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Résumé étendu

e réseau routier frangais est principalement constitué de routes nationales, dont la
L plupart a été achevée il y a plus de 30 ans. Les routes se dégradent a 1'usage, sous
Iinfluence du trafic, ainsi que des conditions météorologiques et des phénomenes associés
(infiltrations d’eau). La dégradation de la chaussée est visible par le phénomene d’orniérage
et de fissuration de surface (voir Figure. 1). Les deux phénomeénes peuvent révéler des
défauts de structure, incluant entre autres, les défauts de collage ou de délamination
aux interfaces entre couches de chaussée. Des fissures peuvent ainsi remonter en surface
(reflexive cracks) de chaussée et favoriser I'infiltration d’eau. Dans ce contexte, la détection
précoce de décollement entre couches permettrait d’améliorer la gestion et I’entretien du

réseau routier.

Transition zone .

i !
| I
! Healthy zone : Defective zone

1
1
Layer 1 :
(Top layer) !

Figure 1: Schéma simplifié d’un décollement entre couches de chaussée

Dans le cadre de cette these, nous nous focalisons sur la détection de décollements entre
les deux premieres couches de la structure de chaussée. Le premier chapitre présente la
problématique de la détection du décollement et les travaux existants dans la littérature sur
cette problématique. La plupart des travaux utilisent des essais destructifs, qui présentent
I'inconvénient d’étre ponctuels et limités en nombre de mesures. En comparaison, les
traitements développés dans cette theése sont basés sur des méthodes d’évaluation non-
destructive (END ou Non-destructive Testing), qui permettent une auscultation exhaustive
de la subsurface.

Au Chapitre 2, nous discutons de ’état de I’art des méthodes END pour I’auscultation
des chaussées. Nous présentons en particulier les travaux destinés a détecter les délami-
nations entre les interfaces de la structure de chaussée. Le dépouillement des mesures des
méthodes existantes nécessite généralement 'intervention d’opérateurs compétents.

Parmi les méthodes END, les systemes GPR (Ground Penetrating Radar) sont utilisés
depuis une vingtaine d’années en génie civil pour réaliser des opérations d’auscultation

des chaussées a vitesse de trafic. Ils utilisent les propriétés de propagation des ondes



Essai destructif |

Evaluation des
chaussées

Fssai non-destructiﬁi

Figure 2: Méthodes END pour l'auscultation des chaussées

électromagnétiques pour sonder la chaussée, et déterminer la géométrie et les propriétés
diélectriques des couches. Le radar présente I’avantage d’étre une technique non destruc-
tive a grand rendement et sans contact. En outre, des travaux de la littérature ont
également développé des méthodes de détection de décollements centimétriques. En com-
paraison, l'objectif de cette these est la détection des décollements millimétriques entre les
deux premieres couches de chaussé par des techniques radar. Pour atteindre cet objectif,
nous combinons 'utilisation d’un radar GPR Ultra-Large Bande (ULB) & des techniques
de traitement de données. Nous cherchons a améliorer la détection du décollement par

rapport aux autres méthodologies existantes dans la littérature.

Les méthodes par apprentissage (Machine Learning) est une famille de méthodes de
traitement de données. Nous la développons dans cette these pour la détection de dé-
collements a partir de données GPR. En particulier, nous détaillons au Chapitre 3 la mise
en ceuvre de ces méthodes pour la détection du décollement. Ainsi, pour atteindre cet
objectif, nous avons mené une étude comparative de quatre méthodes par apprentissage.
Une méthode non supervisée (k-means) et trois méthodes par apprentissage supervisée
(deux méthodes de classification a vaste marge (SVM) et une méthode par forét d’arbres
décisionnels) ont été étudiées. La Figure 3 présente le synoptique général de la mise en
ceuvre de ces quatre méthodes de traitement pour la détection de décollement d’interfaces

de chaussées.

Dans ce travail, la méthode des rapports d’amplitude (ART pour Amplitude Ra-
tio Test) sert de référence pour comparer les performances de méthodes étudiées. La
méthode ART est une méthode opérationnelle utilisée par la communauté GPR pour dé-
tecter la présence de défauts d’interfaces dans la chaussée, et tester I'intégrité des chapes
d’étanchéité des tabliers de ponts.

Au Chapitre 3, nous présentons les quatre méthodes de traitement de données par
apprentissage qui sont utilisées dans la these pour détecter les décollements d’interface
de chaussées. La méthode de clustering classique non-supervisée k-means est d’abord

présentée. Une modification de linitialisation de cette méthode a permis d’améliorer
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Figure 3: Synoptique général des méthodes de traitement de données étudiées dans cette
these pour la détection de décollement entre couches de chaussées

ses performances. Nous présentons ensuite deux méthodes par apprentissage supervisée,
une méthode paramétrée (séparateur a vaste marge ou Support Vector Machine) et une
derniére, non paramétrée (foréts d’arbres décisionnels). La méthode SVM a été utilisée de
deux manieres. La méthode SVM conventionnelle consiste a réaliser la détection a partir
d’une classification binaire (en deux classes) des données (décollement, sans décollement).
La variante One-class SVM, que nous introduisons ensuite, cherche a détecter les décolle-
ments comme des anomalies (outliers) dans le signal. Enfin, la méthode non-paramétrée
des foréts d’arbres décisionnels (Random forests), est introduite. La Figure. 4 présente
une classification des méthodes étudiées.

Le principe de chaque méthode est illustré au Chapitre 3 par le traitement des échan-
tillons temporels des signaux radar sans pré-traitement, 7.e., donnée brutes. Les signaux
correspondent a des données radar bruitées simulées avec des hypotheses simplificatrices
(le modele est détaillé en annexe). Chaque méthode supervisée a permis de détecter des
décollements d’interfaces de permittivités différentes & moyen rapport signal & bruit (=
30dB). La méthode non-supervisée (k-means) se distingue par des résultats de classifica-
tion moins précis.

Toutefois, cette mise en ceuvre des méthodes par apprentissage, bien qu’immédiate
et intuitive, présente quelques inconvénients, qui sont susceptibles d’en limiter les perfor-
mances : redondance des informations, base de données volumineuse, temps de calcul et
complexité calculatoire importantes.

Une alternative consiste a représenter les échantillons temporels des signaux par un

nombre réduit d’attributs (ou descripteurs). Le Chapitre 4 présente une sélection d’attributs
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Figure 4: Classification des méthodes de traitement de données étudiées dans cette thése

du signal temporel, qui peut étre utilisée pour la classification des signatures GPR. On
distingue les attributs locaux et globaux. Les attributs locaux décrivent le signal sur une
fenétre temporelle localisée a l'interface de la chaussée ou le décollement survient. Les
attributs globaux décrivent le signal GPR sur un intervalle temporel plus étendu, incluant
les échos des deux premieres interfaces de la chaussée. Les attributs les plus sensibles
au décollement sont mis en évidence par la séparation de leurs densités de probabilité

respectives.

Les performances des méthodes sont évaluées quantitativement a partir des résultats
de classification des signaux de chaque A-scan, soit en bonne détection (vrai positif; TP),
absence de défauts (ou vrai négatif; TN), fausse alarme (faux positif; FP) et non détection
(faux négatif; FN). Ces valeurs permettent d’établir des courbes ROC, et de calculer
les indices de performances de type DSC' (Dice score) et MCC (Matthew’s correlation

coefficient), dont le principe est rappelé en Annexe C.

En termes de classification, I'influence du type d’attributs (attributs locaux, globaux
avec /sans réduction par I’ACP) sur les performances de classification des méthodes de
traitement a été mise en évidence a partir de signaux GPR simulés. Dans le cas de la
SVM, les meilleures performances de classification sont obtenues a partir des attributs
locaux; elles sont trés proches de celles obtenues au Chapitre 3 a partir des échantillons
temporels du signal GPR. L’ACP permet de réduire quelque peu le nombre d’attributs,

mais sans observer de différence significative sur les performances de classification.

Apres le choix du type de données, nous présentons au Chapitre 5, 'optimisation des



parametres des méthodes supervisées paramétrées, 7.e., SVM. En résultat du Chapitre 4,
les parametres des deux variantes de la méthode SVM sont optimisés a partir des at-
tributs locaux des signaux. L’optimisation est analysée par le biais d’'une étude de sensi-
bilité des performances des méthodes vis-a-vis de la taille des données d’apprentissage, de
Ioptimisation des hyper-parametres, du choix du noyau, et des techniques de validation
croisée (Cross Validation ou CV en anglais); cette derniére étant jugée comme la plus
importante. La sensibilité des performances des méthodes de traitement est illustrée sur

des données simulées.

Figure 5: Acquisition de données radar GSSI SIR-3000 sur des dalles de béton
bitumineuzr au Cerema-Angers

(b) Décollement de tger, = 0.5cm (c) Décollement de tgep = 1cm

Figure 6: Illustration des trois décollements artificiels entre dalles de bétons bitumineux.

Enfin, les méthodes de traitement présentées dans la these sont testées au Chapitre 6
sur deux bases de données expérimentales de signaux radar. Les données radar ont été
collectées au-dessus de décollements artificiels respectivement, sur des dalles bitumineuses
(Cerema-Angers) et sur une structure de chaussée du manege de fatigue de 'TFSTTAR-
Nantes. Le descriptif de ces bases est disponible dans I’Annexe B.

Au Cerema, le radar utilisé est un radar impulsionnel commercial GSSI (modele SIR-
3000), couplé au sol, et de fréquence centrale 2.6 GHz. Il a servi a collecter des mesures
sur des dalles de béton bitumineux, composées de 2 couches séparées par un vide d’air

variable de 0.5cm cm a 1.0 cm d’épaisseur (voir Figures B.4 et B.5).



Figure 7: Zone du manége de fatigue de I'IFSTTAR-Nantes ot ont été placés des défauts
artificiels sur la couche de base. Les zones [A], [B] et [C] représentent les zones des trois
plus grands défauts (sable, géotextile et non-collé, respectivement) introduits a la
construction entre la couche de base et la couche de roulement.

Carousel single wheel )
configuration —~ -

GSSI SIR-3000 —_

A & - = Tk 5
GPR Tx-RX system.. e o “&

(a) Radar GSSI SIR-3000 (2.6 GHz couplé au sol) (b) Radar ULB & sauts de fréquences (4.5 GHz couplé
a lair)

Figure 8: Acquisition des deux types de données radar sur le manége de fatigue,
IFSTTAR-Nantes



Le manege de fatigue de 'IFSTTAR-Nantes permet de simuler de maniére accélérée
Ieffet du trafic routier sur la durabilité des infrastructures de chaussée. Pour simuler un
décollement entre couches, trois types de défauts artificiels ont été intégrés a la structure de
chaussée lors de la construction d’une portion de piste. Comme illustré Figure B.9, il s’agit
d’une zone Géotextile (décollement tres fort), une Sable (décollement intermédiaire) et une
zone non-collée (décollement faible). Les données ont été acquises a plusieurs étapes de
chargement (10, 50, 100, 200, 250 et 300 kilo-chargements) a ’aide des deux configurations
et technologies radar existantes: le radar GSSI SIR-3000 déja évoqué, fonctionnant a
2.6 GHz (voir Figure B.15), et un systéme experimental de radar a sauts de fréquences
(SFR) couplé a l'air, fonctionnant a 4.5 GHz (voir Figure B.11). Seules les résultats
obtenus a l’aide des données radar SFR sont présentés dans cette these.

Les résultats de traitement du Chapitre 6 ont été obtenus apres optimisation des
méthodes par apprentissage pour chacun des jeux de données, selon la procédure explicitée
aux Chapitres 4 et 5. Sur les données GSSI du Cerema (radar couplé au sol, vide d’air), on
observe que la méthode SVM a deux classes et la méthode de foréts d’arbres décisionnels
atteignent le meilleur taux de détection. La méthode SVM a une classe, affiche une
plus faible précision. Pour les données SFR sur le manege de fatigue (défauts artificiels
insérés a la construction entre la couche de roulement et la couche de base), les résultats de
classification & chaque cycle de chargement sont rassemblés en Annexe. Les trois méthodes
de classification détectent facilement les défauts les plus marqués (géotextile et sable). Mis
a part les données a 200K et 250K, les trois méthodes détectent également le défaut le
moins marqué (tack free) avec précision.

Finalement, les résultats de classification des méthodes SVM et de forét d’arbres déci-
sionnels sont formulés en termes d’estimation de la probabilité d’apparition d’un décolle-
ment (voir Figure 9) par I'intermédiaire des deux indices DPR (debonding prediction rate)
et NPR (Non-debonding prediction rate). Les tests expérimentaux semblent montrer que
ces deux nouveaux indices permettraient de fournir une aide & la décision plus concrete

que les indices de classification binaire DSC et M CC utilisés conventionnellement.
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Extended Abstract

he network of French roadways consist mainly of national roads (or auto-routes),
most of which were completed over three decades ago. Over the passage of time,

the influence of traffic, weather conditions and various phenomena such as water seepage,
the degradation of the pavement structure is inevitable. This degradation is visible on
the pavement surface by cracks. Additionally, surface cracks may also reveal structural
defects within the pavement, including, among other things, uncoating or delamination
defects at the interfaces between the pavement layers. Internal delaminations can give rise
to surface cracks with time, namely, reflexive cracks. In this context, the early detection of
such type of internal defects (debondings) can improve the management and maintenance

of the road network.

Transition zone

Healthy zone Defective zone

———————

1
1
Layer 1 :
(Top layer) !

Figure 10: Ilustration of a pavement structure with a debonding between layers

During the thesis, we primarily focused on the detection of interlayer debondings be-
tween the top two layers of the pavement structure. The first chapter presents the problem
statement and the global objectives of the thesis. Various works are already available in
the literature on this issue. However, most of these applications use destructive tests,
which are limited to a few number of spatial measurements and also specific to a time of
test. In comparison, in this thesis, we develop data processing methods to detect debond-
ings by means of Non-Destructive Testing (NDT) which allow a dense spatial sensing of
the subsurface.

In Chapter 2, we discuss the State of the Art and the progress made in the field of
NDT with the emphasis on radar imaging of pavement structures. To support the work
in this thesis, various research has been found to implement NDT delaminations between
the interfaces of the pavement structure. However, most of these methods require specific
human skills for data interpretation purposes.

In this context, Pulse radar systems, called Ground Penetrating Radar (GPR) have

been in use for over twenty years in civil engineering to conduct pavement survey at traffic
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Figure 11: NDT ascultation methods for pavement evaluation

speed. GPR uses the properties of electromagnetic waves to probe the pavement material
in order to determine the characteristics of the structure (e.g, geometry and dielectric
properties). The advantage of GPR is from the fact that it is a non-invasive, contact-less
technique with high efficiency. In addition, some research already exist in the literature
that provide the thickness of layers in the order of a few centimeters. In contrast, the
objective of this thesis is detecting debondings of the order of a few millimeters between
the first two layers of pavement by radar techniques. To achieve this goal, it is required
to improve the time resolution by combining the use of Ultra-Wide Band (UWB) GPR
technology with suitable data processing techniques. Moreover, we aim to improve the
debonding detection efficiency compared to other existing methodologies in the literature.

To achieve this goal, in this thesis, we develop machine learning methods for debonding
detection from GPR data. In Chapter 3, we detail the implementation of these machine
learning methods for our application. A comparative study of four machine learning
methods is conducted, which included both unsupervised and supervised methods. An
unsupervised method based on clustering technique, namely, k-means, and three super-
vised learning methods (Two-class SVM, One-class SVM and Random forests) were stud-
ied. Figure 12 presents the global approach of the data processing methods used for the

detection of interlayer debondings.

In this research, a conventional method, namely Amplitude Ratio Test (ART) is used
as a reference to compare the performance of the methods studied. ART is an operational-
level method used in the GPR community to detect the presence of defects in the pavement
structure and to probe waterproofing screeds on bridge decks. The following chapters detail

the different data processing methods studied in this thesis.

In Chapter 3, we present the four machine learning methods studied during the thesis to
detect interlayer debondings from radar data. An unsupervised classical clustering method
(called k-means) is first introduced. The initialization step of the clustering method is
modified to improve its performance. We then present two supervised learning methods, a

parametric method namely Support Vector Machines (SVM) and a non-parametric method
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Figure 12: General synopsis of the processing methods studied in the thesis for the
detection of thinf interlayer debondingd

namely, Random forests. The conventional SVM is used to detect debondings as binary
SVM (Two-class SVM) and as an anomaly detection method (One-class SVM). The One-
class SVM is a variant that is used to detect debondings as anomalies (outliers) in the
signal. Finally, Random forests was introduced. Figure. 13 presents a classification of the
studied methods.

The implementation of each machine learning method is illustrated in Chapter 3 by
direct processing of the temporal GPR data (i.e, raw GPR data). In the initial phase,
the simplified analytic data model presented in Appendix A was used. Each supervised
method showed good qualitative results as they were able to detect debondings (of thick-
nesses 2mm) of different permittivities with medium signal-to-noise ratio (= 30 decibels).
Nevertheless, the unsupervised method (k-means) is shown to not perform as well as the
supervised methods (SVM, Random forests).

Although the implementation of machine learning methods using raw GPR data is
intuitive and easy, redundant data, computational complexity and burden may likely limit
the performance of said methods.

One possible alternative would be to represent the temporal samples as a reduced num-
ber of signal attributes (or signal features). Chapter 4 presents the selection of time signal
features, which can be used for the classification of GPR A-scans. Here, we categorize
the GPR data attributes as local and global features. Local signal features describe the
signal within a limited time window located at the interface of the pavement where the
debonding is supposed to occur. As a result, these signal features, which focus on the

sought-out information (7.e, second echo) are expected to be optimal for best classifica-
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Figure 13: Classification of data processing methods studied during the thesis

tion. Global attributes describe the GPR signal over a longer time interval, that includes
the first two echoes (i.e, surface and the interface reflections) of the pavement. The most
sensitive signal features to the debonding are highlighted by using their probability den-
sity distributions. Finally, Principal Component Analysis (PCA) attempts to reduce the
number of signal features by an additional factor.

The performances of the methods are evaluated quantitatively using classification re-
sults of each A-scan as one of the four possible outcomes, namely, good detection (True
Positive, TP), absence of defects (or True Negative TN), false alarm (False Positive; FP)
and non-detection (False Negative; FN). These values are used to establish ROC curves,
and to calculate the Performance indexes namely, DSC' (Dice score) and M CC (Matthew’s
correlation coefficient), which are presented in Appendix C.

As part of the initial analyses, the influence of the feature type (local, global features
with/without PCA reduction) on the classification performance of the data processing
methods was evidenced from simulated GPR signals (Appendix A). The results were
compared with the performances observed in Chapter 3 obtained using the raw GPR
data. In the case of SVM, the best classification performance is obtained from the set of
local features. Although PCA somewhat reduced the number of global and local features,
no significant difference in classification performance was observed.

However, the robustness of machine learning methods also depends on other parame-
ters, such as the size of the learning data, method hyper-parameters, method kernels, cross
validation techniques, etc. It is therefore necessary to identify the ‘best’ parameters that
can be used to achieve improved efficiency in terms of detecting fine interlayer debondings.

Once the optimal feature data set is chosen, in Chapter 5, we present the optimization
of parameters for the parametrized supervised methods, i.e., SVM. Strictly speaking, the

optimization depends on the type of data processed. Also, from Chapter 4, the parameters



of the two variants of SVM are optimized from the local signal features. The CV is seen
to undoubtedly be the most important step of optimization. The results are illustrated
for simulated analytic data (detailed in Appendix A).

Chapter 5 primarily consists of the approach aimed at optimizing methods that in-
cludes the Model-fitting using cross validation techniques and kernel functions. In addition,
to make the method more operational, the optimization of the parameters is performed

on various debonding permittivity values.

Figure 14: GSSI SIR-3000 experimental setup for data acquisition on the bituminous test
bench at Cerema-Angers

AR ae . SRS

(b) Debonding thickness tger, = 0.5cm (¢) Debonding thickness tger = 1cm

Figure 15: Test bench configuration at Cerema-Angers with air-void as debonding layer

Finally, the machine learning methods presented in the thesis are tested in Chapter 6
on two experimental GPR databases. The radar data were collected over artificial debond-
ings respectively on bituminous slabs (Cerema-Angers), and on a test pavement structure
(Fatigue carousel at IFSTTAR-Nantes). The description of these databases is available in
Appendix B.

At Cerema, a commercial impulse radar, namely GSSI (SIR-3000 model) operating in
ground-coupled configuration at 2.6 GHz is used. It was used to collect GPR data on
asphalt concrete slabs, composed of 2 layers with an air-void acting as a debonding layer
of thickness 0.5 cm and 1.0cm (see Figures 14 and 15).

On the other hand, the IFSTTAR/’s fatigue carousel in Nantes is used to simulate road



Figure 16: 25m track with artificial defects at the fatigue carousel before laying the
wearing course layer. Areas ‘A,a’, ‘B,b’ and ‘C,c’ indicate Sand, Geotextile and
Tack-free based defects respectively between the base and the top layer

traffic in order to carry out accelerated durability tests. Three types of artificial defects
were incorporated into the pavement structure during the construction of a 25 m section of
the track to simulate a separation between layers. As shown in Figure 16, these defects are
respectively Geotextile-based (very strong debondings), sand-based (weaker debondings)
and tack-free based (weak debondings). The data was collected at several loading stages
(10, 50, 100, 200, 250 and 300 K-loadings) using the two existing configurations of radar
technologies. The ground-coupled GSSI SIR-3000 radar (presented earlier), operating at
2.6 GHz (see Figure 17(a)) and an experimental system of air-launched stepped-frequency
radar operating at 4.5 GHz (see Figure 17(b)) were used. Only the results obtained using
the SFR radar data are presented in this thesis.

Carousel single wheel
configuration o~ o

GSSI SIR-3000 —

: T - - —
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: - =

(a) Using ground-coupled commercial GSSI SIR-3000 (b) Using air-launched UWB radar

Figure 17: Data acquisition at the fatigue carousel, IFSTTAR-Nantes

The results presented in Chapter 6 were obtained after the optimization of the machine
learning methods for each dataset, following the procedures explained in Chapters 4 and
5. On the Cerema GSSI data (ground coupled radar, air-void), it is observed that Two-
class SVM and Random forest methods achieved the best detection rate. One-class SVM,
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Figure 18: Some illustrations of results for the classification of GPR data using machine
learning methods as binary classification and probability estimates for Tack-free based

defects at 10K loading



displays a lower precision. For SFR data on the fatigue carousel (artificial defects inserted
between the wearing course and the base layer), the classification results for each loading
stage are collated in Appendix E. The three classification methods easily detect the strong
defects (Geotextile and Sand). Apart from the data at 200K and 250K, the three methods
were also able to detect the weak defects (Tack-free) with precision.

Finally, the classification results of the three machine learning methods are formulated
in terms of estimating the probability of occurrence of a detachment (see Figure 9) through
the two indexes: DPR (Debonding Prediction Rate) and N PR (Non-debonding Prediction
Rate). Experimental tests seem to show that these two new indexes would provide more
concrete decision support than conventionally used DSC and M CC' binary classification

indexes.
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1.1 Introduction

1.1.1 Context of the Thesis

This thesis was conducted during the period 2016 - 2019 within both the Laboratory
FEvaluation Non-Destructive des Structures et des Matériauz (ENDSUM) at the Centre
d’Etudes et d’Expertise sur les Risques, ’Environnement, la Mobilité et ’Aménagement
(Cerema) and the Laboratory Composants et Systémes / Structure et Instrumentation
Intégrée (COSYS-SII) at the Institut Francais des Sciences et Technologies des Transports,
de ’Aménagement et des Réseaux (IFSTTAR).

IFSTTAR and Cerema are two recent French public institutes affiliated to the Ministry
of Ecology, Sustainable Development and Energy, which have been created in 2011 and
2014, respectively. They both collaborate to conduct applied research activities and expert
appraisals in the fields of transport, civil engineering infrastructures, natural hazards and
urban issues with the aim of improving the living conditions and promoting the sustainable
development of our societies. They support public policies at different scales.

Within this scope, IFSTTAR and Cerema have been both involved in the survey of
civil engineering structures, namely, road network and bridges mainly, by Non-Destructive
Techniques (NDT) and Structural Health Monitoring (SHM) methods. Such survey con-
tributes to minimize the risk of collapse, help at planning, maintenance and repairs, and,

at extending the life cycle of civil engineering infrastructures.



Chapter 1. Introduction

1.1.2 Problem statement: Monitoring structural pavement conditions

France has a large network of roads that stretch for over a million kilometers reaching to
every part of the country. According to the research conducted by ‘The World Factbook’
of the CIA in 2010, France stands 8th in the ranking of the world’s largest network of
roadways. A major portion of these roads are made up of bituminous concrete (also
sometimes referred to as Hot-mix asphalt) and were laid about three decades ago.

Since the beginning of human settlements, one of the major transportation media has
been the use of roads. With the change in times, the roadways proved to be one of the most
efficient and convenient means of transportation within a mainland until the invention of
the airplanes at the beginning of the 20th century.

Today, roads are the most widespread means for transportation. And depending on
the environmental situations, a wide variety of materials have been used to construct these

pavements. Based on the type of material used, roads can be classified as:
e Earthen roads
e Gravel roads
e Water bound Macadam (WBM) and Wet Mix Macadam (WMM) roads
e Bituminous concrete (Hot-Mix asphalt or HMA) roads
e Concrete roads

From the various types of materials mentioned above, bituminous is the most widely
used material for roads. They are low-cost and are excellent for driving conditions over
all types of weather conditions. The bituminous pavements are multi-layered (generally
two or three layers) pavement structures. The thickness of each layer depend on the
mechanical characteristics to achieve for the pavement structure. According to [19], the
pavement surfacing materials (i.e., the top layer) could be as high as half of the entire
pavement costs. Thus, the selection of proper materials plays an important role in the
lifespan of the pavement and the user comfort.

However irrespective of the material quality, with the passage of time, these pavements
undergo deterioration. The cause can be environmental (rain, weather, erosion etc.), the
excessive use by the traffic or even the use of average quality construction material. The
damage to the pavement structures can be either external, e.g., visible surface cracks,
or internal, e.g., delamination between layers. Be it may, both damages equally pose a
threat to the lifespan of the pavement. Additionally, the road surface defects are caused
mainly by underground defects that can occur long before visible degradation occurs on
the surface. As a result, the evaluation and monitoring of pavement structure damage is
of utmost importance for the sustainable management of roads.

The monitoring of pavement structures has been carried out for over quite a few
decades. The methods can be broadly classified as Destructive testing (DTs) and Non-
destructive testing (NDTs). Under DTs, a small section of the structure is drilled and

the specimen is used to analyze the structure. On the other hand, NDT involves no
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such disturbance to the structure. It uses various methods to determine the properties
of the materials without damaging the structure whatsoever. Ground Penetrating Radar
is one of the most widely used method under NDT. The use of GPR Systems have been
one of the major achievements in the NDT for roads and bituminous pavements. GPR
systems are used to probe the structural pavement conditions, which include the detection

of subsurface defects and the determination of the geometric subsurface structure.

1.1.3 Objectives: GPR data processing for debonding detection

Pulse radar systems have been used over two decades to perform NDT operations on
pavements. They not only provide continuous measurements of pavement layer thickness,
but also allow the detection of significant discontinuities (cracks, debondings etc.) be-
tween layers providing a large enough dielectric contrast between layers/discontinuities.
However, their use depends on the skills of users to perform the interpretation of radar
images. The debonding can be defined as the horizontal delamination or break at the
interface between two pavement layers, as illustrated in Figure 2.1. Debondings may ini-
tiate reflexive cracks up to the pavement surface and greatly reduce the lifespan of the
structure. It is thus recommended to detect such defects at an early stage to avoid the
degradation of the structure.

Within this scope, the objective is to map the coating condition at the interface between
the top two pavement layers, with the help of both Ground Penetrating Radar (GPR) at
microwave range and suitable data processing methods. Debonding if any, is assumed to be
a few mm in thickness, 7.e., to represent a small fraction of the dominant radar wavelength.
The objective will then rely on the use of Ultra wide-band (UWB) capabilities at S and C
bands on the one hand, and on the other hand, on advanced data processing techniques
to detect the millimetric debondings within said pavements.

On one hand the UWB systems provide better time resolution, but may reduce the
penetration depth of microwaves within pavement structure in a limited way. Using a
combined effort of better time resolution and advanced signal processing techniques, we
aim to improve GPRs ability to detect even thinner defects (in the order of a few mm).
The heterogeneity of civil engineering materials imposes an upper limit on the frequency
that can be used, where we will attempt to quantify using experimental approaches.

The data processing is integrated within a more general framework including a two-step
strategy to process radar B-scan images. At first, some data processing techniques will
be used to detect debondings within the radar profiles, then, as a second step, time delay
estimation techniques may be performed on the selected A-scans to further characterize
the defects, e.g., thickness and permittivity. However, the PhD will focus on the first-step,
namely, the detection, and the results may be used later on for the ongoing ANR research
project, called ACIMP (https://anr.fr/Projet-ANR-18-CE22-0020).

For debonding detection, the thesis will focus on a specific data processing family
techniques, called Machine Learning Methods (MLMs). In this thesis, a comparative
study of various MLMs, namely, unsupervised and supervised methods, is carried out.

The performance of these methods is compared with the conventional method which is
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routinely used by the GPR community for the qualitative assessment of the pavement
subsurface conditions and sealing screeds over bridges.

The performance assessment of the studied methods is based on both simulated and
field data. Simulated models are created with the help of analytical models and two
numerical methods, namely, Method of moment (MoM) and Finite Differential Time Do-
main (FDTD) methods). Field data are collected using the two main radar technologies,

namely, air-coupled step-frequency radar and ground-coupled pulse radars.

1.2 Thesis Structure

The thesis is categorized into six chapters with three parts:

In Part-A, Chapter. 2 presents the debonding survey in the pavement structures. It
discusses the state of the art in destructive and non-destructive testing and the process to
detect debondings. Finally, a reference debonding detection method namely, Amplitude
Ratio Test (ART) is presented with qualitative results from a simulated data model.

Chapter. 3 introduces the concept of Machine Learning. This chapter discusses the
family of machine learning and its types. An unsupervised methods based on k-means clus-
tering is presented along with three supervised methods, namely Support vector machines
(Two-class SVMs and One-class SVMs) and Random forests are presented. Qualitative
results using the raw GPR data obtained from analytic simulated data are also presented.

Under Part-B, beginning with the need for preprocessing and feature selection, Chap-
ter. 4 introduces the signal feature analyses and the feature selection. Various approaches
such as A-scan vs. B-scan feature selection, temporal and spectral, and, global and local
signal features are presented. Two major feature selection techniques namely distribution
basesd (PDF) based feature selection and PCA-based feature reduction techniques are pre-
sented. A preliminary test is conducted using simulated data to compare the performance
of the machine learning methods using various input feature sets.

Part-C proceeds with the Data processing for debonding detection. In Chapter. 5, the
performance measurement criteria are presented. The chapter also introduces the various
optimized parameter selection techniques used to in the detection of thin debondings. The
robustness of the machine learning methods w.r.t the input parameters and the pavement
medium are discussed.

Chapter. 6 finally presents the various results using machine learning methods appli-
cation for decision support to detect debondings from experimental data. These exper-
imental data are acquired at the test sites at both Cerema and IFSTTAR using ground
and air-coupled radar configurations. The results presented are in two categories: binary
detection and probabilistic estimation.

The final chapter draws the conclusions of the thesis and provides perspectives to the
direction where the GPR NDT work is heading in the near future.

In addition, five appendices are added at the end of the manuscript. Appendix. A
presents the simulated data modeling using analytic method (Fresnel model), MoM (GPILE)
and FDTD (GprMax) methods. These databases are used to qualitatively represent the

performance of the machine learning methods in Chapter. 3. Appendix. B presents the ex-
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perimental data collected using two radar configurations (air-coupled and ground-coupled)
at IFSTTAR’s fatigue carousel and ground-coupled GSSI at test bench setup at Cerema.
Appendix. C presents the various performance indexes that are used throughout the
manuscript to indicate the performance of the machine learning methods. Appendix. D
explains the automatic time gating used to isolate the second echo of the GPR A-scan
in order to obtain the local signal features used in Chapter. 4 to Chapter. 6. The final
appendix (Appendix. E) provides additional illustrative results for experimental data from
Chapter. 6.

1.3 Conclusions

In this chapter, we presented the problem statement that led us to the objectives to
pursue this research. The overview of the manuscript was also presented here.
The next chapter discusses the state of the art presented the various research, both

ongoing, and completed in the field of NDT&E and their advantages and limitations.
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ver the past few decades, several technologies have been developed to survey the
O surface and subsurface conditions of the pavement. Additionally, these techniques
have been improved in sensitivity and performance. In this chapter, we present the ex-
isting Non-destructive testing techniques for pavement survey with a large focus on the
subsurface radar techniques, namely, GPR-based techniques.
Within this scope, the conventional method, Amplitude Ratio Test (ART) is intro-
duced. This method will serve as a reference method to detect debonding within B-scan
radar data. It will additionally be used in the subsequent chapters as a performance

benchmark for other data processing methods.
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2.1 Existing methods for structural pavement survey

Roadways are one of the most widely spread network of transportation across the
world. As of 2014, in France alone, roadways stretched over a million kilometers. Most
of these roads are made up of multi-layered bituminous concrete and were laid over three
decades ago.

The condition of the pavement structures depend on the proper mixture, bituminous
content and its characteristics (such as aggregate size, compaction etc.), the construction
method used, traffic and weather conditions en suite [20]. Additionally, the bonding
strength between pavement layers depends on various factors, including emulsion quality
and quantity of tack, grading mixture of each layer etc. [21, 22, 23]. The occurrence of
fatigue cracking in pavements has been observed due to repeated loading [24] and has
been recognized as an important reoccurring issue in pavement structures [25]. In fact,
[23] provides a study on the effect of pavement interlayer bonding quality of asphalt layers
on the performance of these pavement structures.

Over time, traffic and environmental factors such as water seepage, seismic activities,
seasonal temperature variations may lead to sub-surface cracks at the interface between
two stratified layers. These horizontal cracks are called debondings. Figure 2.1 presents
an example of one such debonding occurring between the first two layers. Since these pre-
carious defects occur sub-superficially, they tend to go unnoticed for some time. However,
the defects may continue to grow underneath until being visible on the pavement surface
condition, e.g., reflexive cracks, and causing further severe degradations. Thus, it is of

great importance for early detection of these defects.

Transition zone
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Figure 2.1: Representation of debonding occurring in a pavement structure

Over the past decades, different methods have been proposed to monitor the pavement
structures. They can be broadly categorized into Destructive Testing (DT) and Non-
destructive Testing (NDT) [7]. In DT, a small section of the structure is extracted and
analyzed for anomalies. Although DT provides accurate information about the structure,
it has several disadvantages. To overcome the drawbacks in destructive testing, NDT has
been widely adopted to monitor structures. NDT is the process of testing and monitoring

the properties of a material without damaging the material under test (MUT) in any way.
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Due to its non-damaging ability, NDT is used in numerous applications including (but not
restricted to) monitoring in monument degradation [26, 27], structural integrity tests [28],

mechanical equipment testing [29] and pavement monitoring [7, 30, 31].

