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ABSTRACT

The dissertation explores into structural damage identification and prediction through the application of
machine learning. Firstly, it enhances impact echo delamination mapping by incorporating two signal image
parameters—signal duration and starting time after zero-crossing. The research also explores the efficiency
of machine learning concerning image resolution and the number of images. This approach refines the
evaluation of bridge damage in field tests. Two crucial signal parameters are investigated: signal duration
and signal starting time after the zero-crossing point. These parameters exert a direct impact on the
frequency domain, a crucial metric in impact echo analysis. This metric discerns signals reflected from
areas with delamination and those from non-delaminated areas by assessing the accumulated low-frequency
energy within the range of 1kHz to SkHz. Considering the complexity of signals collected during field tests,
artificial neural network (ANN) and convolution neural network (CNN) are employed to identify
delamination signals using these two parameters. The study reveals that a signal duration of 1 millisecond
with a starting time at 0.1 millisecond yields the highest accuracy in damage identification. A comparative
analysis between delamination maps before and after applying deep learning (DL) suggested signal
parameters demonstrates the updated results' enhanced accuracy in distinguishing delamination areas
correctly.

Secondly, the study differentiates between homogeneous and inhomogeneous mediums with random
aggregate sizes and distributions, utilizing wave scattering models and wave response variations. The
internal crack geometry is identified through wave response variation with machine learning, and the finite
element model design for random aggregate is detailed. Analyzing cracks at different depths, the wave
response variation (WRYV) study observes lower impulse frequencies for shallower cracks, computed from
forward and incident waves, and higher frequencies for deeper cracks. Inhomogeneous medium (IHM)
complexity increases with random aggregate size and distribution, where larger aggregates significantly
impact the WRV pattern, causing more energy attenuation in the forward wave than smaller aggregates.

Machine learning (ML) techniques accurately predict cracks and elucidate the black box process,
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emphasizing the impact of aggregate information on WRYV. The study outlines the framework of internal
damage in IHM using ML technology.

Lastly, the dissertation employs bridge weight-in-motion signals to predict varying levels of structural
damage. A finite element model using the kinetic contact method is developed and verified with bridge-
vehicle motion theory. The study focusses on the development of moving load FE model. It introduces a
comprehensive assessment of 1) a unique finite element (FE) simulation approach, which leverages the
kinematic contact enforcement (KCE) method, verified with the vehicle-bridge interaction (VBI) theory, 2)
laboratory tests and field test were conducted and performed to calibrate and verify the FE model, and 3)
ML techniques to identify and automatically predict structural damages from the structural response. The
KCE method is a new approach to simulating vehicle motion in a BWIM model, which is used to carry out
actual structural responses to motion. By providing contact conditions between elements, including contact
type, material properties, and element speed, the KCE method enables realistic simulation of both vehicle
motion and structural response. The responses generated by the FE simulation are further analyzed using a
feature selection method that ranks the importance of various ML models. Specifically, the prediction model
includes a decision tree, a support vector machine (SVM), backpropagation (BP), and XGBoost. The results
show that XGBoost with its assembly decision tree provides the most reliable outcomes. Three distinct
studies leverage machine learning algorithms for tasks such as signal identification, damage identification,

and the prediction of structural damages.

il



ACKNOWLEDGEMENTS

Thank you to everyone who has helped and supported me over the past few years. I express my gratitude
to Dr. Suyun Ham for providing me the opportunity to earn a Ph.D. degree and for dedicating much time to
teach me both within and outside the academic realm. I extend my thanks to the committee members, Dr.
Shin-ho Chao, Dr. Xinbao Yu, and Dr. Chen Kan, for their service and valuable feedback at different stages

of the research.

I am grateful to every lab mate who worked together, including Dr. Sanggoo Kang, Dr. David Dafnik, and
Dr. Yeongsok Jeong, for imparting knowledge, skills, and sharing life experiences. Special thanks to
undergrad and graduate students Avishkar, Yuan, Felix, Emanuel, and Lance for their extra time and effort

working with me.

My sincere thanks to my mom, dad, sister, and friends who have patiently listened to my arguments. A
heartfelt thank you to my wife and her parents for their unwavering support even when I had nothing. Lastly,
I appreciate my younger self for persevering and preparing for English tests during military service, as well

as for not giving up during the PhD degree journey.

v



TABLE OF CONTENTS

CHAPTER 1 INTRODUCTION ...ttt ettt ettt ettt sttt ettt et st este b b et e e e 1
1.1 Problem StatemMENt ..........oouiiiiiiee ettt st sttt ettt nae e 1
1.2 Objectives and APPIrOACH......c.c.ii ittt et e e b e e b e e s e e eaae e raeesaraaens 2

CHAPTER 2 BACKGROUND .....oiiiiiiieeitteee ettt ettt et st s 3
2.1 OVEIVIEW ...ttt ettt ettt b ettt e h et e bt e bt e et et e e bt e at et e sbeea e e bt sbees e et e ebeemt et e ebeeatenteeneentenees 3
2.2 BIiAZE DETECES ..ovvviieiiiiciie ettt ettt et e e et e e ba e e ta e e sbeeesbeeeabeesabeeenraeenraeeereennaeas 3

2.2.1 Delamination and CraCKS .........coiiirieriiiie ettt sttt e 3
2.2.2 Structural DAmAaGE..........ccveevieriierierieereeseesee e ste et esteebeebe e e eseesseesaesraessaesseessaesnseenss 4
2.3 NONAESIIUCLIVE TESLINE ..eevieruieriierieiieiieiieete et et et eteeseeseesseessaessaesseesssesssesssesssesssesssenssennsennes 5
2.3.1 WAVE PrOPAZALION .....eeeiiieiieeieet ettt ettt ettt ettt ettt et et e e bt e bt e bt e bt e sbeesbeesbeesaeesaneeas 5
2.3.2 WAVE QUEETIUATION. ...ttt ettt ettt et e s bt e s bt e shee s bt e sabesateeateeaeeeateenteenteenseenee 6
233 5300 Toy =T o] s o J PR 6
2.4 Signal Identification & Damage PrediCtion ...........ccecvevierierieneenie et ere e 7
2.4.1 MaAChINE [EAINING.....c..eeiiiiiiieiie ettt ettt sbt e st e st e st st eat e et e et e eaeeebe e 7
2.4.2 Artificial neural NEtWOTK ..........ocoiiiiiiiiiiie e et 8
2.4.3 SUPPOIt VECTOr MACKINE ....eevvieeiieiieiiesiieeie e ete ettt ete e te e et e e e sseessaessnessaesssesnseensas 9
2.4.4 DIECISION LT ....eeueueieiteieettetet ettt ettt ettt ettt e b et eb e sat et eb e st et e sbe et enbesbeestenbeebeenteeene 10
2.4.5 Extreme gradient BOOSTING ......ccc.eeruieiiiiiiiieieeie ettt st et 11
2.4.6 Convolution neural NEEWOTK........ccoiiiiiiiii e 12
2.4.7 Accumulated 10cal @ffECtS .......coviiiiiiiiii e 13



2.4.8 Generative adversarial NETWOTIK..........oovvevuueiiiiiiieeeiiee ettt e et e e e e e e seeaaeeeeessessenes 13

2:4.9 CONTUSION MALIIX.....eviiiieiieiieiieteete ettt sttt e et e be st 14
CHAPTER 3  IE DAMAGE IDENTIFICATION & CNN EFFICIENCY ....ccoceviriiiiininenienciceeenne 15
3.1 (O] 1 ;101 (o W 0 ) 74 T USRS RR PR 15
3.2 DAt PrOPATAtiON....cccuiereierererreiieeteeteesteeteeseesaesseesseessaesssesssesssesssesssesssesssessseesseesseessessseesseessnens 16
3.2.1 Impact echo 1aboratory test data ...........ccvecvieciieciieriieieeesee et 16
322 Multi-input data of damage identification model.............coocoriiiiiiiiiiiiinii 19
323 Graphical-CNN efficiency study data...........ccoeveeiiiiiiniinieneee e 20

3.3 Result and diSCUSSION.......c..cuiuiiiiiiiiiiieieieitee ettt s 21
3.3.1 Impact echo laboratory testing reSULL .........c.eecvveeiierierierieseeeee e 22
3.3.2 Damage identification TeSULt ...........coiiiiiiiiii e 23
333 CNN efficiency analysis TESULL........couiriiiiiiiiiii et 32
CHAPTER 4  IE SIGNAL EXTRACTION STUDY ....coiiiiiiiiiiiiiicieieteeseereeeeee e 40
4.1 CRAPLET OVETVIEW ...eevieiiieiieiiesieesieesitesttestesetesetesstessteesseesseesseesseessaessaessaesseesssesssesssesssenssenssennsens 40
4.2 Field teSt @NVIFONMENL.....cc.eetiriirieeientieitetentereet ettt ettt sttt ettt et e st saeestenbesbeesnebesbeene 41
4.3 Signal extraction ML al@orithmi............ccciiiiiiiiiiiiiii e 44
43.1 ANN Lttt st 44
4.3.2 CINDN ettt e a et s a ettt et ettt e be bt eae e 46

4.4 Results and diSCUSSIONS......cccuirtirierieriirtetenteeeententeetest st eetes bt bt eseenbesbeestesaeseeentesbesbeenenbeeseensenne 48
4.4.1 CNN Signal extraction TeSUIL..........ooiiiiiiiiiiiiiieie ettt 49
442 Delamination results from field test.........ccccueiiiiiiniiniiiiiiiceeeee 55

vi



CHAPTER 5 INTERNAL CRACK IDENTIFICATION IN IHM MEDIUM ......cccccoecevviiniiianennnen. 59

5.1 CRAPLET OVETVIEW ...eevieiiieiieieerieesieesitesttestestteeetessbeasseesseesseasseesseessaesaesseesseesssesssesssesssesssenssennsens 59
5.2 WaVE IESPONSE VATIALION ...eeuvvieeerieiiiieiiieesteeeetteesiveesbeeereeessseessseessseeassaeessseesseesssesassseesssesssseeanes 60
5.2.1 Mathematical formulation with the relation between the wave scattering and various
material-crack properties in an €lastic MEIUM ........cccvevverieriierieeiie et 60
52.2 Comparative study of wave response variation in different geometry sizes using an infinite
element in hOMOZENEOUS MEAIUIM........ccuiieiireieeiieiieieeeeree et steereeteebeebeesseesseessaessaesseessnesssennnes 64
5.2.3 Develop the damage prediction model using ML technology ..........ccccevvevvenvereenrennnene, 67
524 LabOTatory oS ....ooueiiieeeee ettt ettt st ettt e b e b as 69
5.3 Develop the damage prediction MOdel...........c.oeoviiieiiiiiiieeie e e 71
5.3.1 Develop the damage prediction model using ML ........cc.ccoooiiiiiiiiiiiiieeeeeeee 71
532 Field test VETTTICAtION ..c..eveeieiieiieieieei ettt sttt et 74
54 Result and diSCUSSION .....cccuiiuiiiiriiitieiete ettt sttt ettt ettt be et et sae et e b et enee 75
54.1 WRYV study in homogenous Meditim ...........cocueerieiienienienie e 76
54.2 IHM numerical simulation model verified with laboratory test............ccoccevviriiriinncnncnne. 79
543 Field test damage PrediCtion ........iieeieeeieeieeieeieeieeeese et ssreebeesbeesbeesseenseenes 89
CHAPTER 6  STRCUTRUAL DAMAGE PREDICTION .....cccoooiiiiiiiiiiienienieeceeeeeeeeee e 97
6.1 (0] 1 T:101 (o W 0 ) 74 TSRS 97
6.2 Develop moving [0ad FE MOdel ........cccooieiiiiiiiiiiicce et 98
6.2.1 Kinetic contact enforcement method ............cccoeiiiiiiiiininiiee e 98
6.2.2 Analytical solutions for moving Vehicle ...........cccevieriiniiniieniiieceee e 102
6.2.3 Feature selection and damage prediction model ...........c.ccooieiiiniiiniiiniiniiiieeeeee 104

vii



6.3 Verification Of FEM MOGEL.......cccuviiiiiiiiiieeieee ettt e e e e s eeaaee e e e s e seannes 106

6.3.1 Laboratory sensor Calibration tESt..........cuevvveriuerriieciieiieiiiesieeseesieesieesteesseesseeseeessnessnessseans 106
6.3.2 FIEIA @Sttt ettt et ettt et et e et e e st et e s e e st e s e eneeneeteens 109

6.4 Result and diSCUSSION .....cc.eiiuiiiiiiie ettt ettt ettt ettt et e bt e b e b e nas 110
6.4.1 FEM simulation and analytical SOIUtion reSult...........ccecveriierieerieeniienienierie e eee e 110
6.4.2 Laboratory teSt TESULLS ......ccvieiieiieiieieeieesie ettt see et see e s esbesebeenseenseensaessaeseenns 114
6.4.3 FAeld teSt TESUILS .....eeeieiiieie ettt ettt ettt e 115
6.4.4 Feature selection T@SULLS ..........oiiuiiiiiiieiee ettt 116
6.4.5 Damage prediCtion TESULLS........ccviiiierieeieese ettt see e see e sbesbeenseenseenseenseesseenns 118
CHAPTER 7 CONCLUSION ..ottt sttt sttt ettt sttt st sbe et e sbe et etesaeeneens 122
REFERENCE ...ttt ettt et et e st e e se s st eneeseeseentenseeneenseseeneensansesseensans 127

viii



LIST OF FIGURES

Figure 2.1. The delamination and cracks. Delamination and cracks are interconnected, with delamination

weakening the material and contributing to crack initiation, while cracks can exacerbate delamination by

providing pathways for further separation between layers (Reilly et al., 2014). ........ccoovvvoeioiiovecincinenns 4
Figure 2.2. The example of structural damage (Peris-Sayol et al., 2017).........cccccevvueeiimniriiiaiiaiieiianens 5
Figure 2.3. The ground surface motion of Rayleigh waves (Hishamuddin et al., 2021). ...........c...ccccven.... 6
Figure 2.4. The IE testing configuration (Carino, 2001)..............ccoevueeieriieniieeiieiiieeiieeieeie e 7
Figure 2.5. The dataflow of ML (Sarker, 2021)...........cccoooveiiieieeieeieeiieeieeie et ese e 8
Figure 2.6. The structure of ANN (Kulkarni et al., 2017)..........cccccoevumiiiiiiiiiaiieiie et 9

Figure 2.7. The concept of SVM. The distance between features and hyper-plane can calculate the optimized
hyper-plane with the maximum margin range. The optimized hyper-plane has a maximum margin range,
which defines the best classification border of features. Therefore, the optimized hyper-plane can classify

features With RIGH QCCUFACY. .............c.c..cccuievieieeiiieeciie ettt ettt et e e teeetbe e stbeeeteeease s 10

Figure 2.8. The simple binary decision tree model. Each node displays one attribute, each branch displays

one decision based on the entropy threshold calculated in nodes, and each leaf indicates one output. .... 11

Figure 2.9. XGBoost model with tree ensemble (T. Chen & Guestrin, 2016). ............cc.ccoueevvveeierencnnenne. 12
Figure 2.10. The structure of CNN (Hou & Li, 2020) ........c...cccuoeviueieiiiiiiiieciee e 12
Figure 2.11. The structure of GANs (Aggarwal et al., 2021) ............cccooovvieviiiiviiiiiiieiiieciee e, 13

Figure 3.1. The flowchart of Chapter 3. The research pursues two key objectives: firstly, employing the
collected data, it explores the realm of multi-input CNN to enhance damage identification precision. This
innovative approach involves harnessing the power of advanced ML techniques, specifically the multi-input
CNN model, to generate detailed and accurate delamination maps, illuminating the structural integrity of
the materials studied. Concurrently, the study focuses into the nuanced interplay between precision and

computation time Within CNN effICIENCY. .......cc.cccvevierieiieeie ettt aeesne e 16

Figure 3.2. The artificial delamination slabs, with three different size and two deployed depths cited from
(Kang et al., 2022). There are a total of 1280 testing points on the slab, arranged in a grid of 32 by 40, with

A SPACING Of 5 CEMEIMMELOTS. ........ccvveveeeeeieeeeei ettt et et sb e st e e sbeesbeesbe e bt et e estesseesstasssassaeessenens 18

Figure 3.3. The testing configuration includes the use of non-contact MEMS sensors. The data acquisition

system is developed using National Instruments (NI), and LabVIEW software is utilized to save the data.



Figure 3.4. Impact echo signal samples reveal delamination. Higher energy (1kHz to 5kHz) indicates severe
delamination, while lower energy signifies intact structures. Shown in (a) non-delamination and (b)

ACLAMITIALION CASES. ......ooeee ettt ettt e 19

Figure 3.5. Examples of input images include: (a) frequency-domain signal input (F), (b) multi-input with
time-domain and frequency-domain signals (SF), (c¢) multi-input with frequency-domain signal and STFT
(FSTFT), and (d) multi-input with time-domain signal, frequency-domain signal, and STFT (TFSTFT).. 20

Figure 3.6. The image example of resolution study. Ten different resolutions ranging from 10 by 10 to 500
by 500 pixels, encompassing a total of 3000 images is considered. Each of the ten resolution cases consists
of 300 images, enabling a comprehensive exploration of the impact of resolution on the trade-off between

accuracy and COMPUIALION FIME. ................cc.eecueeeereeeeiieeeiee et e et e eetee e s teeebeeeseeesteeesebeessseeeseeestseeseseeeseeans 21

Figure 3.7. The laboratory impact echo test was conducted on a slab featuring artificial delaminations.
The color bar represents the accumulated EI in the low-frequency range between 1 kHz to 5 kHz. Higher
El values are depicted in red, indicating highly delaminated areas, while lower EI values appear in blue,
representing areas with minimal damage. A noteworthy observation from the test results is the way energy
diffusion varies with the depth of delamination. The upper three regions (D1-D3), indicative of shallow
delaminations, exhibit markedly higher energy levels than the lower three regions (D4-D6) housing deeper

ACLAMITIALIONS. ... e e e et e et e et e e 23

Figure 3.8. The ML training accuracy and loss curves of four different models: (a) The training accuracy,
and (b) training loss. The training accuracy and loss patterns for the four distinct models are evident.
Notably, F model stands out with its rapid training process compared to the other three models, swiftly
reaching maximum accuracy and minimal loss. This observation underscores that the data within category

F is more easily learned by the model, indicating its simplicity in training. ...............cccocevvvevcievcienineennnnn, 25

Figure 3.9. Validation and training curves for F model: (a) accuracy curves, and (b) loss curves. The
validation curves require more epochs to reach their peak values, indicating the model's adaptability in

unpredictable environments With UNKNOWI AQEA..................ccc.oevuieiiieeiiieciie ettt 27

Figure 3.10. Validation and training curves for SF model: (a) accuracy curves, and (b) loss curves.
Compared with Figure 3.9, the validation loss takes more epochs to reach its minimum value, indicating

the SF model has higher complexity compared t0 MOAEL F...................c.cccoocovieeiiiiiiiiiieiiieeeieeeevee e 27

Figure 3.11. Validation and training curves for FSTFT model: (a) accuracy curves, and (b) loss curves.

The validation accuracy and loss are meet to threshold value around 40 epochs. ...............cccccvuvevnnnnn.. 28



Figure 3.12. Validation and training curves for TFSTFT model: (a) accuracy curves, and (b) loss curves.

The validation accuracy meets to threshold value around 30 epOCRS. ...........cccccevvveecievianiiiniiiieeieee, 28

Figure 3.13. The confusion matrix of testing accuracy: (a) F model, (b) SF model, (c) FSTFT model, and
(d) TFSTFT model. Overall, the FSTFT has the highest testing accuracy to show a better ability to identify

AELAMITIALION. ... e e e 30

Figure 3.14. The CNN prediction delamination map: (a) F model, (b) SF model, (c) FSTFT model, and (d)

TFSTFT model. The results presented in (c) demonstrate the most accurate delamination map among all

Figure 3.15. The computation time and accuracy curves: (a) different number of images study, and (b)
different image resolution study. The accuracy and computation time are significantly influenced by the
number of images and the image resolution. However, beyond a specific threshold, such as 600x600

resolution, the computation time exponentially increases for a mere 2% improvement in accuracy......... 34

Figure 3.16. The slope analysis of computation time with number of image study: (a) the curves of
computation time and accuracy, and (b) the slope analysis of computation time. For 600x600 resolution

image, the number of image threshold for computation time is 200 iMAZES. ..........c.cccvevceercierciairaaiaenannn, 35

Figure 3.17. The slope analysis of accuracy with number of image study: (a) the curves of computation
time and accuracy, and (b) the slope analysis of accuracy. For 600x600 resolution image, the number of

image threshold for accuracy is 60 images, while for 100x100 resolution image the threshold is 120 images.

