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CHAPTER 1

Introduction

Structural health monitoring (SHM) is used to evaluate structural integrity and performance
and guide decisions regarding maintenance, repair, and future operational limits of the structure.
The diagnosis of damage in a structural system involves damagetiale localization,
classification (of damage type), and/or quantification. In the past, both 4inasketl and model
free methodologies have been used in JHMIn general, SHM consists of four stages: detection,
localization, assessment, and predicf@jn The first stage, detection, indicates that damage exists
in the structure. Localization next provides infotioa on the location(s) of damage within the
structure. In the next stage, assessment estimates the extent of current damage; this information is
then used in the prediction stage by assessing the growth of damage and the system's strength and
safety in tle future. This work focuses on localization and crack extent estimation forslicali
reactioninduced internal cracks in concrete structures.

Alkali-silica reaction (ASR) is a critical degradation mechanism of concern for concrete
structures (bridgeslams, primary/secondary containment in nuclear power plants (NPPs), reactor
buildings in chemical plants, etc.). For examp@le,most existing nuclear power plants (NPPSs)
continue to operate beyond their initial license periods, the passive structwtesnssyand
components of NPPs as they continue to operate, suffer deterioration that influences structural
integrity and performance. Monitoring the conditions of these elements of NPPs is essential for
ensuring that their conditions meet performance afetysrequirements over the entire expected
plant lifespan.

ASR is a reaction in concrete between the alkali hydroxidear{N4) in the pore solution and



the reactive nowmrystalline (amorphous) silica ¥$ found in many common aggregates, given
sufficient moisture, is called ASR. This reaction occurs over time and causes the expansion of the
altered aggregate by the formation of a swelling gel of calcium silicate hydigtel{Reactive silica

is mainly provided by reactive aggregates and the alkglihe cement clinker. Swelling from an ASR

is a result of the relative volume increase between the product and reactant phases involved in the
chemical reaction. First, the products expand in pores and microcracks of the cementitious matrix.
Once this ifee expansion space is filled, the swelling is restrained, and the product phases exert local
pressure on the surrounding concrete skel@od]. With water presence, the ASR gel increases in
volume and exerts an expansive pressure inside the material, causing spallitfg m&coscracks

(due to nonhomogeneous swelling related to-umaform moisture distribution). As a result, ASR
reduces the stiffness and tensile strength of concrete, because these properties are particularly sensitive
to microcracking. ASR also can cause serious cracking in concrete, resulting in critical structural
problems that can even force the demolition ofiqular structure. The serviceability of concrete
structures includes the resistance to excessive deflections, as well as a host of other durability concerns
that can shorten the service life of a structure. Large surface crack widths and deep pesfataio

surface cracks promote ingress moisture and any dissolved aggressive agents, such as chlorides.
Additionally, the loss of concrete stiffness and potential for reinforcement yield are concerns for
concrete deflection capabilities.

ASR is a complexhemical phenomenon, the rate and extent of which depend on a number of
material and environmental parameters, for which the interactions among parameters is not fully
understood. This critical nature of ASR on premature concrete deterioration recpigjiesutkitative
assessment of ASR structural effects during service life (both in time and space). In particular, a

combined experimental modeling investigation method is required to evaluate the impact of ASR on



the dimensional stability of concrete stures. Although ASR has been identified as a cause of
deterioration of numerous concrete structures and research has yielded some understanding of the
mechanism of the reaction, the structural effects of ASR and how to best assess the extent of damage
to exsting structures remain major topics of ongoing research. This is because the expansion and
cracking patterns (the most obvious sign of distress) caused by ASR affect both the concrete and the
reinforcing steel, but similar crack patterns can also beupeablby other distress mechanisms (i.e.,
drying shrinkage and sulfate attack).