2.2 Common methods of Structural health evaluation

Structural health evaluation (SHE), sometimes also referred to as Structural health
monitoring (SHM) is process of implementing a damage detection and characterization
strategy for civil engineering structures [32]. SHE aims to enhance the performance of an

existing structure by:

e integrating sensors (such as Piezo-ceramic transducers [33] or embedded wireless
sensors [32, 34, 35]), smart materials, data transmission and processing inside the

structure
e monitoring the structures affected by external and internal factors
e development of statistical models to estimate the longevity of the structure

Evaluation and Monitoring of a pavement structure can be broadly categorized as De-
structive Testing and Evaluation (DTE or simply DT) and, Non-Destructive Testing and
Evaluation (NDT&E or simply NDT).

2.2.1 Destructive Testing

Destructive testing (DT) methods are defined as the methods used to evaluate the
condition of a material, normally, by extracting a small sample of the overall material under
test (MUT) [4]. The MUT is procured through a process wherein the characteristics of
the material under survey is mostly altered in some way (physical or chemical alterations).
Although DTs

DTs have also been used for pavement survey in some cases. These pavement tests can
be performed at regular distance intervals. Three well-known DT methods in pavement

survey are briefly presented hereafter.

Pavement Coring (PC)

Pavement coring (or simply known as Coring) is a well-known approach of pavement
testing by means of DT. In coring, a cylindrical drill is used to excavate a portion of the
pavement structure for further analysis, as shown in Figure 2.2. The objective of coring is
to collect information at in-situ conditions [36]. Coring provides vital information about
the structure that is unavailable from other tests such as log measurements or productivity

tests [36]. With the help of pavement coring, it is possible to determine:
1. Pavement thickness and various layer thicknesses [37]

2. Bonding/debonding between pavement layers [38, 39] and,
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3. Granular material characterization (such as soil, rubble efc.) under the pavement

structure

Figure 2.2: Coring equipment in [1]: the core cylinder is up to 200mm in diameter and
the complete setup can weigh up to 110kg.

Dynamic cone penetration test (DCPT)

The Dynamic Cone Penetration Test (DCPT) on the other hand is a light-weight,
cheaper, considerably faster approach to pavement survey compared to the former method
[2, 40]. It was originally developed as an alternative to evaluate the properties of pavements

[41] and subgrade soil.

According to [2], DCPT is used to measure the fatigue on a part of the pavement
by using an 8kg ‘hammer’ and a Scala penetrometer (named after its inventor in 1956)
[42]. The ‘hammer’ is dropped on the pavement from a specific height. The pavement
is then pierced with the penetrometer to estimate the penetration depth and to analyze
the structural pavement condition. Figure. 2.3 shows the DCP test setup for pavement

fatigue evaluation used in [2].
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Figure 2.3: DCPT setup for pavement fatigue evaluation [2]

Falling Weight Deflectometer (FWD)

The Falling Weight Deflectometer (FWD) test is an impulsive load test is applied on
the road surface [43]. The FWD is a device designed to ‘simulated the effect of a vehicle of
specific weight passing over a pavement and it is used to measure the vertical deflection of
the pavement w.r.t the load [44]. It is used to estimate the elastic moduli of the pavement
layers and the subgrades [45]. In the pavement testing community, the FWD test is now a
standard approach to characterize these subsurface properties to estimate the remaining
life of the pavement [44]. Figure.2.4 shows an FWD test mounted behind a vehicle.

Figure 2.4: An FWD double-mass (KUAB) setup mounted behind a control unit vehicle
[3]
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Advantages and Drawbacks of Destructive testing

DTs have been in use for over sixty years and they have several advantages. Some of

its key benefits are listed below:
1. Provides reliable and accurate information about the test material
2. Are extremely useful data for design purposes
3. Are useful to predict the durability of the material

4. Provide information of the test material that can be used to create a benchmark for

further tests
5. Usually provide quantitative results

DTs provide sparse spatial information on the pavement structure through a limited data
samples. To be reliable, it is assumed that the extracted test samples represent the
"average" material in terms of condition and characteristics. However, in reality, it cannot

be ascertained that this assumption will hold true. Thus, we now list some of its drawbacks:

1. Provides localized information ¢.e. specific to the examined zone at a particular

instant of time

2. Most DT samples cannot be reused once the test is complete since it presents a

single-state of the structure [46]
3. DTs sometimes require bulky and expensive equipment

4. Cannot be performed at all places (e.g, pavements cannot be cored that have sub-

surface embedded sensors)

To overcome these drawbacks, Non-destructive testing is used. As mentioned in [47], NDT
approaches are also recommended by enterprises as the best technique in the evaluation

of pavement structural capacity.

2.2.2 Non-destructive Testing

The concept of Non-destructive testing (NDT), sometimes also referred to as Non-
destructive Examination (NDE), Non-destructive Evaluation (NDE) or Non-destructive
Inspection (NDI), can be defined as a type of test performed on a material without altering
or changing its physical, chemical and geometrical characteristics in any way. These are
the methods that use indirect means to do the structure health evaluation [4].

Within the scope of the thesis, NDTs are conducted to probe subsurface conditions
within pavement structures, especially, disbonding. It can be also used to further charac-
terizing the pavement structure in thickness and material composition.

NDT has seen significant innovations and growth over the past few years. Today,
NDT is considered to be one of the fastest growing technologies from the standpoint of

uniqueness and innovation. A number of NDT methods that are used to inspect the
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materials has been growing since the past few decades. Researchers continue to find new
ways of applying physics and other scientific disciplines to either improve existing NDT
methods or to develop new ones.

Several NDT methods are already available depending on the application such as
Visual Testing, Magnetic Particle Testing, Eddy Current Testing, Radiography, Ultrasonic
Testing, Acoustic Testing, Electromagnetics etc.

Within our scope, the structural evaluation was conducted using the wave signal. There

are primarily two classes of waves: mechanical and electromagnetic [4].

2.2.2.1 Mechanical wave

The mechanical wave is defined as the oscillation of matter that transfers energy
through a medium [4, 48]. Ultrasonics is one such type of mechanical wave used in the
field of NDT. Figure. 2.5 shows the sound wave spectrum used in ultrasonic NDT. The
human ear is sensitive to sound frequencies averagely between 20 Hz to 20 kHz. Thus, as
the name suggests, ultrasonics use sound frequencies above 20 kHz which has proved to be

efficient in various NDT applications [49].

low bass animals and medicaland diagnostic
notes chemistry destructive and NDE
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Figure 2.5: Sound wave spectrum [4]

Since its invention in 1943 [4], ultrasonics have been used in various applications such
as: damage detection in asphalt [50, 51], defects in concrete [52], buried object detection
[53, 54], welding cracks [55, 56] and several other NDT applications.

2.2.2.2 Electromagnetic (EM) wave

EM waves propagates in straight lines at the speed of light in vacuum. Electromagnetic
wave consists in both electric and magnetic field components, which synchronously prop-
agate perpendicular to each other and perpendicular to the direction of energy and wave
propagation, namely, TEM wave propagation. According to [57], a large group of NDT
community uses the EM for non-invasive tests including X-rays (used in radiographic test-
ing), Ultraviolet rays (for dye penetrant inspection and liquid penetrant testing), infrared
and thermal (for visual/optical testing). The EM frequency band used mainly depends
on the application. However, in case of structural evaluation, the commonly chosen band
is microwaves and radio waves [4, 57] which is also the band used by Ground Penetrating

Radar.
For illustration, Figure. 2.6 shows the EM spectrum.



Chapter 2. Debonding Survey in Pavement Structures

< Increasing Frequency (v)

10+ 10° 10% 10'® o' 10" ' i 108 10° i 10° 107w (Hz)
l 1 I 1 [} [} 1 1 1 I I 1 I

¥ rays X rays uv IR Microwave |FM AM Long radio waves
Radio waves

I 1

o' 1o

10" (T R TV 10 o+ 10" 10 1ot 10* 0* him)

1+ 12

|
10

PP 7to=--w._____ Increasing Wavelength (L) —

e Visible spectrum

e
750

Y& 0%

s
G 5
5

380
<
450

Figure 2.6: Electromagnetic spectrum [4]

Within the scope of the thesis, GPR is used as the means for non-destructive evaluation
of pavement structures. GPR has been used in numerous NDT applications. The following

sections and chapters discuss the concept of GPR in detail.

2.3 Radar-based NDT techniques

Radar (or Radio Detection and Ranging) is one of the application of the theory of
electromagnetism. Radar systems use radio waves to probe any dielectric media and
to determine the range of the objects which reflect radio waves back to the receiver.
Eventually, the size of the object may be estimated as well as the wave velocity of the
probed media.

Within the scope of the thesis, we focus on Ground Penetrating Radar (GPR), which is
also known as Ground Probing Radar (GPR), Subsurface Radar or Geophysical Radar, is a
non-destructive method that uses electromagnetic waves to probe the subsurface structure.
GPR provides a cross-sectional profile of subsurface features without drilling, probing, or
digging. As electromagnetic waves can propagation within dielectric materials, GPR is
able to find target or interfaces embedded within the subsurface [58].

GPR stands out as one of the most popular electromagnetic NDT&E methods since
the past few decades. It responds to both metallic and non-metallic objects. Besides, the
GPR antennas are easy to be operated and can be moved rapidly above the ground.

Due to this diversity, in the field of civil engineering, GPR has been involved in the
estimation of various sub-material characteristics such as its dielectric properties, deter-
mination of layer thicknesses and identification of subsurface objects etc. As [4] reiterates,
these indicators are important observables linked to the structure evaluation, namely mon-
itoring.

Additionally, the applications of GPR evolved as electronic systems gradually improved
in frequency center and frequency bandwidth. While it was initially devoted to probe soils
and large targets for geophysical applications, shorter wavelengths allowed to extend GPR

applications to depth-limited civil engineering structures, such as concrete and pavement
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structures.

Within the scope of this thesis, to probe the layered pavement structures for thin
interlayer debonding detection, the microwave spectrum from the range of roughly around
1 GHz to 10 GHz was used.

2.3.1 GPR System

A generic GPR system has three main components: a transmitter- receiver (Tx-Rx)
and a control unit [58]. When a GPR pulse is emitted a reflected signal is received at
each encounter of dielectric contrast. The velocity (vy,) of the pulse within a material
is inversely proportional to the square root of the material permittivity and is given by
[59, 60]:

Uy = — (2.1)
where,

- ¢p is the velocity of the EM wave in vaccum

- €, is the dielectric constant of the layer

Let us consider the case of a layered pavement structure. When the EM wave enters
the ground, it travels through the material at a velocity expressed in Equation.2.1. The
wave then spreads out and travels downward until it encounters a layer whose properties
differ from its preceding material. At each such encounter, a part of the signal is reflected
back and the remainder enters the succeeding layer (subject to Fresnel equations; see
Appendix.A.2). This process continues until a certain depth where the signal completely
fades out (the penetration depth being a factor of the frequency of operation and pavement
material properties as mentioned before).

Finally, the received signal by the GPR system consists of:

1. Coupling induced by transmitting and receiving antennas (also called direct cou-

pling)
2. Reflection from the ground surface (first echo)

3. Interference either from GPR system itself or from environment (clutter, discussed
later)

4. Reflection by subsurface targets and/or pavement interface

5. Reflection by the underground inhomogeneity (roughness etc.).

2.3.2 GPR Data Acquisition

To probe the subsurface structure, the GPR antennas can be pulled over the ground
along a scanning direction. The configuration of the Transmitter (Tx) and Receiver (Rx)

antennas will determine the capability to perform different kinds of data collection with
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the radar [61]. Three primary antenna configurations are available for GPR namely, mono-

static, quasi-mono static and bi-static configurations.

Mono-static radar is the term given to the radar antenna configuration in which the Tx
and Rx are collocated, namely, zero-offset configuration. However, radar instruments that
have both transmitting and receiving antenna housed within the same box are normally

considered to be coincident and mono-static because they cannot be separated.

On the contrary, a bi-static radar is a configuration where the Tx and Rx are physically
separated so that the reflected echo does not take the same path as the transmitted signal
[62].

A bi-static radar is one in which the receiver is physically separated from the transmit-
ter so that the echo signal does not travel over the same path as the transmitted signal.
A setup of bi-static antennas can be set on a frame that allows the operator to control the

unit to move over the surface to acquire data (refer Figure. 2.7).

Figure 2.7: Data collection at the fatigue carousel at IFSTTAR wusing a pair of robot-
controlled bistatic antennas

Finally, the quasi-mono static is a configuration where the Tx and Rx antennas have
a small offset to each other. Thus, such an antenna configuration can be assumed to act

in mono-static at far-field condition and as bi-static in case of near-field conditions.

To summarize, Figure. 2.8 illustrates the three configurations.
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Figure 2.8: An illustration of the three antenna configurations: (a) Mono-static (b)Quasi-
mono static and (c) Bi-static

Within the scope of the thesis, two radar antenna configurations (bi-static and quasi-
mono static) were used. In case of quasi-mono static, the commercial GPR was used
in the acquisition of data over various experimental sites, namely GSSI SIR-3000 (see
Appendix. B.1 for details). On the other hand, an experimental stepped-frequency radar
(SFR) in bi-static configuration developed at IFSTTAR is also used to collect the pavement
data over similar experimental sites (see Appendix. B.2 for details). The GSSI SIR-3000
was a ground-coupled GPR whereas the experimental SFR was configured to collect data
in air-coupled configuration. In the following sections under data collection modes, we

briefly present the two radar configurations, namely, ground-coupled and air-coupled.

2.3.2.1 Data collection modes

Figure. 2.9 [5] illustrates the air and ground-coupled GPR modes for data collection.

Ground-coupled radar (GC-GPR)

Ground-coupled systems operate at near-field with either the antennas directly in
contact with the pavement or the antennas are a few centimeters above the surface. This
configuration provides better energy coupling than air-coupled antennas, resulting in a
better penetration depth of waves. As a counterpart, the shape of the received signal is
more complex to model and the data interpretation may be more qualitative rather than
quantitative.

The ground-coupled technology has been widely used for a variety of geophysical ap-
plications, including mapping and detection of ground water [63, 64], bedrock [65, 66], and

soil layers, detecting pipes [67], buried containers [68] and several other applications.
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Figure 2.9: Illustration of air-launched and ground-coupled GPR systems [5]

For these radar systems, the energy transfer can be further improved by some top-
shielding (on both Tx and Rx antennas) to reduce the back lobes of antennas. These
antennas are available with center frequencies ranging from 80 MHz to over 3.0 GHz pro-

viding a wide range of penetration depths and resolutions. [69]. (see Figure 2.10).

Figure 2.10: Ezample of ground coupled GPR [6]

Air-coupled radar (AC-GPR)

Most of GPR layer thickness studies have been carried out with air-coupled antenna,
since these can be implemented at traffic speed without lane closures. The antennas are
usually located in far-field above ground, 7.e. the height of antenna above the ground is
beyond the Fraunhoffer limit, defined as (2 x D?)/\, where D is the lateral dimension of

the antenna and A is the free space dominant wavelength [70], as shown in Figure 2.11.



2.3 Radar-based NDT techniques

Figure 2.11: Ezample of a commercial Air-coupled GPR [6]

Despite their applications, some GPR experts consider ground-coupled GPR to be
more effective since, by raising the antennas off the surface degrades the lateral spatial
resolution of the measured data [5, 71]. However, on the other hand some experts counter-
argue that air-coupled GPRs are faster and can be easily deployed on vehicles moving at
highway speeds [5, 72]. Nevertheless, the two configurations present their own advantages

and thus, in this thesis, we study both configurations for our application.

2.3.3 GPR Performance Specifications

GPR data are site-specific and vary depending on various factors such as the measure-
ment surface and subsurface conditions. The performance specifications that govern the
data acquired over a zone include the requirements for information about reflected signals
(from interfaces, objects etc.), depth of penetration, and resolution (which relies on the

material characteristics and frequency of operation of the GPR) [60, 73].

2.3.3.1 Reflections

Reflection in an electromagnetic wave occurs when a change in the electrical and mag-
netic properties of the traveling medium is encountered. However in most situations,
magnetic effects are negligible.

In case of layered pavement structures, the GPR reflections are observed due to di-
electric contrast (small or large) between layers. Per Fresnel equations (presented in
Appendix. A.2), the greater the change in properties, the more is the amplitude of the
echo. Additionally, the amplitude also depends on other material characteristics such as
the interface roughness, dispersion and scattering angle.

A decay in frequency of the interface echo is observed due to dispersion and material
roughness. These frequency variations of the radar magnitude introduce some distortions
in the shape and form on the reflected signals [74]. However, as mentioned in [75], the dis-

persion can be usually neglected for pavement materials. On the other hand, the influence
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of surface and interface roughness on the reflected signal is studied in Appendix. B.

2.3.3.2 Penetration depth

The penetration depth of GPR waves reduces with increasing electrical conductivity
of the ground, higher transmitting frequency, and decreasing transmitting power.

In practice, GPR system designer must make a trade-off between vertical time resolu-
tion and penetration depth. A lower frequency (and limited bandwidth) provides greater
penetration depth but lower resolution, while a higher frequency antenna (and large fre-
quency bandwidth) provides less depth penetration but has better time resolution [76].

The latter solution is better matched to probe the layered pavement structure.

2.3.3.3 Vertical Resolution (or Time Resolution)

The definition of resolution, as described in [77, 78] is the capability of the GPR to
discriminate individual scatterers in the subsurface. Without any further processing, the
time resolution At is limited by the bandwidth Bw of the radar system, i.e. AT ~ 1/Bw
at the most [69]. It corresponds to the minimum time shift for which two successive
echoes can be separated in time. The vertical resolution of GPR, Az, is with respect to
the material permittivity, Az = c,AT/2,/€,.

Various frequency antennas (i.e, from 25 MHz to 2.0 GHz or more) can be selected so
that the resulting data can be optimized to the application requirements. In practice,
radar geophysical survey requires to reach a trade-off between penetration depth and time
resolution as pointed in the previous section [79, 80, 81, 58].

Within the scope of this thesis, the probing of layered pavement structures requires a
vertical resolution of a few millimeters. This implies to use ultra wide band GPR systems,
and as a result, higher dominant frequency. Better time resolution also provides a larger

dynamic range of the isolated echoes [82].

2.3.4 Clutter

The definition of clutter is quite versatile according to the radar configuration and the
application under consideration. In practice however, clutter is generally considered to be
any signal other than the useful one.

Within the scope of the application, useful echoes are the backscattered signals from
the sub-surface targets one is looking for. Clutter is the direct coupling of the Tx-Rx signal
between the antennas for air-launched radars. In case of ground-coupled configuration,
the clutter is the combination of direct coupling between Tx and Rx overlapping with
reflected wave from the surface [83].

Compared to the useful echoes, clutter usually shows different shape and lower dom-
inant frequency. Besides, clutter and useful echoes usually overlap to each other on the
radar display. As a result, the resolution of images is degraded. Clutter reduction tech-

nique have been developed in the literature, e.g., [83, 84, 85].
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The ability of any radar system to cancel clutter depends on the purity (stability) of the
transmitted waveform. [86]. The clutter may sometimes vary with dielectric characteristics

and/or surface roughness subsequently leading to uncertainty in the measurements [83, 87].

As mentioned previously, in this thesis both air-launched and ground-coupled GPRs
have been used. Since the zone-of-interest for processing is limited to the top two pavement

layers, certain clutter removal methods are implemented for the two configurations.

In case of ground-coupled radar, the clutter reduction technique implemented is simply
based on an automatic time gating window (presented in Appendix. D) to process local

data concentrated at the interface of interest where the debonding may occur.

In case of air-coupled GPR, since the direct Tx-Rx coupling is well-separated from the
surface reflection, similar automatic windowing is used to eliminate the clutter and the

reflections from the subsequent pavement interfaces which do not require our interest.

2.4 GPR Data formats

The GPR data has three common representation formats namely: A-scan, B-scan and
C-scan. They are respectively one (temporal; X-axis), two (spatio-temporal; X-Y plane)
and three (spatio-temporal planar; X-Y-Z region) dimensional representations of the GPR
data. Figure. 2.12 from [7] provides a visual representation of the GPR signal in 1,2 and

3 dimensions.

a) a b) ¢)
¢ éé@ y

|

Figure 2.12: Visualization of GPR signal as (a) A-scan, (b) B-scan, and (¢) C-scan [7]

i

The first form of GPR data representation is the one dimensional A-scan. It is the
representation (or vertical profile) display of the backscattered received signal as a function
of time. Reflector depth can be determined by the position of the echoes, i.e, the extrema
in signal amplitude, on the horizontal sweep. Figure. 2.13 illustrates an example of a

one-dimensional A-scan signal.



Chapter 2. Debonding Survey in Pavement Structures

Antennas

]
/
£
=
=
>

Figure 2.13: Configuration and representation of an A-scan (or 1D signal) [8]
A collection of 1D A-scans along the scanning direction (i.e, Y-axis) is used to obtain
a two-dimensional image representation called B-scan. To display this data matrix, the

travel time is displayed along the vertical axis, and the scanning direction is displayed

along the horizontal axis. Figure. 2.14 illustrates an example of a B-scan image.
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Figure 2.14: B-scan (or 2D representation) of a GPR image [8, 9]

The third type of representation of GPR data is the C-scan (i.e, 3-dimensional data
representation). C-scan illustrates the amplitude variation of the radar signal over the X-
Y probed surface w.r.t the round-trip time (i.e, B-scans). An ensemble of several parallel
B-scans along the plane (i.e, Z-axis) is used to obtain the C-scan. These 3D images an
be useful for interpreting specific targets. Figure. 2.15 illustrates an example of a C-scan
image.

Both B and C-scans are generally represented using gray-scale levels or different col-
ors indicating the signal amplitude or intensity. Specific image features characterize the
subsurface situation. For e.g, perfect horizontal features may represent clutter, strati-
fied image structure may represent subsurface layered structures, hyperbolas represent

point-like targets or edges of stratified layers.
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Figure 2.15: C-scan (or 3D representation) as a collection of several B-scan images [8, 9]

Within the scope of this thesis, the detection of debondings will be carried out for
individual A-scans; however, the results will be presented for a section of the pavement

(i.e. B-scan) as a whole; see Chapter. 3.1.3 for detailed description.

2.5 Data processing techniques for debonding survey

The data processing for debonding survey aims at detecting the defected pavement
areas by selecting the proper A-scan vectors, and then if possible, at characterizing the
interlayer debonding in terms of both permittivity and thickness by estimation techniques.

This section reviews some potential data processing techniques which may be used to
both purposes. They are herein categorized broadly into: Data driven and Model-based
processing techniques. The data processing method to be developed for debonding detec-
tion is then integrated within a more general framework including a two-step processing
strategy.

2.5.1 Data-driven methods

Data-driven methods are a broad family of processing techniques which is based en-
tirely on experimental data without the support of any physical model that may represent
accurately the data variations. Additionally, such methods do not require the knowledge
about the data; instead they recognize the patterns of each class by themselves [88].

The methods presented in Chapter. 3, namely, supervised Machine Learning methods,
belong to this family. Such methods have been already used by the GPR community for
detecting various subsurface objects, e.g., voids [89, 90|, landmine [91, 92, 93, 94] and other
buried objects [95], subsurface defects [96, 97], underground utilities [98]. They are mostly
applied for classification purposes, either as binary and/or multi-class classification.

Following the work in [99], among the machine learning family techniques, Support
Vector Regression (SVR) method may show the potential to fill both purposes. But, SVR
is likely encounter some limited performance over thin debonding, smaller than Ay, /4.

Thus, it is believed that data-driven methods can be only used for detection purpose

(binary classification) within the scope of the thesis. Besides, per our knowledge, the
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machine learning methods (especially supervised), have not yet been used in the literature

to detect horizontal interface debondings.

2.5.2 Model-based or Model-driven methods

By contrast to the previous subsection, model-driven methods rely on a physical
model to process data. As detailed in the next section, the conventional GPR method,
namely Amplitude Ratio Test (ART) relies on the thin-bed analytical data model (see
Appendix. A.2). ART has been used for binary classification of A-scan data within the
GPR community [100, 18]. However, no attempt has been made to interpret ART values
in terms of thickness (on the condition that the layer permitivities are known).

Time Delay Estimation (TDE) techniques are data processing techniques that may
potentially fulfill both purposes, namely, detection and characterization of debonding. It
has been initially developed for GPR pavement survey to control the thickness pavement
layers.

However, TDE tends be more difficult and challenging is GPR pavement applications
when: the backscattered echoes from the thin debonding interface are too close to each
other (i.e, overlapping echoes) or, they are highly correlated (which is usually the case for
GPR data) [101].

To overcome this issue, super-resolution TDE techniques have been introduced to
measure thin and ultra thin pavement layers [102], i.e, TAS and UTAS (i.e, Thin and
Ultra-thin Asphalt Surface), respectively. At medium to high levels of SNR, they can
achieve about 10 (resp. 20) times better time resolution than the conventional FFT-
based TDE techniques. In other words, they can distinguish between overlapping echoes,
which the differential time shift A7 is up to (10 x Bw)~! (resp. (20 x Bw)~!). The
latter time resolution capability matches to the detection of debonding larger than a few
millimeter in thickness for the UWB step-frequency radar [103]. This may be not sufficient
enough within the scope of the thesis for thin debonding within the range [0, A\pat/4].
Besides, super-resolution TDE techniques rely on a single scattering signal model (see
Appendix. A.2) which is not always true in practice.

Therefore, model-based TDE techniques are likely not expected to manage the debond-

ing survey problem on its own.

2.5.3 Proposed two-step strategy for debonding survey

Following the previous subsections, we can conclude that no unique data processing
technique exists that can fulfill the two described purposes of debonding survey. The
characterization step requires some physical model while the detection step may not.

Therefore, the data processing method to be developed for debonding survey is inte-
grated within a more general framework including a two-step strategy to process radar
B-scan images. At first, some data-driven processing techniques will be used to select the
A-scan data vectors which debondings within the B-scan data. Then, as a second step,
super TDE techniques may be performed on the selected A-scans to further characterize

the defects in thickness and permittivity.
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The thesis will focus on the detection step, namely, the detection, and the results may
be used later within the ongoing ANR research project, called ACIMP (https://anr.fr/Projet-
ANR-18-CE22-0020).

2.6 Reference data processing method for debonding detec-
tion: Amplitude Ratio Test

ART is a conventional NDT method to detect subsurface delamination from GPR data
[100, 18]. The ART method is usually carried out at the operational level for two kinds of
qualitative diagnosis: the debonding detection within pavement structures and the control
of sealing screed over bridge decks. ART allows selecting the areas where some coring is

performed to verify the NDT diagnosis.

In this section, we present the basis of the ART method for debonding detection within
a more rigorous framework. This method relies on a simple data modeling of A-scan data,
which is detailed in Appendix. A.2. For detection purpose, the decision threshold is
determined using the conventional likelihood ratio test on the basis of each A-scan data

vector.

2.6.1 ART Principle

Any delamination/debonding can be seen as a thin-bed structure [|]. In case of thin
beds, two reflections from respectively the upper and lower interface are recieved [104, 105,
106, 107]. Similarly, in case of a debonding occurring within the top two pavement layers,
(as illustrated in Figure 2.16 and Figure. 2.17), two echoes are received: the first echo
(As(t)) is the surface echo, and the second one (Ar, g, ,(t)) is the echo from the interface
between the top two layers to be monitored by NDT techniques. Healthy and debonding
structures are referred as Hy and H; assumptions, respectively. The ¢ is simply to indicate

that the signals are in time domain.

According to the data modeling in Appendix. A.2, A7y, (t) is conventionally assumed
to be a shifted and attenuated copy of the top echo As(t). Whereas in case of debonding,
A/, (t) is a composite signal made of the overlapping of two echoes from the upper
and the lower interfaces of the debonding along with multiple echoes occurring within
the debonding region (as shown in Figure. 2.16). As detailed in Appendix Al, the latter
echoes interact constructively with each other, assuming limited thickness of the debonding
interface and providing &, gep, > €/,1,2. The resulting composite echo usually shows a larger

signal strength compared to the echo over the non-debonding interface.
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Figure 2.16: Synthetic pavement structure showing the signals received from the healthy
(left) and defective zones (right). On the left, As is the surface echo and Ar, g, is the
second echo for non-debonding zone. In case of debonding (right), Agym, is the
composite signal with multiple scattering accounted for

2.6.2 ART Computation

ART is defined as the ratio between the signal strength of the two latter echoes, namely,
As(t) and Aryp,,(t). In the following, the signal strengths are labeled Ag and Ay,
respectively. They can be computed from the local extreme values of either the signal

magnitude (MAG) or the Maximum Absolute Amplitude Deviation (MAAD), where
MAAD value of the surface (Ag(t)) and second Ar/py, , echoes are written as follows:

MAAD(Ag) = |maz(As(t)) — min(As(t))| (2.2)
MAAD(AT/HO,l) = |ma’$(AT/H0,1 (t)) - min(AT/Ho,l (t))| (23)
where |...| represents the absolute value.

Similarly, we express the M AG for the two echoes as:

MAG(As) = maz(IH(As(1)))) (2.4)
MAG(Ag11,,,) = maz([H(Agmy , (£))]) (2.5)

where H(s(t))) represents the analytical signal of the amplitude signal s(t), which is com-
puted by Hilbert transform.
For representation, M AAD(Ag) and MAAD(Ar/y,,) are shown in Figure. 2.17(a) and
MAG(As) and MAG(A7,p, ,) are shown in Figure. 2.17(b) for the debonding and non-
debonding A-scans. In practice, an automatic time gating window is used to isolate both
echoes and to compute the M AG and M AAD values as detailed in Appendix. D.

The ART values are usually computed for each A-scan data vector from the M AAD /M AG
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Figure 2.17: Simulated backscattered (noiseless) signal over healthy and debonding
interface (top layer: e,1 =5, t1 = Tcm, base layer: : €90 = 7, to = inf; debonding layer: :
Erdeb = 6, tgey = 0.2cm); the maximum absolute amplitude difference (M AAD) and
magnitude (M AG) for each echo, namely, Ag, Ar/Hoy and Ar/H1, are shown for
comparison of amplitudes Ag; Ar/Hy (non-debonding case) and Ap/H; (debonding case)
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values of both echoes, as follows:

Ar/H, .

ART = As

(2.6)
(2.7)

Finally, for classification purposes, the following normalized ratio ART},orm is introduced:

ARTtest

A Tnorm =
k ARTe;

(2.8)
where ARTjcs is the ART value over the pavement area to test (under either Hy or H;
hypothesis) and ART;.. is the one for a reference data set over the healthy pavement zone

(i.e. Non-debonding A-scan or Hy hypothesis).

Following the ART principle in Chapter. 2.6.1, for noiseless condition and limited
debonding thickness (< Apqai/4), we can express ART,orm as:

=1 for Healthy case (Hy)
ARTorm > 1 for Debonding case (H1) if €y 4ep > €712 (2.9)

< 1 for Debonding case (H1) if €71 < €y gep < €r2

Then, the debonding detection relies on the decision threshold n4prr, which is estab-
lished by the likelihood ratio test (presented later in the next section).

The magnitude of echoes (M AG) can be theoretically expressed w.r.t the dielectric
contrast between layers through the Fresnel coefficients as discussed in Appendix. A.2.
The latter correspondence is more difficult to establish with M AAD values. However, it
can be shown that both definitions of ART,, s, take larger values when the debonding
material shows a larger dielectric contrast compared to the surrounding pavement material
layers.

In [100], ART,¢¢ is theoretically computed using MAG values from the prior knowl-
edge of the permittivity attached to the two first underlying layers. By contrast, it is
experimentally established in [15, 108]. In [10], M AAD values were selected to compute
ART because they provided a slightly larger contrast in ART o values (by a few dB)

compared to M AG values, as shown on Figure. 2.18.

2.6.3 Decision threshold

The decision threshold relies on the statistical distribution (i.e, PDF) of ART values
over both healthy and defective areas. PDFs are established from the collection of ART val-
ues, which are computed for each A-scan vector along the scanning direction. Figure. 2.19
presents an example of the PDFs for simulated analytic data in Appendix. A.2. As seen
in Figure 2.19(a), due to destructive interference, the PDF for debonding case is lower
than that of non-debonding. Figure. 2.20 presents the ART,, ;- for experimental data.

As seen, we can say that in practice, destructive interference (as seen in Figure 2.19(a))
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Figure 2.18: MAG (left) and M AAD (right) as functions of debonding layer thickness for
Erdeb = 2,10 using noiseless simulated analytic Fresnel data; parameters for layers 1 and
2 are as specified in Table. A.1
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Figure 2.19: PDF for ART,orm over defective and healthy areas computed from noisy
simulated analytic data with SNR = 30dB (Appendiz. A.2), €1 =5, er0 =7 and
tger = 0.3cm. The dashed vertical line depicts the decision threshold for debonding
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Figure 2.20: PDF for ART,orm over defective and healthy areas computed from
experimental data (see Appendix B). The dashed vertical line depicts the decision
threshold for debonding detection
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is not observed.
Following Equation. 2.9, for noisy GPR A-scan data, ART,m values are expected to
be normally distributed around a mean value, which is different for healthy and debonding

areas, as follows:

Hypothesis HO: ART,, o m,(7) = 1+ np,(v)
Hypothesis H1: ART,, o p, (T) = por, +nm, (2)

where,

- pr, = 1 and pp, > 1 are the mean ART values, which is assumed steady
along the scanning direction x over each area, namely, healthy (Hp) and de-
fective areas (Hj);

- n,(z) and ng, () are the noise attached to each case

The noises are assumed to be of zero mean with different standard deviations, namely,
on, and op,. Besides, they are assumed to be decorrelated between A-scans and also to

each other.

The decision threshold for debonding detection depends on the following two classifi-

cation strategies: Two-classed and One-classed decision thresholds.

Two-class decision threshold

The conventional approach to distinguish between two classes of data with normal
distribution consists in finding the point of intersection of the two PDFs [10]. The following
likelihood ratio test (LRT) is used to this aim:

PART porm|im, om) 21 | (2.10)

p<ARTn0rm‘,U/H07 UHO) P?o

MART orm) =

where p(z|u, o) represent the gaussian PDF with mean p and standard deviation o. It
can be easily shown that the log-Likelihood is expressed as follows:
(ARTnorm - MH0)2 (ARTnorm - MH1)2 H

AART orm) = 21 — =0 2.11
( ) n{UHo/UH1} + 20%{0 20%{1 1§0 ( >

Finally, the test for debonding detection (H1) becomes :

ARTyorm — pity)? (ARThorm — pur,)? B
( nor'rr; :UHO) _ ( norrr; 'qu) 21 2ln{O'Hl/O'H0} (212>
QO-H() 20_H1 Hy

Equation. 2.12 requires to have some estimation (or prior knowledge) of both the mean
and standard deviation of the two-class data, that means a collection of ART values over
healthy (Hp) and defected areas (Hp). This scenario is difficult to hold in practice. Thus,

the second approach using one-class decision threshold is proposed.
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One-class decision threshold

This scenario is better tailored to the operational level, where the operator has no
prior information on the location of defective areas. Here, the operator has access to a
reference non-circulated area, where the interface layer is assumed to be perfectly coating,

i.e., healthy with no possible occurrences of debondings.

ART values are then collected over the reference area to compute o, (recalling, pHy =
1). The following decision threshold then serves to detect the outlier ART values over the

area under test:

H;
ARTorm 5 ww, + Ko, (2.13)

0
where K is a constant value, usually within the interval [2, 3], which allows tuning the true
negative rate (see Chapter. 3.3.2 for One-class SVM for further explanation) and makes

the outlier detection more robust.