Figure 3.18. The slope analysis of computation time with image resolution study: (a) the curves of
computation time and accuracy, and (b) the slope analysis of computation time. For 100 images input, the

image resolution threshold for computation time is 600X600.................ccoecvevieeiiieeieeieiiieieeeee e, 37

Figure 3.19. The slope analysis of accuracy with image resolution study: (a) the curves of computation time
and accuracy, and (b) the slope analysis of accuracy. For 100 images input, the image resolution threshold

Jor accuracy is 200X200..............ccoueeeeieiieieeiie ettt e et e et e ntraeeaneas 37

Figure 3.20. The CNN efficiency study with image resolution: (a) The efficiency curve of number of image
study: (b) the curves of computation time and accuracy. The analysis indicates that efficiency values tend
to be higher with fewer than 100 images. However, these values need to be carefully considered alongside

accuracy and computation time threSROLAS. ...............ccc.ccoueivviiieiiiiiii et 38

X1



Figure 3.21. The CNN efficiency study with number of images: (a) The efficiency curve of image resolution
study. (b) the curves of computation time and accuracy. A high efficiency is noted with a 50x50 resolution

image, but the accuracy remMains At 53%0. ......ccoeceecieiiiii ettt ettt aeere e 39

Figure 4.1. The flowchart of Chapter 4. Objective 1 focuses on signal extraction through deep learning,
aiming to determine the signal parameters such as time duration and starting time, crucial for accurate
damage identification. In Objective 2, these identified parameters are utilized to update the impact echo

FOSUILS. ...ttt ettt ettt a e a e et e et a et b e bt ekt e bt e he e bt e bt e eneeeneeeneeenee e 41
Figure 4.2. Field testing photo - (a) scanned area of the bridge, and (b) system and safety control......... 42

Figure 4.3. The ACES scanning system encompasses impact-echo and GPR technologies cited from (Kang
€F L., 2022). ..ot h ettt et ettt e he st et ettt e bt eneenteeaeereennen 42

Figure 4.4. The surface condition highlights prevalent issues such as potholes and damaged surfaces.
Potholes and surface damage can disrupt the impactor's contact with the bridge, leading to variations in

the generated MECHANICAL WAVES................cc..cccueeeiuieeiiieeiieeeeiee et ete ettt ettt e sase e sibe e e aeeesabeeeseeens 43

Figure 4.5. The impact echo algorithm aims to generate a delamination map, but it encounters a significant
challenge: processing over 30 million sample data points within a single scan time and the effect of multi-
impact. Identifying the precise target peaks using traditional mathematical algorithms becomes daunting
due to this vast dataset. To address this challenge, DL algorithms are employed to accurately identify
SEGIALS. ..ottt et ettt ettt ettt e tt e ht e eht et beeAb e A b e etb e eabeeabeenbe e bt enbe e b e et te st estensee e 44

Figure 4.6. Schematic representation of the ANN architecture. In the training process, BP computes the
error by comparing predicted and actual outputs. It then iteratively adjusts the network's weights and biases
from the output layer to the input layer to minimize this error. The input features consist of frequency and

time-domain signals, with the output focused on damage identification. ................cceccuvveviievceeieeceennnnn, 45

Figure 4.7. The CNN model comprises a convolution layer for feature extraction and a pooling layer to
reduce dimensions, retaining essential features. Extracted features are connected to a flatten layer and a

neural network for training and teStING PUFPOSES. ..........cc..cccuveeereeieieeeieeeieeeeeteeeeteeeereesseeseresestseesseeereeans 47

Figure 4.8. The CNN inputs for signal extraction, examining various durations (Dti) of time-domain impact
echo signals. A total of 10 different durations, ranging from 0.2 milliseconds to 2 milliseconds, are

analyzed. Each dataset (e.g., Dt1 dataset) comprises 300 images obtained from field tests. .................... 48

Figure 4.9. The study explores CNN inputs for signal extraction, varying the starting time (Sti) after the
zero-crossing point. A total of eight different signals are considered, ranging from the immediate zero-

crossing point to 0.7 MIllISECONAS AFTEF IL. ............cc..cccceiveuiiiiiiiciii ettt ea 48

Xii



Figure 4.10. The confusion matrix illustrates the identification of different duration signals, categorizing
them into non-delamination, delamination, and insignificant signal classes. (a) Dt1 = 0.2ms, (b) Dt2 =

0.4ms, (c) Dt4 = 0.8ms, and (d) D5 = IMS. ....cc.cccoviiiiiiiieece et 50

Figure 4.11. The outcomes of the varied signal duration study are evident. Specifically, when duration is
Ims, a significantly higher prediction accuracy is achieved. This is because within the Ims window, crucial
impact signals reflecting structural interior damage are effectively captured. In contrast, when
duration=2ms is considered, the accuracy drops significantly. This decrease is attributed to the broader
duration including a multitude of insignificant signals, such as tail resonance or noise, resulting in

AECTOASEA ACCUFACY . ...ttt ettt et e et e e e b e et e e tbeesabeeeabaeeteeesaseeensee e 51

Figure 4.12. The interpretation of signal extraction accuracy with varying duration cases reveals distinct
patterns. Dt1 and Dt2, characterized by limited signal information, result in lower CNN identification
accuracy. In contrast, Dt5 exhibits a precise signal group, leading to higher CNN accuracy. However, Dt6

includes more signals, including tail insignificant signals, which adversely affect accuracy.................... 52

Figure 4.13. The outcomes of various signal starting times Sti across three different durations, including
lab test delamination data, exhibit a consistent pattern. In all six scenarios, the highest accuracy is achieved
when St2=0.1m or St3=0.2ms. This heightened accuracy can be attributed to the exclusion of the initial

surface wave, a component that significantly influences signal behavior. .................c.cccocveevievvveeiennannnn. 53

Figure 4.14. The explanation of CNN accuracy shown in Figure 4.13. At St1=0ms, both surface wave and
target wave are present, but the surface wave offers similar information across all signals, making it less
significant for CNN training. When St2=0.1ms and St3=0.2ms, the elimination of the surface wave focuses
CNN on the target signal while introducing more tail noise. These signals are effectively identified due to
their richer information. However, at St4=0.3ms, the exclusion of the target signal results in decreased

e ) s ey U PSSP PP 54

Figure 4.15. The ANN accuracy with four features from Eq. 4.4 to Eq. 4.7. The observed pattern correlates
with the results from the starting time study in Figure 4.14, showing that St2=0.1ms to St4=0.3ms provides
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DECOME STUCK AIA VIDFALE. ...t et 57

Figure 4.17. The verification of Figure 4.16. The samples in Figure 4.16 depict the time-domain and
frequency-domain signals for different cases: (a) Region A, (b) Region B, (c) Region C, (d) Region D, (e)
Region E, and (f) Region F. Consider sample C as an illustration; despite the relatively low energy, a
distinct low-frequency peak indicates a delamination case. Utilizing the CNN-recommended signal

parameters depicted in Figure 4.16 (b) results in accurate identification of the delamination in this sample.

Figure 5.1. Overview of research steps. In this study, a sequential research approach was conducted,
divided into several tasks. The process began with a comprehensive review of wave response theory,
establishing a foundation. Subsequently, the focus shifted to the mathematical relationship between wave
response in HM, and WRYV patterns were analyzed. Due to limited research on WRYV in IHM like concrete,
a FE model was developed, and IHM laboratory tests were conducted, confirming the FE model's validity
with varied crack geometries. Machine learning techniques were applied to enhance the database and
predict crack depth based on understood WRYV patterns. Additionally, exploration of GANs was undertaken
to generate more WRV data. The study culminated in a field test, evaluating the accuracy of machine
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CHAPTER 1 INTRODUCTION

1.1 Problem Statement

The maintenance of transportation infrastructures (e.g., bridges and pavements) has become a major
concern for safety and economic loss with many factors such as increasing traffic volumes, deterioration.
In particular, deterioration (e.g., external and internal damages) of infrastructures can significantly impact
infrastructure service life and often require extensive repairs or replacements. For improving service life, a
structure survey of its condition is required for transportation agencies not only to ensure roadway safety

but also to provide proper time for appropriate preservation and rehabilitation treatments.

In practical field tests, however, the acquired signals often deviate significantly from the clean and
controlled signals obtained in laboratory settings. Field signals exhibit inherent complexity attributed to
various environmental factors, including ambient noise, road surface conditions, and slope angles (Baggens
& Ryden, 2015; Carino, 2001). These external interferences, ranging from varying road surface conditions
to fluctuations in slope angles, exert a substantial influence on the signals obtained during field evaluations
(Kang et al., 2021; Yoon et al., 2022). These interferences introduce complexities that can distort the raw
data, potentially leading to inaccurate estimations and erroneous assessments of structural conditions
(Carino, 2001). The daunting challenge lies in mitigating these interferences, as their presence significantly
compromises the reliability of data collected during field evaluations (Gucunski et al., 2008; Liu et al.,
2023). Besides, the material of field is varied combined with inhomogeneous medium (IHM), which affect
testing results. Despite the progress in understanding WRYV in both homogeneous medium (HM) and IHM,
notable research gaps persist. While extensive studies in HM have focused on the behavior of
electromagnetic waves in isotropic environments, particularly in scattering phenomena, there remains a
lack of comprehensive exploration of wave response variation (WRV) patterns, especially in situations
where media properties may exhibit variations. Moreover, the understanding of WRV in IHM, such as

concrete, remains limited due to challenges posed by random aggregate size and distribution. The



complexities introduced by factors like material properties, wave frequency, crack size and shape, and the

surrounding environment hinder the development of analytical solutions.

1.2 Objectives and Approach

The primary goal is to evaluate, identify, and predict structural damage in infrastructure using various types
of machine learning (ML) techniques and diverse study cases and input data. The initial objective is to
enhance impact-echo (IE) signal post-processing through an ML-based signal extraction approach.
Improvements in [E delamination results are achieved by utilizing IE signal images to identify under or
overrated data points due to field test environmental conditions. The efficiency of ML is further investigated
with varying image resolutions and numbers of images to understand the impact of input parameters on ML
computation time and model accuracy. Chapter 3 concentrates on IE laboratory test results with an artificial
delamination slab, employing convolutional neural network (CNN) to identify damages and presenting a
study on ML efficiency. Chapter 4 outlines the enhancement of IE field test results using CNN to improve
the accuracy of signal extraction. The second objective is to explore WRV patterns in HM and IHM with
random aggregates and random distribution, considering eight different internal crack geometries. Chapter
5 provides a description of the developed finite element (FE) model with infinite elements for both HM and
IHM. The study also explores into the prediction of internal crack geometry using WRV. The third objective
is to predict structural damage using structural performance data collected from the bridge weigh-in-motion
(BWIM) signal. FE simulations are carried out with the kinematic contact enforcement (KCE) method to
simulate the effect of a moving vehicle load. Chapter 6 provides a detailed account of the development of
KCE, outlines the structural features, and presents a comparison between four types of ML algorithms. By
conducting these studies, structural damage can be assessed and predicted based on either the IE signal or

the structural performance, providing insights and timelines for better preventive structural maintenance.



CHAPTER 2 BACKGROUND

2.1 Overview

This chapter furnishes the fundamental background essential for understanding the studies conducted in
this dissertation. It encompasses the types of bridge defects that are the focus of our research, non-

destructive testing (NDT) technology, and the machine learning algorithms applied in the dissertation.

2.2 Bridge Defects

2.2.1 Delamination and cracks

Delamination and cracks are structural issues that commonly occur in various materials, including concrete
and composites. Delamination refers to the separation or detachment of layers within a material, often
manifesting as the peeling or flaking of one layer from another. This phenomenon weakens the structural
integrity, compromises load-bearing capacity, and can be caused by factors such as moisture ingress, freeze-
thaw cycles, or inadequate bonding during construction. On the other hand, cracks are linear fissures or
fractures that develop in a material due to stress, temperature fluctuations, or structural movements.
Delamination and cracks share a relationship as delamination can contribute to the initiation and
propagation of cracks. For instance, the presence of delamination weakens the material, making it more
susceptible to crack formation under external forces or environmental conditions. In turn, the development

of cracks may exacerbate delamination by providing pathways for further separation between layers.
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Figure 2.1. The delamination and cracks. Delamination and cracks are interconnected, with
delamination weakening the material and contributing to crack initiation, while cracks can exacerbate
delamination by providing pathways for further separation between layers (Reilly et al., 2014).

2.2.2 Structural Damage

Structural damage in bridges encompasses a range of issues that compromise the integrity and safety of the
infrastructure. This can include phenomena such as delamination, where layers of the bridge material
separate, and the formation of cracks due to stress, temperature fluctuations, or other environmental factors.
Additionally, structural damage may result from the wear and deterioration of materials over time, exposure
to harsh weather conditions, or inadequate construction practices. Identifying and addressing these
problems is essential to prevent further deterioration, ensure the structural stability of the bridge, and
ultimately guarantee the safety of both pedestrians and vehicular traffic. Various NDT technologies and ML
algorithms are often employed to assess and predict the extent of structural damage, aiding in timely and

effective maintenance and repair strategies for bridge infrastructure.



Figure 2.2. The example of structural damage (Peris-Sayol et al., 2017)

2.3 Nondestructive Testing

2.3.1 Wave propagation

Wave propagation refers to the transmission and spread of waves through a medium or space. Waves, which
can be of various types such as mechanical, electromagnetic, or acoustic, carry energy and information as
they travel. The behavior of wave propagation is governed by the properties of the medium through which
the waves travel, including its density, elasticity, and other material characteristics. Waves can exhibit
phenomena such as reflection, refraction, diffraction, and interference, depending on the nature of the
medium and the specific conditions of the propagation. Understanding wave propagation is crucial in
diverse fields, from physics and engineering to telecommunications and seismology, where it plays a
fundamental role in describing how disturbances, signals, or energy propagate through different mediums

over time and space.



Figure 2.3. The ground surface motion of Rayleigh waves (Hishamuddin et al., 2021).

2.3.2 Wave attenuation

Wave attenuation refers to the gradual decrease in the intensity or amplitude of a wave as it propagates
through a medium. This phenomenon occurs due to the dissipation of energy through various mechanisms,
such as absorption, scattering, or conversion into other forms of energy. In the context of different wave
types, including acoustic, electromagnetic, or seismic waves, attenuation manifests as a reduction in the
wave's strength over distance. The extent of attenuation is influenced by the properties of the medium

through which the wave travels, such as its composition, density, and viscosity.

2.3.3 Impact-echo

IE is an NDT technique used to assess the condition of structures by analyzing the acoustic response
generated when a mechanical impact, typically in the form of a transient force or stress wave, is applied to
the material. This method relies on the detection and analysis of echoes produced by internal structural
features, such as delaminations, voids, or other anomalies, as the impact-induced waves interact with these
features and reflect back to the surface. By analyzing the time delay and characteristics of these echoes,
practitioners can infer valuable information about the structural integrity and identify potential defects
within the material. Impact echo testing is widely employed in civil engineering for assessing concrete

structures, providing insights into the internal condition without the need for invasive measures.
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Figure 2.4. The IE testing configuration (Carino, 2001).

2.4 Signal Identification & Damage Prediction

2.4.1 Machine learning

ML is a branch of artificial intelligence (AI) that focuses on developing algorithms and statistical models
enabling computer systems to perform tasks without explicit programming. It involves the use of data-
driven techniques, where computers learn patterns and make predictions or decisions based on input data.
Machine learning encompasses various approaches, including supervised learning, unsupervised learning,
and reinforcement learning. In supervised learning, algorithms are trained on labeled datasets to make

predictions or classifications, while unsupervised learning involves extracting patterns from unlabeled data.
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Figure 2.5. The dataflow of ML (Sarker, 2021)

2.4.2 Artificial neural network

Artificial neural network (ANN) is a computational model inspired by the structure and functioning of the
human brain's neural networks. Comprising interconnected nodes, or artificial neurons, organized into
layers, ANNs process information through a series of weighted connections that adjust during training.
Input data is fed into the input layer, undergoes transformations through hidden layers using learned
weights, and produces an output in the final layer. The strength of ANNSs lies in their ability to learn complex

patterns and relationships from data, making them valuable for tasks like classification, regression, and

pattern recognition.
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Figure 2.6. The structure of ANN (Kulkarni et al., 2017).

2.4.3 Support vector machine

Support vector machine (SVM) is an algorithm used to classify or regress for features. Similar to the
regression curve, the border called hyperplane divides two different classes of data. SVM is used to find
the optimized hyperplane with the largest margin range. The goal is to find an optimized hyper-plane that
has a maximum margin range, the distance between any point in space x to hyper-plain. The optimized
hyper-plane, which has the largest margin range, defines the best classification border of data, as shown in

Figure 2.7.
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Figure 2.7. The concept of SVM. The distance between features and hyper-plane can calculate the
optimized hyper-plane with the maximum margin range. The optimized hyper-plane has a
maximum margin range, which defines the best classification border of features. Therefore,
the optimized hyper-plane can classify features with high accuracy.

2.4.4 Decision tree

Decision tree (DT) is an optimized regression method presenting by tree structure where each node displays
one attribute, each branch displays one decision, and each leaf indicates one outcome. The algorithm makes
the decision in each node depends on the threshold, as known as information entropy. Based on the attribute
of features and threshold calculated from entropy, the features will be classified into different branches and
leaves in different classes to give the optimized classification: the lower the entropy value, the more similar

the features in the dataset.
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Figure 2.8. The simple binary decision tree model. Each node displays one attribute, each branch
displays one decision based on the entropy threshold calculated in nodes, and each leaf indicates one
output.

2.4.5 Extreme gradient boosting

XGBoost is known as extreme gradient boosting, which combined the benefits of tree boosting and tree
assemble. Tree boosting, known as gradient boosting, is used to find the best answer with the lowest error
by using the loss function (e.g., mean square error). The tree assembles mean considering the results from
all decision trees to vote (or sum) the output with the highest score (e.g., weight)—the simple model of
XGBoost with tree ensemble concept as shown in Figure 2.9 (T. Chen & Guestrin, 2016). Similar to a
decision tree, in the tree ensemble, each tree has its own threshold (e.g., entropy) in nodes to classify data,
and the final prediction is based on the sum of predictions from each tree. In XGBoost, the first and second-

order derivative of Taylor polynomial is used for finding the best prediction results.
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Figure 2.9. XGBoost model with tree ensemble (T. Chen & Guestrin, 2016).

2.4.6 Convolution neural network

Convolutional neural network (CNN) is a specialized type of artificial neural network designed for
processing and analyzing structured grid data, such as images. CNNs excel at image recognition tasks by
leveraging convolutional layers that apply filters to input data, capturing spatial hierarchies and features.
These layers are followed by pooling layers, which reduce spatial dimensions while retaining essential
information. CNNs are characterized by their ability to automatically learn hierarchical representations of
features from raw data, enabling effective pattern recognition. This architecture is widely used in computer

vision applications, including image classification, object detection, and facial recognition.

1D Feature signal

Feawre signal C1
e 32352+l

9. 2
Original signal 1020132

1024x3x1

Feature signal S1
101 1x1x32

Label

receptive field
5x3x32

I'd

scope of pooling
Ox

L1

Subsampling Flatten Fully-connected Softmax  Qutput

Figure 2.10. The structure of CNN (Hou & Li, 2020)
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2.4.7 Accumulated local effects

Accumulated local effects (ALE) in machine learning refers to a method used for model interpretation and
understanding the impact of input features on a model's predictions. ALE plots visualize the average effect
of a single feature by accumulating the individual effects at different values of that feature while keeping
other features constant. It helps to uncover non-linear relationships and interactions within the data,

providing insights into how changes in a specific feature influence the model's output.