In the nuclear industry, a scoping study of ASR in concrete is performed to support future
activities that include evaluating the effects of ASR on structural capacity. Froafiety s
perspective, the remaining capacity of a structure exhibiting distress due to ASR is an important
factor in operational and maintenance management decisions. This is a challenging task for various
reasons. First, the extent of the degradation wily ¥aroughout the element as a function of the
moisture content and of the degree of restraint provided by steel reinforcement. Also, predicting
the properties of the concrete using certain testing results taken from the structure may be difficult.
The siz of the defects caused by ASR may be large compared to a small structure such as the
cylinder, resulting in anomalouslgw tested strength, but the defects would be small compared
to the larger structure (suggesting there may be sufficient capaciggdition, there is no reliable
nondestructive means of estimating the degree of the reaction in an existing concrete staicture.
ensure satisfactory performance and safety over the expected lifespan of a structure, nondestructive
evaluation (NDE) techniges are studied to diagnose the presence, location, and extent of ASR
damage (or its effect, distributed micro/macro cracking) in concrete struf@jires

Damage localization and estimation are essential for structural health evaluation and

management. In previous studies, NDE methods have focused only det#dationof ASR



damage in concrete structures. Metdated NDE methods utilize structural behavimdels to
simulate and/or learn the behavior of healthy and damaged structural systems:fritodel
diagnosis methodologies aim to diagnose damage byppostssing/analyzing the sensor data
without requiring a structural system behavior modesimple aml commonly used modélee

method is a visual inspection of observed surface cracking and gel extrusion from damaged
concrete components. This is a qualitative NDE method, and it can detect the ASR damage only
after the damage progression is in an advaistage; thus, it is not useful for early detection.
Visual inspection does not monitor ASRJuced damage over time, thus limiting the possibility

of repair. Quantitative NDE methods for ASR detection can be broadly classified as deformation
measurement ntieods, vibratiorbased methods (acoustic methods), and thermal imaging
methods Figure 1) [5]. Deformation measurement techniques aim to measure the expansion of
concrete caused due to the aweristic expansion of the ASR gel; this is a global measurement

of ASR's effect. Acoustic methods detect damage by evaluating a daersitive dynamic
response characteristic of the concrete structure (e.g., resonance frequency shift). Thermal imaging
methods aim to detect micmackinginduced thermal load path discontinuities as indicators of

ASR damageFigurel provides a simplified catalog tfiese methods.
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Mechanical deformation measurements are useful for damage detection by measuring the
expansion of concrete components but are not used to localize d&nageoncrete component's
mechanical deformation can be measured using either a contact orcamact deformation
measurement technique. Contact measurement techniques use calipers or an extensometer to
measure the NDE specimen's deformation alonggiple directions. Digital image correlation
(DIC) is an optical, nowontact NDE technique capable of measuring the deformation,
displacement, and strain of a struct{ife Acoustic methods are the main focus of this work.
Acoustic methods can be further classified into active and passive acoustic methods. Passive
acoustic methods include acoustic emission to detect and classify cracks due[&). #8Bustic
emission can be interpreted as transiemsstivaves produced by the sudden release of energy,
such as crack formation or grow®]. Active acoustic methods can be further classified as linear
acoustic and nonlinear acoustictimads. In linear acoustic methods, the resonant frequency shift
method is used to compute the concrete component's dynamic elastic nmja@uldshe pulse

velocity method uses the experimentatigasured estimate of the compression stress wave speed



(using a pitckcatch set up) to detect ASR damégiyg]. Together, the micraracking and loss of
stiffness caused by ASR damage result in reducing the compression wave[lsijegd].
Khazanovich et al[14] proposed using a Hilbert transforimdicator (HTI) and an array of
ultrasonic transducers to detect ASR damage in concrete slabs. In general, linear acoustic methods
are less sensitive to ASR damage than nonlinear acoustic mgtbhds

Nonlinear acoustic methods exploit the material (constitutive) or geometric nonlinearity in the
damaged component to detect damage. Nonlinegadimresonaneacoustic spectroscopy
(NIRAS) has been used to characterize AB@Riced cracks in concrefg5]i [17] by measuring
the downward shift in the resonant frequency based on craridnged nonlinearity detectioh.
is a global vibrational response technique (i.e., it measures shiftsomargsrequency) and is
better suited for small laboratory specimens than large structures. The material and/or geometric
nonlinearity introduced by ASR damage promotes higher harmonics of the excitation frequency
in the dynamic response spectrf8]. The damage detectiomethod based on harmonics
generation evaluates the ratio of second harmonic amplitude to the square of the first harmonic
amplitude, referred commonl y [19)i[21].i Theemmaterdalur e a s
nonlinearity induced by ASR damagesha been shown to increase tF
Laboratory experiments on composite plates with delamination have demonstrated that the higher
harmoniecb ased damage par amet er -¢radukingindued lgepmeiric sen s i
nonlinearity than thevavemodulationbased damage paramdi@2]. A technique that utilizes the
shift in the arrival of higirequency waves created by (impawtuced) lowfrequency vibrations
and notinear material behavior has also been shown to successfully detect the ASR damage in
concrete specime3].