Illustration

Figure. 2.21, Figure. 2.22 and Figure. 2.23 present the debonding detection using the
two-class decision classification on simulated noisy analytic Fresnel data (SNR = 30dB).
Three configurations with debonding thickness 4., = 0.2cm and permittivity values of
respectively €, gep = 2, 6 and 10. To present detailed information on the false classification
(if any), we also present the curve-smoothed PDFs and the threshold observed for each

configuration.
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Figure 2.21: Results for the detection of debondings on noisy simulated analytical data
two-class decision classification. Permittivities of top and base layers are respectively
er1=5and e =7, fo=42GHz, SNR = 20dB; with &, gep = 2
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Figure 2.22: Results for the detection of debondings on noisy simulated analytical data
two-class decision classification. Permittivities of top and base layers are respectively
er1=5and e =7, fo =42GHz, SNR = 20dB; with &, gep, = 6
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Figure 2.23: Results for the detection of debondings on noisy simulated analytical data
two-class decision classification. Permittivities of top and base layers are respectively
er1=5and e =7, fo =4.2GHz, SNR = 20dB; with &, gep = 10

As done for the two-class decision classification, Figure. 2.24, Figure. 2.25 and Fig-

ure. 2.26 present the results for one-class classification for the same simulated data model

configurations.
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Figure 2.24: Results for the detection of debondings on noisy simulated analytical data
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2.7 Conclusion

We begin this chapter by presenting the existing techniques for pavement evaluation.
These techniques were categorized broadly into Destructive and Non-destructive tech-
niques. A review on the various aspects of destructive testing was presented along with
its limitations. We then presented the pavement evaluation methods in the field non-
destructive testing scopes along with the various existing methods to detect debondings.
We then focused on the GPR tool, which is used in the thesis for pavement imaging and
survey.

A reference method, namely, ART for Amplitude Ratio Test, was then presented.
ART is routinely used by the GPR community for qualitative trace debondings within
pavement structures. In this chapter, this method was presented within a more rigorous
framework. The ART is selected to serve as a reference method to assess the performance
of the classification methods to be presented in the next chapter for debonding detection.

However, the reference method depends on a single feature of the GPR A-scan signal,
namely MAAD or MAG. As such, it may achieve limited performance compared to the
data-driven methods mentioned in section 2.5.

In the next chapter, we study three machine learning methods, namely unsupervised
(k-means clustering) and supervised (Support vector machines and Random forests) in

the context of debonding detection.
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he concept of Machine Learning (ML) is a rapidly growing field due to its immense
T range of applications. Machine learning is a subset of Artificial Intelligence that fo-
cuses on making predictions based on its experience. The goal of machine learning is to be
able to predict and perform classification or regression tasks based on historical relation-
ships between data [109]. The ML algorithms can be broadly classified into unsupervised
learning, semi-supervised learning and Supervised learning family groups [110, 111, 112].
Among the existing ML methods in the literature, we select in this chapter three

relatively mature ML methods that can be used within the scope of the thesis, namely,
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the Support Vector Machine (SVM), Random Forest (RF) and k-means clustering. The
methods based on “deep learning” were not selected in this thesis since the GPR databases
are too limited in size. ML methods are expected to improve the performance of debonding
detection in comparison with the reference ART method which was presented in Chapter. 2
(Section. 2.6). It should also be noted that, in contrast to the reference method, the ML

methods do not use the same number of signal features (ART uses only one signal feature).

The ML techniques have been already used by the GPR community for various ap-
plications. Among others, SVM methods have been applied for the detection of voids
in concrete [89, 90], landmine detection [91, 92, 93, 94|, detection of subsurface defects
[96, 97], railway ballast classification [113], underground utilities [98], buried objects [95]
etc. One-class SVM has been used to detect landmines [93, 114]. Pavement surface cracks
have been investigated using GPR in [115, 116, 117]. However, to the extent of our knowl-
edge, ML methods have not yet been used to detect interface debondings.

This chapter provides an overview of three different machine learning families from
an applied perspective. We then present the principle of one unsupervised ML method
(k-means clustering) and three supervised ML methods (Support Vector Machines, One-
class SVM and Random forests). For illustration, the latter methods are used to process

simulated raw A-scan data vectors.

Finally, Figure. 3.1 presents the family of data processing methods studied in this

thesis.

Data processing

methods

Conventional Machine learning

Methods

methods

Amplitude
ratio test Unsupervised Supervised

(ART)

Modified k- Anomaly Two-class
means detection classification
One Class Two-class Random
SVM SVM forests

Figure 3.1: Data processing methods which are tested in this thesis
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3.1 Elements of Machine Learning

Each ML algorithm possesses its own approach towards making predictions. However,
a key common element for each algorithm is the use of Learning data and in some cases,
the use of feature extraction/transformation step. The learning data is used by the ML
to create a prediction (or classification) model [111, 118]. This model is the basis for the
prediction. When a new input is introduced to the ML algorithm, it makes a prediction
using the said model.

The ML algorithms can be broadly classified into three major groups amely, unsuper-
vised learning, semi-supervised learning and Supervised learning [110, 111, 112]. One un-
supervised method, namely k-means clustering [119], and two supervised methods, namely
Support Vector Machines (SVM) [120] and Random Forests [121] are presented hereafter.
The semi-supervised learning (SSL) would have practical interest within the scope of the
thesis [122, 123]. However, the potential interest is canceled by the drawbacks listed in
[124, 125, 126, 127]. Thus, only supervised and unsupervised methods were studied in the

thesis.

3.1.1 Unsupervised Machine Learning

As mentioned in [128] (Chap. 5), the unsupervised learning methods do not require any
guidance making them rely only on the data instances [112], namely, data labeling. Such
methods ‘learn’ through observation and attempt to find structures in the data [128, 112].
Here, the prediction model automatically finds the patterns and relationships between
data and clusters them into individual groups that present similar characteristics and it
does not require the use of predefined labels [129]. The unsupervised learning aims to
assign the data into subsets (also referred to as clusters) which possess certain similarities
in characteristics.

Various unsupervised machine learning methods have been studied in the literature,
including Self-organizing Maps (which is based on unsupervised Neural networks) [130], k-
means [131, 130, 132], expectation maximization [132], C-means and hierarchical clustering
[131], etc. Additionally, [133] presents and compares the performance of six unsupervised
ML methods (k-means, DBSCAN, OPTICS, Agglomerative, Divisive and COBWEB) on
the basis of number of iterations, clusters used, computational time etc.

The motivation behind using k-means as a reference for unsupervised methods is that it
is one of the most commonly used unsupervised learning method [131] due to its simplicity
in comparison to other clustering approaches [134]. Moreover, for a large number of
variables, k-means can be computationally faster than other unsupervised methods such
as hierarchical clustering [134].

Unsupervised clustering methods have several advantages:

1. They significantly reduce the computational costs [135]

2. They are flexible to deal with various datatypes: temporal data [135], spectral data
[136] (using fuzzy clustering or even time-frequency data) [137] (by means of hierar-

chical clustering)
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3. They are known for their simplicity [135], ease of implementation and real-time
capability [138, 139, 140]

4. They do not require the operator intervention for labeling the data (except during the
performance assessment stage). This is also the key difference between supervised

and unsupervised ML methods.

By contrast, the lack of prior information may bring certain drawbacks to unsupervised

methods:

1. Lower accuracy of the results: this is also because the input data is not known and

not labeled by the operator in advance.

2. Although unsupervised clustering focuses more on being real-time, it is sometimes

a time-consuming in case of large data [141]

3. May sometimes result in loss of information conveyed by the original data for clus-
tering [135]

4. Different algorithmic approaches may lead to drastic changes in the results [142]

5. Since the numbers of classes are also not known, it could lead to the inability to

ascertain the results generated by the analysis.

These drawbacks in unsupervised learning approach demands the need of an approach

to overcome by the use of supervised machine learning.

3.1.2 Supervised Machine Learning

According to [143, 144], the most common form of ML relies on supervised learning.
In contrast to the unsupervised methods, the Supervised learning methods is based on a
training data model to classify and/or perform prediction. It is a two-step method where,
the training data is used to create a classification model controlled by various parameters
(discussed later). This model is then fed with test data and the model performs the
classification.

In case of supervised learning, the data is divided into two groups namely, learning and
testing data. Figure 3.2 shows the data division. The learning data is sub-divided into
Training data and Validation data. During the learning stage, a method as for example
Cross validation [145, 146] is used. The training data is used to ‘train’ the model while the
validation data is used to optimize the model-parameters for the given application (i.e.
debonding detection). Once the optimal parameters (for a certain method) are obtained,
the testing data uses this model to predict the presence or absence of debondings.

In Section. 3.3, three supervised ML techniques are selected for the application. They
are categorized into parameterized (SVM-based) and non-parameterized (Random Forest)
techniques. The first method requires to adjust its internal parameters on the learning
data set.

Supervised machine learning has many advantages:
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Preprocessed
GPR data

Learning data Testing data

Validation
data

Training data

Figure 3.2: GPR data grouping for supervised ML methods

1. The learning step (which creates the classification model) allows achieving better

classification performance

2. It allows the user to be very specific: the user has the freedom to set the decisional

boundaries to distinguish between classes (i.e. benchmarking)

3. The results produced by the supervised method are known to be more accurate and
reliable in comparison to the results produced by the unsupervised techniques of
machine learning. This is mainly because the input data in the supervised algorithm
is well known and labeled [147]

4. As mentioned in [148, 149], supervised learning method such as decision trees and
self-organizing neural networks can be suitable for real-time with very fast testing
speed. SVM has also been readapted to be used in real-time for hyperspectral image

classification [150], emotion recognition [151], trojan-horse detection [152] etc.

5. Since the number and the type of classes are set at the labeling stage and are included

in the classification model, no ambiguous results can occur.

However, besides all the advantages, supervised ML methods has a few drawbacks:

1. Supervised learning can sometimes be a complex method both in terms of modeling

and computational time compared to the unsupervised method.

2. The necessity to label the inputs in supervised learning adds to the overhead and is

not always accurately done

3. It may or may not be applicable in real time since the learning stage demands com-
putational time thereby making supervised learning quasi-real time at the most. On
the other hand, unsupervised learning can be implemented in real-time, constrained

by the data size.
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4. For dynamic and large data sets, it is a huge challenge to pre-define the labels.

Nevertheless, the efficiency and robustness of supervised learning is expected to achieve

the detection of thin debondings with high accuracy.

3.1.3 Implementation of ML algorithms

According to Maxwell et al. [153], the implementation of ML methods is not straight-
forward, and the literature may provide conflicting advice. The implementation of algo-
rithms helps to understand the mathematical approach and the practical considerations
behind the method. It could supposedly improve the ML method’s efficiency, reduce its
computational time and perform at low costs.

In this subsection, we explore some practical considerations regarding the use of ML
methods within the perspective of debonding/non-debonding classification of radar data.
We then broadly categorize the implementation of ML methods into the feature-space
selection and reduction, and the possible impact on computer burden and (specific) limi-

tation/difficulties reported in the literature.

Signal vs. Image data processing

According to Section. 2.3, the most conventional processing formats for GPR data
are B-scan (2D image) and A-scan (1D data vector). We initially represent each B-scan
radar data by a spatio-temporal image, i.e., a N x M-dimensional matrix, where M is the
number of data samples in an A-scan, and N is the number of A-scans along the scanning
direction. B-scan radar data matrix are arranged column wise, each column, namely, A-
scan, representing 1D time data vector. As an example, Figure. 3.3(a) illustrates two 1D
A-scan signals while Figure. 3.3(b) shows the collection of adjacent A-scan signals to form
the 2D GPR B-scan image.
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Figure 3.3: GPR data collected over artificial embedded debonding at the IFSTTAR’s
fatigue carousel (Tack-free defect at 10kcycles loading stage); see Appendiz. B for more
information
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ML methods can theoretically process the two data formats in either independent
signal-by-signal 1D analysis basis or in image based 2D analysis. Theoretically, the image
data brings more information than independent data vectors due to its possible spatial
coherency of the overall data.

Within the GPR community, the choice of the data format to be processed usually de-
pends on the application under scope. The 2D image processing are required for detecting
point-like scatterers within subsurface, provided a dense enough spatial sampling of GPR
data collection is available. In this case, the spatial sampling is required to be smaller than
the footprint of the antenna beams, introducing some useful spatial overlapping between
successive A-scan profiles.

By contrast, for GPR pavement surveys at traffic speed, the latter condition on spatial
sampling does not hold (since the acquisition rate of the electronic system is limited, and
the sampling spatial interval increases with traffic speed). In addition, in case of 2D B-
scan data, radar clutter demonstrates a strong spatial coherency, which may disturb the
analysis of the subsequent stratified pavement layers. Thus, in case of GPR pavement
survey, B-scan data are usually processed on a scan-by-scan basis.

Similarly, in this thesis, radar data are processed on a scan-by-scan (individual A-scan
at a time) basis to keep the processing closer to the operational level. (Note: Although

the data collection in Appendix. A provides dense enough spatial sampling.)

Raw data ws. Signal features

ML techniques were initially applied to process data in their raw form. However,
according to LeCun et al., 2015 [143], this conventional implementation of ML techniques
is supposed to limit their ability to process data. Then, feature extractor have been
introduced to transform the raw data into a suitable internal representation or feature
vector, on which the ML techniques then perform classification.

For the GPR application under scope, the ‘raw’ data is the collected GPR data in
time/frequency domain without introducing any alteration or modifications into the data.
Feature vector on the other hand refers to some selected signal characteristics extracted
from the raw data, that well-represent the actual data but with reduced data size. ML
systems required careful engineering to design a feature extractor. The feature set will
be extensively explored in the later chapters and the two implementation ways of ML
techniques will be quantitatively compared.

To implement the machine learning methods using feature sets, an initial preprocessing
step is used wherein the signal features (or characteristics) that strongly represent the data
are extracted. This will be later discussed in detail in Chapter. 4.2 and the performance
between the two implementations of ML techniques, i.e., raw-based data and features-

based processing, will be compared in Chapter. 5.

Limitations and difficulties

Despite of various approaches of ML methods, they have certain limitations. In case

of supervised learning, one such problem is over-fitting. It is generally referred in machine
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learning where a model produced by the method (in the learning stage) is unable to make
proper predictions for the new (test) data [154, 155, 156]. On the other hand, under-fitting
is another issue wherein the method is unable to produce a model based on the learning
data [157, 158].

A survey on ML methods is conducted in [159]. It presents a detailed list of individual
limitations of various supervised machine learning methods (such as SVM, Decision trees,
k-nearest neighbors etc.) and unsupervised clustering methods. Moreover, the computa-
tional burden and complexity may increase due to the large size of the raw data sets.

However, solutions to overcome some of these limitations have already been proposed in
the literature. These include signal feature selection and extraction, feature dimensionality
reduction and cross validation techniques, which are discussed in detail in Chapter. 4 and

Chapter. 5 respectively.

3.2 Data Clustering method

The clustering algorithm is one of the most simple unsupervised method to categorize
data into N different clusters. Such algorithms are useful in classifying the raw data and
possibly identify any hidden patterns that exist within the datasets. The method presented
thereafter is a modified iterative clustering of the conventional k-means algorithm, which

is explained hereafter.

3.2.1 Principle

The clustering algorithm works on the principle of ‘grouping’ the datasets into various
categories based on their statistical parameters and distance . In this algorithm, the
primary step is to choose the number of clusters N required by the user. This is a
user-defined parameter. Once the number of clusters is decided, an iterative process is
conducted until convergence is met or defined by the user.

Within the scope of the thesis, the primary focus of the clustering methods and pro-
cesses is to determine the presence (or absence) of debondings occurring at the interface
between the first two layers of the pavement structure from GPR A-scan data. Accord-
ing to Chapter. 4.2), signal features may be different on Healthy (unbonded) and De-
fective (debonded) regions and then, can be used to cluster the data as debonding or
non-debonding groups.

Thus, the value of initial cluster is N = 2. [160] describes the k-means approach using
an algorithm. For the debonding detection applications, the number of clusters & = 2;
these initial cluster centroids are chosen at random. We then form 2 clusters by assigning
the remaining points to their nearest cluster.

A proximity measure, namely Euclidean (L2) distance (d), is used to quantify the

‘nearest’ points to a cluster defined by:

d(Cy,z5) = \/(Sz —55)2 + (ki — kj;)? (3.1)



3.2 Data Clustering method

where,

- C; = (si, ki) is the ith centroid with ¢ € {1,2} indicating each cluster, and
je{l,2...N},j#i,

- s and k are respectively the skewness and kurtosis computed for each A-scan
vector,

- x; = (s, kj) is associated to the jth A-scan

The A-scan x; is then assigned to the cluster based on:

Cuep if d1; < do;
mje{ deb = Thy = T2 (3.2)

Chrdep if dLj > d27j

where dy j = d(Cgep, ;) and da = d(Chgep, ) are the Euclidean distances of z; from
respectively debonding (Cyep) and non-debonding (Chgep) centroids.
Iteratively, new centroids are recomputed until no such reassignment is possible (i.e. con-

vergence is met) using the now clustered data as follows [128]:

Sj] (3.3)

: [
(55:k5)€C5 01d kj

Ci new — 37~ N
’ card(C; o1d)

where,

- C; € {Ceb Craev }
- [s5 k‘j]T is associated to the jth A-scan point in the cluster C; o4
- card(C) is the cardinality of C

However, since the initial seed step in the conventional approach is chosen at random,

the choice of a wrong centroid may lead to a high misclassification rate.

3.2.2 Modified clustering algorithm

By contrast to the conventional method, the modified clustering approach proposed to
introduce an initial seed step wherein the first k£ centroids are predetermined by the user
as follows.

In the modified clustering approach, we select two signal characteristics, namely, signal
kurtosis and signal skewness to construct the 2D cluster-space. We modify Equation. 3.1

to get the 2 farthest points in this cluster-space as follows:

ipqe = Max {\/(Si —55)% + (ki — kj)Q} (3.4)
1,J,17#]

Each A-scan is then assigned to its nearest centroid (as shown in Equation. 3.3) and

the process is then repeated until convergence is met as done in the conventional k-means

approach. Figure. 3.4 presents the schematic for the implementation of the modified

clustering approach and also compares it with the conventional k-means.
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Figure 3.4: Implementation of the unsupervised clustering algorithm to detect debondings
presenting the difference in the initial seed point w.r.t. conventional k-means
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The conventional k-means approach and the modified clustering approach are used to
process noisy simulated B-scan radar data (see Appendix. A.2). Figure. 3.5 compares the
final clustering results using the global skewness and kurtosis computed from raw A-scan
data. The proposed modified approach achieves a more relevant data grouping with less

misclassification.
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Figure 3.5: Comparison of clustering methods on noisy simulated analytic raw data (with
SNR = 20dB) using two signal features, namely, Kurtosis and Skewness
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3.3 Parameterized Supervised machine learning: Support

Vector Machines

Support Vector Machines (SVM) have been extensively researched in the data mining
and machine learning communities for the two last decades due to its robustness and
easiness to implement. It actively applied to applications in various domains such as
handwriting recognition [161, 162], facial detection [163], learning of cancer genomics [164].
SVM can be typically implemented for both classification (classifying SVM or C-SVM)
and regression (Support Vector Regression) problems. In the field of NDT, SVM has been
used for the detection of buried objects [95, 165]. We have also implemented SVM in the
detection of thin inter-layer debondings in pavement structures in [13], [166], [10].

The precursor to SVM was first introduced by Vladimir Vapnik and Alexey Chervo-
nenkis in 1963 [167, 168]. In 1992, Boser et al. [169] suggested a way to create nonlinear
classifiers by applying the kernel trick to maximum-margin hyper-planes. The current
standard incarnation (soft margin) was proposed by Cortes and Vapnik in 1995 [120].

SVM is usually applied for multi-class classification in the literature. However, within
the scope of the thesis, SVM is first focused on the two-class classification in Section
3.3.1 to distinguish between radar A-scan data over debonding and non-debonding areas.
Later on in Section 3.3.2, SVM is implemented as an outlier detection methods namely,
One-Class SVM to detect debonding A-scan data as an outlier class.

For representation, in this section, each B-scan radar data is represented by an N x M-
dimensional matrix X = [x1,X2...xy], where N is the number of A-scans and M may be
either the number of time samples or the number of signal features. In the following, the
conventional way of applying SVMs to data is presented; it consists in processing data in
their raw form, i.e., the time samples of Ascan in our case. By contrast, signal features

will be used in Chapters 4 and 5 to implement SVMs.

3.3.1 Two-Class SVMs for binary classification

Binary SVMs are classifiers which discriminate data points of two categories. To
classify data into two classes, we initially represent each B-scan data by an N x M-
dimensional matrix, where M is the number of data samples in an A-scan, and N is the
number of A-scans. Each of the A-scans belongs to only one of two classes (i.e non-
debonding or debonding). A classification boundary is used to separate the two classes;
such boundaries are called hyper-planes. In theory, to separate the data into two classes,
several hyper-planes can be traced. However, in order to avoid misclassifications, an
optimal hyper-plane must be found that provides the maximum separation of the data.
In order to achieve this, SVM picks the hyper-plane which has the largest margin [170] as
shown in Figure. 3.6.

SVM can be implemented differently depending on the application requirements and
the data. The two general types SVM based on the kernel are linear SVM and non-linear
(kernel) based SVM.
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(a) All possible hyper-planes (b) Optimal hyper-plane for classification

Figure 3.6: SVM Hyper-planes. x1 and x2 are the the azes of the feature-planes [10]

3.3.1.1 Linear SVM

Given a learning data set X = [x1,X2...xy] of the order M x N (where M is the
number of time samples and N is the number of A-scans), the aim is to find the maximum-
margin hyper-plane that divides the learning data A-scans X into two separate classes,
namely, Non-debonding (labeled as -1) or debonding (labeled as +1). Additionally, the
margin between the separation is expected to be maximized as much as possible in order

to have a better classification.

Each hyper-plane can be expressed as a linear equation that depends on the learning
data as follows [171]:

wlix+b=0 (3.5)

where w is the normal vector to the hyper-plane (the distance between x and the hyper-
plane)). The parameter b is the bias (offset from the origin [172]) introduced and ﬁ
determines the offset of the hyper-plane from the origin along the normal vector w.

In case of linearly separable data, two parallel hyper-planes to Equation. 3.5 can be
selected that separate the two classes of data, so that the distance between them is as
large as possible. The distance bounded by these two hyper-planes is called the ‘margin’
and the maximum-margin hyper-plane is the hyper-plane that lies halfway between the

two hyper-planes. These hyper-planes can be described by the equations [10]:

wlx; +b=1 for debonding; y; = 1 (:

b
(@)}
N

w!x; + b= —1 for non-debonding; y; = —1

—~
o
N

~—

where x; is the ¢th learning A-scan and y; is its associated classification label.

The decision function D(x) for linearly separable data is expressed using Equation. 3.6
and Equation. 3.7 as [10]:
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D(x;) = sgn(wlx; +b) (3.8)

where, sgn is the sign function.
Geometrically speaking, the distance between the two hyper-planes from Equation. 3.6
and Equation. 3.7 would be 2/||w||. As mentioned earlier, in order to obtain better clas-
sification, the margin must be maximized. Thus, the weight vector should be minimized.
Additionally, to prevent the data points from being falsely classified, constraints are added
to ‘force’ each learning data to remain on the designated side of the margin. To do so, we

combine Equation. 3.6 and Equation. 3.7 to obtain a single condition as:

yi.(wlix; +b0)>1,V1<i<n (3.9)

f * Class debonding
® Class non-debonding

Support
vectors

Figure 3.7: Example of a principal scheme of Soft SVM on a 2-dimensional feature space.
Axes fi1 and fy indicate the feature space

The GPR data in practice are noisy data. So even if there is a linear relationship
between the data and their classes, a linear classifier may result in false classifications. To
deal with such cases, it is reasonable to permit a relaxation parameter for such noise. In
the context of SVM this amounts to release the constraint imposing that all the examples
are many classes. In order to ‘loosen’ the constraint variables, called spring or relaxation
deviations denoted &; were introduced, as shown in Figure 3.7 To ensure that the number

of outliers is reasonable, the gap variables are included in the objective function. The new
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formulation of the optimization problem can thus be written as [10]:

N
Minimize %HWHQ +C Z& (3.10)

i=1
where C' is called the Cost function or compromise constant. The parameter C' is important
in the learning model as it controls the tolerance level of the classifier. For larger values of
C, only low £ values are permitted thereby reducing the margin. Conversely, low C' values
result in larger margins. Finally, if C' is undetermined (i.e. C' = inf), the classifier is a
hard margin SVM. In short, C is used to indicate the importance given to errors on the
training set against the attempt to maximize the margin. To express the formulation of
flexible margins (i.e, with slack variable &;), the Lagrangian of the problem of minimizing

associated to the Equation. 3.6 - Equation. 3.10 can be expressed as [173]:

N N
L(w,b,&, 0, 8) = %HWHQ +CY &+ Zai{l — & —yi(wlx + b)} (3.11)
=1 =1

where «; is the Lagrangian associated with the hyperplane and (; is the Lagrangian
associated with slack variable &;. Next, we use the Karush-Kuhn Tucker (KKT) conditions
in order to obtain the saddle point for Equation. 3.11. These conditions are necessary in
general, and sufficient for convex optimization problems [174]. These conditions are defined
as the as [171]:

gvl;:w—éai yi X, =0 (3.12)

g—i = gai yi =0 (3.13)
gé;:C'—ozi—Ai:() (3.14)
a(yi(w,x;) +b) -1+ =0Vi=1...N (3.15)

The dual classification problem can thus be written as [171, 175]:

N N
1
Maximize W (a) = E a; + 3 E Yi Y o 0 (X, Xj) (3.16)
1,5=1 1,j=1
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constrained by,

N
> aiyi=0 (3.17)
=1

0<a; <CVi=1...N (3.18)

The decision function D(x) from Equation. 3.8 for a linear kernel can thus be expressed
as [10]:

D(x) = sgn{ > wla(xi,x) + b} (3.19)
An advantage of the flexible margins is that the solution of the problem is often ‘hol-

low’; i.e. a large proportion of «; is zero. The geometric interpretation is given by the

Figure. 3.8:

2 .
‘ O<o <C * Class debonding
® Class nen-debonding

. —_——
-~ . * L

Figure 3.8: Geometrical representation of Figure. 3.7. Axes f1 and fs indicate the feature
space

3.3.1.2 Non-linear SVM

When there is no available possibility to classify the data by Linear classification, non-
linear methods by applying Kernel tricks can be used. This methodology was suggested by
Vapnik, Boser and Guyon in 1992 [169]. This method maximizes the hyper-plane margins
that allow to fit the maximum-margin hyper-plane in a transformed feature space. The
transformation may be nonlinear and the transformed space high dimensional. Although
the classifier is a hyper-plane in the transformed feature space, it may be nonlinear in the

original input space [176].
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The SVM classifier method consists of a maximum margin in which the scalar product
(in Equation. 3.19) was replaced by the kernel. Extending the linear SVM from Equa-
tion. 3.16, we get [171, 175]:

N N

1

Maximize W (a) = E =5 E Yi.Yj. 0.0 K (X, X5) (3.20)
i=1 ij=1

once again under the constraints of Equation. 3.17 and Equation. 3.18.

The decision function for a kernel-based non-linear SVM can thus be expressed as [10]:

N
D(x) = sgn{ Z ik (X, %) + b} (3.21)

i=1

It can be seen that the term x(x,x;) in the latter equation replaces the term (x,x;) in
Equation. 3.19 for the Linear SVM.

NOTE: Kernel classifiers were described as early as the 1960s, with the invention of
the kernel perceptron. They rose to great prominence with the popularity of SVMs in

the 1990s, when the SVM was found to be competitive with neural networks on tasks

such as handwriting recognition. Some of the well-known kernel functions include:

1. Gaussian Radial basis function (RBF) [171, 177]:
K(xi, ;) = exp(—|[xi — %) (3.22)

for all positive values of ~.
2. Polynomial kernel [171, 177]:

r(xi, %;) = (%7 x5 + 1)2 (3.23)

where d is the degree of the polynomial.
3. Sigmoid kernel [177]:

/i(Xi,xj) = tanh(axiij aF c) (3.24>

with « being the degree of the sigmoid and c is the kernel coefficient.

Under Kernel based classification, the Radial Basis Function (or commonly called the
RBF kernel) is a popular and most commonly used kernel function in SVM classifications
[177, 178].

Figure 3.9 shows the flowchart of SVM classification for our application. The GPR
data is divided into Learning and Testing data sets after initial preprocessing steps. With
the help of suitable performance indication method, an optimal SVM model is constructed

in the learning step. These model parameters are then applied on the Testing data set to
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validate the overall performance of the method.

[ Raw GPR data ]—)[ pata; | ]
Preprocessing
]

A 2 v
[ Learning database ] [ Testing database ]

v

SVM block - 1 Kernel
parameters \ 4
VM classificati v, o
U aSSlflCthO.n ¢V, Cand y SVM classification
Model for debonding " ,
; ->»| Model fordebonding
detection :
detection
T
Debonding Non-Debonding
(+1) {-1)

Figure 3.9: Flowchart for SVM classification

Figure. 3.10 illustrates the application of the binary SVM (with a non-linear RBF
kernel) to process noisy simulated A-scan data (see Appendix. A.2) for test data only.
A B-scan consisting of 200 A-scan vectors is created (using the analytic Fresnel model;
see Appendix. A.2). The desired noise is then added to the B-scan (see Appendix. A.5).
One half of the B-scan (i.e. 100 A-scans) is then used for the learning step to create an
SVM classification model. The remainder is used for the testing step. We can see that
the two-class SVM classification is able to identify the presence of debondings of various

interlayer permittivities.

3.3.2 One-Class SVMs for anomaly detection

One-class SVM was suggested by Scholkopf [179] in the late 1990’s as a method of
adapting SVM to a one-class classification problem (as anomaly detection or outlier de-
tection). This approach can be considered as a conventional two-class SVM where the
training data consists only non-debonding data and the origin is the only member of the
debonding data set (in contrast to the previous method, where, the training data com-
prises of both debonding and non-debonding data). It has been used in many applications
such as image retrieval [180], document classification [181] etc.

Figure 3.11 shows the geometrical interpretation of One-class SVM. It is worth to noting
that the labeling convention is the opposite to the one for the binary SVM: —1 refers to
debonding and +1 to non-debonding.

One-class SVM can be obtained using the support vector data description (SVDD)
[182] method wherein the data-points are mapped onto a higher dimension circumscribed
by a sphere. This sphere acts as the limiting factor and aim would be to find the sphere
with minimal radius that encompasses the positive data in the hyper-space.

To begin with, we first define a closed sphere around our data-points in the hyperplane

(also referred to as the hyper-sphere). This sphere is defined by its radius R > 0 and
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Figure 3.10: Binary SVM applied on simulated noisy raw Ascan data (see Appendiz A)
for the detection of debondings using non-linear RBF kernel. Permittivities of top and
base layers are respectively e.1 =5 and .0 =7, fo =4.2GHz, SNR = 20dB. The

dashed line differentiates the non-debonding and debonding zones
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Figure 3.11: Geometrical representation of a One-class SVM

centered at b. As done in the previous section, the training data matrix X strictly consists
of N A-scans of the non-debonding class and is given by : X = [x1,x2...xx ]. The aim is
to minimize the volume of this hyper-sphere by minimizing the radius R keeping in mind
that all the training non-debonding points are embedded within this hyper-sphere. The
error function for minimization, according to the Support vector classifier proposed by

Vapnik is given by [182]:

f(R,b) = R (3.25)
with constraints:
|x; b <R*Vi;i€l...N (3.26)

Now, to allow all possibilities of the outliers into the training set, the distance between
the data-point x; and the center of the hyper-sphere b should be less than R2. An A-
scan where the result goes beyond the radius R should be considered to be an debonding
(i.e. outlier). If this condition is not satisfied, the distances larger than this should be

penalized.

To do so, we introduce a slack variable &; (where & > 0). The minimization problem

thus becomes:

N
1
. . . _ _ 2 i Q <
Minimizer¢p = f(R,b,§) = R* + N ;:1 & (3.27)

such that, ||k(x;) —b|? < R?+ &, Vi=1,2,...N

where v is a user designed parameter that is used to determine the amount of admitted

106



3.3 Parameterized Supervised machine learning: Support Vector Machines

slack, k(x) is the kernel function (either linear or non-linear), R is the radius of the hyper-

sphere and £ is the introduced slack variable.

We now introduce the Lagrangian multipliers « and  to obtain the Lagrange function
(£) as follows:

N N N
£(R,&, b0, B) = R* + % DG+ aif(r(xi) = b) (k) —b) — R* =&} = Y Bi
i=1 =1 =1
(3.28)

Now, to obtain the values for the saddle point, we partially differentiate w.r.t the La-

grangian multipliers and after calculation we obtain:

L(R,&,b,a,8) = ZO‘Z K(Xi,X;) ZZO@O@ K(Xi,%;) (3.29)

such that, 0 < «; , 5; > 0and o + 3; = u%\/
NOTE: For simplicity, henceforth Z ~, and Z _, are simply written as ), and Z

respectively.

The boundary condition is defined by the radius R of the hyper-sphere and is given
by:

k() — b2 = R (3.30)

where, x; is any support vector with 0 < a; < ﬁ

The decision function D(x) is given as : D(x) = sgn(k(x;) — b)

+1, for f(x
D(x) = 9
—1, for f(x) is odd
Substituting the value of b in Equation 3.30, we obtain the optimal radius of the hyper-
sphere which is also the boundary condition to separate the anomalous data. It is given

as:

R? = K (X4, %) QZa] K(X4, X +ZZaZaJ K(Xq,X;) (3.31)

Once the boundary conditions are obtained, it is possible to classify the data and
identify if they belong to the class non-debonding (i.e. inliers within the hyper-sphere) or
class debonding (i.e. outliers). However, a major step of optimizing said boundary should

be done to increase the efficiency and avoid the false detection of any outliers. The radius
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given in the previous section (Eq. 3.31) provides the boundary condition. To optimize this
boundary, it is necessary to obtain the minimum value for R. The optimization problem

is thus presented as:

argmina{ Z aik(Xi,X;) — Z Z ;05K (X4, xj)} (3.32)
i J

7

Considering the Translation Invariant Kernel [183], we get that the kernel function for
the same data is a constant i.e., k(z,x) = const, and it can be omitted. Similarly, from

before, we have ), a; = 1. Hence we can simplify Equation 3.32 to:

argmina{ Z Z a0 R(X;, Xj)} (3.33)
J

i

Figure. 3.12 presents an overall anomaly detection approach using OCSVM. During
the learning stage, the data used is made sure to be of only one type (i.e. non-debonding
zone). As done previously in case of two-class SVM, the raw GPR data is used here. Using
the OCSVM, a classification model is generated. The unknown B-scan is then ‘tested’ to

identify the anomalies (debondings).

[Known (healthy) zone data] Unknown zone data

A 4

Pre-processing Pre-processing

Feature selection Feature selection

i” v

[ Feature scaling ] [ Feature scaling

v v

One-class SVM Model SVM classification
> Model for debondin
SVM classification parameters dj;t Sction J
Model for debonding
detection |
\/_ No-debonding Debonding

(No anomaly/+1) (Anomaly/-1)

Figure 3.12: Implementation of One-class SVM to detect a debonding as an anomaly

Figure. 3.13 illustrates the application of OCSVM (using RBF kernel) to process the
same noisy simulated A-scan data as in Figure. 3.10. The 20 initial non-debonding A-
scans are used for the learning step. The remainder part of the B-scan is assumed to be
the unknown data that comprise both debonding and non-debonding A-scans. Compared
to the two-class SVM results in Figure. 3.10, OCSVM provides some false detection (false
alarm) for all cases and misses some true debonding (false negative) rate for the interme-

diate interlayer permittivity (Figure. 3.13(b)).
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3.4 Non-Parameterized Supervised learning: Random Forests

3.4.1 Background

Decision trees are a class of non-parameterized supervised machine learning methods.
They are widely used due to their high execution speed and low complexity [184]. By
definition, decision trees are a map (or branching) of all possible outcomes for a set of
data.