2.4.8 Generative adversarial network

Generative adversarial network (GAN) consists of two neural networks, a generator and a discriminator,
engaged in a adversarial training process. The generator aims to produce realistic data samples from random
noise, while the discriminator attempts to differentiate between real and generated samples. The two
networks are trained iteratively, with the generator trying to improve its ability to create realistic data, and
the discriminator refining its ability to distinguish between real and generated data. This adversarial

interplay results in the generator creating increasingly authentic-looking data.

Discriminator
Loss
Sample
Real Image
Generator
o oi Loss
Discriminator
Random b \
Input N
»
Generator Sample

Figure 2.11. The structure of GANs (Aggarwal et al., 2021)
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2.4.9 Confusion matrix

A confusion matrix serves as a crucial visualization tool in ML, essential for evaluating the performance of
a classification algorithm. Its significance arises when the model's predictions are juxtaposed with the actual
outcomes, offering a comprehensive breakdown of the model's accuracy and its capability to accurately
classify different classes. This matrix provides detailed insights, enabling a thorough assessment of the

model's predictive accuracy and its effectiveness in classifying distinct categories.

Table 2.1. The example of a confusion matrix

Actual Positive (1) Actual Negative (0)
Predicted Positive (1) True Positive (TP) False Positive (FP)
Predicted Negative (0) False Negative (FN) True Negative (TN)

True positive (TP) is the model correctly predicted positive outcome while true negative (TN) is the model
correctly predicted negative outcome; false positive (FP) is the model incorrectly predicted positive
outcome, and false negative (FN) is the model incorrectly predicted negative outcome. The model accuracy

can be expressed by:

(TP + TN) 2.1)
(TP + TN + FP + FN)

Accuracy =

14



CHAPTER 3 IE DAMAGE IDENTIFICATION & CNN EFFICIENCY

3.1 Chapter overview

This chapter encompasses two distinct objectives. The first objective revolves around exploring the
capabilities of CNN in identifying damage within impact echo signals of varying types, including time-
domain signals, frequency-domain signals, and STFT representations. The study examines the training,
validation, and testing accuracy of the damage identification model, aiming to discern the network's
proficiency in accurately categorizing different forms of structural impairment within these diverse signal
formats. The second objective is centered on evaluating the efficiency of ML models, specifically focusing
on both accuracy and computation time. This aspect explores the delicate balance between precision and
computational speed, emphasizing the significance of achieving accurate results within a reasonable
timeframe. The choice of employing an image-based CNN over a signal-based approach is rooted in the
capacity of image data to convey more intricate spatial and local patterns. When examining the initial peak
of the impact-echo signal for delamination mapping, a consistent amplitude range emerges due to a fixed
impact power within our system. This waveform pattern consistently features a pronounced peak succeeded
by attenuation. By harnessing convolution to extract more nuanced spatial details, the image-based CNN
demonstrates superior capability in handling these impact-echo signals, adept at capturing essential features
for accurate analysis. By exploring the efficiency metrics, the study demonstrates the practical applicability
of the developed Al techniques, elucidating the trade-offs between accuracy and computational resources.
The research flowchart as shown in Figure 3.1. The dataset utilized in this study originates from conducted
laboratory tests on artificial delamination slabs. The comprehensive data collection process involves the
creation of energy intensity maps through frequency analysis. In pursuit of our first objective, leveraging
this laboratory data, the realm of multi-input CNN is applied. Here, the power of advanced ML techniques,
specifically the multi-input CNN model, is harnessed to enhance the precision of damage identification.
Through this approach, comprehensive and precise delamination maps, providing insights into the structural

integrity of the materials under examination are created. Simultaneously, our second objective involves a
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thorough investigation of the efficiency of CNN. This exploration transcends mere accuracy, aiming to
pinpoint the delicate balance between accuracy and computation time. The study rigorously dissects the
relationship between the complexity of the input data, represented by variables such as image resolution
and the number of images, and the computational demands incurred. Unraveling this intricate interplay
provides invaluable insights into optimizing CNN models for real-time assessments, ensuring that both

accuracy and efficiency are at the forefront of structural evaluation methodologies.

Data preparation: Objective 1. Multi-input Objective 2. CNN efficiency in-
Impact echo laboratory test CNN damage identification depth study
(" Al.Data collection with ) & B1.Produce multi-input data \ [ C1. Prepare different resolution A

artificial delamination slab image with three different and different number dataset
i : types of laboratory test signal
|

—— B2.CNN accuracy and loss C2. Study the relationship between
accuracy and computation time

/

A2.Produce energy intensity e
map with frequency analysis Ll [y C3. Slope analysis to estimate
(e.g., delamination map) = 1 the CNN efficiency

‘ 4 - T T o
} ,“v“‘;, ar | B3.CNN damage identification \ =
|l ! and predicted delamination map

-

Figure 3.1. The flowchart of Chapter 3. The research pursues two key objectives: firstly, employing the
collected data, it explores the realm of multi-input CNN to enhance damage identification
precision. This innovative approach involves harnessing the power of advanced ML
techniques, specifically the multi-input CNN model, to generate detailed and accurate
delamination maps, illuminating the structural integrity of the materials studied.
Concurrently, the study focuses into the nuanced interplay between precision and
computation time within CNN efficiency.

3.2 Data preparation

3.2.1 Impact echo laboratory test data
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The testing slab dimensions measure 2.1 meters by 1.7 meters, incorporating six strategically placed
artificial delamination of varying sizes and depths. These delaminations, mimicking real-world scenarios,
serve as crucial indicators of structural integrity. The experiment utilizes three distinct thin plastic plate
sizes: 46 cm % 46 cm, 30 cm x 30 cm, and 20 cm x 20 cm, positioned at depths of 4 cm and 10 cm within
the slab shown in Figure 3.2. In our previous study (Kang et al., 2022), a standard impact diameter of 12
millimeters, providing consistency in our testing methodology using non-contact micro-electromechanical
system (MEMS) are established. Specifically, delamination D1 to D3 are positioned at a depth of 4 cm,
while delamination D4 to D6 are located at a depth of 10 cm. The slab's dimensions result in a total of 1280
testing points arranged in a grid of 32 by 40, with a 5-centimeter spacing between each testing point. This
comprehensive configuration is visually represented in Figure 3.3 illustrating the meticulous placement of
delamination and plastic plates across the testing slab. The impact echo algorithm is detailly described in
previous study (Kang et al., 2022), a 1 kHz to 5 kHz frequency range is considered as vibration mode on
our targeted size of delamination by increasing the frequency range. Thus, the energy intensity (EI) can be

expressed as:

EL,(f) = fflh Y (H)df = Bl (), (i = fufu = f), @3.1)

where EI,(f) is energy intensity of n® MEMS sensor; ¥, (f) is the spectral energy density of n® MEMS
sensor, ¥, (f) = |X,,(f)|?, with a magnitude of the frequency component X,,(f)); f; and f;, are the low and
high-boundary frequency (i.e., 1 kHz and 5 kHz in our system). The obtained EI related to flexural vibration
mode is processed to create a two-dimensional (2-D) scanning image, or 2-D colormap, presenting
delamination. All-post-processing is performed with MATLAB mathematical computing software. The
testing signal samples are illustrated in Figure 3.4 and the severity of the damage is identified based on the
energy of the target frequencies ranges. Typically, higher energy levels indicate a higher likelihood of
delamination, whereas lower energy levels correspond to non-delamination cases. The objective of this test

is to gather data, prepare inputs for the CNN model, and validate the predictions made by the CNN model.
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Figure 3.2. The artificial delamination slabs, with three different size and two deployed depths cited from
(Kang et al., 2022). There are a total of 1280 testing points on the slab, arranged in a grid of 32 by 40,
with a spacing of 5 centimeters.
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Figure 3.3. The testing configuration includes the use of non-contact MEMS sensors. The data
acquisition system is developed using National Instruments (NI), and LabVIEW software is utilized to

save the data.
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Figure 3.4. Impact echo signal samples reveal delamination. Higher energy (1kHz to 5kHz) indicates
severe delamination, while lower energy signifies intact structures. Shown in (a) non-delamination and
(b) delamination cases.

3.2.2 Multi-input data of damage identification model

In this study, four distinct CNN models, each utilizing different types of input data as shown in Figure 3.5
is investigated. The first model referred to as F relies on frequency-domain signals to provide insights into
the frequency components of the data. The second model referred to as TF combines time-domain signals
with frequency-domain signals, capturing a broader range of information for a more comprehensive
analysis. The third model referred to as FSTFT incorporates frequency-domain signals with STFT,
enhancing the model's ability to analyze time-varying frequencies and offering a more detailed
understanding of signal dynamics. Lastly, the fourth model referred to as TFSTFT utilizes an image
composed of time-domain signals, frequency-domain signals, and STFT, integrating these elements into a
unified image format. By considering multiple data representations, the model gains a nuanced perspective
on the input, enriching the analysis. The input image samples are shown in Figure 3.5. This study comprises
seven classifications (D1 to D6 and non-delamination). For model training, 70% of the samples will be

utilized, while the remaining 30% will be reserved for testing the damage identification model.
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Figure 3.5. Examples of input images include: (a) frequency-domain signal input (F), (b) multi-input
with time-domain and frequency-domain signals (SF), (c) multi-input with frequency-
domain signal and STFT (FSTFT), and (d) multi-input with time-domain signal, frequency-
domain signal, and STFT (TFSTFT).

Table 3.1. The total number of samples correct from laboratory test.

Classification DI D2 D3 D4 D5 D6 ND

Number of samples | 64 36 25 64 36 25 1030

3.2.3 Graphical-CNN efficiency study data

In addition to our primary goal of advancing the structural performance prediction model in this chapter,
embarking on a parallel quest to explore the efficiency of Al in particular, graphical ML such as CNN, in
achieving a delicate balance between accuracy and computation time. Within this pursuit, two important
factors come under scrutiny: image resolution and database or training size. These factors are crucial for
optimizing ML models to achieve a balanced relationship between accuracy and computation time.
Traditionally, lower-resolution images tend to yield quicker computation time but at the expense of
accuracy, while higher-resolution images promise enhanced accuracy but demand longer computation time.
However, the relationship between accuracy and computation time isn't a straightforward linear inverse
correlation; in fact, achieving even a marginal 1% increase in accuracy may entail a substantial computation
time increase of over 30 minutes. To explore deeper into this complex interplay and provide valuable

insights for improving NDT results, understanding CNN efficiency becomes instrumental in guiding
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decisions regarding image resolution and database size selection. To illustrate this, an example in Figure
3.6, which showcases varying image resolutions is present. Ten different resolutions ranging from 10 by 10
to 500 by 500 pixels, encompassing a total of 3000 images is considered. Each of the ten resolution cases
consists of 300 images, enabling a comprehensive exploration of the impact of resolution on the trade-off
between accuracy and computation time. Additionally, our study looks into training database size
considerations, examining the effects of 40-image and 100-image databases across the same range of
resolutions from 100 by 100 to 800 by 800 pixels. Through this multifaceted investigation, the valuable
guidance for making informed decisions regarding image resolution and database size is provided,

ultimately optimizing impact echo results while managing computational efficiency effectively.

10x10 20x20 30x30 50x50 100x100

150x150 200x200 300x300 400x400 $00xsoo

Figure 3.6. The image example of resolution study. Ten different resolutions ranging from 10 by 10 to
500 by 500 pixels, encompassing a total of 3000 images is considered. Each of the ten
resolution cases consists of 300 images, enabling a comprehensive exploration of the impact
of resolution on the trade-off between accuracy and computation time.

Normalized Accuracy 3.2)

Al efficiency =

Normalized computation time.

3.3 Result and discussion
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In this section, a comprehensive analysis that encompasses three key findings are unveiled. Firstly, the
impact echo laboratory test results demonstrate its capability to identify variations in depth or size of

delamination. Secondly, our exploration into CNN damage identification yields groundbreaking results.

3.3.1 Impact echo laboratory testing result

The IE testing results, illustrated in Figure 3.7, provide valuable insights into the delamination damage of
the artificially damaged concrete slab. Significantly, areas exhibiting higher energy levels within this
frequency spectrum are indicative of a higher likelihood of delamination. Upon closer examination, the
locations labeled D1 to D6 exhibit notably higher energy levels compared to non-delaminated (ND) cases.
The color bar represents the accumulated EI in the low-frequency range between 1 kHz to 5 kHz. Higher
EI values are depicted in red, indicating highly delaminated areas, while lower EI values appear in blue,
representing areas with minimal damage. A particularly intriguing observation emerges when comparing
areas of varying depths. The top three regions (D1-D3), corresponding to shallow delaminations, display
significantly higher energy levels compared to the bottom three regions (D4-D6) housing deeper
delaminations. This disparity underscores the impact of depth on the behavior of mechanical waves. As the
waves travel to deeper layers, the mechanical waves tend to disperse their energy. Consequently, this
phenomenon causes a decrease in energy levels, thereby revealing a distinct pattern influenced by the depth
of delamination. In essence, this nuanced analysis not only provides a clear understanding of the presence
of delamination but also unravels the intricate dynamics of energy dispersion concerning the depth of the

affected layers.
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Figure 3.7. The laboratory impact echo test was conducted on a slab featuring artificial delaminations.
The color bar represents the accumulated EI in the low-frequency range between 1 kH7 to 5
kHz. Higher EI values are depicted in red, indicating highly delaminated areas, while lower
El values appear in blue, representing areas with minimal damage. A noteworthy observation
from the test results is the way energy diffusion varies with the depth of delamination. The
upper three regions (D1-D3), indicative of shallow delaminations, exhibit markedly higher
energy levels than the lower three regions (D4-D6) housing deeper delaminations.

3.3.2 Damage identification result

In evaluating the performance of ML models, three distinct metrics come into play: training accuracy,
validation accuracy, and test accuracy. Training accuracy serves as a crucial measure, depicting the model's
ability to comprehend and interpret input data, discerning the intricate features in the data alongside their
corresponding labels. Generally, a training accuracy exceeding 90% is anticipated, although this figure can
vary based on the complexity of the input data. Once the training accuracy meets a predefined threshold,
typically indicating a comprehensive understanding of the training dataset, the focus shifts to validation
accuracy. Validation accuracy acts as a critical safeguard against overfitting, a scenario where the model
learns the training data too well, capturing even insignificant features. Its role is to assess the model's

capacity to generalize its knowledge to unseen data samples. This metric essentially tests the model's self-
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evaluation ability, ensuring it can identify samples it has never encountered during training. Ideally, the
validation accuracy should closely align with the subsequent test accuracy, reflecting the model's robustness
and its competence in dealing with unfamiliar data. In this section, the accuracy metrics in the context of
four different input datasets are explored. Through rigorous examination, not only discuss the nuances of
training, validation, and test accuracy but also study into the intricacies of model predictions. A key output
of this analysis is the predicted delamination map, which visually represents the model's insights into the
structural condition. This map acts as a tangible representation of the model's learning, providing a valuable
visual aid for understanding the distribution and severity of delaminations within the material. By
considering these accuracy metrics alongside the corresponding delamination map, a comprehensive

assessment of the ML model's performance and predictive capabilities is achieved.

The comparative analysis of four distinct input types is detailed in Figure 3.8. Notably, the final training
accuracy for all inputs converges close to the 90% mark (as illustrated in Figure 3.8 (a)). However, it's
intriguing to observe that the frequency-domain model (denoted as F) remarkably reaches its peak accuracy
faster, typically within approximately 12 epochs, which means that the model remarkably reaches its peak
accuracy faster. In other words, after iterating through the entire training dataset about 12 times, the model
achieves optimal performance, demonstrating efficiency in learning and adaptation. This swift convergence
suggests that the data in this category might be comparatively simpler, facilitating quicker model training.
In contrast, the other three models require a more extended training period, around 25 epochs, to achieve
their maximum accuracy. This discrepancy hints at the potential richness of information when using
combined images, offering intricate details that demand a more thorough training process for the model to
grasp. Figure 3.8 (b) further illustrates the training loss curves during the iterative training process.
Consistently, F model demonstrates a rapid decline in loss, indicating a more efficient training process.
Conversely, the other three models exhibit longer training times, signifying a more intricate learning curve.
Upon achieving commendable training accuracies, the focus shifts to evaluating the validation curves,

providing a crucial measure of the model's ability to generalize its knowledge to unseen data. These insights
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into both training and validation processes serve as pivotal indicators of the model's robustness and

predictive capabilities.
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Figure 3.8. The ML training accuracy and loss curves of four different models: (a) The training
accuracy, and (b) training loss. The training accuracy and loss patterns for the four distinct
models are evident. Notably, F model stands out with its rapid training process compared to
the other three models, swiftly reaching maximum accuracy and minimal loss. This
observation underscores that the data within category F is more easily learned by the model,
indicating its simplicity in training.

The validation accuracy and loss for various models are detailed in Figure 3.9 to Figure 3.12. An intriguing
observation across all cases is the consistent trend: validation accuracy is lower than training accuracy,
while validation loss surpasses training loss. This phenomenon is both reasonable and expected. During
validation, the model undergoes a self-assessment process. It encounters a subset of input data, pretending
to be unfamiliar with the corresponding answers for validation samples. This intentional lack of knowledge
mimics real-world scenarios where the model encounters previously unseen data. Hence, the lower accuracy
and higher loss in validation results can be attributed to the model's effort to generalize its learned patterns
to unfamiliar samples, a crucial aspect in ensuring the model's robustness in practical applications.

Validation accuracy serves as a criterion to discern whether an ML model is well-trained or susceptible to
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overfitting. The validation accuracy curves of the four models consistently increase with training epochs,
indicating a lack of overfitting. The incremental trends in accuracy curves are similar across all models,

with the F model and TFSTFT model achieving maximum accuracy in fewer epochs.

This observation can be attributed to the complexity of the data and the impact of extraneous feature details.
In cases where data is overly complex with unnecessary feature details, more training epochs are typically
required. Among the four different models, the F model (Figure 3.9 (b)) exhibits the lowest validation loss,
indicating that training with a single-frequency input image is easier and faster for CNN compared to other
multi-input models. The F model reaches its minimum validation loss by epoch 30, outpacing the other
three models. The validation and training curve for the SF model (Figure 3.10 (b)) reflects a larger gap
between the two losses, suggesting lower model performance in learning SF data. SF data tends to provide
excessive detail, requiring more epochs to reach the minimum loss value, and the minimum validation loss
is the highest among the models. Conversely, the FSTFT and TFSTFT models show more similar trends to
the F model and SF model, indicating that the data furnishes sufficient information for the models to
understand features and enhances their ability to identify unlabeled or unclassified data (Figure 3.11 (b) and
Figure 3.12 (b)). In addition, a notable trend is observed when comparing the training and validation curves.
The validation curves consistently require more epochs to reach their peak values. This discrepancy
underscores a fundamental principle in ML: the model's ability to generalize learned patterns to new, unseen

data.
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Figure 3.9. Validation and training curves for F model: (a) accuracy curves, and (b) loss curves. The
validation curves require more epochs to reach their peak values, indicating the model's adaptability in

unpredictable environments with unknown data.
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Figure 3.10. Validation and training curves for SF model: (a) accuracy curves, and (b) loss curves.
Compared with Figure 3.9, the validation loss takes more epochs to reach its minimum value, indicating
the SF model has higher complexity compared to model F.
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Figure 3.11. Validation and training curves for FSTFT model: (a) accuracy curves, and (b) loss curves.
The validation accuracy and loss are meet to threshold value around 40 epochs.
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Figure 3.12. Validation and training curves for TESTFT model: (a) accuracy curves, and (b) loss curves.
The validation accuracy meets to threshold value around 30 epochs.

The testing accuracy serves as a vital metric, gauging the model's proficiency in identifying unknown
samples, which were not included in the training process. It's important to note that the testing sample
constitutes 30% of the total laboratory testing data, ensuring a diverse and representative subset. The results

are comprehensively depicted in the confusion matrix, showcased in Figure 3.13. Comparing the four
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models, it becomes evident that the FSTFT model outperforms others, achieving the highest accuracy rate
at 87%. In contrast, F model demonstrates an accuracy of 78%, while the remaining models maintain a
solid 76% accuracy. These results are further detailed in Table 3.2, offering a nuanced understanding of the
models' proficiency in damage identification. Remarkably, the FSTFT model exhibits exceptional accuracy
in identifying delaminations across all depths (D1-D6). Additionally, the TFSTFT model displays
commendable performance in recognizing D3 and D4, while the F model excels in identifying D4 and D5.
This detailed breakdown underscores the specific strengths of each model in pinpointing different
delamination levels, providing valuable insights for practical applications. Overall, these results underscore
the nuanced capacities of the models and emphasize their potential in real-world scenarios where accurate

damage identification is crucial.
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Figure 3.13. The confusion matrix of testing accuracy: (a) F model, (b) SF model, (c) FSTFT model,
and (d) TESTFT model. Overall, the FSTFT has the highest testing accuracy to show a better ability to

identify delamination.