Thermal methods gauge the temperature distribution on a surface of the concrete component



using infrared (IR) thermography to estimate discontinuities (caused by cracking, spalling,
delamination, etc.)Kobayashi and Banthi§24] combined induction heating with infrared
thermography to detect corrosion in reinforced concrete. The technique is more effective with
larger bar diameters and smaller cover depths. Bayesian methods have been used to optimize the
image processing paramet@nd quantify uncertainty using infrared thermogrd@by, however,
the need for heat sources that candteta detectable temperature field in thick concrete structures
may create practical difficulties in the field implementation of this method.

The vibreacoustic modulation (VAM) method belongs to a family of NDE methods utilized
as the primary indicatorfaamage to the spectral signature of a particular kind of nonlinear
dynamic behavior occurring at a breathing, weakly bonded interface in a vibrating component. The
nonlinear dynamic interactions at a crack or delamination interface can be inducedthsing e
bi-harmonic excitation. The method depends on detecting peaks around tfi@digincy in the
collected dynamic response's spectra, referred to as sidebandsha@hmbiic excitation induces
forced vibrations for both the modulator (lower fregey and modulated (higher frequency)
waves. This method has shown particular promise in detectingrél@®d degradation (or
damage) in concretd 6], [26], as well as cracks and debonding in metals and comp{Edes
[20], [27][33]. In past research, the VAM technique's effectiveness in localizing-(in 3
dimensions) ASR damage in concrete specimens of varying sizes has yet to be studied.
Furthermoe, a VAM-based, probabilistic damage localization methodology has not been
investigated. This research examines the application of VAM to multiple thick concrete specimens
and determine the ideal damage metric for \Ghllsed damage localization in thick quusites
such as concret®lain contributions of this research include

1 Localizationof ASR-relateddamagen concretespecimes usingVAM .



1 Theuseof physicsinformedmachindearning(PIML) to classify binarydamagestate
atasensor

1 Bayesiandamagediagnosisfor a ML predictionmodel built to give a posteriorfor
damagedepth

1 Investigationof transferdearningto combinePIML trainingdataof multiple fidelities.

1 Localizationof damagen plainandreinforcedconcretespecimensvith dispersecnd

unknownASR damagenducement.

1.1. ResearchObjectives

The overall goal of the conducted research was to localize damage in concrete specimens. To
do this, we first examined the applicatiof VAM to a plain concrete specimesith known areas
of ASR damage inducementiext, we developed machine learning models uBmtg element
analysis FEA) data for training to build a better model for damage detection and localization in
the plain cocrete specimen. Sintlereedimensional D) FEA models for mechanical vibrations
are computationally expensive, we trained thegnosismodels with a large amount oivo-
dimensional(2D) FEA data. Next, weexploredimproving this model by using mulHiidelity
physicsinformed modeling to combine the ZEEA data with a smaller amount of 3D FEA data
and evaluatedthe resulting machine learnifzased diagnosisnodel performanceand the
computationatostof simulatingthetraining dataAfter this themodelwasverified forthe plain
concrete specimen with knowacalized inducement of ASR damadeastly, we implemented
these techniques talidatesimilady constructed diagnosimodelsfor different sizedplain and

reinforcedconcrete specimernwith dispersed ASR damage inducement throughout.



The research is divided into four objectives:

1. Damagediagnosis using vibracoustic modulation for a plain concrete specimen with
damage indcementat known locations;

2. Damage localizatioin a plain concrete specimen usiBD physics modeinformed
machine learning

3. Multi-fidelity physics informed machine learning for damage localization using 2D and
3D finite element modejsind

4. Damagelocalization in plain and reinforced concrete specimens with distributed
damage inducemefinknown damage locations)