Initially, the decision tree starts at one node and branches into a set of possible out-
comes [185, 186, 187]. Each outcome further leads to additional nodes until there is no
longer a possibility of branching (or the user-defined limit is reached).

Over the past two decades, there have been numerous methods studied under decision
trees. One of the well known type are the Classification and regression trees (CART)
which include the Random forests. Random Forests (RF) was first proposed by Tin Kam
Ho [121] in 1995. It is a supervised machine learning algorithm that works on classification
and regression by branching the data into nodes and possible outcomes (decisions). Due to
its versatility, RF has been used in several applications including: image segmentation and
classification [188, 189, 190], disease identification [11, 191, 192, 193], facial classifcation
[194], crack detection in concrete structures [195, 196], text categorization [197], pavement
crack detection [198] and numerous other applications. Most recently, we have also used
RF to detect debondings [166]. Although RF seems to be underused for binary 1D signal
classification in our application, due to its advantages (listed in Table. 3.6), this method
was studied during the thesis.

Random Forests gain their strength from the combination of a large number of indi-
vidual possibly weak models. Since the models are generated by a random process, with
random selection of data and partially random selection of predictors, we can be sure of
an adequate supply of substantially different decision trees. These substantially different

trees are then combined through a voting process. Figure. 3.14 shows the RF approach.

3.4.2 Principle

Before diving into RF, we present two terms widely used with RF namely, Bootstrap-
ping and Bagging. Bootstrapping is an approach of drawing subsets at random from a
larger dataset. It is mainly used to estimate ‘how good’ the parameters perform in order
to control the complexity of the method. In actuality, bootstrapping is an alternative
to cross-validation technique implemented by other machine learning methods (such as
SVM, One-class SVM etc.). Bagging, on the other hand, is the combination of several
estimators/trees obtained after the bootstrapping process.

The main difference between RF and the previous methods is that they are intended to
design and apply good standalone models. Random Forests, on the other hand, is different
in that aspect as it introduces an entirely new way of generating individual component

models by combining several weaker standalone models (or trees) to perform together
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Figure 3.13: OC-SVM applied on simulated noisy raw A-scan data (see Appendiz. A) for
the detection of debondings. Permittivities of top and base layers are respectively €,1 = 5
and g9 =7, fo =4.2GHz, SNR = 20dB. The blue dashed box indicates the learning
data set. The dashed box indicates the learning database
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Figure 3.14: Random Forests voting approach for classification and regression problems

[11]

effectively to obtain better results. Random forests uses various performance metrics to
perform the classification of data into different nodes. We have, for example: Information
gain, Entropy, Gini Impurity or Gini Index (GI) and Variance reduction.

The Gini impurity or Gini Index (GI) is one the most commonly used metric for
classification in RF. It refers to the probability of ‘dissimilarity’ between two elements that
are chosen at random from a given dataset. In other words, GI is the sum of probabilities
of an item ‘¢’ being chosen multiplied by the sum of the probabilities of the same item ‘@’
being misclassified.

Let X be a 2D B-scan matrix of size M x N, where M is the number of data points
(or number of features) and N is the number of A-scans. The GI is computed as follows.
Initially, the data is split into learning (X ) and testing data (Xp). the training data is
bootstrapped into subsets such that each subset is disjoint (i.e. do not contain the same
data-points or features). An example is as shown in Figure. 3.15.

In general, the GI for a K-class classification is given by [J:

GI = Z pi(1—p;) (3.34)

where,

- K is the number of classes in which the data is to be classified
- p; is the probability of belongingness to class ¢ computed using all the data

points (or features) randomly chosen from respective subset

Once the split is carried out, a single node can be visualized as shown in Figure. 3.16.

After the split, the question now arises if the node can further be split or, it is a leaf.
A leaf is defined as the terminal node which cannot be further split.

To verify this, the node is initially split and the GI is once again computed at both
nodes using Equation. 3.34. If the GI after the split is less than the GI before the split, the
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Figure 3.16: Node splitting at a specific node N based on Gini impurity index
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node-splitting is retained; otherwise, it is rejected and the specific node is now considered
as a leaf (further splitting not possible). This is one tree. The process is repeated for
T trees with each tree having the same number of subsets obtained randomly. After
obtaining all the trees in the forest, the forest would resemble somewhat as shown earlier
in Figure. 3.14.

The test data is then validated using each of the decision trees. In case of classification,
Majority voting (or sometimes called majority ranking [197]) is used. Here, the highest

number of ‘decisions’ are considered to be the final result.

3.4.3 Application to binary classification for debonding detection

In case of binary classification to classify the data as debonding or a non-debonding,
implies that K = 2. Thus Equation. 3.34 can be simplified to get [J:

Glisn) = 1= {Pies + Prnaer} (3.35)

where, for a particular node,

- Pdep 18 the probability of belongingness to class debonding given by %

- Pndeb 1S the probability of belongingness to class non-debonding given by

TN
(TP+TN)

Initially, a bootstrap learning data set sampled from X with replacement [199, 200],
and containing p random data samples (p < m) each with n instances (A-scans) are
generated. Although RF trees can work with even one data point, as described in the
literature by Breiman et al. [201], the optimal data size for each subset is p x n where
p = v/m. The number of trees we thus obtain are T' = %. The GI is computed then for
each subset as a whole using Equation. 3.35 and the split is obtained.

Iteratively, the GI is computed for each node until either no further splitting is possible,
or, the GI of the node before split is less than the GI of the individual nodes after the
split. The process is then repeated for 1" trees and majority voting is used to ‘decide’ the
presence or absence of debondings. Figure. 3.17 illustrates an example of a forest. The
nodes marked in green represent the ‘leaves’.

The initial step of RF implementation are similar to the SVM. The B-scan data (either
raw or feature set) is divided into learning and test data sets. The learning data set is
used to generate individual trees (and subsequently, a forest). As mentioned earlier, the
number of trees is a function of the number of A-scan vectors (or features).

However, as mentioned in [200], there is no such limit on the number of trees; however,
by increasing the number of trees, we subsequently increase the computational time. As
mentioned in [200, 202], the optimal number if trees in the forest can be between 64 to
128. Thus, in case of raw GPR data, we follow this approach and use T' = 100 trees with
each tree having the same number of observation samples. The value for the subset size
(p) is fixed as mentioned before.

Figure. 3.18 presents an illustration of the implementation of RF.
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Figure 3.17: Illustration of a forest with T trees. The final nodes marked in green represent
the ‘leaves’ (i.e. no further splitting possible)
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Debonding (1) Non-debonding (0)

Figure 3.18: Random Forests implementation for the detection of debondings using raw
GPR data
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Figure. 3.19 illustrates the application of RF to process the same noisy simulated A-
scan data as in Figure. 3.10 and Figure. 3.13. Here, the ratio between learning and testing
data is 1:1 with 4096 time samples in each A-scan. The number of data points in each
subset p = /4096 = 64. The number of trees is fixed to T = 100, as mentioned earlier
(the data is bootstrapped with repetitions).

By observing the performance for raw GPR, data, we see that RF provided equivalent
results compared to the binary SVM results in Figure. 3.10. It is observed that RF is

capable of identifying debondings of various interlayer permittivities (& 4ep = 2,6, 10).

In the following chapters, the performance of RF will be tested on experimental data

collected at various test sites.
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Figure 3.19: RF applied on simulated noisy raw A-scan data (see Appendiz. A) for the
detection of debondings. Permittivities of top and base layers are respectively e,1 = 5 and
ero =17, fo=4.2GHz, SNR=20dB

3.5 Decision making: Probabilistic estimates

The previous section presented the classification of GPR B-scans into two classes,

namely, debonding and non-debonding as binary indicators. While the binary classification
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methods can be used to provide a discrete label, by means of probability estimations, it
is possible to predict outputs that are continuous. In other words, the prediction is made

in terms of quantity rather than being confined to a specific set of labels.

3.5.1 Introduction

Probabilistic estimation is quite interesting as it has quite some advantages. Firstly,
many machine learning models are designed with the probabilistic framework. For e.g.,
Random forests are primarily used for regression problems via probability estimations as
mentioned in Chapter. 3.4. Additionally, probability estimations can be used to simplify
the machine learning model. By providing a flexible range of values rather that rigid (i.e,
between 0 and 1 rather than 0 or 1 for example), the model is free to take ambiguous data
into consideration. This could also help the model to reduce the amount of outliers.

Finally, one of the most interesting characteristic of probabilistic estimation is that
they act as a measure of their own assessment. For e.g., suppose, for an A-scan, the
model predicts a debonding with probability of 0.2. This means that this prediction is
only 20% accurate, thereby indicating that the error rate for the A-scan is 0.8. Therefore,
by using probabilities, the operator can express the decisions at various confidence levels,
in contrast to binary values 0 and 1 (or +1 and -1) as done by classical classification
techniques.

All the three machine learning methods studied in this thesis have been used for
probabilistic estimation; as in, Two-class SVM [203, 204, 205, 206, 207], Random Forests
[208, 209, 210, 211, 212, 213] and One-class SVM [214, 215, 216].

3.5.2 Probabilistic estimation for SVMs: Platt scaling

Probability estimation using SVM has been implemented for multi-class classification
[207], in medicine for leukaemia data [217], risk prediction of rheumatoid arthritis [218]
etc. Since standard SVMs do not provide probabilistic estimates, it can be achieved by
simply mapping the outputs of a single SVM into posterior probabilities [219]. These
estimations for SVMs can be achieved in two ways: by using regression, proposed by
Drucker et al. [220] or Platt scaling (similar to logistic regression) introduced by John C.
Platt [221, 219].

In case of SVMs for binary classification, one of the commonly used approach for
estimating the probability is Platt scaling. Another approach is the Isotonic regression
as presented in [222]. However, as mentioned in [222], a learning curve analysis showed
that Isotonic regression is more prone to over-fitting than Platt scaling and therefore, has
a lower performance. Thus, in the thesis, we implement the probability estimation using
Platt scaling. The Platt scaling is implemented for both Two-class and One-class SVMs.

In general terms, Platt scaling can be defined as an approach used to transform the
binary outputs of a machine learning classification model into a distribution of probability
values. Platt scaling assumes that the posterior probability of the debonding class given
the classification scores takes form of a sigmoidal function [223]. Platt scaling for SVMs

was first introduced in [221].
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Chapter 3. Machine Learning Methods

As studied in [217, 218, 224, 225], supervised learning using SVM have also been proven

to provide consistent probability estimates.

Principle

In case of pavement monitoring, the probabilities can be estimated in two ways,
i.e, probability of occurrence of debondings (Pge) or probability of occurrence of non-
debondings (Ppgep). It should be noted that, for any A-scan, Pgep + Phger = 1. As the
focus is to predict debondings, we focus on the former 7.e, debonding probability.

In order to calculate the ‘probability of occurrence of debondings’ (denoted by P(y =
1f) or Pge), the estimation is given using Platt scaling as [221, 222]:

1
1+ exp{A.f + B}

Pyep = Pi(y = 1[f) = (3.36)

where,

- Pyep is the probability of occurrence of debonding (i.e, y = 1)
- f is the signed distance from the optimal hyperplane H

- A and B are two values that are determined during the learning step

The parameters A and B from Equation. 3.36 are computed by maximum likelihood es-
timation from the learning data set (f;, yi); where y; is the classification label (€ {—1,+1})
for the ith A-scan vector and f; is its signed distance from the optimal hyperplane #H [221].

In case of binary classification using labels y; = {—1,+1}, an intermediate value ¢;
(called target probability) is introduced in [221] such that:

Y+l

t; 5

This transforms the binary labels from y = {—1,+1} to t = {0,+1}. Now, the
parameters A and B can be determined as follows [221, 222]:

arg 12%1{ - ;tiZOQ(Pi) + (1 —t;)log(1 — pz‘)} (3.37)

where,

1
1 +exp{A.f; + B}

Di

NOTE: In cases where the classification label used are positive, i.e, y = {0,+1}, ¢; in
Equation. 3.37 can be replaced by y; (as presented in [222]).
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However, over-fitting/over-learning may very well be encountered in Platt scaling as
well. As mentioned in [221], complex learning models can introduce unwanted bias leading
to poor results. This is overcome by splitting the data into training and validation sets (as
done for the conventional binary SVMs). As [222] mentions, k-fold CV is a better technique
than Holdout CV to determine A and B parameters. CV is used to calibrate the model
in the learning step as demonstrated in [222]. The optimized parameters are then used on

test data. These optimization techniques are presented in detail in Chapter. 5.

3.5.3 Probabilistic estimation for Random forests

Probability estimation using regression Random forests has been extensively used in
several applications, such as, in sports to predict outcomes to estimate win probability
[226], prediction of shot effectiveness in golf [11], in medicine to predict anti-cancer drug
sensitivity [209], to predict receipt of transfusion [227], for non-elective re-hospitalization
and post-discharge mortality [228], in vehicle safety [212] and numerous other applications.
In fact, Random forests using regression for probability estimations were found to be
appropriate in terms of performance according to the studies conducted in [229, 224,
230]. Thus, regression Random forests was studied in this thesis to estimate the probable
occurrence of debondings.

Probabilistic Random forests are implemented as presented in Chapter. 3.4, Fig-
ure. 3.14 and Figure. 3.17, the forest is constructed during the learning stage with L
trees. The final step however in case of probability estimation is different from that of
classification. While classification uses the concept of ‘majority voting’ (see Chapter. 3.4),
the probability estimation replaces this by averaging the votes for regression [11]. The

procedure is hereafter explained.

Principle

As done previously in case of SVM, the probabilities using Random forests can be
estimated in two ways as well, namely Py, and P gep-

Consider a classification forest of T' trees. During the learning step the split is per-
formed at each node using the Mean Prediction Squared Error (MPSE) metric (in contrast
to Gini index used earlier). This is because, as mentioned in [231], the metrics presented
in Chapter.3.4.2 are used for classification while PSE is used for regression trees.

The probability of occurrence of a debonding at the ith A-scan is given by:

1 (1 &
Piepi = T E:l {N kz card(fk(deb))} (3.38)
j= 1

- fx(deb) is the proportion of 1’s in each terminal node
- N is the total number of terminal nodes in the tree T}

- T is the total number of trees in the forest
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Chapter 3. Machine Learning Methods

The probability estimation procedure using Random forests is summarized in Algo-
rithm. 1 of [229].

In Chapter. 6, we present the estimation of debondings in two sets of experimental
data using the various feature sets, namely, local and global features (presented later in

Chapter. 4), and compare the results with the benchmark obtained using raw GPR data.

3.6 Synthesis

We finally present a concise list of the family of ML methods presented in this chapter.
As presented in Table. 3.6, each of the ML methods possess their own advantages.
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Category

Table 3.1: Synthesized comparison of the ML methods

Two-class SVM

One-class SVM

Random Forests

1. Learning data type

Uses both debonding and non-
debonding data

Only one type of learning data (i.e,
non-debonding [232] is used

Uses both debonding and non-
debonding data

2. Learning data size

Requires a large learning data set
(at least 50% of the total data) []

OC-SVM does not require a large
number of training samples to create
a classification model and as such,
it has a simple geometric represen-
tation with very few parameters to
determine the classification model
[233]

Repeated testing in RF (at various
‘trees’) helps to perform well even

using a small learning sample set

3. Kernel functions

The use of kernels provide the user
an opportunity to build a classifica-
tion model by engineering each ker-

nel depending on the requirement

OCSVM, as a special case of SVM
also implements kernel functions to

improve the performance if possible

RF implements a set of various
performance metrics but not kernel
functions. However, it can be modi-
fied to become a kernel function for
other ML methods [234, 235]

4. Over-fitting

Is prone to over-fitting; however
the use of regularization parameter

helps the user to avoid over-fitting

Is prone to over-fitting; can be
avoided using regularization param-

eter

Growing a large number of RF trees
does not create a risk of over-fitting
since each tree is a completely in-
dependent random experiment [236,
237, 238]

5. Qutliers in learning
data

Slack variable (§) is used to control

the sensitivity to outliers

Uses a user-designed parameter (v)
to determine the amount of admit-
ted slack thereby controlling its sen-

sitivity to outliers

RF are resistant to outliers in the
learning data [238, 239]
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Category

Table 3.1: Synthesized comparison of the ML methods

Two-class SVM

One-class SVM

Random Forests

6. Cross validation

Uses CV techniques to avoid over-
fitting and computation of optimal

hyper-parameters

Uses CV techniques to avoid over-
fitting and computation of optimal

hyper-parameters

Self testing is based on an extension
of cross validation that is repeated
several times. This provides highly
reliable assessments of the reliability
of the RF model [237]

7. Decision making

Uses the two-class classification
model to predict the presence or ab-
sence of debondings (single predic-

tion step)

Uses the learning data as reference

(single prediction step)

Identifies the best predictor auto-
matically through the process of

voting [236] (several repetitions)

8. Computational Speed

Learning step is relatively slower;
however it can be sped up using fea-

ture selection

Due to
OCSVM performs relatively faster

its simplistic modeling,

learning and testing [240]

Trees are grown at high speed be-
cause few variables are in use at any
one time [237].

9. Accuracy

SVM presents high accuracy by
means of regularization and the use
of proper kernels, the learning step

generates a more robust result

OCSVM has a high accuracy pro-
vided that the hyper-parameters

chosen are optimal

RF models are often considerably
more accurate than a single decision
tree. The accuracy achieved is often
competitive with the best alterna-
tive methods [236, 237]

10. Estimation of prob-
ability

Both two-class and One-class SVMs can be used to estimate probability

using Platt scaling

RF has a built-in regression that can
be used for probability estimation
[11]
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3.7 Conclusions

3.7 Conclusions

In this chapter we introduced four Machine Learning methods to detect the debondings
within pavement structures, namely, Random forests, SVM for binary classification (Two-
class SVM) and outlier detection (One-class SVM) and k-means clustering technique.
They have been categorized into supervised and unsupervised techniques, respectively.

The principle of each method is illustrated through the straightforward processing of
time data as a whole (i.e raw GPR data). The four methods were applied to process noisy
simulated analytic data with simplified assumptions, which are presented in Appendix. A.
The methods demonstrated good qualitative results as they were able to detect debondings
with various interlayer permittivities.

Due to the limitations of binary SVM, the anomaly detection method, One-class SVM
was then presented to demonstrate a ML method that is closer to the operational level
measurement and detection. Finally, the third ML method, Random forests method was
studied. This method, although underused (as opposed to its real capability), its advan-
tages made it interesting to compare with other supervised machine learning methods.

The conventional binary SVM presented very high debonding detection rate for all
noisy simulated data configurations. However, the need for both debonding and non-
debonding data to be present in the learning data limits its implementation at an opera-
tional level.

Despite its advantages of being close to the operational level, OCSVM was seen to
provide the lowest accuracy among the three methods with several false detection (in case
of weak dielectric contrast i.e. &, 4o = 6).

Finally, in case of RF, it was observed that once again very high detection rate was
observed for all cases.

In the final section of this chapter, we introduced the approach of probabilistic estima-
tion of the occurrence of debondings using the supervised machine learning methods. Each
method, with the help of certain post-processing of the GPR data presented the ability
to provide a probability of debondings. This estimation will be explored in Chapter. 6 for
experimental data.

The processing of raw data is not always acceptable since the raw GPR data may
contain redundant information that could reduce the debonding detection rate. As stated
by [143], the machine learning methods could be limited in their processing of raw data.
In addition, large data size of the raw data can increase the computational time and
complexity. To overcome this issue, certain preprocessing techniques can be done.

As observed in Section. 3.2, the unsupervised clustering method presented low detec-
tion rate using simulated data. Similar behavior was also observed on experimental SFR
data, which was presented by us in [166]. Thus, the next chapter presents the various
preprocessing and feature extraction techniques performed to aid the supervised learning

learning methods used for debonding survey.
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n the previous chapter, we presented the various data processing methods, supervised
I and unsupervised, that were used in the thesis to detect the presence of thin debond-
ings within pavement structures. These machine learning methods were used in the con-
text of detecting thin debondings within pavement structures. Qualitative results were
presented for each ML method using simulated data generated from various models pre-
sented in Appendix A.2, Appendix A.3 and Appendix A.4. However these results were
obtained using the raw GPR data (as shown in Chapter 3.3.1 for Two-class SVMs, Chap-
ter 3.3.2 for One-class SVMs and Chapter 3.4.3 for Random forests). By using the raw
GPR data, the computational complexity may increase leading to increased processing
time. Moreover redundant data may either have no effect on the performance or may also
reduce the detection rate of a method.

Thus, in order to improve the performance of a method and avoid the effects of re-
dundant signal data, preprocessing of the data is necessary. This can include the data
transformation (time to frequency domains and vice-versa) and feature selection/extrac-
tion [143]. In the latter case, either a part of the original data are taken, or, new signal

characteristics (called features or attributes) are derived from the original data. Feature
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extraction aims to remove irrelevant and redundant information leading to better perfor-
mance [241]. [242] demonstrate that the performance of machine learning methods can be
improved by the use of signal features.

In this chapter, we present the preprocessing step of GPR data feature selection tech-
niques using simulated data. This approach has been also implemented in [10] for debond-
ing detection from experimental data. Feature selection for SVM has been extensively used
in the literature for multiple medical applications [243, 244, 245], data classification in data
mining [246], facial recognition [247] handwriting character recognition [161], text cate-
gorization [248] etc. Ome-class SVM has been demonstrated to use feature selection for
document classification [181], image segmentation [249] and also for audio detection and
classification applications [250].

Signal feature selection can be performed on both spectral (frequency-domain) and
temporal (time-domain) data. Temporal features of the signal are studied here as they are
easy to implement and avoid complex preprocessing and computations (such as Fourier
transformations, filtering etc.) [251]. In some cases, as in [252] for the study of EMG
signals, the time-domain features even outperform the spectral features (such as PSD,
mean power, mean frequency etc.) for supervised machine learning method (k-nearest
neighbor).

In this chapter, signal feature extraction is performed on temporal data to obtain
features globally (over the complete A-scan signal) as well as features localized at the
pavement interface (i.e. only the second echo of the A-scan). Additionally, a feature
reduction technique, namely Principal Component Analysis (PCA) is used. A parametric
study will be done wherein the machine learning methods are analyzed w.r.t the input
GPR data (in the form of raw GPR data, local signal features, global signal features and
PCA reduced local and global signal features).

The motive behind the preprocessing is to study (a) adaptation the ML methods for
various input data types, (b) reduce the processing data size and complexity, (c) avoid
over-learning /over-fitting that may hinder the performance and improve the debonding

detection rate.

4.1 Feature engineering

Most GPR data are very large containing thousands of time samples in each A-scan
profile. From this huge data set, it is highly possible that a part of the data is redundant
and presents negligible or no information at all. In the machine learning classification
problems, the first step is then to perform data reduction by identifying and selecting the
data subset that provides maximum information.

Feature engineering is the concept of using the known knowledge of the data to ex-
tract/select the signal features that can help to improve the performance of a machine
learning method. It can be carried out manually based on the experienced understanding
of the operator/user, or, automatically by means of certain well-known feature engineering
techniques. On a broader scale, the feature engineering can be two-fold: feature selection

and feature extraction.
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4.2 Signal features for GPR data

Feature selection refers to the ‘selecting’ the signal features from a preexisting dataset /fea-
ture set. The features obtained by this approach can be either the raw data or, taken from
a feature set collected previously using other approaches. Feature extraction on the other
hand is the transformation of the raw data into suitable features that can be used for fur-
ther processing. Obtaining such relevant information using feature selection or extraction
can be useful to classify the data [253], which is expected for the GPR data to detect
debondings as well.

As mentioned in [254], features should be able to distinguish between the two classes,
efficient in computations, limited in number and also insensitive to the changes in the data.
The advantages of using features is that they reduce the computational time, possible
increase in the accuracy [255] and also avoid using redundant data [256].

Based on the type of GPR data, the signal features can be either from frequency
domain data (i.e, spectral features) or time-domain data (i.e, temporal features). On the
other hand, based on the zone-of-interest of the GPR signal, the signal features can be

either global or local. Figure 4.1 presents one way of categorization of the signal features.

FFT
Time domain GPR data Frequency domain GPR data
IFFT
Temporal features Spectral features
Local Global Local Global

Figure 4.1: Categorization of signal features

4.2 Signal features for GPR data

The signal features can be chosen by automatic feature selection as presented in [257,
258, 259] by means of regularization. On the other hand, feature selection can also be done
using a physical approach by analyzing a reference data set. In this section, we present
the latter approach of feature selection.

Temporal features of the signal are selected here as they are easy to implement and
require no transformation. Additionally, the temporal features are sub-categorized into
local and global features. Local features are defined as the characteristics extracted from
only the second echo of the raw GPR A-scan (i.e., the useful echo from the interlayer
pavement interface under survey).

Global features on the other hand are defined as the signal characteristics that are
obtained from the complete raw GPR A-scan. Such features are advantageous as they are

easier extract and require minimal preprocessing and a priori information, as opposed to
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the local features. In case of GPR data, global features are usually dominated by the sur-
face clutter and are therefore supposed to be less sensitive to the debonding. Whereas local
features are expected to provide more sensitive information about the interface between
the first two pavement layers and the debonding that may occur therein.

The two next subsections introduce both local and global temporal features of the
signal which have been used for performing SVM classification. The feature selection
presented later in Chapter 4.2.5 relies on the prior knowledge about the database (exper-

imental or otherwise) under test.

4.2.1 Local signal features

Local features are expected to provide more sensitive information about the interlayer
pavement conditions. They are defined as the signal characteristics of the original raw
GPR A-scan over a short time window focused at the pavement interface, whose center
and duration are computed using a known non-debonding A-scan as reference. Local
features are obtained from this window focused at the second echo only. This approach
has been presented in detail in Appendix D.

Figure 4.2 presents the automatic windowing of the second echo used to extract local
signal features for simulated data. The same approach is used for experimental data.
Figure D.2, Figure D.3 and Figure D.4 respectively present the B-scans before and after
the automatic time-gating for experimental SFR data (Appendix D) for Geotextile, Tack-
free and Sand-based defects.
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Figure 4.2: Automatic time-gating of the second echo used to extract local signal features
(simulated analytic Fresnel data; ey gep = 6, SNR = 30dB, €, 4ep = 6, tgep = 0.3cm)

As presented earlier in Chapter 2, the presence of a debonding layer alters the form
of the received signal. This alteration of the signal form is expected to differentiate be-
tween the debonding and non-debonding cases. A GPR database is used to analyze the
various feature sets that can aid the data processing methods to detect debondings. The
probability density functions (PDFs) are then traced for debonding and non-debonding
cases for each signal feature. The separation of the distributions is used to decide if the
signal feature can be used. The PDFs are displayed after a curve-smoothing technique

with moving average is applied to the distributions. We broadly categorize the features
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into three subsets: Statistical, Morphological and PQRST features.

The first feature subset, namely statistical feature set, refers to statistical characteris-
tics of the time-gated GPR A-scan. These features have been used in the literature for the
detection of abnormal mammograms [260], character recognition [261] and classify exter-
nal stimuli [262]. As in [263, 264, 265], local statistical features used here are: Standard
deviation, Mean absolute deviation (MAD), Kurtosis and Skewness. Standard deviation is
the amount of dispersion of the data of the mean. Skewness is the measure of asymmetry
while kurtosis measures the ‘peakedness’ of the given data [266]. We have also used these
local features in [10] to detect debondings using SVM.

Figure 4.3 presents the local statistical signal features (i.e. for the second echo only). It
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Figure 4.3: Representation of local statistical features for simulated data (computed from
analytic Fresnel data model (Appendiz A.2) with added noise (SNR = 30dB, &, gep = 6,
taep = 0.3cm). V'’ (red) indicate debonding and ‘+’ (blue) indicate non-debonding values

should be noted that the signal features that do not present sufficient PDF separation are
not used. For e.g, as mentioned in [10], the mean of a GPR A-scan was found to be centred
at zero. As such, the two distributions for debonding and non-debonding cases using
mean as the signal feature present very little separation. Additionally, other statistical
features such as entropy [260], median [267] were observed to provide any significant
PDF separation. Therefore such features are not considered. As illustrations, Figure 4.4
presents the distributions for the rejected statistical features of mean and median.

The second feature subset is named PQRST features. Specific Electrocardiography
(ECG) signal features have been used due to the similarity in shape between the GPR
A-scan and an ECG signal, namely the PQRST features discussed in [268, 269]. The
PQRST signal is the basic pattern of electrical activity (or one cycle) of the heart [270].
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Figure 4.4: Representation of inseparable unused local statistical features for simulated
data (computed from analytic Fresnel data model (Appendix A.2) with added noise
(SNR =30dB, €, 4ep = 6, tgepy = 0.3cm). Due to the faint separation, these features are
not used

Its patterns (shape and/or form) are seen to closely resemble the reflected signal at each
interface of the pavement structure (for comparison, see Figure 1 in [271]).

In our application, we propose to assign the points P and T to respectively the first and
the last breaks of the second echo while the points Q, R and S respectively represent the
first, second and third alterations of the signal. Figure 4.5 shows the PQRST data-points
in a GPR signal for debonding and non-debonding for the second echo. The PQRST

: : :
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Figure 4.5: PQRST data-points of time-gated debonding and non-debonding A-scans
from simulated data (analytic Fresnel data)

features were chosen once again on the PDF separation as done for statistical features.
Figure 4.6 presents the distributions of the various PQRST feature sets.

Figure 4.7 presents the amplitude at point ‘Q’ and slope QR from the PQRST features.
The PDF for amplitude at point ‘Q’ does not present a good separation; while that of
slope QR is a bimodal PDF as opposed to our assumptions (i.e, normal distribution).

The last subset of local features are the Morphological features. These features are
related to the ‘form’ and ‘shape’ of the GPR signal. The constructive interference of the
reflections within the debonding layer results in an observable increase (or decrease de-
pending on the contrast in permittivities) in the characteristics of the second reflection

such as amplitude range. As seen in Figure 4.2 the difference between the second echoes of
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debonding and non-debonding cases can be considered to be used as signal feature. Thus,
amplitude range and magnitude of the second echo are used as local features. Addition-
ally, the root-mean square (RMS) and inter-quartile range (as in [272]) of the debonding
and non-debonding A-scans have been observed to present a significant PDF separation,
thereby considered as usable local features. For representation, Figure 4.8 presents the

distributions for the usable morphological features.
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Figure 4.8: Representation of local morphological features for simulated data (computed

from analytic Fresnel data model (Appendix A.2) with added noise (SNR = 30dB,
Erdeb = 6, tgey = 0.3cm). V' (red) indicate debonding and ‘+’ (blue) indicate
non-debonding values

4.2.2 Global signal features

Contrary to the local features, the Global signal features are defined as the signal
characteristics that are obtained from the raw GPR A-scan. In case of experimental
data, the raw GPR data is described as the data after the elimination of clutter, namely
the straightforward direct antenna-coupling. These features are relatively easier to extract
compared to the local features as they use the raw GPR scans. Additionally, these features
do not require any information a priori as is the case for local features.

As done for local features, the global features are categorized into two groups, Statis-
tical and Morphological features holding the same definition as for local features.

Each statistical feature was computed for the “raw GPR B-scan”. By observing the
separation of the PDFs for each feature (debonding vs. non-debonding), the best features
were chosen. Figure 4.9 presents the usable global statistical features that showed well-

separated distributions.
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Figure 4.9: Representation of global statistical features for simulated data (computed from
analytic Fresnel data model (Appendiz A.2) with added noise (SNR = 30dB, e, gep = 6,
taeb = 0.3cm). V'’ (red) indicate debonding and ‘“+ (blue) indicate non-debonding values

The PQRST features are not used in the computation of global features since they
are specific to the second echo. In case of morphological features, the RMS and IQR are
the two features that were suggested. In addition, a new global feature, namely, Interface
Time-Delay (ITD) is introduced. Due to the presence of an additional (debonding) layer
in case of a defective pavement, the second echo is an attenuated composite signal usually
shifted in time (w.r.t the surface echo). ITD is thus defined as the time delay between the
maximum magnitudes of the first (surface) echo and the second echo. Figure 4.10 presents

the global morphological features that showed well-separated distributions.

4.2.3 Comparison of Local and Global feature sets

Although the signal features chosen in the previous section (local and global) presented
‘good’ PDF separation; it is necessary to compare the respective features obtained globally
and locally. This is done to observe the ‘overall goodness of separation’. Since, the rate of
classification strongly depends on the separation of the signal features in the feature-space,
it is necessary to analyze ‘how well are’ the chosen signal features separated w.r.t each
other.

As mentioned in Section 4.2.1, the local features are more accurate than global fea-
tures (due to their localization at the pavement interface). Thus, they are expected to
provide a much better separation compared to their respective global counterparts. For
illustration, Figure 4.11(a), Figure 4.11(b), Figure 4.11(c) respectively present the local

and global statistical features of standard deviation, signal kurtosis and signal skewness
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Figure 4.10: Representation of global morphological features for simulated data (computed
from analytic Fresnel data model (Appendiz A.2) with added noise (SNR = 30dB,
Erdeb = 0, tgep = 0.3cm). ‘V’ (red) indicate debonding and ‘+’ (blue) indicate
non-debonding values

and Figure 4.12(a), Figure 4.12(b), Figure 4.12(c) respectively present the same normal-
ized between [0, 1]. As seen in case of Kurtosis and Skewness, the local features clearly
demonstrate a more clearer separation between the debonding and non-debonding cases
than its counterpart global features.

All signal features listed in Table 4.2 were subsequently analyzed in a similar fashion
in order to verify ‘how well’ are the separations for debonding and non-debonding cases.
It was observed that the local signal features always provided better separation than their
global counterparts.

Feature reduction using PCA, as presented in the following section, is one approach
that can be used to either eliminate the highly correlated features or transform them into

uncorrelated features.

4.2.4 Feature reduction using Principal Component Analysis (PCA)

However, in case of both global and local features, since the features were chosen by
physical analysis of the GPR data, a threat of correlation between the features may be
encountered. Such features, although tend to be different, are influenced by the same
parameter. Such features are thus redundant [273] and may lead force the method to ‘by-
heart’ rather than learn. Feature reduction using PCA, as presented here, is one approach
that can be used to either eliminate the highly correlated features or transform them into
uncorrelated features.

Principal component analysis is a non-supervised transformation technique that is
mainly used for feature extraction and dimensionality reduction [274, 275]. Using PCA,
it is possible to identify correlation patterns within the data that can be used to find the
directions of maximum variance in the higher dimensions and finally project the data on
a new space with lesser dimensions than the original one [274]. In other words, PCA is
used to transform this larger set of correlated features into a smaller set of uncorrelated
principal components [276] while still preserving as much information as possible.

In the literature, PCA has been used for feature extraction with SVM to classify
Electroencephalography (EEG) signals [277], ECG signals [278] and pattern identification
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Figure 4.11: Comparison of local and global statistical features for noisy simulated data
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Figure 4.12: Comparison of normalized local and global statistical features for noisy
stmulated data (computed from analytic Fresnel data mode; Appendiz A.2) with added
noise (SNR = 30dB, €, 4ep = 6, tgep = 0.3cm)

[279].