30



Table 3.2. The accuracy of each damage of four models. Unit (%)

D1 D2 D3 D4 D5 D6 ND Total
F 70.5 55 50 62.5 55 44 80.3 78
SF 82.3 55 50 50 44 44 78 76
FSTFT 88 66 66 62.5 55 66 88.8 87
TFSTFT 76.4 55 66 62.5 44 44 80 76

The damage prediction maps, as displayed in Figure 3.14, provide a comprehensive overview of the models'
predictive capabilities to detect different damage sizes and depths. In the training process, 70% of the
samples were utilized, while the remaining 30% were dedicated to testing. Each testing sample was
examined, with known sample locations serving as reference points to obtain the predicted results from the
CNN. These predictions were then used to construct the damage maps. Upon analysis, it becomes evident
that the FSTFT model shown in Figure 3.14 (c) outperforms the others, demonstrating fewer incorrect
predictions. This superior performance can be attributed to the validation and testing accuracy metrics. The
FSTFT model boasts an impressive 87% test accuracy, while the other three models achieve around 75%
accuracy. This disparity is pivotal; it indicates that the FSTFT model provides crucial features that enable
the model to distinguish between damaged and undamaged areas more accurately. The nuanced insights
from these maps offer valuable implications. Not only do they highlight the FSTFT model's superior

predictive abilities, but they also underscore the importance of selecting inputs with higher accuracy rates.
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Figure 3.14. The CNN prediction delamination map: (a) F model, (b) SF model, (c) FSTFT model, and
(d) TFSTFT model. The results presented in (c) demonstrate the most accurate delamination map among
all cases.

3.3.3 CNN efficiency analysis result

During the damage identification process, the computation time for each training iteration is recorded. The
relationship between computation time, accuracy, image resolution, and the number of training images is
illustrated in Figure 3.15. The triangles, circles, and rectangles marked with the same color in both Figure
3.15 (a) and Figure 3.15 (b) represent CNN accuracy values obtained from the corresponding testing

models. In Figure 3.15 (a), it becomes evident that higher image resolutions lead to increased accuracy. For
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instance, with 100 images, a 600x600 resolution image attains 72% accuracy (blue rectangular mark), while
a 100x100 resolution image achieves only 58% accuracy (blue triangle mark). However, this improvement
in accuracy comes at a cost. The computation time exponentially increases. For the cases, the 600x600
resolution image requires 300 seconds, whereas the 100x100 resolution image demands only 50 seconds
for processing. Similarly, with 240 images, the 600x600 resolution image achieves 74% accuracy, while a
100x100 resolution image attains 70% accuracy. However, the computation time drastically differs by 1600
seconds for the former versus 80 seconds for the latter. This comparison reveals that although a 4% accuracy
difference exists between these two cases, the higher accuracy demands significantly more time for
processing. Figure 3.15 (b) echoes these trends. When comparing models using 40 images and 100 images
with an 800x800 resolution, the 100-image model attains close to 70% accuracy with a 1600-second
computation time. In contrast, the 40-image model achieves 58% accuracy with a 700-second computation
time. These phenomena highlight a critical relationship: image resolution and the number of training
samples dramatically affect both computation time and accuracy, especially after reaching a certain
threshold. Notably, resolutions larger than 600x600 lead to exponentially increased computation time. To
strike a balance between accuracy and processing time, a comprehensive analysis is imperative.
Determining this equilibrium point will be pivotal in optimizing the model's performance for practical

applications.
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Figure 3.15. The computation time and accuracy curves: (a) different number of images study, and (b)
different image resolution study. The accuracy and computation time are significantly
influenced by the number of images and the image resolution. However, beyond a specific
threshold, such as 600x600 resolution, the computation time exponentially increases for a
mere 2% improvement in accuracy.

To find out the threshold, the changing difference between each increment is calculated, for example,
analyze the difference between the computation time with 200x200 resolution image and the 100x100
resolution image, to identify how the resolution affect computation time. The number of image study with
computation time and accuracy are shown in Figure 3.16 and Figure 3.17. Examining Figure 3.16 (b), a
significant slope peak occurs with the 600x600 resolution image within the range of 200 to 240 images.
This observation clarifies that for a 600x600 resolution image, utilizing more than 200 images results in an
exponential increase in computation time, as evident in Figure 3.16 (a). Hence, the threshold for the number
of images, concerning computation time, for the 600x600 resolution image is set at 200 images. In the
analysis of accuracy slopes depicted in Figure 3.17 (b), two distinct slope peaks are evident, corresponding
to the cases of 600x600 and 100x100 resolution images. Figure 3.17 (a) illustrates this phenomenon through
the increase in accuracy, notably with the 600x600 resolution image when transitioning from 40 to 60

images, and with the 100x100 resolution image when increasing from 100 to 120 images. Consequently,
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the number of images threshold, concerning accuracy, is set at 60 images for the 600x600 resolution and

120 images for the 100x100 resolution image. These thresholds represent crucial points where the balance

between computational efficiency and accuracy is effectively maintained.
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Figure 3.16. The slope analysis of computation time with number of image study: (a) the curves of
computation time and accuracy, and (b) the slope analysis of computation time. For 600x600 resolution
image, the number of image threshold for computation time is 200 images.
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Figure 3.17. The slope analysis of accuracy with number of image study: (a) the curves of computation
time and accuracy, and (b) the slope analysis of accuracy. For 600x600 resolution image,
the number of image threshold for accuracy is 60 images, while for 100x100 resolution
image the threshold is 120 images.

The analysis of slopes pertaining to resolution is presented in Figure 3.18 and Figure 3.19, considering
inputs of 40 images and 100 images, respectively. In Figure 3.18 (b), a discernible slope occurs when the
image resolution transitions from 600x600 to 700x700, as illustrated in Figure 3.18 (a). This delineates the
threshold for computation time, signifying that a resolution of 600x600 provides a more efficient processing
time. Examining the accuracy slopes in the resolution study, depicted in Figure 3.19 (b), two prominent
peaks indicate significant accuracy enhancements. These observations are detailed in Figure 3.19 (a). The
initial boost occurs when the resolution increases from 50x50 to 100x100, and the subsequent boost is
observed from 150x150 to 200x200. Notably, resolutions exceeding 200x200 yield marginal increases in
accuracy. This nuanced analysis underscores the critical impact of resolution on accuracy, emphasizing
specific points where resolution adjustments significantly affect computational efficiency and model

performance.
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Figure 3.18. The slope analysis of computation time with image resolution study: (a) the curves of
computation time and accuracy, and (b) the slope analysis of computation time. For 100 images input,
the image resolution threshold for computation time is 600x600.
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Figure 3.19. The slope analysis of accuracy with image resolution study: (a) the curves of computation
time and accuracy, and (b) the slope analysis of accuracy. For 100 images input, the image resolution
threshold for accuracy is 200x200.

The efficiency curves calculated using Eq. 3.2 are depicted in Figure 3.20 and Figure 3.21. Figure 3.20 (a)
reveals that efficiency values are higher when the number of images is below 100. However, these values

must be evaluated in conjunction with the accuracy and computation time thresholds discussed in Figure

37



3.16 to Figure 3.19. For instance, the input featuring a 600x600 resolution with 20 images exhibits the
highest efficiency. Despite this, the accuracy only reaches 56%, falling short of the accuracy threshold of
72% (the red mark in Figure 3.20 (b)). Therefore, even though the efficiency is high, it cannot be directly
utilized for CNN model input setting. Similar trends are evident in Figure 3.21 (a), where high efficiency
is observed with a 50x50 resolution image, but the accuracy is only 53% (as shown in Figure 3.21 (b)).
Taking both accuracy and computation time into account, the optimal setting identified in this study is a
200x200 resolution with 100 images input (the red mark in Figure 3.21 (b)). This configuration achieves
high accuracy while maintaining a rapid computation time, striking a balance that ensures both precision

and efficiency in the CNN model.
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Figure 3.20. The CNN efficiency study with image resolution: (a) The efficiency curve of number of
image study: (b) the curves of computation time and accuracy. The analysis indicates that
efficiency values tend to be higher with fewer than 100 images. However, these values need
to be carefully considered alongside accuracy and computation time thresholds.
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Figure 3.21. The CNN efficiency study with number of images: (a) The efficiency curve of image
resolution study. (b) the curves of computation time and accuracy. A high efficiency is noted with a
50x50 resolution image, but the accuracy remains at 53 %.
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CHAPTER 4 IE SIGNAL EXTRACTION STUDY

4.1 Chapter overview

Given the existing difficulties in signal extraction from advanced impact echo data in the field test, arising
from diverse environmental conditions or multiple impact sources, the use of ML emerges as a potential
solution. This study primarily employs image-based CNN to analyze various signal types. Additionally, a

comparison is conducted with data-based ANN to evaluate the features usage of signal identification.

In order to extract signals effectively from massive data collect, this advanced model plays an important
role in categorizing three distinct signal types: delamination signals, non-delamination signals, and noise
or insignificant signals, as illustrated in the flowchart in Figure 4.1. In the first objective, our exploration
involves two comprehensive signal studies: exploring different signal durations (D;;) and examining
various signal starting times (S;;). In the second objective, the CNN-recommended signal parameters of
D;; and S;; are applied to update the impact echo results, leading to a remarkable enhancement in map
accuracy. It's noteworthy that the data utilized for training the CNN and ANN models is sourced directly
from rigorous field tests. The integrity of the impact echo system used for data collection has been

previously verified and published (Kang et al., 2022).

40



Data preparation: Objective 1. Signal extraction using deep learning
Laboratory and field test

. . B1. Signal image preparation with B2. CNN signal extraction results to
A1..D.a.t 2 collect!on \.N'th different signal duration and identify damage with two signal
artificial delamination slab e
- starting time parameters
) leﬂ[hpu‘ W 'f"\ ‘.'M 2 TargetClass
$ # 4 SRR =
D =0.2ms Dy ~0.4ms Dy ~0.6ms Doy ~0.8ms Des=1ms Dy~12ms - 30 .

il
--’u‘t,v’\(’[l;‘m\,w/\, :Merf.%«w-«v: J'll“v‘fvﬁr\/"\l‘\,'/\“l Mm'tmv-.mm.,
|

S-oms, Dig=1ms  Sp-0.1ms, Dys=Ims  Sy-02ms,Dys=1ms  Syy=0.3ms, Dyz=1ms

I A A AW~ WA A A 85.7% | 77.7% szsx}n:m

Sis0Ams, DismIms 5, 0.5ws, Ds=Ams  Sy=0.6ms, Dys=ims  $,5=0.7ms, Dys=ims

v—
Objective 2. Update impact echo results

C1. Compared the impact echo results ~ C2. Verify the correctness of updated
before and after using DL-suggestion impact echo map with time-domain

signal parameters and frequency-domain signals
o b
’ 3.: I IM , J |
0 :"- i"“’\‘ Zm" \
"' B & 1Ll B
.Ji, o ",‘\H "

Figure 4.1. The flowchart of Chapter 4. Objective 1 focuses on signal extraction through deep learning,
aiming to determine the signal parameters such as time duration and starting time, crucial

for accurate damage identification. In Objective 2, these identified parameters are utilized to
update the impact echo results.

4.2 Field test environment

The bridge field tests, and system configuration are illustrated in Figure 4.2 and Figure 4.3. The field test
faced significant challenges due to environmental interferences and machine-related factors affecting signal
clarity, including issues such as potholes and the slope of the scanning path, as depicted in Figure 4.4. These
surface irregularities significantly impact the accuracy of impact echo data analysis, influencing the quality
and reliability of the results obtained. Potholes and surface damage can disrupt the impactor’s contact with
the bridge, leading to variations in the generated mechanical waves; The impactor’s ability to generate
mechanical waves, crucial for the echo signal, is directly influenced by the ground surface condition. If the

surface is uneven or damaged, the impactor may not strike the ground effectively, leading to lower energy

signals.
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These low-energy signals pose a challenge during impact echo data analysis, as they might be overlooked,
resulting in inaccurate delamination map outcomes. Furthermore, since our system includes nine motor
drivers to generate waves, and each motor has a 20-millisecond delay, signals generated by other motors
may be observed by each sensor. This is a challenge because signals from distant impacts could potentially
affect the data from the nearest impact (Kang et al., 2022). These undesirable signals, despite having lower
amplitude, remain discernible in the data. To address these challenges arising from natural environmental
interference and the multi-impact signals during field tests, our study explored signal extraction techniques

enhanced through ML methods, as discussed in the subsequent sections.
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Figure 4.2. Field testing photo - (a) scanned area of the bridge, and (b) system and safety control.
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Figure 4.3. The ACES scanning system encompasses impact-echo and GPR technologies cited from
(Kang et al., 2022).
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Figure 4.4. The surface condition highlights prevalent issues such as potholes and damaged surfaces.
Potholes and surface damage can disrupt the impactor's contact with the bridge, leading to variations in
the generated mechanical waves.

In Chapter 4, the goal is to enhance signal extraction leveraging ML aimed at overcoming prevalent
challenges in impact echo testing, such as environmental interferences and machine-related factors affecting
signal clarity. The example signals as shown in Figure 4.5. Analyzing extensive scanning datasets from
field tests covering entire bridges, often surpassing 30 million samples and susceptible to environmental
variations, poses a challenge in accurately identifying target signals. Factors like delayed impact and
diminished mechanical wave amplitudes add complexity, making the use of uniform mathematical methods
difficult. The precision of delamination identification relies on accurate signal extraction. To address these
challenges, two powerful DL algorithms are employed: data-based ANN and image-based CNN. These
methods help to classify signals, distinguishing delamination, non-delamination, and insignificant signals,

aiming to enhance signal extraction accuracy from real-world impact echo testing data.
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Figure 4.5. The impact echo algorithm aims to generate a delamination map, but it encounters a
significant challenge: processing over 30 million sample data points within a single scan
time and the effect of multi-impact. ldentifying the precise target peaks using traditional
mathematical algorithms becomes daunting due to this vast dataset. To address this
challenge, DL algorithms are employed to accurately identify signals.

4.3 Signal extraction ML algorithm

4.3.1 ANN

ANN consists of interconnected nodes or neurons organized in layers, including an input layer, one or more
hidden layers, and an output layer. These networks are trained using the backpropagation (BP) algorithm,

a supervised learning technique tailored for neural networks. The BP updating error equation can be

expressed by:
6i = (Outi)(l - Outi)wi,i_ldi (4.1)
61 = Outl( 1-— Outl)WZ'laz (4.2)
62 = Outz( 1-— Outz)WL'26L (4.3)

where w represents data weights, §; signifies the error value in neuron i, L is the last layer neuron and Out;

represents the output data from neuron i as shown in Figure 4.6. During training, BP calculates the error
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between the predicted output and the actual target values. It then adjusts the weights and biases of the
network, working backward from the output layer to the input layer, in order to minimize this error. This

iterative process continues until the network's predictions closely align with the desired outcomes.

Figure 4.6 as example, the output from neuron 0 is used to input for next layer neurons (e.g., neuron 1), and
the error § from neuron 1 is updated from output of neuron 1, data weight, and error from neuron 2 as
described in Eq. 4.3. As a result, ANNs become adept at recognizing intricate patterns, enabling accurate
predictions and classifications. The inputs for neuron O consist of features derived from signals described
in Eq. 4.4 to Eq. 4.7. The updated calculated weight from neuron 0 serves as input for the next layer neuron,

such as neuron 1. The final output of the last neuron encompasses three types of damage identification.

@ w

Outy—

Damage identification output:
1. Delamiantion signal
-Out, 2. Non-delamination signal

Training input features (ANN):

1. Frequency peak

2. Frequency energy

3. Amplitude peak(time-domain)
4. Energy(time-domain)

3. irrelevant signal including
noise

Fully connected layer
(ANN network)

Figure 4.6. Schematic representation of the ANN architecture. In the training process, BP computes the
error by comparing predicted and actual outputs. It then iteratively adjusts the network's
weights and biases from the output layer to the input layer to minimize this error. The input
features consist of frequency and time-domain signals, with the output focused on damage
identification.

The time-domain peak serves as a direct representation of the impactor energy and the energy of mechanical
waves in the impact echo signal. A higher amplitude indicates correct impactor hitting conditions, although
sometimes environmental interferences and machine-related factors can lead to lower amplitudes. These
time-domain peaks have a direct impact on the frequency-domain energy, affecting the accumulated energy
as well. To enhance the granularity of features used for training and testing the ANN model, four distinct

feature values are introduced to characterize the impact echo signal: 1) the maximum peak in the time-
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domain, 2) the maximum peak in the frequency-domain, 3) the accumulated energy between 1kHz to SkHz,

and 4) the accumulated energy between 7kHz to 11kHz, as expressed in Eq. 4.4 to Eq. 4.7:

Feature 1 = max(Amp(t)x,y) 4.4)
Feature 2 = max(Amp(f)y,y) 4.5)
SkHz
Feature 3 = Z E(f)
ikHz (4.6)
11kHz
Feature 4 = Z E(f)
7kHz 4.7)

where Amp(t),,, and Amp(f) ., are amplitude of time-domain (t) and frequency-domain(f) with time and

amplitude value, separately.

4.3.2 CNN

The CNN model is leveraged to process time-domain signals accompanied by damage labels, distinguishing

between delamination, non-delamination, and insignificant signals. Two parameters associated with various

signal windows, namely starting time signal (S;;) and different duration signal (D;;) of the input signal, are

used to identify damage labels. Afterward, the CNN output, which furnishes the S;; and D;; values

associated with the highest accuracy in damage identification, will be implemented to enhance the

extraction algorithm, thereby improving the final delamination map. The CNN's operation entails intricate

layers, including convolutional layers and pooling algorithms. These layers examine input images, utilizing
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convolution with smaller elements to deconstruct the image into more manageable feature images, as

depicted in Figure 4.7. It is crucial to highlight that our input data originates from both field and laboratory

tests, encompassing real-world scenarios. This approach ensures the CNN model's practical applicability.
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Figure 4.7. The CNN model comprises a convolution layer for feature extraction and a pooling layer to
reduce dimensions, retaining essential features. Extracted features are connected to a flatten layer and
a neural network for training and testing purposes.

The cornerstone of our methodology is the construction of a comprehensive database, tailored to signal
parameters, encompassing variations in the starting time and duration of signals. This parameter-driven
database serves as the bedrock for our efforts to differentiate between significant signals, which are
instrumental in producing precise impact echo results, and insignificant signals that might introduce noise
or interfere with accurate assessments. The sample of different S;; and D;; in time-domain as shown in
Figure 4.8 and Figure 4.9. The signal duration study depicted in Figure 4.8, a range of 10 different durations
spanning from 0.2 milliseconds to 2 milliseconds (e.g., D;;=0.2 millisecond, D;,=0.4 millisecond and D;; =
i X 0.2 millisecond) are examined. Each duration represents a distinct temporal window within which the
signal is analyzed. Furthermore, for the S;; study, eight different starting time scenarios (e.g., S =0
millisecond after zero-crossing point, S;,=0.1 millisecond after zero-crossing point and S;; = (i — 1) x 0.1
millisecond after zero-crossing point) are investigated. The initial case of S;; commenced precisely at the

zero-crossing point, aligning with the moment just before the acquisition of the structural signal. For
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instance, the initiation of Sy, occurred 0.1ms after the zero-crossing point, and S;; subsequently followed
with a delay of 0.2ms delay, as exemplified in Figure 4.9. In D; study, a total of 3000 images were analyzed.
This encompassed 10 distinct cases, with each D;; variant comprising a dataset of 300 images. Similarly, in
the starting time study, a substantial dataset comprising 2400 images was employed. This comprehensive
dataset included eight different S;; scenarios, with each scenario comprising a collection of 300 images.
This extensive dataset facilitated an in-depth exploration of the effects of varying starting times on our

signal analysis.