This dissertation isplit into 6 chapters. ChaptersbZelate to the four research objectives.
Chapter 2develops theVAM testing procedurefor ASR-damage localization in concrete
specimensThis study isone ofthe first to localize this damage in concrete specimenve
examine thdusionof damagemetriclocalizationresultsfrom multiple VAM tests byusing both
an averaging ané Bayesiantechnique Both of these damage localization approaches
validated for gplain concrete specimen witlhcalizedASR-induced damage. Chapteregtends
this methaology bytraining a damage prediction model using machine learning technigings
input-output data fron2D FE simulationsTheresultingartificial neural networKANN) models
provide gprobabilistic value for thpresence or absence of damage at each sensor Iqtatlong
in the averaging approach from Chagrdo not depend on a damage threslpotided byan
expert analyst (necessary for the Bayesian fusion approach from Claptsdprovide a means
for depthprediction given a crack size and location in th& Ylane.In Chapter 4 we explore
improving the model$uilt in Chapter 3. Wdrain diagnosismodels using 2D simulations, 3D

simulations, angbursuesa mult-fidelity approach that usdsansfer learning to combine the 2D



FE training data with select 3EE simulations for training. From this study, we discdbetour
computationakesourcesare best expended for tieeeation of additionaPD FE simulations. In
Chapter 5 we examine the fourth and final objectivapplying the afoementioned localization
techniques for specimens witlispersed ASR damage inducemg@rd., with unknown damage
locations) with a different geometry (from the specimased forvalidaion in Chapters 2, 3 and
4) and rebar reinforcementhe machindearningmodelsfor VAM -based damage diagnosise
validated using experimetal specimes thatwere destructively tested to determine the presence
and extent of ASRnduced damagd.he extent of theASR-induceddamagas quantifiedusng a
petrographianethod,damage rating index (DRI)We find the models trained ithis approach
successful forASR-induceddamage localization of thepecimensFinally, in Chapter 6, we
summarize the accomplishments of this stuhd discusduture research needs, including

automation othe proposednethodology
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CHAPTER 2

DamageDiagnosisusing Vibro-Acoustic Modulation for a Plain Concrete Specimenmwith

Localized Damage Inducement

2.1. Motivation

Vibro-amustic modulation (VAM), also known as nonlinear wave modulation spectroscopy,
is a nondestructive evaluation (NDE) technique that relies on detecting nonlinear structural
behavior's dynamic signature as the primary indicator of damage. Most of the preaiduon
VAM -based diagnosis has focuseddetectingdamage based on sidebands in the spectrum of the
structure's dynamic response. Singh €4l showed that VM testing could be used for damage
localization or damage mapping. They hypothesized that the effect of (geometric or material)
nonlinearities is pronounced near the flaw's location. The relative magnitude of a sidledrsetls
damage index may enable Iazation of the flaw. Suppose the spatial distribution showing the
variation of the damage index is obtained using a sensor grid. In that case, the damage is located
in the neighborhood of sensors exhibiting higher magnitudes of the damage index. Thky teste
their hypothesis using numerical simulations of VAM in delaminated composite plates. They
studied damage indices based on various characteristics of the plate's dynamic response spectrum,
establishing the feasibility of VAMbased damage localization. €enka et al[22] performed
sidebandsased damage imaging to localize impact damage in a composite plate in a laboratory
setup. They used laser scanning vibrometry to collesidynamic response on the surface of the
composite plate. Their experimental damage mapping results show that sidlebaddlamage

mapping performs better than the previously known hiffaemonicsbased damage mapping.
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Thus, the damage mapping schemaélgyuhas been studied for homogeneous, anisotropic, thin
composite plates by performing numerical or laboratory experiments. However, the applicability
of VAM-based damage mapping to detect and localize cracks in structural concrete components
has not ben investigated. In particular, thick, heterogeneous structural concrete components
present significant challenges for VAM test-gpt data analytics, and damage mapping

The investigation of VAM for damage localization in concrete structures is theljjesttive
of this research. The focus of past experimental studies on-Kaddd damage localization was
related to impact damage in thin composite plggés Application of the VAM method for thick
concrete specimens entails ensuring that the entitespesimen receives sufficiently strong
vibration despite the high material and geometric attenuation and a (relatively) coarse grid of
accelerometers to localize damage. We performed VAM tests in the laboratory using different test
parameters. We appliedBayesian data fusion algorithm to assimilate the diagnostic information
obtained from multiple VAM tests and constructed a damage probability map. We used a cement
slab with pockets of reactive aggregate (at known locations) and cured under aggresiimso
to promote accelerated ASR). We implemented damage mapping and data fusion algorithms on

the VAM test data obtained from the laboratory experiments.