However, here PCA is used to reduce the dimension of the pre-selected local and global
feature data sets. And since we want to reduce the dimensions, a subset of principal
components (called Eigenvectors) is selected containing the most information. A variance
threshold is then used to ‘shortlist’ the & prominent features that can be used.

Let X,,xn be a GPR B-scan in time domain (where m is the number of time samples,
n is the number of A-scans) whose feature matrix is given by F,,, (where p is the number
of features). The PCA is computed as follows. In order to assign equal importance to each
feature, the feature set is normalized [280] for each feature (i.e, row-wise normalization).
Then, the covariance matrix S of the 2D feature matrix is estimated.

As mentioned by [281, 282], the ‘importance’ of each principal component (or the
quality of measure) is indicated by its inertia (or by the proportion of the total inertia).
Hence, for a given principal component, the inertia can be expressed as [283, 282]:
NN (4.1)

N ()T

5 =

where tr(S) denotes the trace of the covariance matrix S.

The increment nature of the components means that we can express the total variance
of a set of S different principal components as a percentage of total variance accounted
for: > cqm; x 100% [282].

Figure 4.13 presents the inertia plots for the global (Figure 4.13(a)) and local (Fig-
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ure 4.13(b)) feature sets.
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Figure 4.13: Inertia plot for local and global feature sets on simulated data (analytic Fresnel
model; Appendiz A.2)

The principal components that are to be retained are then chosen by using the pre-
determined threshold. This threshold is user-defined (in percentage). Initially, each of
global and local feature sets are extracted. Then, PCA is performed separately on local

and global feature sets using the same threshold values for both feature sets.

Initially, the threshold value was set to 100% (considering all the components as new
features); allowing us to achieve the same performance as for the original feature set.
However by doing so, only transformed features are used but the resulting feature set size
remains of the same. At 90% as well, the use of PCA is unnecessary for both, the scope of
the application and the feature set as since there is hardly any data/feature reduction. The
aim would be to implement a threshold value that can achieve data reduction, but also,

at the same time, maintain information within the reduced data for high performance.

By choosing the value of inertia (Z € R{0, 1} or 0 to 100%), the number of Eigenvectors
(and consequently the number of PCs) are controlled. For eg., in case of local features, if

threshold = 100%, all 13 components are used; at 80% inertia 10 PCs are used and so on.

As done earlier in our paper [10], PCA is performed independently on local and global
feature sets. By initial analysis, it was observed that, at first, the whole set of PCA
features (i.e. at 100% PC inertia) allows us to achieve the same performance as for the
original feature set (as seen for experimental data in our article [10] as well). The inertia
was brought down to 90% and similar performance levels were observed. However at 90%
PC inertia, the use of PCA is unnecessary for both, the scope of the application and the

feature set as since there is hardly any data reduction.

The inertia was reduced step-by-step (steps of 10%) and the finally set to 80%, which
gives us 10 components for local signal features and 6 components for global signal features.
It should be noted that when the inertia was reduced below 50%, the DSC score drastically
dropped below 0.5.
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4.2.5 Feature selection methodology

The performance of a machine learning method depends on the hyper-parameters,
kernel function and also the choice of its input data [284]. As such, a lot of effort is
required to design the preprocessing steps for data transformation and feature extraction
[284]. Figure 4.14 presents the overall debonding detection approach observed throughout

this manuscript.
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Figure 4.14: Qwerall machine learning approach to detect debonding using various input
data sets (red, blue and green arrows respectively indicate the detection approach for raw
data, global feature set and local feature set)

Here, we take advantage of the ground truth associated to the data base (see Ap-
pendix C.1) to perform the feature selection. The ground truth categorizes the A-scans
into two classes, namely debonding and non-debonding cases. The probability density
function (PDF) of the features is computed over each class to determine those which are
sensitive enough to the pavement conditions.

Initially, a known B-scan with debonding and non-debonding regions is taken. PDFs
are traced for each feature listed in Table 4.1 (Global features) and Table 4.2 (Local
features) for debonding and non-debonding cases. Figure 4.3 and Figure 4.4 present some
of the features to indicate how each feature is able to distinguish between debonding and
non-debonding cases. For representation only, a curve-smoothing technique using moving
average is applied to the PDFs in Figure 4.3 and Figure 4.4.

The separation between the two curves is used to choose the best features for our ap-

138



4.3 Preliminary tests on machine learning methods using GPR signal features

plication. For example, the mean of the signal (represented in Figure 4.4(a), Figure 4.7(a)
etc.) show minimal/no PDF separation whereas the other features presented in Figure 4.3,
Figure 4.6, Figure 4.8, Figure 4.9 and Figure 4.10 provide well-separated distributions and
are thus used. The other features are rejected. Additionally, PCA is also used on local and
global features to further reduce the data. However, as presented later, it was observed

that reduction using PCA did not provide much difference in the detection rate. Finally,

Time domain local signal features

o Statistical features: Mean Absolute deviation (MAD), Standard deviation,

Skewness and Kurtosis

e Morphological features: RMS of the signal, Inter-quartile range, Amplitude
of second echo, Magnitude of second echo

o PQRST features: Amplitudes at points P, R, S and T, Slope RS

Table 4.1: List of the local signal features used obtained by analyzing the PDF separations
of debonding and non-debonding data

Time domain global signal features

o Statistical features: Mean Absolute deviation (MAD), Standard deviation,

Skewness and Kurtosis

o Morphological features: RMS of the signal, Inter-quartile range, Interface
time-delay of second echo (ITD)

Table 4.2: List of the global signal features used obtained by analyzing the PDF separations
of debonding and non-debonding data

a total of 13 local features and 7 global features were chosen as input data for further
processing by supervised machine learning methods. In case of PCA reduced sets, 10 and
6 components respectively were obtained from local and global feature sets.

We now compare the performance of the three supervised machine learning methods
based on the various input feature sets. The results are compared with the benchmark
results from Chapter 3 (i.e. performance using raw GPR data). These results are obtained
using the optimization of each machine learning method (optimization methodologies de-

tailed in the next chapter; Chapter 5).

4.3 Preliminary tests on machine learning methods using

GPR signal features

In this section, we perform a preliminary analysis of the supervised machine learning
methods by comparing their performances using various input feature sets (i.e, local and

global features) from simulated analytic data. Additionally, the performance observed
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using the raw GPR data (see Chapter 3) is used as the performance benchmark reference
for the results.

The analytic Fresnel data model (see Appendix A.2) is used to generate the simulated
data with various levels of SNR (i.e, SNR = 10dB, 20dB, 30dB, 40dB, 50 dB and 60dB).
Both global and local feature sets are extracted as discussed in Chapter 4.2.1 and 4.2.2
respectively.

To represent the results, the ROC is traced at all levels of SNR (10dB, 20dB, 30dB,
40dB, 50dB and 60 dB) averaged over 100 independent Monte-Carlo realizations.

To illustrate the binary classification of GPR data, we use the ROC curves as the
preliminary form of representation. Although the ROC curve does not provide a diag-
nostic tests in terms of gains and losses, they are still considered to be better in terms
of representation at a superficial level. To add more meaning to the results, we use the

performance indexes, namely DSC and M CC scores as well.

4.3.1 Two-Class SVM

Figure 4.15 presents the ROC curves to compare the performance of Two-class SVM
using various input data sets discussed in Chapter 4.2 for simulated analytic data at various
levels of SNR. These results are obtained using 5-fold cross validation (presented in the

next chapter) and non-linear RBF kernel. In case of binary Two-class SVM for simulated
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Figure 4.15: ROC curves obtained using Two-class SVM for simulated analytic Fresnel
data model (see Appendiz A) at various levels of SNR (tgep = 0.3cm)

data, at low SNR levels the detection is low. However, with the increase in SNR, high
detection rate is observed for all types of feature sets, with local features providing results

better than global feature sets.

4.3.2 One-Class SVM

Figure 4.16 presents the ROC curves to compare the performance of One-class SVM
using various input data sets discussed in Chapter 4.2 for simulated analytic data at various
levels of SNR. Learning data size is Tjeqrn, = 20 A-scan/feature vectors of non-debonding

case. A linear kernel is used with 5-fold cross validation to obtain an optimal value for the
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parameter Vop. In case of €, 40 = 2 (strong contrast), vop = 0.03 and &, 4o = 6 (Weak

contrast), Vop: = 0.05.
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Figure 4.16: ROC curves obtained using One-class SVM for simulated analytic Fresnel
data model (see Appendiz A) at various levels of SNR (tgep = 0.3cm)

In case of weak contrast (e, qep = 6), the performance of the global feature set is very
low. However, the local signal features perform well and better than the raw GPR data

as well as global features.

4.3.3 Random forests

Figure 4.17 presents the ROC curves to compare the performance of Random forests
using various input data sets discussed in Chapter 4.2 for simulated analytic data at
various levels of SNR. As done in Chapter 3.4.3 for raw GPR data, we use T' = 100 trees
with each tree having the same number of observation samples. The value for the subset

size (p) is fixed as mentioned earlier in Chapter 3.4.3.
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Figure 4.17: ROC curves obtained using RF for simulated analytic Fresnel data model
(see Appendix A) at various levels of SNR (tgep = 0.3 cm)

It can be seen that, for simulated data, both local and global feature sets demonstrate

excellent detection at various levels of SNR.
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Table 4.3:

Comparison of DSC' scores for machine learning methods with various input

data sets obtained using noisy simulated analytic data at SNR = 30dB (g gep = 2,6; tgep

=0.3cm)
Input data set Two-class SVM One-class SVM Random forests
Erdeb =2 | Erdeb =6 | €rdeb =2 | Erdeb =0 | Erdeb =2 | Epdeb = 6
Raw GPR data 1.00 1.00 0.927 0.91 1.00 1.00
Global features 1.00 1.00 0.97 0.0 1.00 1.00
Global features (PCA) 1.00 1.00 0.97 0.842 1.00 1.00
Local features 1.00 0.84 0.964 0.96 1.00 1.00
Local features (PCA) 1.00 1.00 0.962 0.85 1.00 1.00

In summary, Table 4.3 simply compares the DSC' similarity index for the three ma-
chine learning methods at SNR = 30dB. It is clear that the Random forests outperform
the SVM approaches over all types of input data sets (feature sets or raw GPR data)
thereby establishing it as the best debonding detection method amongst the three for our

application.

4.4 Conclusion

We begin this chapter by presenting one of the important preprocessing step in debond-
ing detection i.e, signal feature selection. The feature selection was categorized into time
domain local and global signal features. The local features were focused at the pavement
interface where the debonding is expected to occur. These features were expected to
present higher efficiency for the purpose of debonding detection. Global features on the
other hand used the complete GPR signal with the top two pavement interfaces. A total
of 13 local features and 7 global features were chosen by physical analysis of the GPR
data. In order to further reduce the data complexity, a well-known data reduction tech-
nique (PCA) was introduced. The extracted feature sets were obtained for a simulated
data model (analytic Fresnel; see Appendix A.2) and the experimental data collected at
IFSTTAR’s fatigue carousel (for Geotextile and Tack-free defects; see Appendix B.2).

From Chapter 3, the debonding detection from raw GPR data was used as the basis
of performance comparison presented on ROC curves. Although the raw GPR data pre-
sented very high detection, this approach is quite cumbersome and not efficient in terms
of computational time and complexity. As expected, in case of Two-class SVM for sim-
ulated data, it was observed that the local feature set presented better detection results
than global features. In case of RF, for simulated data, both local and global feature sets
demonstrated very high detection rate inferring that the method is well-suited for various
types of input data. Finally, in case of anomaly detection (One-class SVM), the local
feature sets presented better detection rate than its counterparts.

In case of each of the machine learning methods, it was observed that the raw GPR
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data provided very similar results to that obtained using the local feature sets. However,
the preference of using the local feature set over raw data was its smaller data size that
reduced the computational burden for the machine learning methods.

The motive behind the comparison of the methods using various input data was to
analyze their dependency on the input data for debonding detection and verify if there is a
necessity of initial data preprocessing. By observing the results, the overall conclusion is,
although the raw GPR data presents high debonding detection rate (in most cases), due
to computational complexity and the burden, it is necessary to perform feature selection.

The preliminary results presented for each machine learning method were obtained
using optimized hyper-parameters that control the methods. However the optimization
of the machine learning methods can be performed on several parameters such as, the
learning data size, method hyper-parameters, method kernels, cross validation techniques
etc. Moreover, from the operator point-of-view, the objective would be to have robust
detection methods that are able to perform well despite the lack of knowledge (information
regarding pavement permittivity, composition etc).

Thus, in the next chapter, we explore this adaptability of machine learning methods

to these parameters by means of optimization and parameter tuning.
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n the previous chapter, we presented the pre-processing of GPR data by means of
feature extraction and feature reduction. We also presented an initial performance
analysis of the machine learning methods by comparing the various input feature sets.
These results were obtained using optimized hyper-parameters that govern the methods.
The optimization of a machine learning method is an important part since, by identi-
fying the ‘best’ parameters, it is possible to achieve high debonding detection rate. In this
chapter, we focus on the behavior of various parameters included in the machine learning
method in the context of detecting interface debondings. Various optimization techniques
for machine learning methods have already been discussed in the literature [285, 286, 287].
One such approach namely, Sensitivity Analysis [255], is studied here in the context

of detection of interface debonding. The approach namely, method-based model fitting
(Chapter 5.2) is used to study the relationship between the performance of the methods
and the input hyper-parameters that control said methods, such as cross-validation tech-
niques, kernel functions, learning data size etc). The sensitivity analysis of Two-class SVM
was implemented for GPR data in [10] w.r.t kernel function, learning data size and input

signal feature sets.
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On the other hand, in this chapter, we also perform robustness tests (Chapter 5.3)
to observe the effect of pavement medium and configurations (such as variations in the
debonding thickness, permittivity and effect of noisy data) on the performance of the
methods. Finally, a concept of global parameter-optimization, which is suited for practical
applications, is also introduced here.

As seen in the previous chapter (Chapter 4), the local signal features were able to
provide a higher detection rate to its counterparts (i.e. global features). Thus, in this
chapter, the optimization of the methods is performed on the local signal features only.
The optimization was performed using simulated data (Appendix A) independently on
each machine learning method, but over various pavement configurations (i.e global opti-

mization).

5.1 Methodology

The standard methodology for debonding detection as we have presented in [10] is
implemented in this chapter. The GPR B-scan data is initially generated using simulated
analytic Fresnel model (see Appendix A). Initial pre-processing feature selection steps are
then carried out as presented in Chapter 4.2.5. The data is then ready for processing using
the machine learning methods.

In case of two-class classification (Two-class SVM and Random forests), the data is
randomly divided into two disjoint sets: learning and test data. In this case, learning data
set contains both debonding as well as non-debonding data. One-class SVM, on the other
hand is divides the data in such a way that the learning data contains only one type of
data, i.e. non-debonding.

In the learning stage, SVM methods then use various cross validation techniques to
obtain the optimal hyper-parameters for the specific method. These optimal values are
then used with the test data for validation of results. In case of Random forests, the
learning data is randomly divided into several subsets to generate a ‘forest’ as presented
in Chapter 3.4.3. The classification for Random forests depends on the number of trees
(T') and the number of features (p) in each subset. These values are chosen as mentioned
in Chapter 3.4.3.

Representation of results

In the previous chapter, the initial analysis and performance of the machine learning
methods for various input feature sets was presented using ROC curves. In this chapter,
the ROC and AUC were found not easy to handle to determine the optimal parameters
of the machine learning methods [288, 289, 290, 291]. As established in [292], diagnostic
tests are better understood when presented in terms of gains and losses, using numeric
indicators such as accuracy, error rate etc.. We then switch from ROC to performance
indexes.

Numeric indicators such as DSC score and M CC etc. are more representative and can

thus be easily understood and interpretive by the operator with minimum knowledge. As
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explained in [288], the advantage of M CC coefficient over the other performance indexes is
that it provides a high M CC score iff the machine learning method has high percentage
of true positives (in this case, debondings). The other rates (such as Accuracy, DSC
score, Precision, etc.) lack in this aspect and as discussed in [288, 289, they can lead to
misleading results. For illustration, Figure 5.1 compares the DSC and M CC scores for
balanced and imbalanced cases. The value N, 440 is the ratio Nyep/Npgep where Ngep and

Npgep are respectively number of debonding and non-debonding A-scans.
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Figure 5.1: Variation of DSC' score and MCC' coefficient at different Nyqi0 values

It can be observed that in case of imbalanced data, i.e., Nyqtio < 0.5, DSC score
saturates at higher values presenting very less variation, while M CC demonstrates to be
more robust. Conversely, for N;.q40 > 1, DSC would be recommended. Both indicators are
almost equivalent for balanced data, i.e., Nyqio = 1. Despite this different behavior, the
DSC score is still used for imbalanced data and is widely used to represent the performance
in binary classification [293].

However, in this thesis we are dealing with both situations. The tests on simulated
data are performed with balanced data, leading to equivalent interpretation with either
DSC or MCC'. By contrast, we may face the situation of imbalanced experimental data
in Chapter 6, for which MCC would lead to a more reliable data interpretation. To
avoid the dilemma of choice, we then use both DSC and MCC scores to present the

optimization results for the methods.

5.2 Method-based model fitting

Machine learning involves predicting and classifying data and to do so, various machine
learning models can be best suited to a given dataset. The machine learning models are
parameterized so that they can be ‘tuned’ in order to suit it to a given situation [286]. Each
machine learning model can have various parameters and the goal would be to find the best
combination of parameters in order to achieve the highest efficiency and demonstrate its
robustness. However, the term ‘parameter’ and ‘hyper-parameter’ hold totally different

meanings in machine learning. Parameters are simply the input settings that make an
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algorithm work; whereas hyper-parameters are the settings of an algorithm that can be
adjusted to optimize the machine learning performance [287].

For debonding detection using supervised learning methods presented in Chapter 3,
various input method-related parameters can be used. However, all these parameters
may or may not yield the desired accuracy solution. So, to decide what are the optimal
values for each parameter that can provide the highest accuracy, a task most commonly
called as Model selection [294]. In the field of data analysis, Sensitivity Analysis (SA)
refers to the study of relationship of uncertainties between the input and its outputs [255].
As mentioned in [295], both model selection and sensitivity analysis are similar as they
both attempt to analyze the appropriateness of a model. However, while model selection
concentrates on the assessment of ‘fitting’ specific to an application, SA has a more general
approach to quantify the uncertainty in a model [295].

Several model-fitting approaches have been discussed in literature [286, 287, 296]. This
can be either performed manually by the user or it can also be automatically performed
by the machine learning method. In the latter, the machine learning method has the
freedom to perform this parameter exploration and select the optimal model architecture

automatically governed by certain constraints.
Validate
model

Feed
data

Figure 5.2: Generic machine learning model fitting/parameter tuning approach

Gather
data

Construct
model

A model is said to be ‘fit’ if it is capable of identifying the relationship between the
data (or features) and the target detection [297]. In order to fit a model, the input
parameters are adjusted in such a manner that the best predictions can be achieved for
the data set under study. This process is sometimes also referred to as ‘Parameter tuning’.
The parameter tuning by the machine learning method is an iterative process wherein the
model is continuously tuned to improve the accuracy of the method as shown in Figure 5.2.

Following the conclusions in Chapter 4, the local features presented better results
than the global feature sets. Thus, hyper-parameter optimization for model selection and
validation in this chapter will be performed using local feature sets.

In this section, we propose the implementation of model-fitting by means of hyper-
parameter optimization in the case of pavement debonding detection in two ways: global

optimization and &, gep-specific optimization.
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In case of the e, gep-specific optimization, the cross validation techniques (presented
later in Chapter 5.2.2) is used to find the optimized hyper-parameters for individual cases
of pavement configurations that vary in terms of debonding layer permittivity etc. Al-
though this approach may present the best hyper-parameters and achieve may very high
efficiency, it is not practically possible due to the limited knowledge possessed by the
operators about the pavement configuration.

On the other hand, we define the global approach in which the optimization is per-
formed with respect to all €, 4¢ scenarios. By doing so, the hyper-parameters used in the
testing stage are the same regardless of the debonding material under test. This approach
is closer to the operational level than the former, since the operators do not possess all
the information about the pavement layers. The subsequent sections will discuss these
approaches.

Figure 5.3 presents the parameter tuning during the learning stage to obtain the
optimal machine learning parameters necessary for ‘best-fitting’ the model (i.e. hyper-

parameters).

‘ Updated parameters

Parameter

1
i
| tuning
1
I
1
1

X

"ML method

Figure 5.3: Parameter tuning for supervised machine learning methods

In general, the model selection involves optimization of criterion, such as cross valida-
tion [298]. Some other model selection techniques include the kernel functions and learning
data sizes. Figure 5.4 presents the categorization of the method based model fitting ap-
proaches presented here. In this section, we explore the model selection approach for the
three machine learning methods, SVM, OCSVM and Random forests for noisy analytic
simulated databases. For each model-fitting approach, the two remaining categories are

optimized beforehand.
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Figure 5.4: Categorization of method-based model fitting approaches for supervised
machine learning methods

5.2.1 Kernel-based analysis

For classification applications, machine learning methods such as (Two-class and One-
classSVM) can use various mathematical functions called ‘kernels’. As discussed in Chap-
ter 3.3, a linear kernel can be used for linearly separable data whereas for non-linearly
separable data, there are various kernels. Some of the non-linear SVM kernels include:
Gaussian RBF, Sigmoid, Polynomial kernel etc. With the help of kernel functions, it is
possible to generate a more robust result during the learning step.

In this section, we analyze the performance of SVM for various kernels. Kernel analysis
has been already presented in the literature for the diagnosis of respiratory diseases [299],
classification of Landsat and QuickBird datasets [300] using Two-class SVMs. A similar
study has already been published using SVM by us in our article [10]. One-class SVM
has been implemented in the literature using various kernel functions to detect landmines
[93, 114].

In case of Random forests, performance metrics (presented in Chapter 3.4.3) are used
instead of kernel functions. However, it can be modified to become a kernel function for
other ML methods [234, 235].

Figure 5.5(a) compares the DSC score for various simulated data configurations using
various SVM (Two-class and One-class) kernel functions. Three values of permittivities
were used, €, gep1 = 2, Er dep2 = 6 and &, gep3 = 10 for the debonding layer of thickness tgep,
= 0.3cm. The DSC score is averaged over 100 Monte-Carlo independent realizations. A
5-fold cross validation is used to obtain the optimal hyper-parameters required for each
kernel functions (the approach is presented later). The strategy for each machine learning
method is optimized independent of the &, g¢, value (detailed in Chapter 5.2.2.1).

We compare the M CC' coefficient for Two-class and One-class SVM using various
kernel functions in Table 5.1 and Table 5.2 respectively.

For Two-class SVM, it can be observed from Figure 5.5(a) and Table 5.1 that the linear,
RBF and Polymonial kernels presented very high detection for all debonding permittivity
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Figure 5.5: DSC score for the Method-based kernel SA for noisy simulated (analytic
Fresnel) data for various values of ey gep

Table 5.1: MCC coefficient for various kernel functions for noisy simulated (analytic
Fresnel) data using Two-class SVM at various values of ey gep

Kernel type | €.4e6 =2 | €r,deby = 6 | €rdep = 10
Linear 1.00 0.929 0.993
Polynomial 1.00 0.873 0.998
RBF 1.00 0.933 1.00
Sigmoid 1.00 0.591 0.93

Table 5.2: MCC coefficient for various kernel functions for noisy simulated (analytic
Fresnel) data using One-class SVM at various values of €, gep

Kernel type | €, 4ep =2 | €r.deb = 6 | €r,dep = 10
Linear 1.0 0.794 0.48
Polynomial 0.77 0.78 0.38
RBF 0.117 0.12 0.114
Sigmoid 0.74 0.72 0.77

values with RBF providing an edge over the two. This observation was found in case of
local features for experimental data and published in our article [10]. The sigmoid kernel
however, in case of &, 4o, = 6 has false detection leading to DSC =~ 0.65.

On the contrary, in case of One-class SVM, it was observed that apart from the RBF
kernel, the linear and sigmoid kernels presented better results with DSC > 0.70.

5.2.2 Cross-validation techniques

Cross validation is a model evaluation method that is better than residuals [301]. The
problem with residual evaluations is that they do not give an indication of how well the
learner will do when it is asked to make new predictions for data it has not already seen.

One way to overcome this problem is to not use the entire data set when training a learner.
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Some of the data is removed before training begins. Then when training is done, the data
that was removed can be used to test the performance of the learned model on ‘new’ data.
This is the basic idea for a whole class of model evaluation methods called cross validation.

Here, we present and compare three principal cross validation approaches for tuning
the machine learning parameters. These CV techniques have been presented in detail
in [297], compared in [302] using ROC and AUC curves, in [303, 304] compares the CV

techniques for defect prediction models and in [305] to classify medical images.

1. Holdout CV:

The holdout method is one of the simplest approach in cross validation. Here, the learning
data is split equally into two exclusive sets, namely, training and validation. The training
dataset is used to ‘fit’ the model and then it is tested using the validation data. Error
function is then used to evaluate the model performance and the optimal model is defined
as the one with lowest error. Since the training and validation sets are mutually exclusive,
the performance of the method completely depends in the samples that end up in each of

the sets, thereby resulting in a high variance.

2. k-fold CV:

The k-fold CV is one way to improve the Holdout method. The approach here is to ran-
domly split the learning data into k disjoint subsets (namely, training and validation sets)
of identical sizes. The goal is to respect the class distribution in each subdivision. The
model is then fit using the k — 1 folds and validated on the kth fold. This is repeated until
each k-fold has served as the validation set. The optimal model is then defined as being

the one with the highest score (minimum generalization error) of cross validation.

3. Leave-one-out CV (LOO-CV):
This is a modified version of the k-fold cross validation stretched to its logical extremes
i.e., the k-fold are chosen in such a way that k = N where N is the number of data-points
(or A-scans). The model training is then carried out the k—1 sets and validating using the
remaining dataset with simply one data-point. The process is repeated until each data-
point has participated as validation data-point. The evaluation given by leave-one-out
cross validation seems very expensive to compute at first pass but is efficient as it carries
out the modeling with every data-point.

As seen in the literature, the k-fold CV technique is the commonly used method of

cross-validation.

5.2.2.1 Choice of optimal hyper-parameters

In this section, the method to obtain the optimal hyper-parameters is presented. In
order to have the best classification model and guarantee global optimum, it is necessary to
avoid local optimum hyper-parameters as they might seriously affect the learning process
of a method [306]. The local optimum is best solution obtained within a small range

of hyper-parameter values; whereas, the global optimum is obtained over all the hyper-
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parameter values.

With the help of CV techniques, it is possible to improve the SVM’s performance
(One-class as well as Two-class) in the detection process. These CV techniques can be
used to find the optimal hyper-parameters for a machine learning method and by using
suitable loss-functions, it is possible to avoid the local minima. One such loss function is
the Hinge-loss [307]. For binary classification, Hinge loss function takes values € [0, 2]; i.e.
non-zero values for misclassified points (or penalized) and is equal to zero for well-classified
points. Therefore, the Hinge loss function is suited for classification problems; in contrast
to the root-mean square error (RMSE), which is suitable for regression problems.

Since Random forests implements a built-in equivalent of cross validation, namely
bootstrapping and bagging, we present the optimization of hyper-parameters using CV
for SVM (Two-class and One-class).

Two-class SVM

As seen earlier in Section 5.2.1, the non-linear RBF kernel demonstrated to perform
better than the other kernel functions. Thus, the optimization of kernel hyper-parameters
for RBF kernel using k-fold CV is presented here. It should be noted that this approach
can be used for other kernel functions and the other CV techniques as well. From Equa-
tion 3.22, in order to optimize the RBF kernel, two parameters should be controlled,
namely, the cost function C' and the RBF ~ parameter. In addition, a 5-fold CV with the
hinge loss function is used.

Two-class SVM model is initially optimized independently for individual pavement
configurations (in other words, &, 4ep-specific optimization). Figure 5.6 presents the Hinge-
loss as a function of C' and v parameters for the non-linear RBF kernel averaged over 100
independent Monte-Carlo realizations. The optimum hyper-parameters are thus obtained
as a pair [Copt, Yopt] which can be used on test data.

From Figure 5.6, it can be seen that v parameter does not have a huge effect on the
loss function. This explains the performance of linear SVM kernel being very similar to
the RBF kernel in Section. 5.2.1.

Additionally, it can be seen that, within the specific range chosen for C' and ~ parame-
ters, all three configurations overlap with similar regions. This results in the same optimal
hyper-parameters for all configurations. For illustration, Figure 5.7 presents the Hinge-loss
as a function of C' and v parameters for global optimization for the three configurations
from Figure 5.6. Additionally, it was observed that both locally optimized (&, 4ep-specific
optimization) as well as the global optimized results provided very similar results with the

former narrowly performing better than the latter approach.

One-class SVM

As seen above in Section. 5.2.1, in case of One-class SVM, the linear kernel provides
a better performance than the other kernel functions. We thus present the optimization
of this kernel w.r.t its input hyper-parameters. Once again, this approach can be used for

other kernel functions as well.

155



Chapter 5. Machine Learning Model Selection and Validation For Debonding Survey

{@Hinge Loss contour plot
® (Copy 1) Value 045

log, ()
Hinge-loss
log, ()

-

S

&
Hinge-loss

{@Hinge Loss contour plot
® (Copy 1,0 Value

log, (C) log, ,(C)

(a) Er,deb = 2 (b) Er,deb = 6

(@ Hinge Loss contour plot|

8 (C,py0 7y, Value 045

o
S
5
Hinge-loss

10g,,(C)

(C) Er,deb = 10

Figure 5.6: Variation of Hinge-loss function w.r.t. C' and v parameters for noisy
simulated analytic data (e, gep-specific optimization) for various ey gep and tgep = 0.3 cm
at 30dB SNR. The red ‘o’ indicates the optimal hyper-parameter pair chosen during the
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Figure 5.7: Representation of Hinge-loss function w.r.t. C and vy parameters for noisy
simulated analytic data (global optimization approach) over all e, gep values with
tgep = 0.3cm at 30dB SNR. The red ‘o’ indicates the optimal hyper-parameter pair
chosen during the C'V stage
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Figure 5.8: Representation of Hinge-loss function w.r.t. C' and vy parameters for noisy
simulated analytic data (e, gep-specific optimization) for all e, gep values with
tgep = 0.3cm at 30dB SNR. The solid lines indicate the loss-function curves and the
dashed lines represent their respective optimal v values

As mentioned in [308], the One-class linear kernel requires the optimization of a single
parameter, namely, the user-defined parameter that defines the admitted slack (v). This
parameter decides the amount of outliers (in our case, debondings) present in the learning
data [308] and has a value within the range v € (0, 1] [308].

From Equation 3.27, we can see that, the smaller the value of v, the greater is the
possibility to encompass all the learning data within the hyper-sphere and vice versa.
Thus, it is imperative to optimize v in order to obtain the best results.

As done for the Two-class SVM, the hinge loss function is used here. In order to deter-
mine the optimal value of v, a 5-fold CV with the hinge loss function is used. Figure 5.8
presents the Hinge-loss w.r.t. v using the linear kernel averaged over 100 independent
Monte-Carlo realizations for e, gep-specific optimization.

It can be confirmed that with higher values of v-parameter, we tend to increase the
loss (i.e Hinge-loss function) thereby reducing the detection efficiency during the testing
stage. Additionally, Figure 5.8 shows that the optimal v values for the three configurations
are very similar to each other (voy: ~ [0.03 — 0.06]).

On the other hand, as seen in case of Two-class SVM, Figure 5.9 shows the global
optimization approach for v-parameter. This observation however, is seen for simulated
data. In the next chapter, we aim to test this behavior in experimental data.

By optimizing each set of hyper-parameters globally irrespective of the material con-
figuration, we aim to provide a more robust and independent methodology that can be
implemented in the practical scenarios with minimal changes. Thus, in the subsequent sec-
tions, we implement the global optimization for various parametric studies on the machine

learning robustness.

NOTE: Since these analyses are averaged over several Monte-Carlo realizations, the

Hinge loss functions in Figures. 5.6, 5.7, 5.8 and 5.9 show fractional loss values rather

than integer values.
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Figure 5.9: Representation of Hinge-loss function w.r.t v parameter for noisy simulated
analytic data (global optimization approach) over all e, 4o, and tgep, = 0.3 cm at 30dB
SNR. The solid line indicate the loss-function curve and the dashed line represent its

optimal v value

5.2.2.2 Some results

In this section, we compare the various CV techniques and present the performance
for simulated analytic data. Each CV technique uses the Hinge-loss function to find the
optimal hyper-parameters (global) in the learning stage that are used later on test data.

We implement the CV techniques on both SVMs (Two-class and One-class). However,
in case of Random forests, the cross-validation is not implemented here as its process of
bootstrapping and bagging is considered as a built-in CV technique.

Figure 5.10(a) and Figure 5.10(b) present the DSC' curve for noisy simulated analytic
Fresnel data for respectively Two-class and One-class SVMs for various CV techniques

averaged over 100 independent Monte-Carlo realizations at various permittivity values (

Er,deb = 2, Er,deb = 6 and Er,deb = 10)

DSC score
DSC score

Holdout LOO K-fold
CV technique

Holdout LOO K-fold
CV technique

(a) Two-class SVM (b) One-class SVM

Figure 5.10: DSC score vs. Cross validation techniques for noisy simulated analytic
Fresnel data for various permittivity values on local signal features

Table 5.3 and Table 5.4 compare the M CC' coefficient for respectively Two-class and
One-class SVM methods at various debonding permittivity values.
In case of Two-class SVM, as seen in Table 5.3 and Figure 5.10(a), the Hold-out CV
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Table 5.3: MCC' coefficient for various learning data sizes for noisy simulated (analytic
Fresnel) data using Two-class SVM at various values of €, gep

CV type Erdeb =2 | Erdeb =6 | €rdep = 10
Holdout 0.07 0.01 0.03
Leave-one out 1.00 0.99 0.97
K-fold 1.00 0.99 0.99

Table 5.4: MCC' coefficient for various learning data sizes for noisy simulated (analytic
Fresnel) data using One-class SVM at various values of €, gep

CV type Erdeb = 2 | Erdeb = 6 | €rdep = 10
Holdout 0.8 0.8 0.62
Leave-one out 0.87 0.87 0.625
K-fold 1.0 0.8 0.68

technique provided very low detection rate and was incapable of detecting debondings.
However, k-fold CV presented excellent debonding detection with very few (or none) false
detection. Since LOO-CV is a special case of k-fold where k& = n (number of A-scans),
similar results were observed for LOO-CV as well.

In case of One-class SVM (Figure 5.10(b) and Table 5.4), similar conclusions were
observed for k-fold CV and LOO-CV techniques. Although Holdout CV presented much
better detection rate than that for Two-class, finally the performance of k-fold CV and
LOO-CV techniques was better.

5.2.3 Learning data size

A supervised machine learning method relies on the learning data to generate a model
that can be used for classification and/or regression. As such, the data size used during
the learning step has an impact on the performance of the method. For example, by using
a small learning data size, under-fitting may occur leading to improper model fitting (low
performance). On the other hand, using a very large learning data set could possibly overfit
the model (where the model ‘learns’ by-heart) which once again affects the performance
rate. Thus, it is imperative to find and use an optimal learning to testing data ratio.