D;;=0.4ms D;3=0.6ms D 4=0.8ms D;s=1ms D;c=1.2ms

Figure 4.8. The CNN inputs for signal extraction, examining various durations (D;) of time-domain
impact echo signals. A total of 10 different durations, ranging from 0.2 milliseconds to 2 milliseconds,
are analyzed. Each dataset (e.g., D, dataset) comprises 300 images obtained from field tests.
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Figure 4.9. The study explores CNN inputs for signal extraction, varying the starting time (S,;) after the
zero-crossing point. A total of eight different signals are considered, ranging from the immediate zero-
crossing point to 0.7 milliseconds after it.

4.4 Results and discussions
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This section provides results from two aspects. Firstly, the precise classification of signals into
delamination, non-delamination, and insignificant signal categories utilizing time-domain signals. This
classification is conducted across diverse D;; and Sy; after the zero-crossing point. Secondly, the impact
echo delamination maps are refined using results obtained from our CNN-based signal extraction process.
The enhancements are achieved by incorporating optimized values for D;; and S;; , ensuring a more accurate

and detailed delamination mapping process.

4.4.1 CNN Signal extraction result

The CNN's signal extraction testing accuracy of D;;=0.2 millisecond case is depicted in Figure 4.10 (a),
where it is essential to note that there were 210 images utilized for training and 90 images for testing. As
an example, Figure 4.10 (a) show the 33.3% accuracy for non-delamination class that is calculated by
dividing the 30 of correctly predicted sample number over the total 90 testing images, resulting in 33.3%.
The figure also presents a value of 85.7% at the bottom, derived from the correctly predicted samples within
each class (30 out of 35), accounting for 85.7%. The overall accuracy of the CNN model is represented by
76.3%, calculated as the sum of the correct predictions for each class (33.3% for non-delamination, 24.2%
for delamination, and 18.8% for insignificant signal). Compared to result in Figure 4.10 (a), Figure 4.10 (b)
represents the signal identification result for the case with D;,=0.4 milliseconds model, showing a slightly
higher accuracy (76.6%). However, its ability to identify non-delamination has a slightly lower accuracy at

80%. Figure 4.10 (d) exhibits a higher model accuracy (78.4%) with D;s=1 millisecond model.
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Figure 4.10. The confusion matrix illustrates the identification of different duration signals, categorizing
them into non-delamination, delamination, and insignificant signal classes. (a) D;1 = 0.2ms, (b) Dy, =
0.4ms, (c) Dy = 0.8ms, and (d) Dy = Ims.

In-depth analysis of testing accuracy across different D; presents distinctive outcomes, as illustrated in
Figure 4.11. Particularly, when D;s= 1ms, a notably higher prediction accuracy is achieved. This highest
accuracy can be attributed to the focused 1ms window, efficiently capturing crucial impact signals
indicative of structural interior damage. However, as the duration extends to 1.2ms, insignificant tail noise

in the red box begins to be considered as shown in Figure 4.12, leading to a slight decline in CNN
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classification accuracy. Further increasing the duration to 1.6ms results in a significant drop in accuracy,
and at D;1,= 2ms, the accuracy diminishes further, encompassing a broader spectrum of insignificant
signals such as tail resonance or noise. This broader inclusion leads to a notable decrease in accuracy,
highlighting the critical importance of selecting an optimal signal duration for accurate classification. In
conclusion of the duration study, it is evident that signals with a duration of Ims contain sufficient
information, minimizing the impact of tail noise or insignificant signals, enabling effective damage

1dentification.
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Figure 4.11. The outcomes of the varied signal duration study are evident. Specifically, when duration
is Ims, a significantly higher prediction accuracy is achieved. This is because within the
Ims window, crucial impact signals reflecting structural interior damage are effectively
captured. In contrast, when duration=2ms is considered, the accuracy drops significantly.
This decrease is attributed to the broader duration including a multitude of insignificant
signals, such as tail resonance or noise, resulting in decreased accuracy.
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Figure 4.12. The interpretation of signal extraction accuracy with varying duration cases reveals distinct
patterns. Dy and D,, characterized by limited signal information, result in lower CNN
identification accuracy. In contrast, D5 exhibits a precise signal group, leading to higher
CNN accuracy. However, D¢ includes more signals, including tail insignificant signals,
which adversely affect accuracy.

The outcomes from various Sy, for three different D;; are depicted in Figure 4.13. A consistent trend is
observed across all six cases: the highest accuracy is achieved when S;,=0.1ms or S;3=0.2ms. This result
can be attributed to the exclusion of the front part surface wave, which significantly affects signal behavior.
The surface wave occurs exclusively during the first half cycle of the wave, after which the subsequent
signal consists entirely of mechanical echoes originating from the combination of surface wave and the P-
wave reflections, either from delamination or the solid depth. Conversely, when S;c=0.5ms, the accuracy
decreases as the signal primarily encompasses tail noise and insignificant signal. Additionally, the accuracy
observed in laboratory test data mirrors these trends: the highest accuracy in damage identification occurs
when S;,=0.1ms or S;3=0.2ms. It's worth noting that the laboratory test data, being clearer with distinct
target peaks and signals free from noise, validates the accuracy and value of the information derived from
the field test data. Despite being trained with field test data, the CNN model's correct identification of

laboratory test data underscores the authenticity and importance of the field test findings.
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Figure 4.13. The outcomes of various signal starting times S;; across three different durations, including
lab test delamination data, exhibit a consistent pattern. In all six scenarios, the highest
accuracy is achieved when S;,=0.1m or S;3=0.2ms. This heightened accuracy can be
attributed to the exclusion of the initial surface wave, a component that significantly
influences signal behavior.

The detailed explanation for the CNN accuracy findings can be elucidated using Figure 4.14. In the case
where S;1=0ms and D;;=1ms, the initial half of the signal primarily comprises a pure surface wave, as
indicated in the top red box of Figure 4.14. However, this surface wave does not contribute significantly to
the impact echo flexural mode. Across all signals, the surface wave provides similar information, making
it a relatively insignificant feature in CNN training. It's noteworthy that the P-wave, which is utilized to

identify delamination, occurs after the pure surface wave.

Conversely, when Sy, = 0.1ms and S;3 = 0.2ms, the pure surface wave is eliminated, focusing the CNN on
the target signal that is combination of impact echo signal and surface wave while incorporating more tail
noise. These signals can be effectively identified by CNN due to the richer information from input data.

However, when S;,=0.3ms, the absence of the target signal results in a decrease in accuracy, particularly
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when the input data contains a higher proportion of tail noise, as indicated in S;4 result located in the bottom

red box of Figure 4.14.
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Figure 4.14. The explanation of CNN accuracy shown in Figure 4.13. At S;1=0ms, both surface wave
and target wave are present, but the surface wave offers similar information across all
signals, making it less significant for CNN training. When S;,=0.1ms and S;3=0.2ms, the
elimination of the surface wave focuses CNN on the target signal while introducing more
tail noise. These signals are effectively identified due to their richer information. However,
at $;4,=0.3ms, the exclusion of the target signal results in decreased accuracy.

The results of ANN using four features processing from Eq. 4.4 to Eq. 4.7 as shown in Figure 4.15..
In this ANN study, the D;s=1ms is fixed while varying S;;. This is because the ANN feature nearly
reaches its maximum amplitude when the duration reaches the first peak. Therefore, increasing the
duration does not significantly impact the features of the ANN. The observed trend aligns with the
findings from the starting time study (Figure 4.14), indicating that S;,=0.1ms to S;4,=0.3ms yield the
highest CNN accuracy. In the case of ANN, a sharp decline in accuracy occurs at S;z=0.4ms due to

the signal being impacted by tail-end noise, mirroring the observations in Figure 4.14. Overall, the
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analysis of various starting times reveals that S;,=0.1ms and S;3=0.2ms offer crucial information for
accurate damage identification using impact echo signals. This valuable insight serves as a foundation

for enhancing delamination results, a topic explored in the subsequent section.
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Figure 4.15. The ANN accuracy with four features from Eq. 4.4 to Eq. 4.7. The observed pattern
correlates with the results from the starting time study in Figure 4.14, showing that
Si2=0.1ms to S:4=0.3ms provides the highest CNN accuracy. Conversely, for ANN,
accuracy sharply decreases at S;5=0.4ms due to the signal being influenced by tail-end
noise, consistent with the observations in Figure 4.14.

4.4.2 Delamination results from field test

Due to the environmental interferences and machine-related factors in the field test, often obscure
delamination signals, leading to challenges in accurate detection. Signals may be either too faint, leading
to their dismissal, or excessively amplified, creating false impressions of damage severity. To address this
issue, the time-domain signals with varying durations and starting times to mitigate these interferences are
systematically examined. In this section, further investigation is performed with a detailed discussion and

comparison of the field test delamination results before and after implementing CNN-recommended signal
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parameters, specifically focusing on starting time and signal duration adjustments. Marked differences are
carefully analyzed, and both time-domain and frequency-domain signals are scrutinized to assess the

reasonableness of the generated delamination maps.

The delamination maps before and after applying CNN-recommended signal parameters are depicted in
Figure 4.16. A careful comparison between Figure 4.16 (a) and Figure 4.16 (b) reveals distinct differences:
certain points exhibit altered colors, with some points becoming visible and others disappearing upon the
application of CNN-recommended signal parameters. Take Region A, for instance, in Figure 4.16 (a), the
accumulated energy between 1kHz to SkHz is low, suggesting a non-delamination area. However, when
plotted using CNN-recommended signal parameters (D;s=1ms with S;,=0.1ms) in Figure 4.17 (a), a clear
low-frequency peak indicative of delamination becomes visible. This phenomenon can be explained by the
original signal in Figure 4.16 (a) having an extended duration, encompassing excessive high-frequency

noise that diminishes the influence of low-frequency energy.

Consider Region C as another example: Figure 4.16 (a) indicates a non-delamination case, whereas Figure
4.16 (b) suggests slight damage in that area. The signal, as depicted in Figure 4.17 (c¢), showcases a distinct
lower-frequency peak for delamination, although the energy level is not notably high. This lower amplitude
signal could result from the impactor failing to strike the surface accurately at the correct angle, possibly

due to surface conditions like potholes where the impactor may become stuck and vibrate.

Region D offers a valuable insight: Figure 4.16 (a) depicts a large delamination area, while Figure 4.16 (b)
indicates minor damage. The signal at Region D, shown in Figure 4.17 (d), demonstrates a peak in a high-
frequency region, indicating a highly non-delamination case. This example emphasizes that when the
impactor strikes the surface accurately with sufficient energy, the reflected mechanical waves also carry
higher energy compared to inaccurate hits. However, higher energy alone is not a sufficient criterion to
distinguish between delamination and non-delamination; the specific location of frequency peaks is equally

crucial. By analyzing these cases, it becomes evident that the CNN-recommended signal parameters used
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to generate Figure 4.16 (b) effectively enhance the delamination maps while mitigating the impact of
environmental factors in field tests.
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Figure 4.16. The delamination maps of scanning path 1. (a) Original algorithm, and (b) CNN-suggestion
signal parameter from signal extraction study (e.g., D;s=Ims and S;,=0.1ms). Consider
point C as another example: Figure 4.16 (a) indicates a non-delamination case, whereas
Figure 4.16 (b) suggests slight damage in that area. This lower energy could result from the
impactor failing to strike the surface accurately at the correct angle, possibly due to surface
conditions like potholes where the impactor may become stuck and vibrate.
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Figure 4.17. The verification of Figure 4.16. The samples in Figure 4.16 depict the time-domain and
frequency-domain signals for different cases: (a) Region A, (b) Region B, (c) Region C,
(d) Region D, (e) Region E, and (f) Region F. Consider sample C as an illustration; despite
the relatively low energy, a distinct low-frequency peak indicates a delamination case.
Utilizing the CNN-recommended signal parameters depicted in Figure 4.16 (b) results in
accurate identification of the delamination in this sample.
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CHAPTER 5 INTERNAL CRACK IDENTIFICATION IN IHM MEDIUM

5.1 Chapter overview

The primary goal of this study is to advance the understanding of a WRYV is the wave response ratio of
scattering waves to incident waves according to specific wave frequency and crack geometry in particular,
an internal vertical crack in [HM. Initially, the focus shifted to establishing the mathematical relationship
between wave response in HM and analyzing WRYV patterns. Given the limited research on WRV in [HM
like concrete, the developed FE model from Kang (2021) is applied and conducts laboratory tests with [HM

to understand these unique patterns (Kang et al., 2021).

The flowchart in Figure 5.1 outlines the research steps. First, the FE model was applied and verified through
laboratory tests with artificial crack specimens. Second, the WRV patterns between HM and IHM were
analyzed, considering the effects of aggregate size and distribution. Third, GANs and CNN were employed

to develop an internal crack prediction model, which was tested with field test data.
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Figure 5.1. Overview of research steps. In this study, a sequential research approach was conducted,
divided into several tasks. The process began with a comprehensive review of wave response
theory, establishing a foundation. Subsequently, the focus shifted to the mathematical
relationship between wave response in HM, and WRYV patterns were analyzed. Due to limited
research on WRYV in IHM like concrete, a FE model was developed, and IHM laboratory
tests were conducted, confirming the FE model's validity with varied crack geometries.
Machine learning techniques were applied to enhance the database and predict crack depth
based on understood WRYV patterns. Additionally, exploration of GANs was undertaken to
generate more WRYV data. The study culminated in a field test, evaluating the accuracy of
machine learning in identifying damages.

5.2 Wave response variation

5.2.1 Mathematical formulation with the relation between the wave scattering and various

material-crack properties in an elastic medium

The investigation of the analytical solution of WRV in HM using various numerical integration methods is
studied (Kang et al., 2020). A vertical internal crack geometry is shown in Figure 5.2. The r and 0 are
components of the polar coordinate, “a” represents the distance between the surface and the top of the crack
tip referred to as depth-to-crack; “b” is crack size. Assuming that the surface wave direction is aligned with
the x-axis and the crack is in a vertical direction, the wave split into two parts when it encounters the crack,
depending on the wave direction. The wave that propagates forward is referred to as forward scattering,

while the reflected wave is called backward scattering. In theory, if the wave energy is not dispersed in the
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medium, the sum of the amplitudes of forward and backward scattering should be equal to that of the

incident wave (Kang et al., 2021).

x=0
Surface eaves Backward Forward
(Incident wave) scattering scattering
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y

Figure 5.2. The wave scattering mechanism involves the incident wave energy splitting into backward
and forward scattering upon encountering an internal crack. In this context, "r"" and "0"
are polar coordinate components, ""a' represents the depth-to-crack (distance between the
surface and the top of the crack tip), and ""b"' signifies the crack size.

The displacement potentials are defined in the scattered field and meet the radiation condition of the elliptic

boundary-value problem proposed by Wickham (Wickham, 1977).

. 1/2 1
Q= Aieilka_(kRZ_kLz) Y+ A(e)(kLr)_EelkLT + 0((kLT)_1/2) (5.1)

where A constant, kg, k;, and k are the wavenumbers of Rayleigh, longitudinal, and transverse waves,
respectively. The variable r and 8 represent the components of polar coordinates (r, 8). The + signs denote

forward direction (+), and backward direction (—). The formula for the constant A is expressed as per

Gregory (Gregory, 1975):
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Eq. 5.5 can be applied with various polynomial equations to solve the integration problem. There are five
different methods of Gaussian quadrature were considered, including Legendre quadrature (GLEQ), Gauss-
Chebyshev quadrature (GCQ), Gauss-Jacobi quadrature (GJQ), Gauss-Hermite quadrature (GHQ), and
Gauss-Laguerre quadrature (GLAQ), as outlined in Table 5.1 (Kang et al., 2020). Additionally, FE model

to with different WRV patterns under varying crack geometries are developed, and the verification study
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between the analytical solutions and the FE model are conducted. Specifically, for this study, the Gauss-

Legendre quadrature method is applied.

Table 5.1. Five different integral methods used in WRV analytical solution

Integral method Weight function

2
(1 = xA)[P'n ()]

Gauss-Legendre quadrature w; =

Gauss-Chebyshev quadrature w; = /(1 — x2).
Gauss-Jacobi quadrature w; = (1 —x)%(1 +x)P.
2" nlm

Gauss—Hermite quadrature W= ————
b [Hpoq ()]

C (A D?[Lnga ()]

Gauss—Laguerre quadrature w;

Thus, the expression of incident and forward wave applied Table 5.1 can be (Achenbach & Brind, 1981;

Gregory, 1975; Kang et al., 2020):
ul*

1
2kep? — kp2) kpetkr-(kr®~kr®)2y
=0 2 2 4 (z - 2 1T/2) Rze 23\1/2 4 2 2 2 M(y)/ax
2ker {(4kR —kr )(kR —k; ) (kR —kr ) — 2ky (ZkR -k, —kr )}

1. 2 23 (5.7)
49 2k (kg? — k,?)2etkrRx=(kr*~kr*)%y o) /a
y)/dy
2br? {(4kn® = ke ) (kn® = k2" (ke? = kr )" = 2be*(2he® = Ko = hr?))
b
M) = [ dy(dy IR +idr ()}
¢ (5.8)
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where ui* is incident surface wave displacement; u,): is forward wave displacement; Ay is the wavelength

of the incident Rayleigh wave. Kj is the wave-number of a Rayleigh wave. The displacement variation ratio

(u,):S /ul™) are presented by the incident wave frequency and crack geometry variables, kpa, representing

the energy diffusion before and after encountering the crack.

5.2.2 Comparative study of wave response variation in different geometry sizes using an infinite

element in homogeneous medium

Figure 5.3 displays a representative example of the FE model utilized in this study, preprocessing through
the HyperMesh software, and solved using Abaqus. To mitigate noise and reflected waves from the
boundaries, an infinite element and dampers were incorporated (Oh et al., 2012). Ten layers of dampers
were implemented, each possessing a distinct damping value. The red damper had the lowest damping value
(1000) as the initial damping factor, with an incremental damping factor of 5000 for the subsequent layer.
The infinite element was positioned at the last damper (black), as outlined in Table 5.2. The utilization of
ten layers with varying damping values ensured that wave responses, such as amplitude or waveform, did
not undergo drastic changes. This approach guaranteed the accurate preservation of the wave shape for
comprehensive analysis. The test specimen was assumed to possess typical solid material properties
(p=2400 kg /m?, E=35 GPa, and v=0.2). The model for the ABAQUS solver was constructed using a two-
dimensional (2-D) four-node plane strain element (CPE4R) with a 2 mm mesh size for the solid medium
group and dampers, except for the infinite element (CINPE4). The input pulse employed was a three-cycle

sine wave with frequencies ranging from 10kHz to 200kHz.
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Figure 5.3. This FE model example includes listening nodes N1 and N2. N1 captures incident and
reflected waves, while N2 captures forward waves. Ten layers of dampers are incorporated to minimize
boundary reflections.

Table 5.2. The damper coefficient is denoted by Damper 1 for the inner one attached to the specimen,
while Damper 10 refers to the outer damper.

Damper Damper  Damper Damper Damper Damper Damper Damper Damper Damper
1 2 3 4 5 6 7 8 9 10

1000 6000 11000 16000 21000 26000 31000 36000 41000 46000

The WRYV pattern is computed by considering the incident and forward/backward amplitudes. Figure 5.4
illustrates an example of N1 listening points along the x-axis in Figure 5.3. The wave with a higher
amplitude represents the incident wave (blue), whereas the wave with a lower amplitude corresponds to the
forward wave (red). The scattering amplitude is reduced due to energy being transferred to backward
scattering and diffusing within the medium. To validate the FE model simulation against the analytical
solution, the wave response pattern is calculated using the first peak of the wave amplitude, its

corresponding wavelength, and crack depth for comparison.
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Figure 5.4. An example of the incident wave and forward wave in the laboratory test is shown in Figure
5. The incident wave (blue solid line) has a higher amplitude, while the forward wave (red solid line) has
a lower amplitude due to the presence of a crack.

The signal reflection validation from the IHM model, applied with and without the infinity element, is
shown in Figure 5.5. The model dimensions are the same as the laboratory specimen size. When comparing
the two signals, the infinity element signal exhibits less reflection in the tail part, while the initial front peak
is not significantly affected by reflection. A similar waveform can be observed in the model without the
infinity element, where the front waveform matches the infinity element model, demonstrating that the front
signal is not significantly affected by reflection. The WRYV is calculated from the first peak of the incident

wave and forward scattering wave.
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Figure 5.5. The reflection validation from FEM. The model with the infinity element (blue) and without
the infinity element (orange) experiences less reflection in the front first peak. The WRYV is calculated
from the first peak of the incident wave and forward scattering wave.

