure 10, with a total of 14 layers. The input mirrors that
of the previous model, excluding the ‘no damage’ SLJs, as all parts are now considered
‘with damage’. The input is followed by 5 blocks consisting of a convolutional layer
and a pooling layer, a flattening layer, and 2 fully connected layers, with the last one
serving as the output. In this CNN, the output data used to determine the level of
damage intensity is the Young’s modulus of the damaged area, as previously described,
ranging from 100 MPa to 500 MPa.

Hyperparameters for all layers were empirically tested until optimal results were
attained. Mean absolute error (MAE) was employed as both the loss function and
evaluation metric for this algorithm. A total of 600 epochs was selected, as prelimi-
nary analysis indicated that additional iterations were unnecessary and training times
remained within an acceptable range. The batch size for this algorithm was set to 512,
and the ADAM optimization method was utilized. The 1,200 points originated from
the data interpolation pre-processing were used.

Given that this case involves regression, the evaluation metric employed was the
average and overall errors for each case. This approach enables a better understanding
of limitations and their occurrence within each segment.

Fig. 10 Overall structure of the CNN used to evaluate damage intensity in simulated data.

Finally, a CNN was created to determine the damage position in the SLJs of larger
sizes. The overall configuration can be seen in Figure 11. There is a total of 14 layers
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again with 5 blocks composed of a convolutional and pooling layer, followed by a
flattening layer and a final fully connected layer that serves as the output. For this
algorithm the output is the position of the damage along U1 direction and the MAE
is used as both the loss function and the evaluation metric. For the optimizer, ADAM
was also used, and a total of 1,000 epochs was adopted with a batch size of 512 and
a total of 1,200 initial points as inputs. Finally, this case also uses regression with the
same evaluation method as before, adopting the average and case-to-case error values.

Fig. 11 Overall structure of the CNN used for damage localization in simulated data.

4.3 Transfer Learning

Transfer learning involves utilizing a machine learning method wherein a model pre-
viously trained on a specific task is repurposed or adjusted to suit a similar task
(Talaei Khoei et al, 2023). Rather than initiating the learning procedure anew, trans-
fer learning uses the knowledge acquired from addressing one problem and employs it
to tackle another related problem (Yu and Zhang, 2023; Weiss et al, 2016; Pan and
Yang, 2009).

In this study, the CNNs are initially trained on a comprehensive synthetic dataset,
serving as a foundational step. Subsequently, the models undergo fine-tuning using a
smaller dataset comprised of experimental data. This methodology proves particularly
advantageous in the context of the problem at hand, given the relatively low com-
plexity associated with generating a large simulated dataset compared to the practical
implementation of an experimental setup to collect data.

Firstly, transfer learning is used for damage detection, as illustrated in Figure
12. The components within the border line have the same weights and biases of the
pre-trained model, while the rest is reset to be fine-tuned.

In Figure 13, transfer learning scheme utilized for evaluating the intensity of weak
adhesion is illustrated. As in the previous CNN, the components within the border
line have the same weights and biases of the pre-trained model, while the rest is reset
to be fine-tuned.

5 Results and Discussion

In this Section, the results obtained with transfer learning for both weak adhesion
detection and intensity characterization are presented. For damage position classifi-
cation, just results obtained with synthetic data are presented, as no experimental
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Fig. 12 Overall structure of the transfer learning scheme for damage detection. The components
within the border line have the same weights and biases of the pre-trained model, while the rest is
reset to be fine-tuned.

Fig. 13 Overall structure of the transfer learning scheme for evaluating the intensity of weak adhe-
sion. The components within the border line have the same weights and biases of the pre-trained
model, while the rest is reset to be fine-tuned.

data are available for performing transfer learning. Following the presentation of each
result, a discussion on the overall capability of the algorithms is conducted.

5.1 Damage Detection

As mentioned in Subsection 4.3, the initial algorithm aimed to detect damage regard-
less of its characteristics. The proposed pre-trained model successfully identified
damage in the validation synthetic dataset with an accuracy exceeding 95.3%. Figure
14 illustrates the loss function for each epoch. It is evident that there is rapid conver-
gence around the 40th epoch, followed by a further decrease in loss after 500 epochs.
Due to this behavior, the maximum number of epochs was set sufficiently high to
ensure attainment of the global minimum.