In this section, we analyze the effect of learning data size on the debonding detection
efficiency of the machine learning methods. Here, we fix the test data size to 100 A-
scans (comprising of respectively 60 and 40 A-scans for non-debonding and debonding
cases) while the learning data size is varied from a sum of 5 A-scans to 60 A-scans. This
implementation is different from [10] where both the learning and test data st sizes are
varied to maintain a specific learn-to-test ratio.

Figure 5.11(a), Figure 5.11(b) and Figure 5.11(c), present the DSC' curves for simu-

lated analytic Fresnel data w.r.t various learning data set sizes at various levels of SNR
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obtained using respectively Two-class SVM, One-class SVM and Random forests. The

DSC score in each case is averaged over 100 independent Monte-Carlo realizations.
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Figure 5.11: DSC score vs. Learning data size curve for noisy simulated analytic Fresnel
data for various permittivity values for local signal features

Table 5.5 and Table 5.6 compare the MCC' coefficient for Two-class ans One-class
SVMs at various sizes of learning data.

Table 5.5: MCC' coefficient for various learning data sizes for noisy simulated (analytic
Fresnel) data using Two-class SVM at various values of &y gep

Er,deb ) 10 20 30 40 50 60

2 0.00 | 0.84 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00
6 0.00 | 0.8 | 099 | 1.00 | 1.00 | 1.00 | 1.00

10 0.00 | 0.56 | 0.94 | 0.99 | 1.00 | 1.00 | 1.00

As mentioned extensively in the previous chapters, the Two-class SVM requires the
data from both classes (debonding and non-debonding) during the learning step to create
a classification model. However, while using a smaller learning data size (e.g. Learn size
= 5 A-scans), possibilities arise that insufficient data is available. This leads to under-
learning resulting in an incomplete/rigid classification model that is unable to consider all
possibilities. Therefore, we observe low detection rate at lower learning data set size. As
the learning data size is increased, the performance grows rapidly as seen in Figure 5.11(a)
and Table 5.5.
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Table 5.6: MCC' coefficient for various learning data sizes for noisy simulated (analytic
Fresnel) data using One-class SVM at various values of €y gep

Erdeb ) 10 20 30 40 50 60

2 0.585 | 0.717 | 0.796 | 0.869 | 0.908 | 0.916 | 0.84

6 0.599 | 0.713 | 0.815 | 0.879 | 0.889 | 0.918 | 0.908

10 0.78 | 0.79 0.8 0.8 0.8 0.84 | 0.92

In case of One-class SVM, it was observed that the efficiency of detection increases with
the increase in the size of the learning data set size. However, at very large learning data
size, the efficiency gradually reduces indicating the occurrence of over-learning/over-fitting
of the One-class model (see Figure 5.11(b) and Table 5.6).

For Random forests, it was observed that the detection rate over various learning
data sizes was excellent with zero false detection. Even by using a larger learning data
set, the detection rate does not reduce supporting the claim that RF is immune to over-

learning/over-fitting (see Figure 5.11(c)).

5.3 Robustness of machine learning methods w.r.t pave-

ment medium

The parameters that define a debonding layer are its physical characteristics such as
layer thickness and permittivity, or, the signal characteristics such as noise and scattering
effects occurring within the debonding layer as summarized in Figure 5.12. Permittivity
and thickness increase (or decrease subject to the A4 /4 limit) the signal strength, and

therefore have an effect of the detection performance.

Physical Signal
characteristics characteristics

Signal
scattering

Thickness Permittivity

Figure 5.12: Characteristics that define the echo for the debonding layer

In this section, we present how well the machine learning methods (SVM, OCSVM
and RF) adapt to the changes in characteristics of the medium. To do so, various B-
scan configuration images are generated using the analytic Fresnel data model. Since

local feature sets presented the detection rate higher (or sometimes closer) than the other
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data sets (raw GPR or global), here the robustness of the machine learning methods is
performed on the Local feature set. In addition, as done is the previous sections, the €, gep-

independent (i.e, global) optimization is used by the three machine learning methods.

5.3.1 Noise vs. permittivity variations
5.3.1.1 Analysis of noisy data

Noise plays an important role in the consistency of a signal and as such, the noise
level of a signal may also limit the performance of the debonding detection methods. A
machine learning method can be said to be robust enough if it can, with high accuracy,
be able to detect debondings regardless of the presence of noise. Thus, an initial analyses
of the machine learning methods is performed to observe their behavior at various noise

levels.

Two-class SVM

As done in Chapter 5.2.2.1, the non-linear RBF kernel is analyzed here with its two
parameters, C' and . A 5-fold cross validation. The signal-to-noise ratio is varied from
10dB to 60dB. The resulting traces for the two hyper-parameters are averaged over 100
independent Monte-Carlo realizations.

Figure 5.13 presents the cost function C and ~ hyper-parameters w.r.t Hinge-loss at
various levels of SNR. The variation of the loss function at higher SNR levels is very low
and the hyper-parameters are seen to be stabilized.

At low SNR, the erraticity of the signal and the signal features do not provide the ‘best’
optimal hyper-parameters. This can be seen by a larger [Copt, Yopt] values in Figure 5.13(a).
However, the increase in SNR results the signal features are well-separated leading to the
generation of ‘stable’ hyper-parameters with very low loss (errors) in the learning step
(as seen in Figure 5.13(b), 5.13(c), the increase in SNR gradually displaces the optimal

[Coptv 70pt] Values) .

One-class SVM

In case of One-class SVM, we present the effect of noise on the simulated data config-
urations with various €, ey = 2, 6, 10. The methodology is as mentioned in Chapter 5.1.
Figure 5.14 presents the optimization of the v hyper-parameter at various levels of SNR
for e, gep = 2 (Figure 5.14(a)), &, gep = 6 (Figure 5.14(b)) and &, gep = 10 (Figure 5.14(c)).
It can be observed that the hinge-loss is slightly dependent on the SNR value, except at
SNR = 10dB, where the loss function is non-zero even at low v value indicating that due
to low SNR, the optimization of the model is not completely accurate. However as the
SNR increases, the loss is reduced to zero.

By using the optimization approaches presented above, we now present some results

for the effect of noise on the performance of the machine learning methods.
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Figure 5.13: Representation of Hinge-loss function w.r.t. C and vy parameters for noisy
simulated analytic data (see Appendix A) for e, 4oty = 2 and tgep, = 0.3 cm at different SNR
levels. The red ‘o’ indicates the optimal hyper-parameter pair chosen during the CV stage
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5.3.1.2 Some results

Figure 5.15(a), Figure 5.15(b) and Figure 5.15(c) compare the DSC' score at various
levels of SNR ( = 10dB to 60dB) for &, 4o = 6 (weak contrast) and &, gep = 2,10 (strong
contrast); the debonding thickness is fixed at t4e, = 0.3 cm for respectively Two-class SVM,
One-class SVM and Random forests. These results are averaged over 100 independent
Monte-Carlo realizations. Table 5.7, Table 5.8 and Table 5.9 present the M C'C' score for

the same.
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Figure 5.15: Comparison of DSC' score vs. Signal-to-noise ratio for simulated analytic
Fresnel data model (gy.4ep = 2,6,10 and tgep, = 0.3 cm) using local features

Table 5.7 MCC' coefficient for various levels of SNR values for noisy simulated (analytic
Fresnel) data using Two-class SVM at various values of ey gep

Erdev | 10dB | 20dB | 30dB | 40dB | 50dB | 60dB

2 0.61 | 0.99 | 1.00 | 1.00 | 1.00 | 1.00
6 0.05 0.18 0.70 | 0.97 | 1.00 | 1.00
10 0.37 | 0.94 | 0.97 | 0.99 | 1.00 | 1.00

At lower SNR values, due to the randomness in the signal, the signal features being
unable to provide a good separation between debonding and non-debonding cases led to
low detection rate (=~ 0.4) for Two-class SVMs. However, at stronger signal-to-noise ratios
(> 30dB), the efficiency was very high with very less (or none) false detection.

With the increase in SNR, the effect of noise is reduced thereby reducing the erratic
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Table 5.8: MCC' coefficient for various levels of SNR values for noisy simulated (analytic
Fresnel) data using One-class SVM at various values of €, gep

Erdep | 10dB | 20dB | 30dB | 40dB | 50dB | 60dB

2 0.93 094 | 1.00 | 1.00 1.00 1.00
6 0.83 0.83 0.89 0.89 | 1.00 | 1.00
10 0.55 0.55 0.80 0.86 0.86 1.00

Table 5.9: MCC coefficient for various levels of SNR for noisy simulated (analytic Fresnel)
data using Random forests at various values of &, gep

Erdep | 10dB | 20dB | 30dB | 40dB | 50dB | 60dB

2 1.00 | 1.00 1.00 1.00 1.00 1.00

6 0.81 0.98 | 1.00 | 1.00 1.00 1.00

10 0.98 | 1.00 | 1.00 1.00 1.00 1.00

signal behavior. Thus, an increase in the detection rate is observed. For SNR values
greater than 30dB, the detection rate is excellent. The case of €, 4p = 10 presented low
detection rate at low SNR, values. However, for SNR values > 30dB, both the DSC" and
MCC values indicated increased performance.

In case of Random forests, it can be observed that even at very low SNR values,
Random forests has a very high detection rate (> 80%) making it the best performing
method among the three machine learning methods studied here. Random forests can thus
be seen as a robust method that has a very low effect of noise and permittivity variations

on debonding detection.

5.3.2 Debonding thickness and permittivity variations

The robustness of the machine learning methods depends on the capability of not only
detection debondings but also the ability to do so for at different debonding characteristics.
One such debonding layer characteristic that may change is the thickness.

Figure 5.16(a), Figure 5.16(b) and Figure 5.16(c) compare the DSC score for various
debonding thicknesses with respective permittivities €, gep1 = 2 (strong contrast), e, gep2 =
6 (weak contrast) and €, 4ep3 = 10 (strong contrast) obtained using respectively Two-class
SVM, One-class SVM and Random forests. The debonding thickness is chosen from tgep
= 0.1cm, 0.3cm, 0.5cm, 0.7cm and 0.9 cm, satisfying the A;,q:/4 condition. As done
repeatedly in this chapter, we present the results averaged over 100 independent Monte-
Carlo realizations. Due to the large dielectric contrast, the case of €, gep1 and €, geps are
expected to provide better detection rates. As done in the previous sections, the global
(i.e, &y deb independent) optimization approach is used here.

Additionally, Tables. 5.10, 5.11 and 5.12 presents the MCC' score for the Two-class
SVM, One-class SVM and Random forests respectively.

166



5.3 Robustness of machine learning methods w.r.t pavement medium

1.050

1.000 :7—--— L

0.950

DSC score

0.900

== Er=2

=+=Er=6
Er=10

0.850

0.800
1mm 3mm

Debonding thickness

(a) Two-class SVM

1.20
1.00 —————.
0.80

0.60

DSC score

0.40

0.20

0.00
1mm 3mm

5mm 7mm 9mm

DSC score

5mm

1.20
1.00 25 s v
0.80
0.60
0.40
—@—=ER=2
0.20 —4—=ER=6
ER=10
0.00
imm 3mm 5mm 7mm omm
Debonding thickness
(b) One-class SVM
————
—a—ER=2
=—+—=ER=6
ER=10
7mm 9Imm

Debonding thickness

(c) Random forests

Figure 5.16: DSC scores for the Material-based debonding layer SA for analytic Fresnel
data using SVM. .1 =5, €3 =T, €r.4ep = 2, 6 and 10, tgep = 0.1cm, 0.3 cm, 0.5cm,
0.7cm and 0.9 cm
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Table 5.10: MCC coefficient for various debonding thicknesses at SNR = 30dB for noisy
simulated (analytic Fresnel) data using Two-class SVM at various values of ey gep

€rdep | 0.1cm | 0.3cm | 0.5cm | 0.7cm | 0.9 cm
2 0.99 0.99 1.00 1.00 1.00
6 0.96 | 0.0.99 | 0.99 1.00 1.00
10 0.98 0.99 0.99 0.99 0.99

From the Figure 5.16(a) and Table 5.10, it can be observed that SVM is able to detect
the presence of debondings of smaller thickness at various configurations with very high

accuracy.

In case of One-class SVM, it was observed that in case of €, 4. = 6 and 10, the detection
of debonding layers with very small thickness (i.e. 0.1cm) was difficult due to the low
physical and statistical variations between the debonding and non-debonding signals. For
larger thickness (4 > 0.1cm), the detection rate gradually increased to reach 100%
efficiency for debonding over 0.5cm thickness. On the other hand, &, 4y = 2 presented
very high detection for the small thickness with excellent detection for all debonding

thicknesses.

Table 5.11: MCC' coefficient for various debonding thicknesses at SNR = 30dB for noisy

simulated (analytic Fresnel) data using One-class SVM at various values of €y gep

€rdep | 0.1cm | 0.3cm | 0.5cm | 0.7cm | 0.9cm
2 0.96 1.00 1.00 1.00 1.00
6 0.10 0.89 1.00 1.00 1.00
10 0.06 0.48 1.00 1.00 1.00

Table 5.12: MCC coefficient for various debonding thicknesses at SNR = 30dB for noisy
simulated (analytic Fresnel) data using Random forests at various values of €y gep

€rdep | 0.1cm | 0.3cm | 0.5cm | 0.7cm | 0.9 cm
2 1.00 1.00 1.00 1.00 1.00
6 0.30 1.00 1.00 1.00 1.00
10 0.785 | 1.00 1.00 1.00 0.94

Random forests presented similar results as those of Two-class SVM. However, at very

small debonding thickness i.e 0.1 cm, the Two-class SVM performed better than Random

forests. For thicknesses t4.p > 0.3 cm both Two-class SVM and Random forests performed

excellently.
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5.3.3 Single scattering vs. Multiple scattering effects

As presented in Appendix A, the analytic Fresnel data model can be expressed as a
single scattering model as well as a multiple scattering model. While the single scattered
signal is a sum of simple reflections from the top and bottom interface of the debond-
ing layer, in case of multiple scattering the reflected echo from the debonding layer is a
composite signal consisting of several reflections occurring within the layer. Figure 5.17
compares two debonding A-scan signals for €, 4o = 2 at tgep = 0.3cm with single and

multiple scattering within the debonding layer.
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Figure 5.17: Comparison of debonding A-scan signals with single and multiple scattering
within the debonding layer for simulated analytic Fresnel data model (g, 4ep = 2 and tgep
=0.3cm)

Although both single and multiple scattering are theoretical cases, the multiple scat-
tering effect is likely closer to the practical situations for roughless interfaces. In this
section, we analyze the effect of signal scattering on the performance of a machine learn-
ing method. The methodology is as explained in Chapter 5.1. Local signal feature set

with 5-fold cross validation are used.

In case of the Two-class SVM, the non-linear RBF kernel is used. On the contrary,
in case of One-class SVM, a linear kernel is used. Figure 5.18, present the DSC score
variation for the three noisy simulated data configurations for respectively Two-class SVM
(Figure 5.18(a)), One-class SVM (Figure 5.18(b)) and Random forests (Figure 5.18(c)).
Table 5.13 presents the M CC score for the three methods.

It can be observed that in case of Random forests and Two-class SVM, similar per-
formances were observed in for both single and multiple scattering conditions. For both
methods, the detection rate observed at SNR = 30dB was =~ 1 indicating that the two
methods are insensitive to the scattering effects of the signal within the debonding layer.
On the other hand, in case of One-class SVM, the ideal single scattering scenario presented

higher debonding detection rate in comparison to multiple scattering.
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Chapter 5.
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Figure 5.18: Comparison of DSC score for single vs. multiple scattering for simulated
analytic Fresnel data model (tgep, = 0.3cm) using local features at 30 dB SNR value
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5.4 Summary

Table 5.13: MCC' coefficient for various levels of SNR for noisy simulated (analytic Fres-
nel) data using Two-class, One-class SVMs and Random forests at various values of €y gep
with SNR = 30dB for tye, = 0.3cm

Two-class SVM

One-class SVM

Random forests

Er,deb
Single | Multiple || Single | Multiple || Single | Multiple
2 1.00 1.00 0.9 1.00 1.00 1.00
6 1.00 1.00 0.911 0.794 1.00 1.00
10 0.99 1.00 0.92 0.681 1.00 1.00

5.4 Summary

In this chapter, the three supervised machine learning methods were compared and

their robustness w.r.t, the pavement medium and the model characteristics were studied.

Table 5.4 presents a short comparison of the three methods in terms of performance in

general.
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Category

Table 5.14: Synthesis of the robustness of supervised machine learning methods

H

Two-class SVM

|

One-class SVM

Random Forests

. Kernel functions

Overall, for the two-class SVM,
all the kernels presented high ef-

ficiency

Linear and Polynomial kernels
provided the best detection effi-

ciency

Not applicable

. Cross validation

k-fold and LOO-CV presented

similar yet excellent results

k-fold CV provided the best re-
sults followed by LOO-CV

Not applicable

. Learning data size

Performance affected at smaller
learning data; very high effi-
ciency at larger learning data

sizes

Did not require a large number of
training samples to create a clas-
sification model since it depends
only on one type of data; bet-
ter performance at small learning

sets

Repeated testing in RF (at var-
ious ‘trees’) provided excellent
debonding detection even while

using a small learning sample set

. Debonding thickness

Was easily able to detect debond-
ings of tgep = 0.1cm with very

high accuracy

One-class SVM was unable to
detect smaller defects in some
cases. However, debondings of
tgep = 0.1 cm were detected with

ease

Wias easily able to detect debond-
ings of tgep = 0.1cm with very

high accuracy.

. Debonding permittivity

In general, all 3 methods were able to detect the presence of debodings at various permittvity

values (&, 4ep = 2, 6 and 10)

. Effect of noise

At low SNR values, the performance was low with several false detection. However, with the

increase in SNR, all the methods showed increased accuracy with very few (or none) false

detection
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Table 5.14: Synthesis of the robustness of supervised machine learning methods

H

Two-class SVM |

One-class SVM

Random Forests

7. Signal scattering effects

No convincing difference ob-
served for debonding detection

for single or multiple scattering

Presented similar results in case
of €.4ep = 2,6. However, for
erdev = 10, the multiple scatter-
ing effects seem to reduce the de-
tection compared to single scat-

tering

Similar conclusions as Two-class
SVM were seen for RF as well

(Note: This behavior has been seen to be coherent whilst tgey < Amat/4; beyond which, the

performance is found to vary for the two cases)
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5.5 Conclusion

We began this chapter by introducing the optimization of machine learning methods
by various approaches. The first approach to optimize the methods included the model-
fitting approach using CV technique and kernel functions. The detection was carried out
using local signal features since, as presented in Chapter 4, these features are focused at
the pavement interface, thus provide more accurate information. The ROC curves (used
previously in Chapter 4.3) were replaced with performance indexes of DSC' score and
MCC (presented in Appendix C.2) since they provided a more representative result. By
the use of parameter tuning, it was possible to improve the performance of the methods
and also, prevent over-fitting the model. By conducting parameter tuning on simulated
as well as experimental data, analysis of various approaches was done.

It was observed that, in case of Two-class SVM, although Holdout was a simple CV
technique, the k-fold CV (with k = 5) provided the best debonding detection rate. The
sigmoid and polynomial kernel functions were the least efficient and although linear kernel
was efficient for simulated cases, the RBF kernel function was useful for all types of data.
SVM also presented a good robustness to noisy (simulated) data at various levels of SNR
and with a suitable learning data size, provided very high detection rate. Finally, the
adaptability was tested over various debonding thicknesses. SVM was able to detect
debondings with various thicknesses (subject to the A\ /4 limit).

In case of Random forests, similar conclusions were drawn. RF provided very high
detection rate at SNR over 20dB for all debonding thickness. Also, it was observed that
the performance of RF was immune to the problem of over-learning as it presented an
excellent debonding detection for all learning data sizes (simulated data).

In case of the anomaly detection OCSVM method, it was observed that the k-fold CV
once again presented better results compared to its counterparts. However, linear kernel
presented the best results over all the simulated data. At low levels of SNR (= 10dB),
OCSVM presented difficulty in the detection; however, the detection rate increased rapidly
with the increase in SNR. Debonding detection with very low false detection was observed
for SNR over 30dB. OCSVM was able to detect debondings with very high accuracy using
smaller sets of learning data over various debonding thickness. However, by increasing
the learning data size over a specific value resulted in the decrease in the detection rate
suggesting the occurrence of overlearning.

Due to its immunity to over-learning, adaptability to various material characteristics
(permittivity, debonding thickness and noise), Random forests was observed to provide
the best debonding detection compared to SVM (both Two-class and One-class).

By performing parameter tuning and analyzing the robustness of the machine learning
methods using analytic data, it is now possible to replicate the similar methodologies on
experimental data. In the next chapter, we implement our methodologies and approaches
studied in Chapter 4 and Chapter 5 on experimental data. These experimental data are
collected using various GPR configurations at two test sites respectively located at Cerema
and IFSTTAR.
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n Chapter 3, we presented the supervised machine learning methods that were stud-
I ied throughout this thesis to detect interlayer debondings. Chapter 4 presented the
preprocessing of GPR data by means of signal feature selection. It was observed that the
local signal features provided the best debonding detection rate. Finally, in Chapter 5, we
demonstrated the optimization of the machine learning methods based on the input pa-
rameters (and hyper-parameters) and also the robustness of each method to the pavement
medium characteristics.

This chapter incorporates all the studies and analyses performed in the previous chap-
ters to optimize the machine learning methods on real experimental data. Two sets of
experimental data collected at two independent sites located respectively at Nantes (IF-
STTAR) and Angers (Cerema) will be analyzed in this chapter. The first database is a
controlled thickness with air-void debondings of thicknesses 0.5 cm and 1.0 cm using a com-
mercial GSSI radar (see Appendix B.2 for detailed description). On the other hand, the
second database is collected at the fatigue carousel at IFSTTAR with artificially induced
defects of different characteristics (see Appendix B.3 for detailed description).
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Chapter 6. Application For Decision Support To Detect Debondings

The objective of this chapter is two-fold: firstly, we present the detection of debondings
as a binary result, as presented in the previous chapters for simulated analytic databases.
We then introduce the estimation of probability of debonding occurrences in the pave-
ment structures. Probability estimates is expected to provide a much more efficient and
convenient information than its counterpart binary values (i.e. -1 or +1). Additionally,
these estimates can also be used as a measure of their own errors leading to a more

comprehensible result.

6.1 Debonding detection on experimental data

The detection of debondings using simulated analytic data has been presented in Chap-
ter 3 (using raw GPR data) and Chapter 4 (using signal features). In Chapter 5, we
presented the optimization of the machine learning methods and the robustness of the
methods was studied. In this section, we implement the optimized machine learning mod-

els on experimental data collected at two independent test sites.

Raw GPR data

Feature selection and
normalization

Learning data Test data

Optimized
Hyper-parameters Machine learning
model

Machine learning
model

! }

Debonding (+1) Non-Debonding (-1)

Hyper-parameters |
optimization

Figure 6.1: Formulation of machine learning methods for the debonding detection

The classification results obtained by individual machine learning methods are com-
pared to the benchmarked conventional reference method, namely Amplitude Ratio Test
(see Chapter 2.6). The formulation of the machine learning methods shown in Figure 6.1
presents the overall approach of the formulation of machine learning methods for the
debonding detection. In case of binary detection, the indexes of DSC and M CC' are used
to represent the performance numerically, whereas, in case of probabilistic estimation, we
use DPR and NPR rates. The performance using the conventional reference method,
namely ART), is presented as a benchmark for binary detection).

In case of SF-GPR data, as presented in our article [10], the selected strategies for the
machine learning methods have been optimized for individual type of defects separately,

namely, Tack-free, Sand and Geotextile.
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6.2 Artificial air-void debonding detection in test slabs

On the other hand, in case of air-void test slabs (GC-GPR), the machine learning

methods are combinedly optimized over both debonding thicknesses, i.e, 0.5 cm and 1.0 cm.

6.2 Artificial air-void debonding detection in test slabs

As mentioned in Appendix B, the data collected at the test site in Cerema-Angers
using air-void test slabs at two thicknesses, namely t4o = 0.5cm and 1.0 cm. The radar
for data acquisition is a commercial ground-coupled GPR, namely GSSI SIR-3000. As
mentioned in [13], to avoid the edge/border effect, the A-scans from the central zone of
the test slabs are taken into consideration. The main challenge in this section is indirectly
to test the sensitivity of the classification methods to the slight time overlapping between
the clutter and the interlayer interface echoes.

In this section, we present the results for two test bench configurations each consisting

of air-void gaps of 0.5cm and 1.0 cm:

e Configuration 1: Layers in the order (from top to bottom) BBTM, BBSG and GB

e Configuration 2: Layers in the order (from top to bottom) BBTM, GB and BBSG

6.2.1 Two-class SVM

Figure 6.2(a) and Figure 6.2(b) compares the binary detection against the probability
estimation of the occurrence of debondings from local signal features for two configurations
of the test slabs using Two-class SVM with air-void gaps of thickness t4e, = 1.0cm. The
methodology is as done previously in Chapter 6.1. The data with air-void gap of thickness
tgep = 0.5 cm is used as learning data and the data of t4.,, = 1.0 cm are used as test data.
In case of probability estimation as well, the non-linear RBF kernel is used.

For binary detection, the DSC and MCC coefficients obtained for Configuration 1
were respectively 0.96 and 0.95 for Configuration 2 were respectively 1 and 1. Table 6.1
presents the DPR and N PR for the two configurations and Table 6.4 presents the DSC
and MCC for the two configurations.

Table 6.1: DPR and NPR coefficients for probability estimation from local signal features
for various air-void thicknesses of the test bench using Two-class SVM

Configuration 1 | Configuration 2

DPR || NPR | DPR| NPR

Debonding thickness

taer = 1.0cm 0.88 0.92 0.93 0.98

6.2.2 One-class SVM

Figure 6.3(a), Figure 6.3(b) , Figure 6.3(c) and Figure 6.3(d) compares the binary

detection against the probability estimation of the occurrence of debondings from local
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Figure 6.2: Two-class SVM Probabilistic estimate for GSSI-GPR data using local
features for various test bench configurations

signal features for various test bench configurations and air-void thicknesses using One-
class SVM. The vertical dashed lines indicate the learning data set which is devoid of
debondings. For the sake of comparison, each figure also presents the binary estimation
of debondings using One-class SVM.

To have a convenient form of representing the results, Table 6.2 compares the DPR
and NPR coefficients (see Appendix C for details) for the results from Figure 6.2. From
Table 6.2, it can be seen that in both configurations, the DPR and N PR rates are very
high. Table 6.4 presents the DSC' and M CC for the two configurations using One-class
SVM.

Table 6.2: DPR and NPR coefficients for probability estimation from local signal features
for various air-void thicknesses of the test bench using One-class SVM

Configuration 1 | Configuration 2

DPR | NPR | DPR| NPR

Debonding thickness

tdgep = 0.5cm 0.99 0.92 0.99 0.99
tdep = 1.0cm 0.98 0.92 0.98 0.88

6.2.3 Random forests

Figure 6.4(a) and Figure 6.4(b) compare the binary detection against the probability
estimation of the debonding occurrence from local signal features for the two configurations
of the test slabs using Random forests with air-void gaps of thickness t4.;, = 1.0cm. The
methodology is as done previously in Chapter 6.1 for two-class SVM results. The data
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with air-void gap of thickness tzp = 0.5cm is used as learning data and tge = 1.0cm
are used as test data. In case of probability estimation, Gini impurity is used with the
values for the optimal data size for each subset (p) and number of trees (1) as mentioned
in Chapter 4 and Chapter 5.
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Figure 6.4: Random forests Probabilistic estimate for GSSI-GPR data using local features
for various test bench configurations

For binary detection, the DSC and M CC coefficients obtained for Configuration 1 were
respectively 0.96 and 0.92 for Configuration 2 were respectively 0.94 and 0.92. Table 6.3
presents the DPR and N PR rates obtained for Configuration 1 and 2 for the test data
i.€, tgep = 1.0cm and Table 6.4 presents the DSC' and M CC for the same.

Table 6.3: DPR and N PR coefficients for probability estimation from local signal features
for various air-void thicknesses of the test bench using Random forests

Configuration 1 | Configuration 2

DPR || NPR | DPR| NPR

Debonding thickness

tdep = 1.0cm 0.83 0.82 0.82 0.82

6.2.4 Benchmark comparison with reference method

In order to assess the performance of binary debonding detection of each method
on experimental data from Cerema, we compare the results with the reference method,
namely ART. Table 6.4 compares the MCC' coefficient and the DSC' score of the three
methods w.r.t ART.
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6.3 Artificial debonding detection from embedded in pavements

Table 6.4: Comparison of DSC ([..]) and MCC ((..)) scores for debonding detection from
local signal features for various methods at tgep, = 1.0cm at two test bench configurations

Method Configuration 1 | Configuration 2
ART (reference method) [0.94], (0.97) [0.93], (0.97)
Two-class SVM [0.95], (0.96) [1.00], (1.00)
One-class SVM [0.79], (0.66) [0.87], (0.77)
Random forests [0.96], (0.92) [0.94], (0.92)

We can see that the performance is not as high as observed in simulated databases,
specially in case of One-class SVM. It is also seen that the reference method has a good
performance for both configurations. However, such performance cannot be guaranteed
for all cases of ground coupled GPR since in case of wideband ground-coupled GPR (such
as GSSI-GPR used in our experiments), the second echo almost always overlaps with the
clutter/first echo (see Figure B.6) and thus, it is difficult to isolate of second echo (see
Figure B.6). On the other hand, both Two-class SVM and Random forests have very high
performance as well in both configurations despite the difficulty in obtaining the second
echo for local signal features. Besides, we observe that the feature-based results of Two-
Class SVM have an improved debonding detection rate compared to the raw-data-based

results in [13].

6.3 Artificial debonding detection from embedded in pave-

ments

In this section, we present the debonding detection from the second experimental
database collected at IFSTTAR'’s fatigue carousel (presented in detail in Appendix B).
The radar for data acquisition is an experimental air-launched stepped-frequency radar
operating in UWB.

It should be noted that, as mentioned in Appendix B, a certain zone of the data is
sectioned as ‘transition zone’ since the this zone contains ambiguous data and it is ignored
during the computation of performance indexes.

In case of Two class SVMs, the initial loading data (i.e, 10K loading) is used as learning
data to create the Two-class model. The remainder of the data are subsequently used for
testing. This approach is already used and has been adapted in [10]. The same approach
is used for Random forests as well for coherence. In case of Geotextile defects at 10K
cycles loading, due to the bad quality of the data collected over the pavement, most of the
data is lost in the transition zone. Thus, both Two-class SVM and Random forests use
50K cycles loading as learning data and the remaining loading as test data.

On the other hand, in case of One-class SVMs, the approach is as adapted in our article
[309]. At each K-loading stage, a known zone of healthy data (consisting of 20 A-scans)
is used for learning to generate the One-class model. The remainder of the data is used

for testing.
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A transition zone is indicated in each figure for the B-scan images as a blue dashed
box. This zone is excluded while computing the performance indexes for both binary and
probability estimations.

6.3.1 Two-class SVM

Figure 6.5, Figure 6.6 and Figure 6.7 compares the binary detection against the prob-
ability estimation of the occurrence of debondings from local signal features at 10K and
300K loading stages for respectively Geotextile, Sand and Tack-free based defects using
Two-class SVM. For intermediate loading stages, the figures (Figure E.1, Figure E.2, Fig-
ure E.3) are presented in Appendix E. The methodology is as presented in the article [10].
The 10K cycles loading stage data is used as learning data and the remainder of the data

are used as test data. In case of probability estimation as well, the non-linear RBF kernel

is used.
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Figure 6.5: Two-class SVM debonding detection estimates for SF-GPR data using local
features at initial and final loading stages for Geotextile-based defects (strong debonding
permittivity contrast)

Table 6.5 presents the DPR and N PR rates for the three types of defects over initial
and final loading stages using local features for Two-class SVM. Table E.1 in Appendix E
presents the for the intermediate loading stages.

6.3.2 One-class SVM

Figure 6.8, Figure 6.9 and Figure 6.10 present the probability estimation of the oc-
currence of debondings from local signal features at 10K and 300K loading stages for
respectively Geotextile, Sand and Tack-free based defects using One-class SVM. For in-
termediate loading stages, the figures (Figure E.4, Figure E.5, Figure E.6) are presented

in Appendix E. The vertical dashed lines indicate the learning data set which is devoid of
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Figure 6.6: Two-class SVM debonding detection estimates for SF-GPR data using local
features at initial and final loading stages for Sand-based defects (average debonding
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Table 6.5: DPR and N PR coefficients for probability estimation from local signal features
at 10K (initial stage) and 300K (final stage) loading for respectively Geotextile, Sand and

Tack-free based defects using Two-class SVM

Geotextile Sand Tack-free
Loading stage
DPR || NPR | DPR | NPR | DPR | NPR
50K cycles 0.98 0.58 0.99 0.62 0.63 0.51
300K cycles 0.99 0.53 0.74 0.63 0.84 0.82

debondings. For the sake of comparison, each figure also presents the binary estimation

of debondings using One-class SVM.
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Figure 6.8: One-class SVM debonding detection estimates for SF-GPR data using local
features at initial and final loading stages for Geotextile-based defects (strong debonding
permittivity contrast)

Table 6.6: DPR and N PR coefficients for probability estimation from local signal features
at 10K (initial stage) and 300K (final stage) loading for respectively Geotextile, Sand and

Tack-free based defects using One-class SVM

Geotextile Sand Tack-free
Loading stage
DPR || NPR | DPR | NPR | DPR | NPR
10K cycles 0.99 0.92 0.99 0.99 0.98 0.92
300K cycles 0.98 0.86 0.99 0.93 0.84 0.85

To provide a more convenient from of representation of results, Table 6.6 compares the
DPR and N PR coefficients (see Appendix C for details) for the three defects at the initial
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Figure 6.9: One-class SVM debonding detection estimates for SF-GPR data using local
features at initial and final loading stages for Sand-based defects (average debonding
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and final loading stages. Table E.2 in Appendix E presents the same for the intermediate
loading stages.

From the tables, it can be seen that, in case of Geotextile and Sand (strong defects),
the prediction rates for both debonding and non-debonding (respectively DPR and N PR)

are very high. In case of Tack-free defects as well, similar observations are seen.

6.3.3 Random forests

Figure 6.11, Figure 6.12 and Figure 6.13 present the probability estimation of the
occurrence of debondings from local signal features at 10K and 300K loading stages for
respectively Geotextile, Sand and Tack-free based defects using Random forests. For
intermediate loading stages, the figures (Figure E.7, Figure E.8, Figure E.9) are presented
in Appendix E. The methodology is as done previously in Chapter 6.1. The 10K loading

stage data is used as learning data and the remainder of the data are used as test data.
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Figure 6.11: Random forests debonding detection estimates for SF-GPR data using local
features at initial and final loading stages for Geotextile-based defects (strong debonding
permittivity contrast)

Table 6.7: DPR and NPR coefficients for probability estimation from local signal features
at 10K (initial stage) and 300K (final stage) loading for respectively Geotextile, Sand and
Tack-free based defects using Random forests

Geotextile Sand Tack-free
DPR || NPR | DPR | NPR | DPR | NPR

Loading stage

50K cycles 1.00 0.66 1.00 0.52 0.84 | 091

300K cycles 1.00 0.68 0.98 0.86 0.88 0.68
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Figure 6.12: Random forests debonding detection estimates for SF-GPR data using local
features at initial and final loading stages for Sand-based defects (average debonding
permittivity contrast)
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Figure 6.13: Random forests debonding detection estimates for SF-GPR data using local
features at initial and final loading stages for Tack free-based defects (weak debonding
permittivity contrast)
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For qualitative representation of results, Table 6.7 compares the DPR and NPR co-
efficients (see Appendix C for details) for the three defects at the initial and final loading
stages. Table E.3 in Appendix E presents the same for the intermediate loading stages.