5.2.3 Develop the damage prediction model using ML technology

To gather sufficient data for damage identification in the later stages of the study, creating numerous
specimens with varying depths of cracks in the laboratory within the given project timeframe can be
challenging. To address this limitation, FE models are employed to generate additional data. The IHM
design closely resembles that of the HM, with the primary distinction being the use of random aggregates
in the IHM specimens. The method for creating random aggregates has been validated in previous research
studies (Yun et al., 2020). The study explores different aggregate sizes with the same portion ratio, as
depicted in Figure 5.6. The larger aggregates are denoted as L1-L6, and the smaller aggregates are denoted
as S1-S6. L1-L6 represent exclusively utilize larger aggregates, while S1-S6 represent only smaller
aggregates but with a random distribution. Additionally, ten different aggregate patterns are investigated

illustrated in Figure 5.7. These patterns encompass varying numbers and sizes of aggregates, as detailed in

67



Table 5.3. By comparing the waveforms and WRV patterns, the differences and effects of different

aggregate configurations can be studied effectively.

Table 5.3. The aggregate detail of ten patterns

Cases  Aggregate Total number Total number Total number Minimum Maximum
portion (%) 0<dia.<4 4 <dia.<7 7 <dia.< 10 dia. dia.
L1 28.12 0 0 100 7.02 9.58
L2 28.54 0 0 100 7.11 9.43
L3 28.26 0 0 100 7.15 9.68
L4 2791 0 0 100 7.18 9.34
L5 27.27 0 0 100 7.05 9.47
L6 28.66 0 0 100 7.07 9.51
S1 26.51 100 0 0 1.17 3.63
S2 26.22 100 0 0 1.14 3.70
S3 2591 100 0 0 1.16 3.63
S4 25.93 100 0 0 1.14 3.55
S5 26.18 100 0 0 1.13 3.57
S6 27.37 100 0 0 1.14 3.65
P1 29.27 53 28 7 2.27 11.31
P2 29.84 62 22 9 2.36 11.68
P3 29.22 59 29 7 2.27 11.12
P4 30.44 67 24 8 2.35 11.62
P5 29.59 59 30 6 2.41 11.62
P6 31.81 53 22 13 2.41 11.00
P7 30.04 62 24 11 2.35 10.02
P8 31.59 66 18 11 2.37 10.36
P9 30.39 61 22 10 2.29 11.69
P10 29.74 60 34 5 241 11.69
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Figure 5.6. Different aggregate size study. Two study groups were defined: L1-L6, consisting of larger
aggregates exclusively, and S1-S6, comprising smaller aggregates with a random distribution. These
cases maintained a similar aggregate portion ratio.

Figure 5.7. Ten patterns were created using random aggregate sizes and distributions, offering diverse
designs for the study.

5.2.4 Laboratory test

The study of IHM, particularly the WRV phenomenon, has been a challenging endeavor due to its intricate
nature influenced by diverse factors such as material properties, wave frequency, crack size and shape, and
environmental conditions. To address these complexities, laboratory tests are used to validate our IHM FE
model. In the laboratory, an 8 x 8 x 4-inch specimen container with a water-to-cement (w/c) ratio of 0.5 is
utilized. An artificial crack was created using a 0.5-millimeter-thick plastic shim, which was removed after
2 hours of mixing to achieve the desired conditions based on the laboratory environment. Four types of
crack specimens were generated: 1) mortar with a constant 1-inch depth-to-crack, 2) mortar with a diagonal
depth-to-crack ranging from 0.5 to 2 inches, 3) concrete with a constant 1-inch depth-to-crack, and 4)

concrete with a diagonal depth-to-crack ranging from 0.5 to 2 inches. Figure 5.8 illustrates the process of
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creating these artificial cracks and the final specimens. Impact tests were conducted using a 0.5-inch impact
ball at a frequency of approximately 12 kHz (Kang et al., 2022). The testing setup, depicted in Figure 5.9,

utilized two MEMS sensors as receivers and one DC motor to generate the mechanical wave.

Figure 5.8. Artificial internal crack samples. (a) the specimen container with dimensions 8x8x4 inches;
(b) the fresh concrete mixture; (c) a model with a constant depth-to-crack of 1 inch; (d) a top-
view of diagonal depth-to-crack ranging from 0.5 inch to 2 inches; and (e) the DC motor used

in the testing setup. These components were essential in simulating and studying crack
patterns within IHM.
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Figure 5.9. The laboratory test setup involved the use of a DC motor to generate mechanical waves, while
MEMS sensors were employed to capture the incident wave, reflected wave, and forward wave.

5.3 Develop the damage prediction model

5.3.1 Develop the damage prediction model using ML

To acquire a sufficient dataset, the GANs framework involves training two models simultaneously: a
generator that produces synthetic data and a discriminator that assesses the authenticity of the generated
data. In this adversarial training, the generator aims to deceive the discriminator, while the discriminator

endeavors to distinguish between real and synthetic data (Goodfellow et al., 2014).

The nonlinear modal analysis of WRV in IHM presents challenges due to limited understanding of its
characteristics, including random scattering, variations in internal crack size and wavelength, wave energy
attenuation due to IHM damping, and environmental factors like temperature. To address these
complexities, two machine learning methods were employed in this study. The first method utilized GANs
to generate valuable IHM scattering pattern data. The second method focused on developing a damage
identification model using CNN, aiming to enhance the accuracy of damage detection and characterization.
GANSs, a deep learning architecture, consist of two neural networks: a generator network (G) and a
discriminator network (D). The generator aims to produce synthetic data (x') that closely resembles real

data (x), while the discriminator attempts to distinguish between the real and synthetic data generated by
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the generator. The training process operates as a minimax game between the generator and discriminator,

with the objective function J(G, D) defined as follows:

J(G,D) = minmax V(D,G) (5.10)

where V (D, @) is the value function defined as:

V(D,G) = Exllog D(x)] + E_[log (1 — D(G(x)))] (.11)

where E is loss value from real data x and fake data x'. The GANs training process involves iteratively
training both the generator and discriminator. In each iteration, the discriminator is updated to maximize
the value function, while the generator is updated to minimize it. The training continues until the generator
produces synthetic data that is indistinguishable from the real data, indicating that the GANSs has converged
to an optimal solution. A concept of GANs architecture showing in Figure 5.10. A generator network G and
a discriminator network D, with the generator taking a random noise vector z as input and producing
synthetic data x’, which is passed through the discriminator to produce a binary classification output. The
generator and discriminator are trained in an adversarial manner, where the generator tries to produce
synthetic data that resembles the real data, and the discriminator tries to distinguish between the real data

and the synthetic data.
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Figure 5.10. The concept of GANs model. A generator network (G) and a discriminator network (D)
operate in tandem, with the generator taking a random noise vector (z7) as input and
generating synthetic data (x'). The generator and discriminator are trained adversarially:
the generator strives to create synthetic data resembling real data, while the discriminator
aims to differentiate between real and synthetic data. The input and generated data in this
study is WRYV pattern.

After generating new WRYV samples using GANs, the CNN algorithm is utilized to identify the WRV pattern
and predict internal crack depth. CNN extracts feature from convolution and pooling layers, which are
employed to train the model. The neural network processes these features and calculates classification and
prediction results, as illustrated in Figure 5.11. The input for the internal crack prediction CNN model
comprises WRV curves calculated from wave incident and forward energy, while the output includes
internal crack geometry and depth. Furthermore, this study explores the influence of the quantity of
synthetic data samples on improving the accuracy of CNN-based crack prediction. Six distinct CNN models
were implemented using varying numbers of synthetic samples. The initial model was trained on 40 images
featuring patterns P1 to P5 in the IHM dataset, while another 40 images encompassing patterns P6 to P10
were used for training. The subsequent five models incorporated additional synthetic samples for both
training and testing, building upon the first CNN model as outlined in Table 5.4. The limitation of CNN lies
in its lack of interpretability, a challenge that can be partially addressed by visualizing the impact of features

on the response. This visualization helps reveal patterns of effects at local levels for individual features'
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values. Accumulated local effect (ALE) plots serve as a valuable tool for visually assessing the influence

of each feature, taking into account the effects of other features.

Fully connected layer
WRYV with different crack geometry (1600 images) (ANN)

\ Q
| | AN
N o The internal crack
—» = | O' depth prediction
— i ~0/ 0
- g (1600 input images) . ) . - Flatten Layer

‘f\\ Convolution layer poolinglayer (Organize and save all features)

Output:

>

8 J \ J

Y Y
Feature extraction Classification

Figure 5.11. The CNN model comprises a convolution layer for feature extraction and a pooling layer
to reduce dimensions, retaining essential features. Extracted features are connected to a flatten layer

and a neural network for training and testing purposes.

Table 5.4. The training sample and testing sample of CNN with different number of GANs samples.

Model No. Real train samples Fake train samples Total train samples Test samples

(from FEM) (from GANS5)
1 40 0 40 40
2 40 40 80 80
3 40 120 160 160
4 40 200 200 240
5 40 400 440 440
6 40 1080 1120 480

5.3.2 Field test verification

The field test aims to validate the CNN model trained on FEM simulation results of both HM and IHM. It
provides a real-world context, allowing us to understand how realistic internal crack patterns differ from
ideal FEM results. Our focus is on developing a damage identification model using data from this test,

analyzing WRV differences between HM and IHM with varying crack geometry (Kang et al., 2022).
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Conducted at an airport runway, Figure 5.12 and Figure 5.13 depict the scanning location and system setup.

The collected data is processed using our model, enabling a comprehensive analysis to assess its accuracy

= ___IGQﬁti

Figure 5.12. The field test is conducted on an airport runway, where the bottom layer consists of a
concrete slab with potential internal cracks. This scenario raises concerns about the presence of hidden
defects within the structure.

in identifying damage and defects in the runway.

Sensor frame

 Scanning range:6:6ft

Impactor-frame
9/DC motors

Figure 5.13. The ACES system configuration cited from (Kang et al., 2022).

5.4 Result and discussion

This section is divided into three parts that discuss the results obtained. The first part presents the results o
fthe WRYV pattern in HM, which includes the experimental findings, FE simulation, and analytical solutio
n. The second part deals with the WRYV pattern in IHM, for which only the experimental and FE simulatio
n comparisons are available since there is currently no analytical solution. Additionally, the study examine
s the WRYV pattern in [HM with different aggregate sizes with a random distribution. The third part explor

es ML applications, specifically the approach used to enhance the database with GNAs and the use CNN
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model for damage prediction.

5.4.1 WRYV study in homogenous medium

The analytical solution offers a clear signal devoid of laboratory measurement interferences, making it
challenging to generate a diverse set of crack specimens to establish a comprehensive database for ML
damage prediction. Consequently, an efficient approach is adopted, wherein a FE model is utilized to
generate this database. The validation of the FE model is conducted through laboratory tests and analytical
solutions. In Figure 5.14, a comparison between the FE simulation and experimental data is presented. As
the WRYV is computed from the first peak ratio of the incident wave and the forward wave, it is crucial to
validate the ratio between experimental and FE data. The experimental data exhibits reflections in the tail
part, which do not impact the WRV value. Figure 5.14 (a) illustrates the incident wave, while Figure 5.14
(b) depicts the forward wave response. For the FE simulation, the impulse frequency was determined based
on the impact frequency (12 kHz) and the impact size. In Figure 5.14 (a), the experimental results
(represented by the red solid line) display more noise and wave reflection from the bottom of the specimen,
whereas the simulation signal (indicated by the blue dotted line) demonstrates a significant impulse. The
disparity between the experimental and simulation signals in Figure 5.14 (a) arises because the FE
simulation incorporated infinite elements, gradually decreasing the reflected signal and resulting in a
cleaner waveform. The WRV value ratio between the experiment and FE simulation is consistent,

approximately around 0.15, affirming the suitability of the FE model for generating subsequent WRV data.
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Figure 5.14. The comparison between experiment and FE simulation. (a) incident wave, and (b) forward
wave.

Figure 5.15 presents a comparison of WRYV patterns between FE simulation and experimental data, along
with a comparison between the analytical solution and the FE model. On the y-axis, the normalized forward
wave is depicted, representing the ratio of the first peak by dividing the forward wave Ef,, amplitude by
the incident wave amplitude Ej,. The x-axis represents the product of crack depth, "a" and wavenumber,
kg. In Figure 5.15 (a) and Figure 5.15 (b), the WRV patterns from analytical, FE model, and experimental
data are displayed. However, the experimental data only covers a limited range of the x-axis due to the fixed
testing impact frequency (12 kHz) and the specimen "a" ranging from 0.5 inches to 2 inches. To incorporate
cases with deeper cracks, enlarging the specimen by increasing its length and width becomes necessary.
However, this approach is less economical and involves a slower process of experimental preparation.
Moreover, the reflected signal from the boundary may interfere with the target signal, posing challenges in

current WRV experiments.

Figure 5.15 (a) and Figure 5.15 (b) illustrate the WRYV patterns for different crack depths. The shallower
crack case (a=12.7mm) exhibits a peak at a lower impulse frequency, while the deeper crack (a=50.8mm)
shows the WRYV peak at a higher frequency. This variation occurs because different impulse frequencies

have varying abilities to propagate through deeper mediums, influenced by their wave speed and
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wavelength. Figure 5.15 (c) to Figure 5.15 (f) compare the analytical solution and FE simulation for
different crack depths. All these figures demonstrate similar WRV trends, including the peak occurring
within a specific frequency range and comparable impulse peak amplitudes. It is important to note that there
is no manual adjustment of peak values (y-axis) between the FE model and analytical solution, ensuring

the accuracy of the comparison.
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Figure 5.15. Normalized WRV of FE simulation and analytical solutions in HM. On the y-axis, the
normalized forward wave is depicted, representing the ratio of the first peak by dividing
the forward wave E s, amplitude by the incident wave amplitude E ;y,. The x-axis represents
the product of "a"" and wavelength. (a) the analytical solution results with different a. (b)
the FE simulation results with different a. (c)-(f) shows the comparison between FE
simulation and analytical solution with different a. The shallower crack case (a=12.7mm)
exhibits a peak at a lower impulse frequency, while the deeper crack (a=50.8mm) shows
the WRYV peak at a higher frequency. This variation occurs because different impulse
frequencies have varying abilities to propagate through deeper mediums, influenced by
their wave speed and wavelength.

5.4.2 IHM numerical simulation model verified with laboratory test

Figure 5.16 presents a comparison of sensing data between the experiment and FE simulation in I[HM. The
ratio of the incident wave to the forward wave in both the experiment and FE simulation is approximately
0.11. Compare with HM sensing data (Figure 5.14), IHM exhibits more reflected signals, signifying a more

intricate interaction between random aggregates and their random distribution within the medium.
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Figure 5.16. The example of sensing data comparison between experiment and simulation. (a) the
incident wave, and (b) the forward wave.

Figure 5.17, the study investigates different aggregate sizes with random distribution, utilizing the models
introduced in Table 5.3. The WRYV results, depicted Figure 5.17 (a), reveal a slightly lower amplitude for
the large aggregate group (L1-L6) compared to the small aggregate group (S1-S6). This difference may
stem from larger aggregates dissipating more energy, causing the wave to be influenced by the aggregate
size before passing through completely. The random distribution of aggregates further impacts WRY,
evident in the varied amplitude of L1-L6, despite having a similar aggregate portion with the same size.
However, organizing the diverse patterns among different aggregate sizes and their distributions proves
challenging. Figure 5.17 (b) illustrates the comparison between experimental and simulation results. The
limited number of "a" specimens and a fixed impact frequency in laboratory tests resulted in a restricted
range of results. Nevertheless, these outcomes still reflect WRV trends, affirming the feasibility of the FE
model. Figure 5.17 (c) and (d) present box plots for large and small aggregate groups, respectively. These
plots calculate the range of one standard deviation between each WRYV for various ky values. In Figure 5.17
(c), WRYV for low kg values exhibit similar amplitudes, becoming more diverse at higher ky values. This
variation might be attributed to the lower frequency impulse's initial peak having a lower speed to pass

through larger aggregates, while the signal's tail part has not yet entered the aggregate. Conversely, higher
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frequency impulses possess greater speed, and the three-cycle pulse wave is simultaneously affected by the
aggregates, resulting in a more complex reflection. A similar trend is observed in the small aggregate group
in Figure 5.17 (d), where higher impulse frequency leads to a more varied amplitude, commencing from
lower frequency ranges due to the smaller aggregate size. Figure 5.18 compares WRYV trends between HM
and IHM for the same crack case, demonstrating similar patterns. However, identifying the parameters and

their impact on the WRV phenomenon remains challenging.

81



! 0.45
0.4F
0.35 F
£ 03¢
E 0.25
E .
0.2
0.15
—%— P1 simulation, a=6.3 mm
017} w @ Experiment 1
. . . . . . . 0.05 -
0 005 01 015 02 025 03 035 04 0 0.1 0.2 0.3 0.4
* *
kR a kR a
(a) (b)
L R T —
. $
08¢ 00 ] 08t LN
0+ en
+
S o6l Q?QTE o6} [ﬁé+ L
w w
-~ + D ~ L8
2 Be 1 S B 0
W 04r .= 95+- W= 04f @ g
+ | ol i il
g | 0 1
0.2r @ 1 02+ B
o=&E tatd
=
0 lllllllllllllllllllllllllllll 0 E llllllllllllllllllllllllllll
T ONNHXON00O—ONIHOXON000XO T ONCISHOXON000) OO0 HOXONC0OYO T ONCISHOXON000)
* *
kR a kR a
(©) (d)

Figure 5.17. The WRYV pattern with different aggregate size with random distribution (a) the WRV with
two aggregate sizes, (b) the comparison between experiment and P1 simulation (c) the
boxplot of large aggregate group and (d) the boxplot of small aggregate group. It reveals a
slightly lower amplitude for the large aggregate group (L1-L6) compared to the small
aggregate group (S1-S6). This difference may stem from larger aggregates dissipating more
energy, causing the wave to be influenced by the aggregate size before passing through
completely.
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Figure 5.18. The WRV comparison between HM and IHM. On the y-axis, the normalized forward wave
is depicted, representing the ratio of the first peak by dividing the forward wave Ej,

amplitude by the incident wave amplitude E,. The x-axis represents the product of "'a"’
wavelength. (a) a=12.7mm, (b) a=25.4mm, (c) a=38.1mm, and (d) a=50.8mm.

and

Figure 5.19 presents ten distinct WRV patterns arising from random aggregate sizes and distributions with
the same aggregate proportion. Among these patterns, crack depth, a=6.3 consistently yields lower
amplitude, while a=50.8mm exhibits higher amplitude, indicating that forward wave energy is readily
diffused in shallow cracks. A comparison of patterns like P1 and P2 at a=6.3mm demonstrates that aggregate
size and distribution impact energy attenuation, even at the same depth-to-crack ratio. The WRYV results are

intricate due to reflections between particles, making them challenging to interpret. Figure 5.20, different
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"a" case within the same crack exhibit similar WRV waveforms but varying amplitudes. The WRV curves
are influenced by the random distribution and aggregate size. The box plots in Figure 5.21 depict the diverse
and intricate WRV values due to different aggregates in IHM. The red plus marks denote values falling

outside the standard deviation range, indicating significant differences in forward amplitude from other

cases.
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Figure 5.19. Ten pattern WRYV results with 8 different “a” value. On the y-axis, the normalized forward
wave is depicted, representing the ratio of the first peak by dividing the forward wave Ey,,

08r

amplitude by the incident wave amplitude E,. The x-axis represents the product o

"a " and

wavelength. (a) P1, (b) P2, (c) P3, (d) P4, (e) P5, (f) P6, (g) P7, (h) P8, (i) P9 and (j) P10.
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Figure 5.20. The ten-pattern comparison by different “a” value. On the y-axis, the normalized forward
wave is depicted, representing the ratio of the first peak by dividing the forward wave Ey,,
amplitude by the incident wave amplitude E;,. The x-axis represents the product of ""a' and
wavelength. (a) a=6.3mm, (b) a=12.7mm, (c) a=18.9mm, (d) a=25.4mm, (e) a=31.5mm, (f)
a=38.1mm, (g) a=44.1mm, and (h) a=50.8mm. Within the same crack, different "a" cases
exhibit similar WRYV waveforms but varying amplitudes. The WRV curves are influenced
by the random distribution and aggregate size.
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Figure 5.21. The boxplot of ten pattern comparison by different “a” value. (a) a=6.3mm, (b) a=12.7mm,
(¢) a=18.9mm, (d) a=25.4mm, (e) a=31.5mm, (f) a=38.1mm, (g) a=44.1mm, and (h)
a=50.8mm. The red plus marks denote values falling outside the standard deviation range,
indicating significant differences in forward amplitude from other cases.