Figure 15 illustrates the algorithm’s accuracy convergence for each epoch. The
plot demonstrates a similar pattern to that of the loss function, with a significant
convergence observed around the 40th epoch, followed by another notable conver-
gence around the 500th epoch. Additionally, it is noticeable that approximately every
200 steps, there is a temporary decrease in accuracy and an increase in loss, which
are swiftly reversed. This phenomenon occurs because the algorithm’s optimization
process explores alternative local minima, failing to find satisfactory values and con-
sequently returning to the previous ones. It is through this exploration that the
convergence observed around the 500th epoch is facilitated.

Using simulated and experimental data, the algorithm successfully detected 100%
of the damaged SLJs but encountered challenges in identifying non-damaged cases,
achieving an approximate success rate of around 70%. Although lower than during
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Fig. 14 Loss value for each epoch for the pre-trained damage detection algorithm.

Fig. 15 The accuracy for each epoch for the pre-trained damage detection algorithm.

pre-training, this success rate is highly beneficial for the algorithm, as it reveals that
the algorithm ensures that all instances of true positives are detected and forwarded to
any subsequent stages. An apt analogy for this scenario is akin to assessing whether an
airplane wing is damaged in a real-life situation; the algorithm consistently identifies
damage, and in cases where damage is not detected, further analysis can be conducted
to ensure safety.

These findings are promising, indicating the algorithm’s high accuracy in detecting
damage, thereby allowing for a stopping point at the outset of the pipeline, which
significantly reduces the computational resources required.

5.2 Damage Intensity

In the next phase of the pipeline, a regression CNN is pre-trained on both types of sim-
ulated SLJs to evaluate the intensity of damage. Figure 16 illustrates the loss function
for each epoch, revealing a slower convergence compared to the previous case, with
the loss function converging at an error of approximately 40 MPa. Additionally, there
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appears to be a plateau around 600 epochs for the validation loss, while the train-
ing loss continues to decrease. This indicates a potential tendency towards overfitting,
although it is clear that the algorithm is indeed learning from the training dataset.

Fig. 16 The loss value for each epoch for the pre-trained damage intensity evaluation algorithm.

While the methodology exhibits a general capability to accurately assess damage
intensity, it is essential to recognize its limitations. To delineate these limitations, we
can refer to the following results to identify the boundaries in each aspect. In Figure
17, it is evident that for most intensity values, the error is extremely low, approaching
0. However, in a few instances, the error can be quite significant, reaching up to
300 MPa. This discrepancy is attributed to the complexity of the signals received
by the algorithm. In cases with low error, the algorithm utilizes small data samples
where only intensity serves as a variable. Conversely, in other instances, large samples
are employed, encompassing variations not only in intensity but also in the position
and size of the damage. Consequently, the algorithm encounters greater difficulty in
handling these variations. Nevertheless, the majority of cases exhibit errors below 100
MPa, which is a noteworthy outcome. This capability enables users not only to detect
damage but also to gauge its severity independently of its location or size.

Fig. 17 The error for each value of damage intensity studied.
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Finally, in Figure 18, it is evident that the largest errors occur on the sites closest
to the boundaries of the SLJs. This phenomenon was previously discussed in the
preceding Section. However, it is important to note that the largest errors coincide with
those observed in the 25 mm damage size. This suggests that one approach to mitigate
errors for smaller damage sizes is to establish a certainty field where the algorithm
reliably detects larger damages closer to the edges. Alternatively, this issue can be
addressed by ensuring there are no walls in proximity to the areas under analysis. An
exception observed in Figure 18 pertains to simulated cases without any positional
alterations, currently grouped under position 0. For these cases, positional evaluation
is irrelevant, and they exhibit no significant errors, thereby reducing their significance
in the overall analysis.

Fig. 18 The intensity error for each value of position of damage studied.

When observing Figures 17 - 18 together and combining the acquired results, it
becomes evident that the majority of the largest intensity errors occur in cases with
boundary conditions, such as the largest or smallest damage, or those located at the
edges of the studied area. This indicates that the algorithm performs better with
central values, and for cases with boundary conditions, a simple cutoff value is sufficient
to significantly reduce errors.