It can be observed that in case of all the three defects, the debonding detection rate
is excellent. However, in case of Tack-free based defects at 200K loading, the DPR rate
was found to be low (DPR = 0.65)

In the following section, we compare the performance of each method against the

reference method, namely ART.

6.3.4 Benchmark comparison with reference method

As done previously in Chapter 6.2.4 for GSSI-GPR air-void debondings database, here,
we once again compare the performance of SF-GPR data at various loading stages against
the reference ART method.

Table 6.8, Table 6.9, and Table 6.10 present the DSC' and M CC rates for respectively
Two-class SVM, One-class SVM and Random forests for various defects at the initial and
final loading stages. Tables. E.4, Table E.5, and Table E.6 (see Appendix E) provide the

same for intermediate loading levels.

Table 6.8: Comparison of DSC ([..]) and MCC ((..)) coefficients for binary debonding
detection from local signal features at initial and final loading stages for Geotextile based
defects

Loading stage || ART (reference) | Two-class SVM | One-class SVM | Random forests

10K cycles [1.00], (1.00) [1.00], (1.00) | [0.88], (0.79) | [1.00], (1.00)

300K cycles 0.91], (0.86) 0.99], (0.97) 0.88], (0.74) [1.00], (1.00)

Table 6.9: Comparison of DSC ([..]) and MCC ((..)) coefficients for binary debonding

detection from local signal features at initial and final loading stages for Sand based defects

Loading stage || ART (reference) | Two-class SVM | One-class SVM | Random forests

10K cycles [1.00], (1.00) [1.00], (1.00) | [0.98], (0.94) [1.00], (1.00)

300K cycles [0.9], (0.86) [1.00], (1.00) | [1.00], (1.00) | [0.88], (0.78)

Table 6.10: Comparison of DSC ([..]) and MCC ((..)) coefficients for binary debonding
detection from local signal features at initial and final loading stages for Tack-free based
defects

Loading stage || ART (reference) | Two-class SVM | One-class SVM | Random forests

10K cycles 0.98], (0.96) [1.00], (1.00) | [0.95], (0.91) | [1.00], (1.00)

300K cycles [0.86], (0.8) 0.87], (0.85) 0.85], (0.72) [0.88], (0.85)
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6.4 Conclusion

It was observed that in case of both Two-class SVMs and Random forests, the perfor-
mance rates were very high for all the three types of defects. In case of One-class SVM as

well, similar conclusions were drawn.

6.4 Conclusion

This chapter concentrated on the application of machine learning methods on the
detection of debondings from experimental data. The detection was carried out in two
ways: binary detection by representing the results as 0 or 1 and secondly, as a probability
estimation of the occurrence of debondings.

In the first part, the debonding detection was carried out on the experimental test
bench under controlled environment with air-void debondings at Cerema. A wideband
commercial GPR (GSSI SIR-3000) was used here. The debondings were set for thicknesses
0.5cm and 1.0cm. It was observed that, Two-class SVM and Random forests provided
the best detection rate, both in case of binary as well as probabilistic. One-class SVM on
the other hand performed averagely having the least accuracy among the three.

The second part concentrated on the experimental data collected at the fatigue carousel
at IFSTTAR where three defect types were monitored over various loading stages. It was
observed that, in cases of strong defects (Geotextile and Sand-based), the three methods
(Two-class, One-class SVM and Random forests) performed with very high accuracy rate.
The estimation of probability of the occurrence of defects was very high as well (DPR >
0.95) in all cases. In case of Tack-free based defects, apart from 200K and 250K cycles
loading stage, the three methods were once again able to detect debondings with high
accuracy at the same time estimate the occurrence at DPR > 0.8.

The reference method ART, was used as a benchmark for comparison in both experi-
mental results and it was observed that ART was able to provide good results for strong
defects; however, its efficiency reduced for weaker defects (such as Tack-free defects). In
case of 100K and 250K loading for Geotextile and Sand defects, DSC4rr =~ 0.96; while
Two-class SVM and Random forests provided near perfect detection with DSC =~ 1.00
(Table E.4). On the other hand, in case of Tack-free, ART provided very similar results to
SVM and Random forests at 50K, 100 and 250K loading i.e, DSC € 0.9 — 0.95; however,
for 10K and 200K, the DSC for ART was less than that of SVM and Random forests
(Table E.6).

In addition, it should be noted that ART relies on the time domain data to obtain its
features (namely M AD or M AAG; refer Chapter 2.6.2). However, the machine learning
methods can process temporal as well as frequential data. The final drawback using ART is
that, unlike the machine learning methods, ART cannot be used for probability estimation.

However, despite its drawbacks, in most cases, ART debonding detection was very
close to that observed using the machine learning methods. Thus, in perspective, we aim
to take advantage of the efficiency of the ART method by including ART as a feature into

the machine learning approach for improved performance.
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7.1 Conclusions

n this thesis, we primarily focused on the detection of thin interlayer debondings within
I pavement structures as described introduction chapter. The first chapter presented an
overview of the thesis by introducing the problem statement and the goals of the thesis.

Various research has already been done in the field of debonding and delamination
detection. Most of this research focuses on pavement engineering and monitoring is by
means of Destructive Testing. Due to the limited capability of destructive testing, we dive
into the field of Non-destructive testing (NDT'). In Chapter 2, we discuss the State of the
art and the progress in the field of NDT. The focus is on the NDT radar imaging on pave-
ment structures. To support the work in this thesis, some available research was found to
implement NDT techniques to detect delaminations within pavement interfaces. The data
interpretation of most of these methods require human skills. In addition, some papers
also presented the detection of interface debondings; however they were limited to the
detection in the order of a few centimeters. The objective in this thesis was the detection
of millimetric interlayer debondings using UWB systems for better time resolution. To
achieve this objective, the 2D GPR imaging technique is carried out to map the pavement
subsurface structure. Besides, we aimed to achieve improved debonding detection with
the help of suitable data processing techniques.

It was also seen that despite their advantages, the implementation of machine learning
(ML) methods in the field of interlayer debonding detection has not been explored to
its full potential by the NDT community. A comparative study of various ML methods,
both unsupervised and supervised methods, was carried out. Finally, the performance
of each method was compared to ART, which is a benchmark technique to assess the
pavement subsurface conditions and sealing screeds over bridges in the GPR community.
The subsequent chapters discussed in detail the various data processing methods studied

during the thesis.
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In Chapter 3, we introduce the machine learning methods studied during the thesis. An
unsupervised conventional clustering method was modified in order to improve the initial
seed-point selection for better performance. A parameterized supervised machine learning
method, namely SVM was then presented. This method was used to detect debondings in
two ways: as of classification into two classes (Two-class SVM) and as anomaly detection
(One-class SVM). Finally a non-parameterized method, Random forests, was introduced.
The principle of each method is illustrated through the straightforward processing of time
data in its raw form. The four methods were applied to process noisy analytic data, which
were presented in the appendices. The methods demonstrated good qualitative results as
they were able to detect debondings with various interlayer permittivities in noisy data.

However, the processing of raw data is not always acceptable since the raw GPR
data may contain redundant information that could reduce the debonding detection rate.
Additionally, as stated in the literature, the machine learning methods could be limited
in their processing of raw data signals. The processing of a large databases affect the
computational time and complexity of a supervised machine learning method. To overcome
this issue, feature engineering techniques were proposed.

Chapter 4 began by presenting one of the important preprocessing step in debonding
detection i.e, signal feature selection. The feature selection was categorized into time
domain local and global signal features. The local features were focused at the pavement
interface where the debonding is expected to occur. These features were expected to
present higher efficiency due to their time localization. Global features on the other hand
used the complete GPR signal with the top two pavement interfaces. Feature sets were
selected by the ‘goodness of separation’ of their associated PDF distributions for debonding
and non-debonding cases. In order to further reduce the data complexity, PCA was also
used.

As a part of initial tests, the performance of the supervised machine learning methods
were tested using various input feature sets. These results were compared with the per-
formance observed in Chapter 3 on temporal raw GPR data as a benchmark. Although
the raw GPR data presented very high detection, this approach was seen to be quite cum-
bersome and not efficient in terms of computational time and complexity. As expected,
in case of SVM for simulated data, it was observed that the local feature set presented
better detection results than global features. The PCA reduced global and local feature
sets provided little-to-none difference in performance of the unreduced data.

However, the study of robustness of supervised machine learning methods is not just
limited by the input data but several other parameters such as the learning data size,
method hyper-parameters, method kernels, cross validation techniques etc. This makes it
necessary to identify the ‘best’ parameters that could be used to achieve high detection
rate in the context of detection of interface debondings.

Therefore, in Chapter 5, we presented the optimization of ML methods by these ap-
proaches. Following the conclusions of the previous chapter, the local signal features were
used in Chapter 5 for optimization. The first approach to optimize the methods included
the model-fitting approach using CV techniques and kernel functions. Optimization of

the methods was also conducted on the basis of the pavement medium. The parameters
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such as debonding thickness, relative permittivity of the debonding layer were used and
the methods were adapted to match various configurations of the pavement medium.

Chapter 6 concentrated on the application of optimized machine learning methods on
the detection of debondings from experimental data. This chapter presented the debonding
detection for experimental data collected at two independent sites located respectively at
Nantes (IFSTTAR) and Angers (Cerema). The site at Cerema was set up using pavement
test benches and was focused on the detection of artificially induced air-void debonding
of thickness 0.5cm and 1.0 cm using a commercial ground-coupled GPR. The test site at
IFSTTAR focused on the detection of artificially induced defects of three types (Geotextile,
Sand and Tack-free) using a commercial GPR and an experimental ultra-wide-band air-
coupled SF-GPR. The results were presented using the optimized parameters for each
machine learning method determined in the Chapters 4 and 5. Chapter 6 also presented
a final decision making step wherein the results were presented as an estimate determined
as the probability of occurrence of a defect.

In case of ground-coupled GPR (Cerema test bench), it was observed that, Two-class
SVM and Random forests provided the best detection rate, both in case of binary as well
as probabilistic. One-class SVM on the other hand performed averagely having the least
accuracy among the three.

On the other hand, for the air-coupled radar data from IFSTTAR’s fatigue carousel,
it was observed that, in cases of strong defects (Geotextile and Sand-based), the three
methods (Two-class, One-class SVMs and Random forests) performed with very high
accuracy rate. The extimation of probability of the occurrence of defects was very high as
well (DPR > 0.95) in all cases. In case of Tack-free based defects, apart from 200K and
250K cycles loading stage, the three methods were once again able to detect debondings
with high accuracy at the same time estimate the occurrence excellently (DPR > 0.8).

Finally, the performance of the machine learning methods was compared to the ART
method, which was used as a benchmark in both experimental results. It was observed
that ART, although relying on two signal features, was able to provide equivalent results
for strong defects. However, its efficiency was reduced for weaker defects (such as Tack-free
defects).

In conclusion, it was seen that the three machine learning methods, despite certain
drawbacks, presented the ability to detect debondings and also estimate their occurrence
with very high efficiency by means of probability estimates. The use of local signal features
and optimized hyper-parameter computation proved to improve the performance of the

methods.

7.2 Perspectives

The objective of this thesis was to to detect the presence of thin interlayer debondings
within pavement structures. Although we were able to achieve the goals foreseen as ob-
jectives for this thesis, some improvements are open to discussions that we can attempt to
answer by further research in the fields of NDT, GPR and machine learning. Following are

some of the future works from the point of preprocessing for machine learning methods:
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Multi-class classification: The study for the detection of thin interface debondings in
this thesis was performed as a binary classification (Two-class SVM, Random forests, k-
means clustering) or as an outlier anomaly detection (One-class SVM). The presence of
various other types of defects (based on material composing the debonding layer, debond-
ing layer thickness etc.) can be explored to perform multi-class classification.

Spectral signal features: As mentioned in Chapter 4, the detection of debondings was
carried out by using various time domain signal features (global and local) extracted from
the GPR A-scan time signatures. It is proposed to explore in the future the performance of
frequency domain signal features, and eventually to mix both domain features for improved
performance in classification.

In addition, we aim to take advantage of the efficiency of the ART method by including
ART as a feature into the machine learning approach for improved performance.

Feature selection: PDF-based feature selection method was implemented in the thesis
along with a feature reduction technique (PCA). However, as presented in the literature,
various automatic feature selection methods can be used. Among others, it is proposed to
substitute the qualitative “goodness of separation” in Chapter 4 by a quantitative index.

Estimation of debonding layer characteristics: This thesis focused mainly on detecting
the presence/absence of debondings in pavements. This however leaves the determination
of other debonding characteristics such as debonding layer thickness, length, permittivity
etc.

Ezploring Deep learning methods: The use of deep learning methods such as Neural
Networks has not yet been conducted in the field of NDT for the detection of interlayer
debondings. We aim to explore the possibility to implement deep learning methods in
NDT for both classification and regression related problems.

Future work: One of the final goals would be to implement and continue the research
from this thesis useful in WP3 of ACIMP project.
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he detection methods studied during the thesis were initially validated using the simu-

lated data models which are presented in this appendix. Each data model simulates

the noiseless backscattered radar signal from the layered pavement structure assuming

(quasi-)vertical incidence. It provides B-scan air-coupled radar data over a simplified syn-

thetic layered pavement structure with either k = 2 or k = 3 layers, corresponding to
healthy and debonded areas respectively.

Three techniques were used to create the simulated databases, namely, Analytic Fresnel
data model, Numeric 2D FDTD model and Numeric MoM data model. In brief, the
analytic and the numeric MoM data models rely on simplified 1D wave propagation. By
contrast, the numeric FDTD model accounts for the wave propagation in 2D, e.g., a
diffraction hyperbola is visible on simulated data at the frontier between healthy and
debonded areas. Besides, the antenna effect are approximately accounted for in these
three models. For the FDTD model, antennas are supposed to be dipole antennas. For
analytic model, the frequency antenna response is accounted for through the radar pulse

to be introduced hereafter.
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A.1 Radar pulse

In this section, we present, in brief, the 1D radar pulse used in data modeling to provide
more realistic radar vertical profiles using simulations. For the sake of comparison, we also
present the experimental radar pulse and the procedure to extract the emitted pulse from
the GPR data.

A.1.1 Analytic GPR pulse

The radar pulse used for the analytical data models in the ricker (or commonly known
as the Mexican hat) pulse as it is often used in seismic analysis of thin beds [310]. It can be
defined as the negative normalized second derivative of the Gaussian waveform obtained
by solving the Stokes’ differential equation [311, 310].

The ricker wavelet (w(t)) in time domain is defined as [310]:

w(t) = (1 — ;w2t2> e:cp{ — 1w§t2} (A.1)

where,

- we = 27 f, with f. being the dominant frequency

- t is the time (in seconds)

The pulse is symmetric in time domain and has zero mean i.e, [ W (t)dt = 0 [310]. In

frequency domain, it is expressed as [310]:

W) = 2o -2} (A2)

where w is the angular frequency at a given frequency f.

Figure. A.1 presents the ricker pulse used to generate the simulated model in time

domain and its respective frequency spectrum.
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Figure A.1: Illustration of the Ricker pulse in time and frequency domain used to
generate the simulated models with f. = 4.2 GHz

This radar pulse will be used subsequently in Appendix. A.2 in the generation of

simulated databases.

A.1.2 Experimental GPR pulse

In order to extract the GPR pulse from the radar data, the following process is used.
The emitted GPR pulse can be recovered by placing the metallic plate (sufficiently large so
that the edge and scattering effects are avoided) underneath the antenna. As mentioned
n [312], this plate could be made of copper. The antennas are initially arranged in
the designated form (see Appendix. B.2.3.1 for details) and the metallic plate is placed
underneath as shown in Figure. A.2.
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Figure A.2: Illustration of the setup used to experimentally extract GPR pulse

The reflected signal from the plate is an inverted signal (since the reflection coeffi-
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cient of copper is -1). The signal is thus multiplied by -1 and after removing the direct
coupling between the transmitter and receiver, the emitted GPR pulse is obtained. Fig-
ure. A.3 presents the extracted ricker pulse from experimental data in time domain and

its respective frequency spectrum.
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Figure A.3: Illustration of the Ricker pulse in time and frequency domain used in
experiments

This pulse is used to collect the pavement data using the SF-GPR as detailed in
Appendix. B.2.

A.2 Analytic GPR modeling

A.2.1 Basics and hypothesis

The analytic GPR data model has been widely used for processing purpose. It relies

on the following conventional assumptions:

1. Wave propagation : Plane waves impinging on the pavement surface (far field as-

sumption);

2. Wave interaction vs. medium : single scattering within (thick enough) layers, i.e.,

each interface provides a single echo in the data model.

3. Medium: Lateral and vertical homogeneity; roughless layers interfaces; dispersion-

free medium, 7.e., constant material permittivity w.r.t. frequency; lossless medium.
4. Antenna effects are ignored

Within this scope, the received time signal r(¢) which is backscattered by the k layered

pavement structure is the sum of attenuated and shifted copies of the radar pulse, s(t), as
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follows:
k/
r(t) =) Ais(t — T) + n(t) (A.3)
i=1

where,
e A; is the amplitude of the received echo from the ith interface,

e T; is the time delay attached to the ith echo; it is the sum of the propagation time

2dn

shift through each layer; it is given by T; = 22:1 .+ where dy, is the thickness and

vy, the wave speed within the nth layer.

e k is the amount of layers; within the scope of the thesis, k = 2 for healthy pavement

structure and k& = 3 for disbonded structure.

e £’ is the total amount of echoes accounted for in the data model; it is equal to the
amount of layers providing single scattering assumption (see Appendix. A.2.3.1), and

larger in case of multiple scattering (see Appendix. A.2.3.2).
e n(t) is the additive noise, which SNR is discussed in Appendix. A.5.

The amplitude of echoes relies on the well-known Fresnel reflection and transmission
coefficients. At vertical incidence, the Fresnel coefficients for reflection and transmission

at the interface ij can be expressed in terms of the permittivity of the two materials as:

Eri — A/Erj
Ry = Y ———2 (A4)
VEri T \/Erj
2. /€,
Ty = Y (A.5)
Veri t/Erj

where, ¢, ; is the relative permittivity of the material layer 7. Since the materials of each
layer are considered to be lossless, the transmission and reflection coefficients are related
as Rij + Tij =1.

For later use in this Appendix, we also introduce the received signal in the frequency

domain, as follows:

k;/
A(f) = { ZAz-zm)}g(f) () (A.6)
=1

where z(T') = exp(—2im fT) represent the complex phasor associated to the time delay
T; 5(f) and n(f) are the Fourier transform of the radar pulse s(¢) and the noise n(t),
respectively.

Within the scope of the thesis, a two-layered structure is created with each layer
governed by physical parameters such as thickness, material permittivity, antenna height
according to the parameters in Table. A.1. To create a defective pavement section, a

debonding layer is introduced between the two pavement layers. The debonding layer is
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assumed to be a thin-bed structure satisfying the following condition [313, 314, 315]:

Ajj” >d (A.7)

where Agep is the dominant wavelength within the debonding layer of thickness d given
by Ageb = ¢/ fer/Er.der- The latter condition limits to m/2 the phase shift between the two

successive echoes, namely, the condition for in-phase summation.

Figure. A.4 presents the simplified pavement model with the defect-free and defective
zones. To create the analytic GPR data model, MATLAB was used.

Non-debonding zone

id Debonding zone i

Layer-1(d, s,)

Figure A.4: Simplified pavement structure to create the Analytic data model

A.2.2 Non-debonding case

For a two-layered structure (k = 2) as shown in Figure. A.5, the received signal in

eq. A.3 can be expressed as:

r(t) = A()S(t — To) + Als(t — Tl) + n(t) (A8)

where, - Ag is the amplitude of the surface echo defined as Ay o< Ry with the time
delay Ty = % as a function of the antenna height (h) in air.

- Ay is the amplitude of the second echo, i.e., the interface to be surveyed; in case of
non-debonding, A; o< Ty1 X Ris X T1g with the time delay 77 = Ty + % as a function of
the thickness of top layer d; (where the wave speed is v; = ¢//er1).
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Figure A.5: Fresnel coefficients for a two-layered structure

Table A.1: Parameters used to create a GPR B-scan using the analytic data model

Layer Label Value
Erl 5
Top layer t1 5cm
01 0Sm~!
€12 7
Base layer to 40 cm
P2 0Sm™!
Debonding layer Erdeb | 2 (air-void), 6 (weak contrast), 10 (strong contrast)
tdeb 0.3 cm
Pd 0Sm™!
Center frequency fe 2GHz
Antenna height hant 46 cm
Observation time Tops 10ns
Time resolution At 2.44 ps
Sampling frequency s 409.6 GHz

A.2.3 Debonding case

As indicated in Figure. A.4, in case of a disbonded zone, a thin layer is sandwiched

between the two pavement layers, namely, a thin-bed structure which thickness d satisfying

the condition in Eq. A.7.

Two data models have been used in the literature to interpret the backscattering data

from a thin bed structure. They rely on two opposite assumptions regarding the wave



Appendix A. Simulated Databases

interaction within the thin-bed structure, namely, single scattering vs. multiple scattering.

A.2.3.1 Single scattering model

The conventional data model assumes single scattering within the thin-bed structure,
e.g., see Chung and Lawton [316]. Then, the signal backscattered from the three-layered
structure shown in Figure. A.6 can be rewritten following Eq. A.3 as the sum of three

primary echoes:
r(t) = Aos(t — To) + {Ars(t — T1) + Azs(t — T3)} + n(t) (A.9)

where T3 = 17 + % is the time delay from the debonding layer as a function of

debonding layer thickness ds and the wave speed vs.

A, A’
2 A”z
RU TlU
Layer-0 (air) T
A
Layer-1(d,, s,) R a,
Y
Layer-3 (d, s ) §d

Layer-2 (inf, g )

Figure A.6: Fresnel coefficients for a three-layered structure (two layers with a
sandwiched debonding layer as a thin bed structure)

Using Fresnel coefficients, the respective amplitudes A; and Ag can be expressed as:

A1 X T01 X R13 X Tl[) (Al())
A3 X T01 X T13 X R32 X T31 X Tm (A.ll)

In the frequency domain, introducing A7*® for the backscattered signal amplitude by

the interlayer interface to be surveyed, the signal can be written as:

70 = 5] Aus(Tu) + A T Taos(T) |+ () (A12)
where: Aiq’s = Ris+ T13R32T312(2d3/1/3) (A13)
and: z(T) = exp(—2in fT) (A.14)

The second and third echoes, i.e., s(t—T1) and s(t—T3) in Equation. A.9, represent the

reflected signal from the top and bottom interfaces of the debonding layer, respectively.
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Providing the thickness condition in Equation. A.7, the two latter echoes overlap to each

other in time and shape as a single composite echo.

A.2.3.2 Multiple scattering model

As A’Z A”2
RD Tll]
Layer-0 (air) Tio
A
Layer-1(d, s) d,
A
Layer-3 (d, ¢,)) $d

Layer-2 (inf, s )

Figure A.7: Fresnel coefficients for a three-layered structure (two layers with a
sandwiched debonding layer as a thin bed structure) with multiple internal reflections
within the debonding layer

Multiple scattering is assumed to be limited to the thin-bed structure only. Equa-

tion. A.9 then becomes:

V3

r(t) = Aos(t — To) + {Als(t -T)+ ZAé’ms(t — T35 —2(m — 1)d3)} +n(t) (A.15)

where ) . operator indicates the sum of all the multiple scattering echoes occurring within

the thin debonding layer with the following diminishing amplitude Aé,z‘:
Ag,m 0.8 T01 X T13 X RgnQ X Rgiil X T31 X T10 (A16)

In practice, the contribution of multiple scattering to the data model is usually formu-
lated in the frequency domain, in order to achieve the analytic solution to the sum in

Equation. A.15. The data model in the frequency domain is expressed as:

) = 50T + 5 A1) + (1) T Aystem S L 4i(h) (a17)

3

with: 2(T,,) = exp(—2in fT,,) (A.18)

The backscattered signal from the thin-bed structure with multiple scattering ac-
counted for, has been formulated by Rayleigh [317, 318] for seismic waves, and by Annan
[72] for GPR waves, providing that layers surrounding the thin-debonding possess the

same material characteristics (i.e. £,1 = £,2). More recent formulation is given by Arosio
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[319] and Shakas [320, 321].
Within the scope of the thesis, [322] provides the general solution for the thin-bed
structure with different surrounding permittivity values (i.e. €,1 # €2 # &,3), as follows:

m d3 R13(1 — GZ)
AP = ¢ Ay 2(Th T A 2(2m—) p = ———— = Al
= (AT 0 A eomiy | = R
where,
z = 2(2d3/v3) = exp(—4din fd3/v3) (A.20)

G:\/5r1+\/5r3{1_@\/57’14‘\/5?2} (A21)
VEr2 + /€3 Rz \/er1 +\/Er3 '

For a conventional thin-bed structure, for which ¢,1 = &,9, the parameter G = 1, and
Equation. A.19 simplifies to the existing reflection coefficient shown in [319].

Finally, the data model in the frequency domain can be expressed as:
70) = 5] Auslm) + A9 ToTioe(m) | + () (A2

The data were generated in the frequency domain, and a inverse Fast Fourier Transform
allowed to compute the final B-scan data in the time domain. For illustration, Figure. A.8

shows the simulated B-scan using the parameters from Table A.1.

8 108
o %10 T T T >(<)

Debonding zone

r 10.3
— {04

Non-debonding zone

20 40 60 80 100 120 140 0 0.5 1
Number of A-scans Amplitude

Figure A.8: Example of a noiseless B-scan generated with multiple scattering accounted
for and the following parameters : .1 =5, ep0 = 7, € gep = 2 and tgep = 0.3cm. On the
right, the two A-scans represent respectively non-debonding and debonding cases

A.3 Numeric database: Pavement modeling using MoM

One major drawback of the Fresnel data model is that it assumes a smooth surface
and smooth interface across the model. To obtain a more realistic model, the numeric
GPILE was used.

Propagation-Inside-Layer Expansion (PILE) is a 1D numerical approach based on the
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Method of Moment (MoM) proposed in [323]. PILE is an efficient numerical model that
can be used to compute the scattering fields by the rough pavement interfaces for both
reflection and transmission. By introducing the roughness at each interface, the complexity

of the model is increased due to the increased number of unknowns.

The major advantage of the PILE method relies on its ability to calculate the echoes
scattered by each interface with both the multiple scattering and the accounted inter-layer
surface roughness. PILE is also capable of performing faster and efficient computations.
Additionally, PILE focuses on rigorous but simple formulation and straightforward phys-

ical interpretation of the pavement model.

GPILE or Generalized PILE is the extension of PILE for three or more pavement
layers. The method has been extensively discussed in [12]. Since GPILE can be used to
simulate more than two layers, a three-layered GPILE model can be used to simulate a

defective pavement structure as shown in Figure. A.9.
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Figure A.9: EM scattering from a 1-D random rough layer with two rough surfaces i.e.
Non-debonding case (top) and scattering from 1-D three rough interfaces i.e. debonding
case (bottom) [12]

The 2D GPILE B-scan is generated by repeating the the 1D propagation for N,qep
times for non-debonding case and Ny, times for debonding case. This is a 2D image
obtained in frequency domain. Using Inverse Fourier transforms, the B-scan image in
time domain is obtained. In addition to the parameters presented in Table. A.1, the

additional parameters used to generate the numerical model are given in Table. A.2.
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Table A.2: Parameters used to create a GPR B-scan using the numerical GPILE model

Layer Label Value
Center frequency fe 2 GHz
Bandwidth BW 0.1 GHz to 5.1 GHz
Antenna height hant 46 cm
Layer — 1 1x103Sm™!
Conductivity Layer — 2 1x1073Sm™!
Debonding 1x1073Sm™!
topsur face 0x1073m
Roughness interlayerinter face 0x10~3m

Figure. A.9 shows the 2D image generated using the parameters from Table. A.1 and
Table. A.2.
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Figure A.10: Ezample of GPILE B-scan generated with .1 =5, er2 =7, €r deb = 2 and
taer = 0.3cm (left). A-scans representing respectively non-debonding and debonding cases

(right)

A.4 Numeric database: Pavement modeling using FDTD

gprMax is an open source tool used to simulate the electromagnetic wave propagation
within a material (and multiple materials as well). With the help of Maxwell’s equations
projected in 3D using the Finite-Difference Time-Domain (FDTD) method [324, 325],
gprMax is capable of creating various pavement models for different radar configurations
operating at ultra-wideband frequency.

Developed in 1995 [326, 327], gprMax was first openly distributed by Giannopoulos and
Giannakis [328] in 2015. It uses both Python and Cython for background programming
whereas the user interface is a high-level programming unique to gprMax. Extensive user

manuals on gprMax are available in [329, 328, 330, 331].
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A.4.1 Creating a 2D gprMax model of a pavement structure

A right-handed Cartesian coordinate system is used with the origin of space coordinates
in the lower left corner at (0,0,0). The FDTD approach to the numerical solution of
Maxwells equations is to discretize both the space and time domains. Thus, the spatial
discretization plays a very important role in the performance of the modeling method.

The 3D gprMax model is discretized in the three axes as Ax (spatial discretization),
Ay (temporal discretization) and Az (lateral discretization). In order to observe a good
resolution of the time domain GPR signal, the discretization size (mesh size) in the time

axis can be defined as:

Ay = = (A.23)

The pavement model created using gprMax consists of: two layers for the healthy zone

and, three layers for the defective zone as depicted in Figure. A.11.

Scanning direction

: 2m : 1m :
- > >

Figure A.11: Two-layered pavement model created using gprMax. R, T, and represent
the antenna positioning

Let A1, A2 and Agep be respectively the wavelength of the impulse within the top layer,
base layer and debonding layer of permittivities respectively €,1, €2 and €,4e5- Then, from

Eq. A.23, the optimal temporal discretization can be obtained from:

A1 A2 )\deb}

—= =, — (A.24)
10°10° 10

Ay = min {
In order to maintain regularity, we use Ax = Ay = Az.
Using the pavement layer parameters presented in Table. A.1, B-scan images were
generated in gprMax. A dipole as a hard-source is used as the signal source.
Firstly, the GPR domain is defined along with the total acquisition time and the

domain discretization defined previously (Listing. A.1).
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#domain: 3.0 0.98 0.002
#dx_dy_dz: 0.001 0.001 0.002

#time__window: 10e—9

Listing A.1: gprMax modeling: Specifying the domain parameters

The material characteristics of each pavement layer such as permittivity, conductivity and

permeability are defined (Listing. A.2).

#material: 5 0.001 1 0 asphalt layer 1
#material: 7 0.001 1 0 asphalt_layer_ 2
#material: 2 0.001 1 0 debonding layer

Listing A.2: gprMax modeling: Initializing material characteristics

Each material is assigned a unique identifier that can be used to associate a layer with
the material characteristic. Listing. A.3 presents the code to generate the three pavement
layers with specified thicknesses and are associated to the material defined previously using
the identifier.

#box: 0.0 0.4 0.0 2.0 0.45 0.002 asphalt_layer_ 1
#box: 0.0 0.0 0.0 2.0 0.4 0.002 asphalt_ layer_ 2
#box: 0.0 0.39 0.0 2.0 0.4 0.002 debonding layer

Listing A.3: gprMax modeling: Modeling pavement layers

Once the design is complete, the source of the signals is defined. Characterized by the
frequency of operation and the type of waveform used. A voltage source is used as the
signal source that emits the impulse (Listing. A.4). The source is specified to be a ‘hard
source’ (i.e., source internal resistance R = 0€2). This is done in order to make the source

completely reflecting and prescribe the value of the electric field component.

#waveform: gaussiandotnorm 1 2e9 my_ pulse 1
#hertzian dipole: z 0.97 0.92 0 my_pulse 1
#rx: 1.02 0.92 0

Listing A.4: gprMax modeling: Creating waveform source

In order to acquire data over a zone (in 2D) to create a B-scan image, the antennae are

displaced spatially step-by-step. Listing. A.5 presents the antenna displacement.

#src_steps: 0.01 0 0O
#rx_steps: 0.01 0 O

Listing A.5: gprMax modeling: Displacing the source and receiver spatially

Using the code presented above, various gprMax data models were created to generate the

2D B-scan images. Figure. A.12 presents one such B-scan.
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Figure A.12: gprMax B-scan generated using Figure. A.11

A.5 Noisy data

In order to test the performance sensitivity of the detection methods against noise, we
associate to each simulated noiseless database noisy datasets at different selected signal-

to-noise ratio (SNR) values.

A.5.1 SNR definition

In this section, the conventional additive noise model is assumed, as formulated by
Equation. A.25 on each radar profile. The noise is usually a White Gaussian Noise (WGN)
with zero mean p = 0 and standard deviation o = o,. It is assumed to be decorrelated to

the useful signal, and decorrelated between successive A-scan radar profiles.

The SNR is defined in the time domain with respect to the signal to detect, i.e., the

second echo from the healthy interlayer interface, according to :
M
SNRyp = 20logio— (A.25)
oN

where,
- M is the maximum magnitude of the second echo of the non-debonding A-scan,

- oy is the standard deviation of the noise added.

Owing to this definition, a stronger SNR is likely observed over the debonding areas.
Inversely, for a selected SNR, the standard deviation of the noise to add to the noiseless

simulated data is given b:
on =M x 10~ 20" (A.26)
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A.5.2 TIllustrative results

The noise matrix is then added to each simulated B-scan images to obtain the respective
noisy data. The result is illustrated in this section for the same SNR and the same

subsurface parameters as input for each data model.

Figure. A.13 to A.13 present the noisy B-scans with SNR = 20dB associated to the

noiseless B-scans images from Figure. A.8 to Figure. A.8.
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Figure A.13: Example of a noisy analytic B-scan for Figure. A.8 generated with
SNR =20dB (left). A-scans represent respectively non-debonding and debonding cases

(right)
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Figure A.14: Example of a noisy GPILE B-scan for Figure. A.9 generated with
SNR =20dB (left). A-scans represent respectively non-debonding and debonding cases

(right)
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Figure A.15: Example of a noisy gprMaz B-scan for Figure. A.12 generated with
SNR =20dB (left). A-scans represent respectively non-debonding and debonding cases

(right)
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he experimental databases used during the thesis were obtained from the test sites at
both Cerema and IFSTTAR. At Cerema, an artificial test bench was created under
controlled environment to simulate the effect of debondings between the top and the base
layers. At IFSTTAR, on the other hand, a fatigue carousel test track was used to perform

the experiments.

B.1 Test slabs database with controlled air-void debondings

at Cerema

The test setup at Cerema uses a commercial ground-coupled GPR, namely, GSSI SIR-
3000. This GPR is a hand-held portable radar used extensively in GPR imagery for civil

engineering applications.

B.1.1 Experimental setup

The setup was composed of four layers as shown in Figure B.1. The top layer is an
ultra-thin bituminous layer followed by the debonding layer. The two base layers are made

of either semi-coarse HMA or bituminous gravel.
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Layer 1 : BBTM (Calibration Slab)

Layer 2:
© Debonding

Layer 3

Layer 4

Figure B.1: Depiction of the test bench setup [13]

The layer nomenclature is as follows:

BBTM (Béton Bitumineur Trés Mince in French): This is an Ultra-thin Asphalt
Surface (UTAS), a very thin Bituminous concrete layer with an average thickness of
2.0cm to 2.5cm. BBTM is the top layer and is also used to calibrate the GPR.