5.4.3 Field test damage prediction

The WRYV pattern is highly intricate and challenging to interpret, making it difficult to discern differences
among various crack depth, "a" value. To overcome this challenge, machine learning techniques such as
GANs are employed to classify the WRV patterns more effectively. Since further CNN classification
necessitates a larger database of images, GANSs are utilized to generate new image samples with features
similar to our real training data. The GAN training input consists of WRV waveforms from the FE model,
accompanied by eight labels representing the eight different "a" value, as illustrated in Figure 5.22. Figure
5.23 showcases the results obtained from the GANs, producing 200 images for each "a" value group and
totaling 1600 images as input for CNN damage prediction. In GANSs, a black background provides high
contrast against the generated image, enhancing visibility and enabling a detailed assessment of the
generated image quality. Consequently, the real sample is inverted to achieve a black background with a

white waveform.
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Figure 5.22. Example of training input of GANs. There are 8 different groups depends on “a” value with
10 patterns.

Number of patten (Real sample from FE model)

Crack depth (inch)
1.00

Number of patten (produced from GANSs)

Figure 5.23. The output of GANs. In each “a” value, there are 200 images, total has 1600 images.

ALE is a technique employed in machine learning and statistical modeling to analyze the relationship

between a feature (or predictor) and a model's output. The ALE plot offers insights into the predicted
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fluctuations, specifically in crack geometry within this paper, when adjusting a single factor while keeping
others constant. Figure 5.24 displays the ALE plot, showcasing the results of the ALE analysis conducted
with the developed FE model. The investigation encompasses four features: the number of aggregates with
small diameter, the number of aggregates with large diameter, the minimum aggregate diameter, and the
maximum aggregate diameter. According to the findings, the number of small aggregates exhibits a
decreasing effect, while the number of large aggregates shows an increasing effect on the model's output.
This observation aligns with the conclusions as depicted in Figure 5.19 (a), where larger aggregates exert a
more substantial impact (e.g., reducing the WRV amplitude) on the WRYV pattern compared to smaller ones.
Figure 5.24 (c) and (d) portray the ALE results for the minimum and maximum aggregate diameters,
respectively. The outcomes indicate that a decrease in the minimum aggregate diameter results in a minor
effect on WRYV, whereas an increase in the maximum aggregate diameter significantly influences the WRV
outcomes. While these four ALE results offer valuable insights into the varying WRYV patterns associated
with changes in aggregate size and number, there remain other unidentified factors that require further

exploration in the future, such as aggregate distribution.
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Figure 5.24. The ALE plot: (a) the number of small size aggregate, (b) the number of large size
aggregate, (c) the minimum aggregate diameter, and (d) the maximum aggregate diameter.
According to the findings, the number of small aggregates exhibits a decreasing effect,
while the number of large aggregates shows an increasing effect on the model's output.
This observation aligns with the conclusions as depicted in Figure 5.19(a), where larger
aggregates exert a more substantial impact (e.g., reducing the WRV amplitude) on the
WRYV pattern compared to smaller ones. Figure 5.24(c) and (d) portray the ALE results for
the minimum and maximum aggregate diameters, respectively.
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The two CNN testing accuracy confusion matrices are presented in Figure 5.25. Figure 5.25 (a) depicts the
CNN model results only without using any fake GAN samples, while Figure 5.25 (b) illustrates the CNN
model results with the additional 1080 fake GAN samples. The model without using fake samples achieves
a 76.9% accuracy, whereas the model using 1080 fake samples attains an accuracy of 87.7%. The increase
in accuracy with the number of fake samples underscores the effectiveness of WRV data in identifying wave
propagation patterns. The accuracy rate of 87.5% for the testing model demonstrates its proficiency in
identifying diverse wave propagation patterns associated with different aggregate sizes and distributions in
IHM. These outcomes strongly suggest that machine learning techniques have the potential to accurately

predict damage using WRYV data, opening promising avenues for further research and practical applications.

The study of the number of fake samples is presented in Figure 5.26. The CNN accuracy curve increases as
the number of fake samples increases, demonstrating that GANs can be used to enhance the dataset and
improve the training of the CNN model. The difference in accuracy between 400 fake samples and 1080

samples is only 1%, indicating that the accuracy saturates after using 400 fake samples.
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Figure 5.25. The confusion matrix of CNN model: (a) the CNN model without using fake samples, (b)
with 40 fake sample, (c) with 120 fake samples, (d) with 200 fake samples, (e) with 400 fake
samples and (f) with 1080 fake samples. The increase in accuracy with the number of fake
samples underscores the effectiveness of WRV data in identifying wave propagation
patterns.
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Figure 5.26. The CNN accuracy curves vary with different numbers of fake samples. The curves show
variations with different numbers of fake samples. The accuracy is 76% without fake samples, while
using 400 fake samples can boost accuracy to 86%, reaching a saturated level.

The impact echo delamination field test results are depicted in Figure 5.27. The image displays two distinct
regions of interest, indicating the presence of defects on the tested surface. A comparative analysis between
the CNN predictions and crack length evaluations obtained from Rayleigh wave analysis is presented in
Figure 5.28. The WRYV can accurately identify and predict internal cracks with an error margin of 0.2
inches. Area-A prediction results indicate that the field test estimated a crack depth of 0.8 inches, whereas
the CNN prediction using WRV suggests a depth of 0.6 inches. For Area-B, the field test estimated a crack

depth of 0.4 inches, while the CNN prediction using WRYV indicates a depth of 0.7 inches.
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Figure 5.27. The delamination results of impact echo. The yellow solid line denotes the scanning path.
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Figure 5.28. The comparison between CNN crack length prediction and the crack estimation from
Rayleigh wave(Kang et al., 2021). (a) the area-A prediction result. The field test estimated
crack depth is 0.8 inch, while the CNN prediction using WRV is 0.6 inch. (b) the area-B
prediction result. The field test estimated crack depth is 0.4 inch, while the CNN prediction
using WRV is 0.7 inch.
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CHAPTER 6 STRCUTRUAL DAMAGE PREDICTION

6.1 Chapter overview

The aim of this chapter is to fill the aforementioned information gaps by developing a reliable FE model
that incorporates SHM inspection for use in efficient Al, with a focus on deep learning techniques for
predicting structural damage. Three objectives were identified: 1) to present the results of a fundamental
study on FE models with a time-dependent moving load, verified through laboratory and field tests, 2) to
design a reliable FE model with a moving load and its responses to structural damage, and 3) to apply
several ML models to different types of damage, resulting in the development of a highly accurate and
reliable damage prediction model. The research is divided into two stages, as shown in Figure 1. Stage 1
provides realistic structural responses using both static and moving loads, with the FE model calibrated and
verified through analytical solutions, two laboratory tests, and one field test. In Stage 2, feature selection is
applied to extract the most important data collected from Stage 1 as input for ML models, improving the
accuracy of damage prediction. Results of the comparison between four different ML models are presented,

demonstrating prediction accuracy.
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Stage 1: FE model verification and data collection
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Figure 6.1. A flowchart depicting the two stages of developing a more accurate structural prediction
model. Stage 1 involves data collection from FE modeling, and Stage 2 shows the implementation of AI
application for feature selection and damage prediction.

6.2 Develop moving load FE model
6.2.1 Kinetic contact enforcement method

A 3-D FE model of concrete structures is simulated using ABAQUS/EXPLICT. The model includes an
isotropic, elastic plate with the same Young's modulus (E), Poisson's ratio, and thickness as the structure.
The element type used is a four-node plane strain element called C3D8R. The mesh size for the solid 3-D
simulation is set at 25 mm. The material properties assumed for concrete are typical values (2400 kg/m3,
E =30 GPa, and t = 0.2), while those for tires are 700 kg/m3, E =1 MPa, and t = 0.3. The computations are
carried out using a computer workstation with eight CPUs clocked at 1.90 GHz, 16 GB RAM, and a 250

GB hard drive.

For the static load FE model, the dimensions used are 0.5 m x 15 m x 0.1 m. In Figure 6.2, 30 sensing points

are shown under the bridge deck and numbered from S1 to S30. The red dots represent S1 to S10, which
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are applied on the right bottom edge, while S11 and S20 are applied on the bottom of the centerline. S21 to
S30 are applied on the left bottom edge but are not marked in the figure to maintain clarity. The figure also
displays three different crack locations and three different static load locations. Figure 6.2 shows a sectional
view of the three different internal cracks, which are identified by the yellow area. The crack size is
determined by taking different fractions of the side section area of each simulated concrete specimen, such
as 10%, 25%, and 45%. Each missing element is then defined as a mild, moderate, and severe crack,
respectively. The study of the static load-based model involves 12 models, which provide 900 data sets
collected from 30 sensing points originating from various models with three crack locations (CL) and three

load locations (LL). Table 6.1 displays the CL and LL of the static load model.

Healthy'
M“b

te crack

Modera

Severe crack

Figure 6.2. The model of static load design. The design of the static load FE model with three different
load locations (LL 1-3) and three different crack locations (CL1-3). The dimensions of the
model are 1 m x 5 m % 0.02 m, and it features thirty sensing points (S1-S30) positioned
underneath. The model simulates mild, moderate, and severe cracks with 10%, 25%, and
45% of the missing elements, respectively, in the side section area.
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Table 6.1. The locations (x-axis) in Figure 2 of the static load model’s crack load (CL) and (LL) load.
Unit: meter

LLI1 LL2 LL3 CL1 CL2 CL3

x=1 x =6 x =11 x =3 x =8.5 x =13

The one-way moving-load model is implemented using the KCE method shown in Figure 6.3, where the
green area represents the region of contact. The KCE method is utilized for simulating the actual
movement of a vehicle. This method employs a master layer and a slave layer, where the force is
transmitted through contact with the surface of these two layers. The master layer is the area where the
external force is applied and is transferred to the slave layer. The contact conditions between the master
and slave layers are typically referred to as contact discretization, and they are an example of surface-to-
surface conditions, as illustrated in Figure 6.4. For linear problems, the contact surface must satisfy

equilibrium, the expression:

Fy=3Yt Fu (6.1)
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15 meter

Master Segment

Slave Segment

Figure 6.4. The 3-D model of surface-to-surface contact in KCE, where Fg and Fy; denote the nodal
force on both the slave surface and master surface; k is the contact stiffness between the master and
slave elements, and F y represents an equilibrium of forces.

In order to simulate an actual moving load using KCE, a specific surface interaction boundary condition is
required. The augmented Lagrangian method (Hirmand et al., 2015; Simo & Laursen, 1992) and Coulomb's
law of friction are used to establish a "linear" FE simulation, as the time-dependent moving load can be
transferred to the bridge as a linear impulse. By defining the contact condition, such as contact
discretization, and surface interaction property, the transmitting force can be calculated using the augmented

Lagrangian method. The force is then used to simulate the moving load by assigning a specific direction
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and velocity (Hirmand et al., 2015; Simo & Laursen, 1992). Table 6.2 provides the material properties and
details for the KCE-based one-way moving load model, which shares the same properties as the static-load

model.

Table 6.2. The setting for one-way moving load detail and material properties

Concrete  Concrete Tire Tire
Concrete Poisson Elastic Tire Poisson  Elastic Load
Velocity  Density ratio modulus Density ratio modulus  Applied
6 mph 2400 kg/m3 0.2 30 GPa 700 kg/m3 0.3 1 GPa 1 Hz

6.2.2 Analytical solutions for moving vehicle

In order to demonstrate the feasibility of the KCE-based moving load FE simulation results, the analytical
solution of VBI is utilized for comparison. The VBI concept is based on the interdependence between
moving vehicles and bridge responses. The model considers a passing vehicle and a simple bridge, as
depicted in Figure 6.5, where L represents the length of the bridge, while E, I, and wj, are the bridge moduli
of elasticity, the bridge second moment of area, and the bridge's first natural frequency, respectively.

Additionally, the mass of the vehicle, vehicle's first natural frequency, and vehicle stiffness are denoted as

my , ky, and w,, =/ k,,/m,, respectively.
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Figure 6.5. The simple model considered passing vehicle and bridge, where L is the length of the bridge,
E, I, and wy, are the bridge modulus of elasticity, bridge second moment of area and bridge

first natural frequency, while m,, , k,, ,and w,, = ./ k,/m,, are the mass of the vehicle,
vehicle first natural frequency, and vehicle stiffness, separately.

The equation of motion for the moving mass over a beam can be written as (Yang et al., 2014):

2
Aty

. 2mvt
q,(t) = 2055 [Alcosw,,t + Azcos% + A3 cos (wb - ?) t+ Aycos (wb + ?) t]
(6.2)
and the first mode structural response of the bridge can be expressed as:
Ag , , t .
ulx,t) =Y, 1_—:2 {sm (%) [sm (%) —s-sin (wbt)]} (6.3)
and
. A , , , t
i(x,t) = 21_—3‘2{sm (?) [(wlz, - s) sin(wpt) —(?)2 - sin (%)]} (6.4)

where §,,(t) is the acceleration of the vehicle at the moment t; u(x, t) and ii(x, t) are the displacement and
acceleration of the bridge with a specific location(x) and time(t); As; is the approximate static deflection
at the beam’s mid under the gravity action of m,,; s is the bridge coefficient related with bridge properties,
and A4, A,, A3, and A, determine the relative contributions of each component to the total acceleration
response (Yang et al., 2014). Figure 6.3 displays the unit of properties used as inputs. Figure 6.4 showcases
the results of three different case studies conducted with varying material properties and input values such

as elastic modulus, density, depth, and width for both FE modeling and analytical solutions. In Case 1,
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different values of elastic moduli are examined. In Case 2, different densities are explored, and in Case 3,

varying depths are analyzed.

Table 6.3. The properties of bridges and moving vehicle

Properties Unit Symbol
Length m L
Mass of bridge kg m
Modulus of elasticity N/m? E
First moment of inertia kg — m? I
First natural frequency Hz wp
Mass of vehicle kg my,
Speed of vehicle m/s v
Stiffness of vehicle N/m k,

Table 6.4. Detailed variables of parameters between FE modeling and analytical solutions

Elastic moduli Density
(GPa) (kg/m®) Depth (m) Width (m)
Case 1 30, 33, 35, 38, 41 2400 0.1 0.5
Case 2 30 100, 1000, 2400, 3000, 6000 0.1 0.5
Case 3 30 2400 0.1,0.2,0.3,0.4,0 0.5

5

6.2.3 Feature selection and damage prediction model

Data features are important for training the ML model and are extracted from structural responses in FE
simulation results. They include statistical indicators such as acceleration, stress, displacement, and
spectrum analysis from fast Fourier transform. The authors also considered these structural responses as

features. The statistical indicator is shown in Table 6.5.
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Table 6.5. Statistical indicator and FE modeling information used for data features (Finotti et al., 2019)

Peak Mean Mean square Root Mean Variance
square
max|x| 1 1% n 1
2 =2
“>'x XD I, )P
n 4 n 4 — (xl-) n 4
i=1 i=1 n i=1
i=1
Standard Skewness Kurtosis Crest factor K-factor
deviation
1 =\3 1 —\4 Xpeak X "X
= Uiz (% — X) = Xi=1(x; — %) P peak “rms
0_3 0_4 rms

To avoid overfitting during training, the authors use feature selection to rank the positive correlations
between features and predicting results. The embedded approach is used, incorporating other ML algorithms
like random forest to calculate the weight of features. Random forest, composed of several decision trees,
calculates impurity by randomly selecting features and assigning weights based on their importance. This
approach filters out irrelevant and redundant features and provides better feature selection results. The four

most commonly used types of impurity are shown in Table 6.6. The authors also used the Gini impurity.

Table 6.6. Four commonly used impurities in random forest

Mean Square Mean Absolute
Gini impurity Entropy Error(MSE) Error(MAE)
n n 1 n - 1 n .
in(l_xi) Z_xilogzxi EZ(xi_x) g2|xi—x|
i=1 i=1 =1 i=1
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The methods include two types of ML (DT and SVM) and two types of DL algorithms (BP and XGBoost).
DT is an optimized regression method using a tree structure (Loh, 2011), SVM is an algorithm for regression

and classification tasks (H. F. Chen, 2009)

Table 6.7. The final setting of each machine learning model

Machine
learning models
BP SVM DT XGBoost
Neurons:3 Kernel: Sigmoid Criterion: Gini Eta: 0.4
Layer:4 Gamma: scale Splitter: best Depth:5
Settings Active function: Degree:3 Depth:5 Learning: Gamma
Sigmoid regression

6.3 Verification of FEM model

This section presents two laboratory tests and one field test which are used to calibrate and verify the
developed KCE model. The purpose of these tests is to gather reference data for comparing the performance
of experimental data with the FE model simulation. Once the confirmation between experiment and
simulation data is completed, the FE model simulation can provide reliable data to the ML work. The

laboratory tests were conducted at the civil engineering laboratory building (CELB) in UTA.

6.3.1 Laboratory sensor calibration test

The primary objective of the first laboratory experiment is to validate the sensitivity, calibration, and overall
performance of the sensors. The experimental setup for this test is depicted in Figure 6.6, with a test
specimen that measures 20 inches in length, 6 inches in height, and 6 inches in width. In this configuration,
the moving element is a wheel, and the sensors are positioned underneath the middle of the concrete beam.
Three sensor types are utilized, which include linear variable differential transformer (LVDT), linear
potentiometer position sensor, and draw-wire displacement linear sensor. Data from the various sensors are

gathered using two distinct data acquisition (DAQ) systems. The Vishay Precision Group (VPG) DAQ is
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used for LVDT data collection, while the National Instrument (NI) DAQ is employed for the linear

potentiometer position sensor.

Simulated moving
load(wheel)

Linear potentiometer
position sensor

Draw-wire displacement
linear sensor

Figure 6.6. Testing configuration of the sensor performance laboratory test.
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Figure 6.7. Testing sensors and DAQ. (a) LVDT, (b) linear potentiometer position sensor, (c) draw-wire
displacement linear sensor, (d) VPG DAQ, and (e) NI DAQ.

The full-scale laboratory test involves a large beam structure with LVDT sensors placed beneath the middle
of the specimen, as depicted in Figure 6.8. The specimen has dimensions of 3m (118 in.) in length, 0.4m
(16 in.) in width, and 0.6m (24 in.) in height. Five prestressing strands with a diameter of 0.5 inches (ASTM
A416, Grade 270, stress relieved) and a total of 16 #10 stirrups are utilized. Each strand was initially
prestressed at 1201MPa (174 ksi), resulting in an average initial prestress of 2.48 MPa (359 psi) in the
beams. In addition to the prestressing strands, non-prestressed mild steel reinforcement (Grade 60) is also
employed. The shear span to effective depth ratio is set at 3.0, which corresponds to slender beams and
typically results in the lowest shear strength for beams without stirrups. A static load is applied to the top
middle surface of the beam, and data is primarily collected on the displacement and strain prior to the failure

of the concrete beam.

108



Load Cell

4-#10@76 " ‘8—#10@300 4-#10@76
A-A
#13
#10
600
#25
1
300 A—2400 300 * . . Strand
400
3000

Figure 6.8. A testing configuration with concrete bean in full-scale laboratory test.