When applying these pre-tests to experimental cases, similar to the previous step,
certain limitations emerge. The initial analysis focused on each individual experimental
case, encompassing only nine cases. It was observed that the average damage intensity
error across all cases was 187 MPa, with the two experimental cases at the upper limit
load responsible for the poorest results, showing errors ranging from 232 MPa to 406
MPa. Excluding these two cases, which could potentially be affected by fabrication
or experimental errors, the average error decreases to 140 MPa. The highest error
value is 250 MPa, while the lowest error originates from the case with the lowest load,
measuring 3.6 MPa.

5.3 Damage Localization

In the final phase of the pipeline, a regressive CNN is used to localize damage. Fur-
thermore, only simulated cases are used as available experimental data do not have a
position as a variable.
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Figure 19 illustrates the loss value in each epoch. We verify a large decrease followed
by a slow decrease until the value is in a plateau at an average error of around 8 mm.
As with the intensity evaluation model, the validation loss is higher than the training
loss.

Fig. 19 The loss value in each epoch for the damage localization algorithm.

Figure 20 shows the localization error for each value of damage position. The largest
errors occur more on the right of the figure but there is quite a large spread of values
and positions, with most position errors concentrated below 10 mm.

Fig. 20 The localization error for each value of damage position studied.

In Figure 21 the localization error is compared for the 4 overall damage sizes that
were created, with the overall cases presenting a quite uniform distribution.

Further comparisons between position and intensity yielded results similar to those
previously discussed. This indicates that in the damage localization, there are no spe-
cific cases that tend to exhibit errors. All error cases are fairly evenly distributed,
demonstrating that the algorithm was capable of generalizing the detection of this
characteristic without encountering significant issues. Moreover, the average error
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Fig. 21 The localization error for each value of damage size studied.

value of 8 mm enables precise pinpointing of the center of any damage, particularly
within a range of 25 mm to 100 mm.

Additionally, a separate case study attempted to combine damage characteristics
into a single machine learning algorithm by creating a multi-output CNN regression
model. However, this approach proved to be less effective than maintaining two sep-
arate models in sequence. This disparity is likely attributed to the distinct nature of
the information required to determine the position and intensity of damage within
the machine learning algorithm. Combining both aspects did not yield any discernible
benefits. An analogy that elucidates this issue is that the amplitude of the signal deter-
mines the position of the damage, while the frequency determines its intensity; thus,
there are no similarities that can be exploited.

6 Conclusions

The primary focus of this paper was to comprehensively explore the development
of a robust methodology for characterizing weak adhesion in structural SLJs. The
methodology relies on LWs data processed by a machine learning pipeline made of
CNNs pre-trained on synthetic data and fine-tuned on experimental data in a transfer
learning scheme that successively detects, assesses intensity and localizes damage,
establishing a general framework that can accommodate additional damage types and
their characteristics.

The proposed machine learning pipeline demonstrated efficacy in weak adhesion
detection, achieving over 95.3% accuracy in simulated scenarios and identifying 100%
of experimental damage cases. For weak adhesion intensity evaluation, the algorithm
exhibited an average loss of 45 MPa in simulated data and 140 MPa in experimen-
tal data, with the best cases having only a 3.6 MPa error. Concerning weak adhesion
localization, the algorithm demonstrated an average loss of 8 mm. The methodol-
ogy is adaptable for integrating additional features, indicating promise for enhancing
structural health monitoring and improving the safety and longevity of structures.

In conclusion, the proposed methodology constitutes a groundbreaking solution to
enhance the precision and reliability of NDT methods for detecting and characterizing
weak adhesion in adhesive joints. This synergistic approach not only bolsters quality
control but also holds potential as a robust structural health monitoring tool, thereby
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ensuring the durability and reliability of adhesive joint applications across diverse
industries.

Further research will investigate alternative machine learning models. Subse-
quently, complex real-world structures will be considered. Finally, the study will
incorporate environmental variables relevant in real-case scenarios, such as humidity,
temperature, or random vibrations, to broaden the scope of cases and enhance fidelity.
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