Air-void: The second layer is a thickness-controlled air void that acts as a debonding
layer between the top and the subsequent layers. The thickness of this air gap is

between 0.5cm to 1.0 cm.

BBSG (Béton Bitumineux Semi-Grossier in French): The third layer is a semi-coarse
hot-mix asphalt (HMA) used for surface layers in roadways with medium to high

traffic. This layer is between 5.5cm to 6.0 cm thick.

GB (Gravier Bitumineuz in French): The final base layer is the coarse bituminous

gravel with average thickness ranging from 10.5cm to 11.5cm.

During the experiments, 32 pavement configurations were used. Bituminous concrete

test slabs were manufactured under controlled environment for each configuration with

variations in the degrees of freedom (i.e. thickness, aggregate size, compaction levels

etc.) were used. Table. B.1 presents the degrees of freedom and their individual threshold

values.
Table B.1: Degrees of freedom for each pavement layer

Degrees of freedom BBTM BBSG GB
Thickness 2.5cm to 3cm | 5.5cm to 6ecm | 10.5cm to 11.5cm
Binder content 5.5% 5.2% 4.0%
Aggregate size fraction 0/10 mm 0/10 mm 0/14 mm
Compaction level 75% - 96%
Emulsion quality Ogm~2, 200gm~2, 400gm~2 and 600 g m—?2

One such configuration of the test slab is shown in Figure. B.2 (Config. 28). The
top layer made of BBTM and the bottom layer made of BBSG each having an emulsion

quantity of 400 gm~—2.
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Figure B.2: A bituminous concrete test slab used during the experiments [13]

B.1.2 Ground-coupled WB GPR: GSSI SIR-3000

The GSSI SIR-3000 is a GPR of the SIR family of antennae that operate at a wide
range of frequencies varying between 0.016 GHz to 2.6 GHz. During the controlled tests, a
wideband ground-coupled radar, namely, the GSSI SIR-3000 was used, which operates at
2.6 GHz (bandwidth 0.4 GHz to 5.0 GHz). The SIR-3000 implements smart antennae with
a high-frequency ground-coupled quasi mono-static configuration. The GPR has a maxi-

mum time range of 8 ns. Figure. B.3 presents the SIR-3000 transmitter-receiver system.

Figure B.3: GSSI SIR-3000 trans-receiver system [14]

Table. B.2 lists the system settings of the GPR for data acquisition.
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Table B.2: System settings used for data acquisition during the controlled tests

Parameter Value
Samples per scan 512
Time range 8ns
A-scans per meter 150
Transmission rate | 200kHz

B.1.3 Data Acquisition

The GSSI GPR is coupled to the test slab and the measurements are made longitudi-
nally (longer end of the test slab). Six B-scans were collected for each configuration with
each B-scan equidistantly placed (5cm apart) at the central section of the slabs. Each
B-scan further consist of 120 A-scans, of which, 50 A-scans were considered for further
processing. The extremities were discarded as they presented stray reflections from the

slab edges. Figure. B.4 shows one such setup with the data acquisition process.

o
A
Figure B.4: Experimental Setup for GSSI SIR-3000 [13]

Figures B.5(a), B.5(b) and B.5(c) respectively show the test slab configurations for

non-debonding and debonding with thickness 0.5cm and 1cm.
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(c) Debonding with tqep = 1cm

Figure B.5: Test slab configurations for data acquisition [13]. The unraised slab

(Figure. B.5(a)) is assumed to represent non-debonding case

To demonstrate the GSSI data, Figure. B.6 presents the B-scan radargram along with

the individual A-scans for non-debonding zone and debonding zone with thickness 0.5 cm

and 1.0 cm.
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Figure B.6: Radargrams obtained using the WB GSSI-GPR for the artificial air-void
debonding test slabs at Cerema (left) along with each of the A-scans are presented (right)
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B.2 Fatigue Carousel database over embedded artificial debond-
ings at IFSTTAR

The fatigue carousel at IFSTTAR is a unique road traffic simulator that allows Accel-
erated Pavement Testing (APT) (Figure. B.7). This test site is composed of a rotating
carousel and a pavement test track. The 6 m wide test pavement track is divided into
different sections and subjected to represent an altered pavement design for a comparative
study of pavement condition. The carousel is off-circular with four arms movable heavy
loads up to 65kN on a single wheel, twin wheel tandem and tridem axles (Figure. B.8).
The carousel is capable of rotating at different speeds (up to 100kmh~!) at different radii
(between 15.5m to 19.5m).

= oyl

Figure B.8: Carousel loading arm configurations at the fatigue carousel at IFSTTAR
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Table B.3: Debonding zone characteristics at the pavement test site [18, 17]

Defect type | Label | Length (m) | Width (m)

a 0.5 2.0
Sand

A 1.5 2.0

b 0.5 2.0
Geotextile B 1.5 2.0

D 3.0 0.5

C 0.5 2.0
Tack-free

C 1.5 2.0

B.2.1 Experimental setup

A quarter section of the track (approximately 25 m) is dedicated to study the detection
and monitoring of artificial subsurface defects by NDT methods. The pavement structure
consists of two layers of bituminous concrete. The top layer is of thickness 6 cm and the
base layer is 8 cm thick which is laid on a granular sub-base bed. Rectangular patches
of materials were embedded between the top layer and the base layer to create artificial

debondings as shown in Figure. B.9.

Figure B.9: Fatigue carousel at IFSTTAR, Nantes site [15, 17]

Each patch differs from the other by their size, location, thickness and the material
embedded (namely, Geotextile, Sand and Tack-free). Table. B.3 summarizes the material

characteristics based from Figure. B.9.
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B.2.2 GPR used

Two GPR configurations were used for data acquisition. The first GPR is a ground
coupled wideband GPR (GSSI SIR-3000) discussed in Appendix B.1.2. The parameter
setting for the GSSI is as given in Table. B.2. The second GPR used during the experiments
is an air-coupled ultra-wideband stepped-frequency GPR.

B.2.2.1 Air-coupled UWB Stepped-frequency GPR

An experimental air-coupled Ultra Wide-Band (UWB) stepped-frequency GPR is used
for data acquisition. Data are acquired in frequency domain within the bandwidth 0.8 GHz
to 10.8 GHz using a Vector Network Analyzer (VNA) [332]. Inverse Fourier Transform is

conventionally used to provide radar data in time domain.

Figure B.10: ETSA antenna configuration

The transmitter and receiver are exponentially tapered slot antennas (ETSA) [333]
positioned in bi-static configuration with distrr = 20cm, and offset at a height hgpe =
40cm above the pavement surface. Fig. B.10 shows the configuration scheme for SFR

during the experiments.

B.2.3 Data acquisition

A small section of the fatigue carousel has been set up to monitor the growth of defects
over time and traffic (aptly referred to as APT). The data is collected repeatedly over a
specific zone; that comprises of a defect-free region and a debonding region (already known

to the operator) at several carousel revolutions.



B.2 Fatigue Carousel database over embedded artificial debondings at IFSTTAR

To analyze the ‘state’ of the pavement structure and observe the growth of defects over
time and traffic, the data is collected at several stages. The measurements are taken at var-
ious rotations of the carousel, namely, at 10 Kcycles, 50 Kcycles, 100 Kcycles, 200 Kcycles,
250 Kcycles and 300 Kcycles (where Kcycles denoting thousands of loading charges) using
two radar configurations, namely, Air-coupled UWB SF-GPR and Ground-coupled WB
GSSI-GPR. The carousel is controlled by a programmable automatic tool where the num-
ber of rotations can be started and stopped automatically. [15] provides an exhaustive
description of the test site and the mechanical behavior of the bituminous material using

various models.

B.2.3.1 Air-coupled UWB Stepped-frequency GPR

The transmitter and receiver are exponentially tapered slot antennas (ETSA) [333]
positioned in bi-static configuration with distrr = 20cm, and offset at a height hgne =
40 cm above the pavement surface.

In Fig. B.11, an automatic bench which is controlled by a computer can move the Tx
and Rx antennas in both X (scanning direction) and Y axes (elevation). The scanning
direction along the X-axis is about 1.50 m at the most. The bench moves the antennas step-
wise every 1cm to 2 cm to collect data vectors, namely, A-scan profiles over the pavement.
Dampeners on either sides on the Tx-Rx shield the receiver from the surrounding stray

reflections from the bench.

Figure B.11: Experimental setup for data collection (surrounding blue cones are
dampeners to avoid stray reflections) [10, 18]. The axes ‘X’, ‘Y’ and ‘Z’ respectively
denote spatial, temporal and axial scanning directions

The B-scan images were taken at each loading stage over each defective patch, each
B-scan having 80 to 160 traces (A-scans) per image straddling between the two areas,
namely, healthy vs. debonding, to ensure a visual control on data. Finally, the free space

antenna response is eliminated from the data to provide the radar signal to be analyzed.
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Preprocessing SF-GPR data

The SFR collects the data in frequency domain at limited speed thanks to a vector
network analyzer (VNA). The frequency data is then converted to time domain data using
inverse Fourier transform (IFT) for further processing. The temporal data is processed to
extract signal features that well express the data without losing any significant information
to perform the detection of debondings using the ML methods presented in Chapter. 3.

This process is discussed extensively in Chapter. 4.
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Figure B.12: Radargram obtained for Geotextile based defects using the UWB SF-GPR at
the APT site at 50 kcycles loading stage (left) along with each of debonding and
non-debonding A-scans are presented (right)
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Figure B.13: Radargram obtained for Sand based defects using the UWB SF-GPR at the
APT site at 50 kcycles loading stage (left) along with each of debonding and
non-debonding A-scans are presented (right)
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Figure B.14: Radargram obtained for Tack-free based defects using the UWB SF-GPR at
the APT site at 50 kcycles loading stage (left) along with each of debonding and
non-debonding A-scans are presented (right)

To present the temporal radar data obtained after (IFT), Figure. B.12, Figure. B.13
and Figure. B.14 depict the B-scan radargrams along with the individual A-scans for both
debonding and non-debonding zones for respectively Geotextile, Sand and Tack-free based
defects.

B.2.3.2 Ground-coupled WB GPR: GSSI SIR-3000

The data is acquired over the debonded zones for each loading stage using the GSSI
SIR-3000 as done for the UWB SF-GPR. Figure. B.15 shows the data acquisition setup
for the pavement section at the fatigue carousel using GSSI SIR-3000.

Carousel single wheel
configuration =

.

GSSI SIR-3000 —

Figure B.15: GSSI SIR-3000 for data acquisition at the fatigue carousel, IFSTTAR

Since the GSSI acquires the data in time domain, the initial preprocessing step (i.e,
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IFT) is avoided. The further preprocessing is carried out as discussed extensively in
Chapter. 4.

To demonstrate the GSSI data, Figure. B.16, Figure. B.17 and Figure. B.18 present
the B-scan radargrams along with the individual A-scans for both debonding and non-

debonding zones for respectively Geotextile, Sand and Tack-free based defects.
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Figure B.16: Radargram obtained for Geoteztile based defects using the WB GSSI-GPR
at the APT site at 50K cycles loading stage (left) along with each of debonding and
non-debonding A-scans are presented (right)

—Debonding
—Non-debonding

N =
o al
o o
N
o
o

Time samples
N
ul
o
N
a1
o
Time samples

300

w
a
o

10 20 30 40 50 60 70 80
Number of A-scans Amplitude «10%

Figure B.17: Radargram obtained for Sand based defects using the WB GSSI-GPR at the
APT site at 50K cycles loading stage (left) along with each of debonding and
non-debonding A-scans are presented (right)
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Figure B.18: Radargram obtained for Tack-free based defects using the WB GSSI-GPR at
the APT site at 50K cycles loading stage (left) along with each of debonding and
non-debonding A-scans are presented (right)
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he performance of a ML method is judged by the amount of accurate predictions
T it makes. Higher the right predictions, higher is its performance. However, it is
necessary to have certain benchmark with which the predictions made by the ML method
can be compared to. Such benchmarks are called Performance benchmarks as they are
used to analyze the performance of said methods. In this annexe, we present the various
benchmarks and their creation. Further, the performance metrics are presented for each

of binary classification, multi-class classification and probabilistic debonding estimation.

C.1 Performance benchmark

The performance of a ML method is judged by the amount of accurate predictions it
makes. Higher the right predictions, higher is its performance. However, it is necessary
to have certain benchmark with which the predictions made by the ML method can be
compared to. Such benchmarks are called Performance benchmarks as they are used to
analyze the performance of said methods. Performance benchmarks are estimates that we
‘want’ the ML method to predict in an ideal scenario (i.e, 100% efficient method). Two
types of benchmarks are typically used:

e Ground truth (GT)

e Pseudo-ground truth (PGT)
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C.1.1 Ground truth (GT)

In case of controlled tests, the operator mostly possesses complete information about
the material under test (MUT); or in this case, bituminous HMA test slabs. As such, the
operator is completely aware of the MUTs containing debondings and those without any

such defects.

Ground truth (GT) refers to the accurate interpretation and labeling of the pavement
conditions under controlled tests. Due to the lack of any misinformation, the GT is almost
always accurate and does not require any special expertise on the operator’s side. This
information can easily be obtained by simple observations of the pavement structure to

indicate the debonding and non-debonding regions.

GT can be generated in several ways. Some of them are discussed in [334, 335] as:

1. Synthetically produced: G'T generated from computer models

2. Real produced: a video or image sequence is designed and produced

3. Real Selected: real images selected from existing data sources

4. Machine-automated annotation: GT generated from the data using feature analysis

and learning methods.

5. Human annotated: GT is defined by an operator based on his observations

The advantage of GT is that it presents a perfect representation of the MUT for
benchmarking. Moreover, GT does not require high expertise. However, such type of
benchmarking is suitable when the operator has all the information, which, is practically

not possible.

GT has been used to create the benchmark for the experimental data collected for the
test slabs with controlled air void debondings (presented in Appendix. B.1). Figure. C.1

shows two test slab configurations along with the assigned GT.
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C.1 Performance benchmark

(a) Test bench: Non-debonding

(b) Test bench: Debonding with ¢4 = 0.5 cm

Ground truth

1 I L0 202,32, 202.2,2.2.2.2,2.2.2 2.9.2.2.0.2.2.2.2 0.2 0.0.2.0 8.2.2.¢,8.2.3.8.2.2.3.8.2.2.2.2.2.8.0.9

I I I I I I I I I I I I I I I I I I I
5 10 15 20 25 30 35 40 45 50 5 10 15 20 25 30 35 40 45
Number of A-scans Number of A-scans

(c) Ground truth: Non-debonding

Figure C.1: Ezxample of the GT assignment for two test slab configurations presented in
Appendiz. B.1. ‘0’ indicates non-debonding and ‘1’ indicates debonding

C.1.2 Pseudo-ground truth (PGT)

Pseudo-ground truth (PGT) on the other hand is a roughly estimated benchmark of
the MUT. In contrast to GT, PGT is an estimate of the image that would have been

acquired without being affected by motion or noise during acquisition.

The primary difference between GT and PGT is that, while GT is generated from the
MUT, the PGT is generated using the data collected from the MUT. The efficiency of PGT
primarily depends on the level of expertness of the operator. Nevertheless, [336] presents

a manual and a semi-automatic method to determine the PGT for pavement images.

For the experimental data used during the thesis, the ‘measured’ zone is initially
divided into sections that are already known by the operator. The acquired data in the
specific zones (namely, debonding and non-debonding) are respectively assigned. In order
to reaffirm the assigned PGT values, the operator uses the signal magnitude as explained
below (Algorithm. C.1).

The threshold used in Algorithm. C.1 is manually chosen by the operator based on his

experience in pavement survey.

231

I
50

(d) Ground truth: Debonding with ¢4 = 0.5 cm

1

Ground truth



Appendix C. Performance benchmarks and Performance metrics

ArcoriTam C.1: Steps to determine the PGT for a B-scan image

if Spectral data then
| Data: Take Inverse Fourier Transform of the data

else
| continue;

end
while Repeat for ‘N’ A-scans do
Identify the second echo (interface echo)
Find the magnitude (magn) of the second echo
if magn < threshold then
| Assign A-scan ‘0’ (Non-debonding)
else
| Assign A-scan ‘1’ (Debonding)
end

end

Non-debonding zone

Debonding zone

Transition
zone

L L L L L L L L
10 20 30 40 50 60 70 80
Number of A-scans

Figure C.2: Pseudo-ground truth for experimental data collected at IFSTTAR’s fatigue
carousel; sand-based defects at 50 kcycles loading. The bozed region is the transition zone
and is not assigned a classification label

Transition zone

The measured pavement is divided into two zones: Healthy (Non-debonding) and
Defective (Debonding). In certain pavement conditions, the operator is unable to ‘decide’
if a specific zone can be classified as a defective or not. During such cases, the operator
defines a new class of data, namely the ‘Transition zone’ data. This data is ambiguous

and is avoided during the classification steps in ML.

Figure. C.2 presents an example of a PGT defined for the experimental data collected
at IFSTTAR’s fatigue carousel (sand-based defects at 50 kcycles loading).

232



C.2 Performance assessment of detection methods

C.2 Performance assessment of detection methods

In order to evaluate the performance of debonding detection methods, certain metrics
are used quantitatively. Such metrics are in general termed as Performance metrics. In
case of debonding detection, we propose to use various metrics suitable for each type of

classification:

e Metrics for Binary classification

o Metrics for Probabilistic estimation

C.2.1 Performance assessment for Binary classification

In case of binary classifications (i.e, {0, 1} or {-1, +1}), the detection of a ML method

can result in four possible outcomes namely [10],

1. Debonding detected as a Debonding (or TP)
2. Debonding detected as a Non-debonding (or FN)
3. Non-debonding detected as a Debonding (or FP)

4. Non-debonding detected as a Non-debonding (or TN)

Actual |
|

Detected ‘\

Debonding (TP) Non-debonding (FN) Debonding (FP) Non-debonding (TN)

Figure C.3: Representation of Confusion matrix in case of binary classification

Estimated value
A

Dehonding Non-debon ding\

True value
A

@n—tlehoncling Debonding\

Figure C.4: Confusion matriz in case of binary classification
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Appendix C. Performance benchmarks and Performance metrics

Figure. C.3 represents the possible detection outcomes and Figure. C.4 presents the con-
fusion matrix in case of binary classification. These outcomes together form the basis
of the criterion for performance assessment called as ‘Confusion Matrix’. The values are

complementary and can be related as:
e TP+ FN = Ny
e T'N + FP = Npgep

where, Ngep, and Ny, are respectively number of debonding and non-debonding A-scans
in the B-scan.
To exploit the confusion matrix and elaborate the information presented by the results,

four performance indexes were proposed for binary classification, namely,
e Sensitivity (5)
e Precision (P)
e Dice score (DSC)
e Matthew’s correlation coefficient (MCC')

Sensitivity (5), also called the True Positive Rate (TPR) measures the proportion of
correctly identified positives. In other words, S defines the percentage of debondings that
were correctly identified by the ML method. Using the confusion matrix, S can be given

as:

TP

= TP+ PN (C.1)

Precision P, also called the Positive Predictive Value (PPV) is the fraction of the
positive data that is actually positive. In other words, P can be defined as the fraction of

‘detected’ debondings that are ‘actually’ debondings. It can be expressed as:

TP

P:i ‘.2
TP+ FP (C.2)

Finally, the harmonic mean of P and S coefficients [13, 10] is used to evaluate the
performance of the detection methods; it is called the Dice coefficient (DSC') or the F1-
score, equivalently [337, 338]. The DSC' can be written as:

2 x TP 11 1\
D = - ~ = - /.‘
U= X TP+ FP+FN <2{P+S}> (C-3)
Matthew’s correlation coefficient (MCC): While P, S and DSC' take only the
rate of debonding detection into consideration, the M C'C is a metric that considers the rate
of non-debonding detection as well. Introduced in 1975, MCC' is the correlation between

the observed and the predicted classifications and is computed using the confusion matrix.

The MCC coefficient is sensitive to imbalanced data [339]. It is expressed as:
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C.2 Performance assessment of detection methods

MOC — (TP x TN) — (FP x FN) (C.4)
- /(TP +FP)(TP+ FN)(TN + FP)(TN + FN) '

These performance metrics are used in Chapter. 4, 5 and 6 for decision support to

detect debondings as a binary problem.

C.2.2 Performance assessment for probabilistic estimation

Since the confusion matrix can be implemented from only integral outputs, it is un-
suitable for probabilistic outputs. Thus, we introduce two new performance indexes for
probabilistic estimates that use the ground truth (or pseudo ground truth based on the
implementation) and the predicted probabilities.

In the context of pavement monitoring, the probabilities expressed by the machine

learning method can be done in two ways:
e Probability of occurrence of a debonding (Py)
e Probability of occurrence of a non-debonding (F,,)

In order to assess the probabilistic estimation of debondings, we introduce two new metrics
namely, Debonding Prediction Rate (DPR) and Non-debonding Prediction Rate (NPR)

expressed as:

N
1
DPR—l—{N;m—dH} (C.5)
N

1 .
NPRzl—{N;!pi—ml} (C.6)

where,
N is the total number of A-scans,
pi is the GT (or PGT) and p; € IN{0, 1}
d; is the probability of detection of a debonding and d; € R{0,1}
n; is the probability of detection of a non-debonding and n; € R{0,1}
These metrics are used in Chapter. 6 for decision support to present a probabilistic

estimate of the occurrence of debonding or non-debonding.
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Appendix m

Time-gating of a GPR A-scan

n this appendix, we present the automatic time gating of the second echo from a GPR
A-scan. This windowing step is necessary in order to obtain the information localized

at the interface between the two pavement layers.

The time-gating step is used in Chapter. 2 in the ART and LRT methods to determine
the second amplitude. In addition, it is also used in Chapter. 4 to extract the local signal

features in time domain.

Principle

Let x be a non-debonding A-scan signal in time domain with n time samples for the

time interval t. Let the dominant operating frequency of the emitted pulse be f..

We define the window size (W) for the A-scan x as a function of ¢,, (pulse width of

the emitted pulse) and fsqmp as:

Wa =2 X fsamp X tw (D.1)

where t,, is related to the f. as: t,, = %

As discussed extensively throughout the thesis, in case of a debonding, an additional
signal is observed that interferes constructively with the second echo (of course, limited
by the A\pqt/4 criteria for constructive interference). Beyond this, the two signals begin to
separate until Ap,q/2. Thus, the pulse width of the second echo is expected to be greater

than t¢,,, but, at the same time, less than or equal to 2 X t,,.

To perform the windowing, the position of a the second maximum (Ms) magnitude
is obtained. This is because the first maximum corresponds to the surface echo, and the
second maximum is expected to occur at the interface of the pavement layers. The window
W is evenly distributed on either sides of M. A Tukey cosine-tapering window [340] with
a taper ratio of 25% is used. The taper ratio is manually chosen by the operator such
that the unwanted noise and parasitic signal around the second echo is avoided but, at the
same time the important information within the window is preserved. Figure. D.1 shows

an example of an A-scan with its designated time-gating window.
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Appendix D. Time-gating of a GPR A-scan

L —Actual A-scan
08" ” —Magnitude of second echo
' = Tukey time-window (25% taper)
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Figure D.1: Ezample of an A-scan from experimental data collected using the UWB SF-
GPR at IFSTTAR’s fatigue carousel (Appendiz. B.2.1); Tack-free defect type at 10k cycles
loading stage and the time-gating window used to isolate the second echo

Figure. D.2, Figure. D.3 and Figure. D.4 present B-scan image before windowing and
compares it with the time-gated B-scan obtained after windowing for respectively Geotex-
tile, Tack-free and Sand based defects at 10K loading.
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N
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Figure D.2: B-scan images for experimental data collected using the UWB SF-GPR at
IFSTTAR’s fatigue carousel (Appendiz. B.2.1); Geotextile defect type at 10K cycles loading
stage (left) and its respective the B-scan obtained after time gating (right)
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Figure D.3: B-scan images for experimental data collected using the UWB SF-GPR at
IFSTTAR’s fatigue carousel (Appendiz. B.2.1); Tack-free defect type at 10K cycles loading
stage (left) and its respective the B-scan obtained after time gating (right)
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Figure D.4: B-scan images for experimental data collected using the UWB SF-GPR at
IFSTTAR’s fatigue carousel (Appendiz. B.2.1); Sand defect type at 10K cycles loading
stage (left) and its respective the B-scan obtained after time gating (right)
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Appendix

Additional illustrations for Chapter. 6

In this appendix, we present the debonding detection results for the intermediate loading
stages of the fatigue carousel experiments for Chapter. 6. Fach figure indicates the
transition zone in a dashed blue box.
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Appendix E. Additional illustrations for Chapter. 6
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Figure E.1: Two-class SVM debonding detection estimates for SF-GPR data using local
features at intermediate loading stages for Geotextile-based defects (strong debonding
permittivity contrast)
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Figure E.2: Two-class SVM debonding detection estimates for SF-GPR data using local

features at intermediate loading stages for Sand-based defects (average debonding
permittivity contrast)
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Appendix E. Additional illustrations for Chapter. 6
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Figure E.4: One-class SVM debonding detection estimates for SF-GPR data using local
features at intermediate loading stages for Geotextile-based defects (strong debonding
permittivity contrast)
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Figure E.5: One-class SVM debonding detection estimates for SF-GPR data using local
features at intermediate loading stages for Sand-based defects (average debonding
permittivity contrast)
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Figure E.6: One-class SVM debonding detection estimates for SF-GPR data using local

features at intermediate loading stages for Tack free-based defects (weak debonding
permittivity contrast)
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Figure E.7: Random forests debonding detection estimates for SF-GPR data using local
features at intermediate loading stages for Geotextile-based defects (strong debonding
permittivity contrast)
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Figure E.8: Random forests debonding detection estimates for SF-GPR data using local
features at intermediate loading stages for Sand-based defects (average debonding
permittivity contrast)
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Figure E.9: Random forests debonding detection estimates for SF-GPR data using local
features at intermediate loading stages for Tack free-based defects (weak debonding
permittivity contrast)
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Table E.1: DPR and NPR coefficients for probability estimation from local signal features
at 50K to 250K loading for respectively Geotextile, Sand and Tack-free based defects using
Two-class SVM

Geotextile Sand Tack-free
DPR || NPR | DPR | NPR | DPR | NPR

Loading stage

100K cycles 0.99 0.87 | 0.98 0.76 0.52 0.72

200K cycles 0.98 0.58 | 098 | 0.71 0.59 | 0.94

250K cycles 0.98 0.68 | 0.77 | 0.75 0.39 | 0.46

Table E.2: DPR and N PR coefficients for probability estimation from local signal features
at 50K to 250 K loading for respectively Geotextile, Sand and Tack-free based defects using
One-class SVM

Geotextile Sand Tack-free
DPR || NPR | DPR | NPR | DPR | NPR

Loading stage

50K cycles 0.98 0.92 098 | 0.88 | 097 | 0.81
100K cycles 0.98 0.87 | 099 | 096 | 0.83 | 0.92

200K cycles 0.99 0.87 | 098 | 091 0.82 0.93
250K cycles 0.99 0.81 099 | 099 | 0.89 | 0.99

Table E.3: DPR and NPR coefficients for probability estimation from local signal features
at 50K to 250K loading for respectively Geotextile, Sand and Tack-free based defects using
Random forests

Geotextile Sand Tack-free
DPR || NPR | DPR | NPR | DPR | NPR

Loading stage

100K cycles 1.00 0.78 | 0.99 0.7 0.62 0.65
200K cycles 0.99 0.58 | 0.99 | 0.6 0.66 | 0.81
250K cycles 0.99 0.68 | 098 | 0.83 | 0.73 0.7
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Table E.4: Comparison of DSC ([..]) and MCC ((..)) coefficients for binary debond-
ing detection from local signal features at intermediate loading stages for Geotextile based

defects

Loading stage

ART (reference)

Two-class SVM

One-class SVM

Random forests

50K cycles [1.00], (1.00) [1.00], (1.00) | [1.00], (1.00) [1.00], (1.00)
100K cycles 0.98], (0.96) [1.00], (1.00) | [0.85], (0.65) [1.00], (1.00)
200K cycles [1.00], (1.00) [1.00], (1.00) | [0.91], (0.79) | [1.00]. (1.00)
250K cycles [1.00], (1.00) [1.00], (1.00) | [1.00], (1.00) 0.99], (0.97)

Table E.5:

Comparison of DSC' ([..]) and MCC ((..)) coefficients for binary debonding

detection from local signal features at intermediate loading stages for Sand based defects

Loading stage

ART (reference)

Two-class SVM

One-class SVM

Random forests

50K cycles [1.00], (1.00) [1.00], (1.00) | [0.94], (0.82) 0.9], (0.8)
100K cycles [1.00], (1.00) 0.98], (0.95) | [0.94], (0.82) 0.91], (0.85)
200K cycles [1.00], (1.00) [1.00], (1.00) | [1.00], (1.00) 0.95], (0.82)
250K cycles 0.95], (0.91) [1.00], (1.00) | [1.00], (1.00) [0.88], (0.77)

Table E.6: Comparison of DSC ([..]) and MCC ((..)) coefficients for binary debonding
detection from local signal features at intermediate loading stages for Tack-free based defects

Loading stage

ART (reference)

Two-class SVM

One-class SVM

Random forests

50K cycles 0.96], (0.95) 0.92], (0.89) | [0.84], (0.77) 0.90], (0.87)
100K cycles 0.93], (0.89) 0.88], (0.85) | [0.96], (0.94) 0.92], (0.88)
200K cycles 0.90], (0.86) [0.9], (0.86) 0.84], (0.81) 0.95], (0.92)
250K cycles 0.95], (0.93) 0.86], (0.82) | [0.88], (0.82) [0.88], (0.84)
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Nomenclature

Data processing method related

«a, Lagrangian multipliers

H Hilbert transform

v Admitted slack (One-class SVM)

y Multi-class classifier labels {0,1,2, 3}

y Two-class classifier labels {-1,+1}
Admitted slack (Two-class SVM)

R Radius of the hyper-sphere (One-class SVM)

sgn  Sign function {—,+}

Physical constants

c Speed of the EM wave in air 3x108ms!

Material related

p Material permeability
o Material conductivity
Er Relative permittivity
Operators

* Convolution

AT Transpose of the matrix A
A™!  TInverse of the matrix A

X Multiplication

card(N) cardinality of a number N
det(A) Determinant of the matrix A

GPR data related

255



Appendix E. Additional illustrations for Chapter. 6
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N,n

256

2D B-scan feature matrix in time/frequency domain
1D A-scan feature vector in time/frequency domain
2D B-scan matrix in time/frequency domain

1D A-scan vector in time/frequency domain

One signal feature

Number of time samples; temporal resolution
Number of A-scans; spatial resolution

Amplitude at an instance ¢



Abbreviations

EMR
GPR
MLM
LRT
ART

RF
OC-SVM
SVM
APT
NDT

DT

SHM
FDTD
MoM
GPILE
MCC

(A
MAG
MAAD
TDE
BW
FFT, IFFT
AC-GPR
GC-GPR

Electromagnetic Radiation

Ground Penetrating Radar

Machine Learning Methods

Likelihood Ratio Test

Amplitude Ratio Test

Random Forests

One-Class Support Vector Machines
Support Vector Machines

Accelerated Pavement Test
Non-Destructive Testing

Destructive testing

Structural Health Monitoring

Finite Difference Time Domain

Method of Moment

Generalized Propagation Inside Layer Expansion
Matthew’s Correlation Coefficient

Cross validation techniques

Signal Magnitude

Maximum Absolute Amplitude Deviation
Time Delay Estimation

Bandwidth

Finite Fourier Transform, Inverse Finite Fourier Transform
Air-coupled/Air-launched GPR
Ground-coupled GPR
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Suivi de I'endommagement des structures de chaussées par technique radar Ultra-large bande

Mots clés : chaussées, I'essai non-destructif (NDT), radar a impulsions (GPR), détection de décollement,
I'apprentissage de machine supervisé, Machine a vecteurs de support (SVM), forét d'arbres aléatoire (RF)

Résumé: Dans le domaine du génie civil, la
détection et la caractérisation de défauts
(décollements, fissures non-débouchantes) sont des
éléments importants de diagnostic qui influencent la
mise en ceuvre de politique d’entretien et de gestion.
Les défauts sont représentatifs d’'un état d’altération
de la structure. Les caractéristiques géométriques de
ces défauts (forme, largeur et longueur) ainsi que
'étendue et les cheminements d’eau induits par ces
défauts est un indicateur de durabilité des ouvrages
important. Cette détection permet de localiser une
eéventuelle pathologie, d’évaluer I'état de santé de la
structure et de prédire son évolution.

Dans ce contexte, les systéemes « radar a impulsions
», appelé aussi GPR (Ground Penetrating radar) est
utilisé depuis une trentaine d’années pour réaliser
des opérations de contréle non destructif dans le flux
du trafic. lls fournissent une mesure en continu de
I'épaisseur de la couche de chaussée, mais permett-

-ent aussi la détection de décollements significatifs
(centimétrique) entre couches, et de déterminer
ainsi I'emplacement de contrbles structurels
destructifs ultérieurs.

Néanmoins, la résolution temporelle des GPR
conventionnels ne permet pas de détecter
directement des décollements d’interface
millimétriques.

L'objectif de ce travail est donc de réaliser une
détection précoce de ce type de défauts. Ainsi, mes
travaux se sont focalisés a la fois sur I'utilisation du
radar ultra large bande (RSF) et sur le
développement de  méthodes  d’intelligence
artificielle (basées sur I'apprentissage supervisé).
Des approches théoriques et expérimentales (dalle
de chaussée Cerema et manége de fatigue de
'IFSTTAR) ont été réalisées. Elles ont permis de
montrer la faisabilité de détecter des décollements
fins dans les chaussées.

Monitoring subsurface conditions of pavement structures using Ultra-wideband radar

technology

Keywords : pavements, Non-destructive testing (NDT), Ground Penetrating Radar (GPR), debonding
detection, Supervised machine learning, Support Vector Machines (SVM), Random Forests (RF)

Abstract: In the field of civil engineering, the
detection and  characterization of  defects
(debondings, non-emerging cracks) are important
diagnostic elements that influence the maintenance
and management of the pavement structure. These
defects represent an altered state of the structure.
The geometric characteristics of these defects
(shape, width and length) as well as their extent and
the water seepage induced by these defects are
important durability indicators of the structures. This
detection makes it possible to locate a possible
pathology, to evaluate the state of health of the
structure and also predict its evolution.

In this context, "pulse radar" systems, also called
Ground Penetrating Radar (GPR) have been used
for over thirty years to perform non- destructive
testing operations in the traffic flow. They not only
provide continuous measurement of the thickness of

the pavement layer, but also allow the detection of
significant (centimetric) inter-layer detachments,
and thus determine the location of subsequent
destructive structural controls. However, the
temporal resolution of conventional GPRs does not
allow direct detection of millimeteric interface
debondings.

Therefore, the objective of this work is to realize an
early detection of such defects. My work is thus
focused on both the use of ultra-wideband radar
(SFR) and the development of artificial intelligence
methods (based on supervised learning) to detect
thin debondings.

Theoretical and experimental approaches (Cerema
test pavement slabs and IFSTTAR's fatigue
carousel) were realized which have shown the
feasibility of detecting fine debondings in
pavements.

> j[lFSTTAR
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