6.3.2 Field test

This field test aims to validate the accuracy of the KCE-based moving load FE simulation results and to
evaluate the effectiveness of the sensors and DAQ systems in collecting data. The field test location for this
study is S Mesquite St, Arlington. A retaining wall is available for device support, which eliminates the
requirement for sensing wire length as shown in Figure 6.9. The bridge has a total of 7 girders and 3 one-
way lanes. For this study, two sensors, namely LVDT and linear potentiometer position sensor, are deployed
on the middle lane under the bridge deck at mid-span. The VPG DAQ and NI DAQ are used to collect data
from the different sensors. Four different types of vehicles are used for the field test, including trucks, vans,
SUVs, and sedans, with GVW of 9000 Ibs, 5950 Ibs, 4455 Ibs, and 4431 Ibs, respectively. The test is
conducted at three different speeds, namely 10 mph, 25 mph, and 40 mph. To ensure accurate sensing data,

tests are scheduled during non-peak traffic hours with one vehicle passing at a time.
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Figure 6.9. The location of bridge

6.4 Result and discussion

6.4.1 FEM simulation and analytical solution result

Bridge displacements obtained from KCE-based FE simulation under moving loads with varying
parameters: elastic modulus (E), bridge density (D), depth (H), and width (b). The comparison of elastic
modulus results between simulation and analytical solution the from Eq. 6.4 is shown in Figure 6.10. The
displacement results show linear change with different elastic moduli because the bridge frequency is =

2
7:—2 % Additionally, the FE simulation and analytical results have different amplitudes due to stiffness

updates between contact layers (master and slave layer) during penalty calculation and contact shell

movement. Therefore, the FE model may not produce an exact value as the analytical solution, but it does
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confirm the same trend of bridge displacement. The KCE approach uses the Lagrangian method to

automatically determine stiffness (Hirmand et al., 2015; Simo & Laursen, 1992).
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Figure 6.10. The bridge displacement of (a) the FE simulation and (b) the analytical solution.

The comparison density (D) results between simulation and analytical solution are shown in Figure 6.11.
The results show a similar trend when D = 100kg/m3 , presenting the negative maximum displacement of
different density cases The lower density model has a higher displacement amplitude in both results. In the
simulation results, the displacement does not start at 0 when the bridge density is 100 kg/m?3 due to the

higher moving element density 700kg/m3, causing deformation occurrence in the beginning.
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Figure 6.11. The comparison of density results between FE simulation and analytical solution. The plot
shows a similar trend among different density cases, verifying the accuracy of the FE
model. The displacement in the simulation results starts at a non-zero value (when D = 100

kg/m3) due to the higher density of the moving element (700 kg/m3) compared to the
bridge density (100 kg /m3).

Figure 6.12 shows displacement responses for various bridge depths (H). Thinner depth bridges show a
higher displacement amplitude, but the waveform is affected by high frequency reflected waves from the
bottom sides due to vehicle vibration. According to Figure 6.12 (c) and (d), the H=0.1 m model (1071?)
shows more reflection than the 0.5 m model (10712). The larger specimen has less reflection in FEM. The
H=0.5 m depth model shows more high-frequency noise with its maximum displacement shifting to the left
due to different depths and number of layers; the H=0.1m model has only one layer while the H=0.5m
model has five layers. More layers with thicker dimensions may cause more reflected waves. Figure 6.13
shows the loss (%) of maximum bridge displacement, which exhibits similar values among all cases that
demonstrate FE simulation from KCE. The elastic modulus study shown in Figure 6.13 (a) and density
study shown in Figure 6.13 (b). Each study shows similar patterns between analytical solution and KCE

model results.
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Figure 6.12. The comparison of depth results between simulation and analytical solutions. The results
show the trend where the lower depth is shown as (e) a higher displacement. However, the waveform is

substantially affected by high frequency reflected waves from (c) the bottom sides caused by (d) a thicker
dimension.
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Figure 6.13. The loss (%) of maximum displacement. The value between FE simulation and analytical
solution demonstrates similar energy loss, which means the developed FE simulation from KCE and
analytical solution has a similar pattern between moving vehicles. (a) elastic modulus study, and (b)
density study.

6.4.2 Laboratory test results

The purpose of the first laboratory test is to calibrate sensor sensitivity. Lab test in Figure 6.14 (a) shows
LVDT provides high-resolution continuous data of max amplitude, while linear position sensor slightly
differs from LVDT. This is because the movable steel bar in the linear position sensor can only be pushed
or pulled by the bridge deck displacement, whereas the LVDT has an additional spring that can push the
pointer back. Draw-wire displacement linear sensor has 0.1 mm resolution and only detects variations
>=0.1mm. It was not used in the field test due to potential lower displacement. In the sensor calibration
laboratory test, LVDT provided the best resolution among all displacement sensors. Thus, LVDT data was
chosen as a reference for verifying FE simulation results. Figure 6.14 (b) compares deflection results from
the full-scale laboratory test with FE simulation. The x-axis represents mid-span sensor deflection, and the
y-axis represents load. The concrete beam deflection is recorded before it fractures. Both the simulation
and experiment show the same pattern as the load increases. At 400kN load, the deflection increases at a
faster rate in both cases. It should be noted that the FE simulation uses static load simulation, while the field

test applies a moving load.
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Figure 6.14. The Laboratory test results: (a) the displacement result of the sensor calibration laboratory
test. The draw-wire displacement linear sensor provides low-resolution results and, therefore, will not be
used in the field test. (b) The comparison between full-scale laboratory tests and KCE simulation.

6.4.3 Field test results

Figure 6.15 shows results of the field test with two displacement sensors. Figure 6.15 (a) is for a truck with
a speed of 10mph, while Figure 6.15 (b) is for a truck with a speed of 40mph. The LVDT (blue dash line)
provided higher displacement compared to the linear potentiometer (red line) in both cases. The LVDT had
a clearer waveform and was less affected by vibration after the vehicle passed due to the presence of a
spring. The displacement duration for the 10mph case was longer than for the 40mph case due to the slower
vehicle speed. The displacement amplitudes were similar in both cases, with the maximum displacement
of the LVDT being 0.1mm and the linear potentiometer position sensor being 0.07mm. The comparison
between KCE FE model and field test as shown in Figure 6.16. The van and sedan cases at 25 mph shown
in Figure 6.16 (a) and (b), separately. A van moving at 25 mph caused a maximum displacement of 0.1
mm, while a sedan caused a maximum displacement of 0.04 mm. These results demonstrate the reliability
of the developed FE simulation model with moving load in simulating reality VBI. Overall, the weight of
the vehicle affects displacement and acceleration, and the moving speed affects acceleration response,

which are important factors to consider in the data analysis of the field test.
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Figure 6.15. The example of field test results: (a) with truck 10mph, and (b) with truck 40mph.

— ——LNET
Linear potentiometer position sensor
\'. ’ ‘“f_
I..\\ ."r."‘ ‘)’:
o \ '-I l.l-'
N _ 7 Nk
0 1000 2000 3000 4000 5000
Time(ms)
(a)

e i Simulation
— ! Field Test
E 0 ‘__“1‘1‘ | P
' S
é-u.nz i
E Y \l f.-’r
E -0.04 '-.I | Ji
Q .06 \ I ¥
g | II'\. \ "I -"fl
D 0.08 \ 4
0 3 " l,.";
0O 01 \ -.W_-.f
0.12
0 500 4000 4500 2000 2500 3000 3500
Time(ms)
(a)

0.02 o s il
|'I‘I \ '\I'| AT l'- { I'u
T LU Ll X AL \
£ al i' _,-\\ e \ v v
o002 g I."
E -0.04 IlI !
1 )
] Wh
o0t | [
‘“ III |"
E IIIV-I f
E: 0.08 il
(=] b
01 \G LVDT
012 Linear potentiometer posiion sensor
' 1000 2000 3000 4000 5000 6000 7000 8000
Time(ms)
(b)

0.01
L . '
E 0 pr—— == -\III'. | :
é IIIII 1 4
- -0.01 !
c \" I
k) |
£ 002 b
: L
S 03 N tf
= VoA 1)
2 o \ L
Simulation o
0.05 Field Test
0 500 1000 1500 2000 2500 3000 3500
Time(ms)
(b)

Figure 6.16. The comparison between KCE FE model and field test: (a) with van 25 mph and (b) with

sedan 25 mph

6.4.4 Feature selection results

Once the FE model was calibrated and verified with analytical solutions, laboratory tests, and field tests, a

set of FE models was created for the damage prediction database. The structural response to static and
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moving loads with CL1 is shown in Figure 6.17. Moving load acceleration shows more complex patterns
than static load acceleration due to the vehicle's continuous impulse generation through vibrations. Despite
having the same crack location and size, the structural response varies significantly based on the load

applied. ML is used to identify patterns in different crack cases across crack and load locations.
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Figure 6.17. Examples of structural acceleration responses: (a) under static loads and (b) under moving
loads, presenting more complex wave response patterns.

Due to the black-box nature of most ML techniques, feature significance and model interpretation can be
complex. Only a small number of features may have a significant impact on the response, while the majority
of features may be irrelevant. Gini importance can be used to determine the contribution of each feature in
predicting the response, providing a better understanding of feature relevance and their correlation to the
ML prediction model. Features with higher importance have a greater effect on the prediction model. Figure
6.18 shows the importance rank calculated from acceleration (A), displacement (D), and stress (S), with
mean acceleration having the highest importance for damage prediction. Using the Gini importance,
features with a score over 0.3 were selected for training an ML model, with the permutation method

providing correction for bias and reducing prediction uncertainty.
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Figure 6.18. The importance ranking is calculated from the random forest with Gini impurity. The first
capital alphabet presents what data used for indicators. “A” means the indicator calculated
from acceleration; “D” means the indicator calculated from displacement and “S” means
the indicator calculated from stress. The acceleration provides the highest importance
feature for ML prediction results. The features with Gini importance over 0.3 are used in
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ML training data for damage prediction.

6.4.5 Damage prediction results
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In this section, the damage prediction of four classes of static loads and moving loads in FE models are
explored, using four different ML models. While static loads are more straightforward to comprehend,
moving loads are closer to real-world scenarios. To obtain damage prediction results, the static load
simulation outcomes as depicted in Figure 6.19. The four classes of damage severity are healthy (intact),
mild cracking, moderate cracking, and severe cracking, based on the FE model design. The predicted results
are presented as matching matrices, where the actual class is the known information from FE simulation
results, and the predicted class is the output from the ML model. The accuracy of damage prediction is
shown by the diagonal line. Accuracy for prediction means that the predicted class matches the actual class.
For example, according to Figure 6.19 (a), the accuracy of healthy, mild cracking, moderate cracking, and
severe cracking between the real class and predicted class is 27.7% for a predicted healthy class, 14.4% for
a predicted mild cracking class, 22.6% for a predicted moderate cracking class, and 25.6% for a predicted
severe cracking class. The 27.7% value is calculated based on the fraction of all testing samples, including
the healthy real class sample (78/270 % (75/78) * 100%), where 78 is the total of healthy samples in a
real class; 270 is the sum total of all tested samples and (75/78) * 100%) is the accuracy percentage of
ML prediction in the healthy class compared to the other class totals. The total accuracy is the sum of these
four values, demonstrating an accuracy of 90.3%. For the static load model, XGBoost showed the highest
accuracy (92.6%) in predicting cracks. BP achieved an accuracy of 90.3%. SVM and DT had lower

prediction outcomes.
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Figure 6.19. The damage prediction results were derived by using static load FE simulation results from
(a) BP, (b) SVM, (c) decision tree and (d) XGBoost algorithms.

The prediction results under each moving load are shown in Figure 6.20. XGBoost has the highest
prediction accuracy (83.3%), followed by BP, DT, and SVM with an accuracy of 80.5%, 77.9%, and 76.3%,
respectively. In comparison to the static load prediction model, the moving load model exhibits lower
accuracy in damage prediction due to the more intricate input signals from structural response. In the
moving load model, the impulse signal is consistently impacted by the reflection generated from passing

vehicles, while the bridge response is influenced by complex impulse signals, resulting in a lower accuracy
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in damage prediction, as anticipated, summarizes the prediction accuracy of each model, with XGBoost

showing the best damage prediction ability for the four crack cases.

Moderate  Severe Moderate  Severe
Healthy Mild crack  crack crack Healthy Mild crack  crack crack
91.6% 90%
Healthy Healthy
» 77% » 91%
®  Mild crack % Mild crack
O )
he] °
g Moderate 89.5% g Moderate 63.6%
S crack 5 crack
[7] (7]
a | a
Severe 56.3% Severe 68.4%
crack crack
100% |71.4% |65.4% |90% 90% 71.4% |73.7% |68.4%
(a) BP (b) SVM
Moderate  Severe Moderate  Severe
Healthy Mild crack  crack crack Healthy Mild crack  crack crack
75% 100%
Healthy Healthy
» 88.9% » 81%
& Mild crack @ Mild crack
O O
Ee] E=]
g Moderate 80% % Moderate 87.5%
5 crack bl crack
o g
a a
Severe 68.1% Severe 72.2%
crack crack
81.8% |72.7% |72.2% |88.2% |vui:i 84.2% |77.3% |77.8% |100% |t:Ei4
(c) DT (d) XGBoost

Figure 6.20. The damage prediction results after processing the moving load FE simulation results from
(a) BP, (b) an SVM, (c) a decision tree, and (d) the XGBoost algorithm
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CHAPTER 7 CONCLUSION

The dissertation focuses on infrastructure damage detection using advanced Al techniques, encompassing
IE signals, WRYV, and structural performance. In chapter 3, the damage identification using various impact
echo signals, including time-domain, frequency-domain, and STFT signals is explored. Unlike conventional
methods reliant on a specific frequency range (1kHz to 5kHz), which can be influenced by testing
conditions, this research explores the potential of using diverse input signals for damage identification
through CNN. Among the four models tested, the one employing composite images generated from
frequency and STFT data achieves the highest testing accuracy. The study emphasizes the significance of
validation accuracy as a critical metric for assessing model performance, ensuring it doesn't overfit the data.
Furthermore, the research investigates the efficiency of CNN models with different image resolutions and
varying numbers of images. The slope analysis between computation time and resolution provides crucial
insights, highlighting thresholds for optimal input settings. By exploring multiple input signal types and
evaluating their performance comprehensively, this study contributes valuable insights into enhancing the

accuracy and efficiency of damage identification methods using advanced ML techniques.

Based on our findings, the following conclusions can be drawn:

e The multi-input approach combining frequency and STFT referred to as FSTFT achieves an
impressive 87% testing accuracy in identifying damages during impact echo tests.

e Among all CNN models, FSTFT demonstrates superior capabilities in identifying specific damages
(D1 to D6), while F and TFSTFT exhibit comparable accuracy in identifying D3 to DS5.

e Validation accuracy serves as a crucial metric, ensuring the models effectively handle unknown
inputs without overfitting issues, a vital aspect studied in all four models.

e Efficiency analysis reveals a stark trade-off: a significant exponential increase in computation time
yields only a marginal 2% increase in accuracy.

e Considering the thresholds of accuracy and computation time is paramount in the efficiency

analysis, enabling the identification of an optimal balance between speed and precision.

122



e The efficiency analysis demonstrates that an image resolution of 200x200 with 100 images strikes
the most balanced equilibrium between accuracy and computation time, providing valuable insight

for practical implementation.

In chapter 4, the study introduces a novel approach to signal extraction leveraging ANN and CNN to
enhance the accuracy of impact echo results while mitigating the influence of environmental factors in field
test data. Through deep learning, it was determined that a signal duration of 1 millisecond and a starting
time of 0.1 millisecond after the zero-crossing point yielded optimal results for the DL model. These
identified DL-suggested signal parameters were incorporated into the impact echo delamination calculation,
leading to significant improvements as validated through a thorough examination of both time-domain and
frequency-domain signals. This methodology effectively reduced signal dismissals and exaggerations
caused by variations in impactor energy and ground surface conditions. The application of this approach,
as detailed in this chapter, offers a more accurate and reliable analysis of impact echo results when dealing
with field test data. In future research, expanding the signal extraction process to incorporate various signal
types, such as short-time Fourier (STFT), and employing multi-input CNN algorithms could enhance the
dataset and improve the model's identification capabilities. Based on our findings, the following

conclusions can be drawn:

e In a comprehensive DL analysis of NDT time-domain signals, an optimal image parameter for
accurate damage identification was identified.

e Deep learning revealed that a signal duration of 1 millisecond and a starting time of 0.1 millisecond
after the zero-crossing point provided optimal outcomes for the DL model.

e The signal extraction approach significantly reduces signal dismissals and exaggerations caused by
environmental interferences in field test data.

e Utilizing DL-suggested signal parameters ensures a more precise and dependable analysis of

impact echo results, particularly in the context of field test data.
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In chapter 5, the comparison and examinations of wave response patterns between HM and IHM is studied.
The wave response pattern in HM is validated through laboratory tests and analytical solutions, revealing
differences in noise and wave reflection between experimental and simulated signals. Despite
dissimilarities, the signal frequency and waveform align for the first three significant cycles, affirming the
suitability of the FE model for generating subsequent wave response pattern data. The study explores
variations in the wave response pattern for cracks at different depths, noting distinct peaks for shallower
and deeper cracks. In IHM, larger aggregates exert a greater impact on the wave response pattern, causing
more energy attenuation in the forward wave compared to smaller aggregates. The study utilizes ML
techniques, including ALE and CNN, to analyze and predict cracks with high accuracy. The application of
GANSs contributes to generating synthetic samples for training purposes. While shedding light on internal
damage in IHM using Al technology, future work considerations include developing an analytical solution
for IHM, investigating varied depth-to-crack specimens for detailed wave response patterns, and exploring
different impact sizes during laboratory testing to enhance understanding and control of wave response
characteristics. The summary of this paper is shown below:
e In HM, the shallower crack (a=12.7mm) showed a peak at a lower impulse frequency, while the
deeper crack (a=50.8mm) exhibited its WRYV peak at a higher frequency.
e In [HM, larger aggregates exerted a more significant impact on the WRV pattern than smaller
aggregates, causing increased energy attenuation in the forward wave.
e The combination of random aggregate size and distribution results in a more intricate WRV pattern.
e GANSs can generate synthetic samples based on images, creating a robust database for training
purposes.
e ALE elucidates the ML model's black box process, specifically highlighting the impact of aggregate
information on the WRV.
e The CNN achieved an impressive training accuracy of 87.5% when using WRV images with

varying internal crack information.
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The study presents the framework for detecting internal damage in IHM using Al technology. However,
future work should focus on 1) developing an analytical solution for [HM to enhance parameter control and
deepen understanding of WRYV; 2) exploring varied depth-to-crack specimens for more detailed WRV
curves; 3) employing different impact sizes in laboratory testing to generate detailed WRYV patterns with

varying impact frequency. These tasks aim to facilitate a more comprehensive study of the WRV pattern.

In chapter 6, the study's primary focus was to develop a moving load FE model capable of simulating
vehicle motion using KCE and conducting a comprehensive parameter study of the model. To ensure the
model's accuracy, it was verified against VBI analytical solutions, laboratory tests, and field tests. The study
examined solutions using ML methods for damage prediction and compared the results of the static load
prediction model with the moving load prediction model. The latter showed lower accuracy due to the
complicated nature of the structural response signal that serves as input for the ML model. XGBoost,
particularly in deep learning, had the highest accuracy for both models, with 92.6% for the static load and
83.3% for the moving load. The results highlight the potential for improved damage prediction through the

use of BWIM responses. The main findings are summarized as follows.

e The KCE-based simulation for a moving load is feasible. The structural responses were verified
with a VBI analytical solution, and two laboratory tests and field test supported by parameter
studies. The loss (%) of maximum displacement between FE simulation results and VBI analytical
solutions shows a similar value.

e Feature selection is required for ML to avoid overfitting and to minimize the situation where the
ML prediction model is not well trained to increase the accuracy of damage prediction.

e The prediction accuracy of the moving load is lower than static load accuracy because the structural
response to a moving load is much more complicated than the response to a static load model

e By comparing the most recent ML methods, XGBoost combined the assembly decision tree and

gradient boosting technology, allowing us to predict damage with the highest accuracy.
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e The series of procedures presented in this report estimates and predicts structural damage from
BWIM signals, which provides a new strategy for lowering SHM. Such information will help
structural engineers take preventive or proactive actions to improve the drivers’ safety and protect

and preserve the transportation infrastructure.

The series of procedures presented in this chapter estimates and predicts structural damage from BWIM
signals, which provides a new strategy for lowering SHM. Such information will help structural
engineers take preventive or proactive actions to improve the drivers’ safety and protect and preserve
the transportation infrastructure. Further research of the KCE concept with a moving load will be further
verified through the field test with actual semi-truck. And consider two-way vehicle effect. It is possible

to monitor the health condition of a bridge structure in real-time by using BWIM responses.
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