2.2. RelevantBackground

In the VAM technique, the structural component of interest is excited simaalialy using
two signals of specific frequencies. The dynamic response is measured at various locations using
acoustic sensors (accelerometers). Theflowe gquency 1 nput I's te+r med t |
frequency Iinput [32)]. It iseassumedl that ASRduce@ cracks éentroduce

nonlinear structural behavior due to variable contact area at the surfaces of cracks. If the structure
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undergoes damped, linear vibration, then tlegdency spectrum of the steady state response
shows peaks at the two forcing frequenci&® ( ,"Q ) (Figure 2(a), (b)). The natural
frequencies of the structure participate in the transient phase, but eventually die out due to
damping. For a structure undergoing damped, nonlinear vibration, the frequency spectrum of the
steady state respondadure2(c), (d)) shows additional peaks at higher harmonics of the pumping
frequency @ 'Q HQ pklo8), and at sideband frequenci€s "Q  [18]. The peaks
around the probe fregncy in the frequency spectra of the measured response (referred to as
sidebands, sekigure2(d)) appear due to modulation of the probing frequencthbypumping
frequency. For illustration, the linear spectrum (LS) of the recorded acceleration at a sensor is

shown inFigure2. The spectral magnituds sideband frequencies (peaks in the L®at

"Q ) are denoted by AmpS1 and AmpS2.
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Figure2: Time series data and linear spectrum (LS) plots for two different cases. (a): time history
of acceleration for linear response (undamaged case); (b) LS of acceleration for linear response
(undamaged case); (c) time history of acceleration for the nonhegaonse (damaged case) with
frequency modulation; (d) LS of acceleration for the nonlinear response (damaged case) with
frequency modulation.

In this research, we discuss the mapping of A8Riced cracks based on a damage parameter
that is calculatedusing the sum of spectral amplitudeSmpS1 and AmpS2at sideband
frequencies in the linear spectra of the recorded dynamic response (acceleration) can be defined as

"YO YO & a npY 0 a ncy Q)

The use of VAMbased dange localization for thick concrete structures faces several
challenges. The operating environment as well as test conditions faraedlconcrete structures
may introduce significant measurement noise in the test data. The damage diagnosis methodology
should be able to perform well in the presence of measurement noise. Two data processing schemes

that help alleviate the problem of noisy data in VAM tests are briefly described in subgetlon
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A detailed analysis of these methods for various siggrabise ratios can be found in Karve and
Mahadevan{35]. In thick elastic concrete slabs with material damping, only the region in the
vicinity of pump/probe actuators may receive sufficiently strong vibration to induce detectable
SBSum values. Furthermore, the magnitude oS&B may depend (among other thipgs the
amplitude of the wave motion experienced at the damaged (cracked) location. Thus, false negative
(and false positive) results are expected when the damage location/size is not known and only a
single VAM test is performed. Our numerical experinsenih elastic slabs have shown that the
sensitivity of the VAM test increases when the pump/probe are located near the damaged zone,
and that VAM tests with a given probing frequency (wavelength) are sensitive to damage with
characteristic size of about 708bthe probing wavelengtf85]. In the realworld application of

VAM tests, where the damage size and location are not known, there are advantages to performing
VAM tests with multiple pump/probe locations and multiple probing frequencies (wavelengths).
Furthermore, flaws of differersizes may show better resolution at different probing frequencies.
Thus, different locations, frequencies, and amplitudes of the pumping and probing excitations
provide different VAM test results, with varying information about the state of damage in the
vicinity of each sensor. Consequently, a methodology is needed to fuse the results of multiple tests
and provide the damage estimates at different sensor locations. Fusion of diagnostic information
obtained from VAM tests with different test parameters loalp alleviate false negative results

due to inactivation of amplitudgependent notinear mechanisms associated with damage (the
inactivation can occur for a few combinations of excitation frequencies, amplitudes, and
pump/probe locations, and these ¢mmations cannot be determined before conducting a VAM

test as the damage state is unknown).
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2.3. Methodology

The proposed methodology thus consists of four elements: a) VAM test data processing, b)
damage mapping and localization using VAM test data, cpriusf information obtained from
multiple VAM tests with different test parameters, and d) validation of M#dded damage
localization using petrographic and chemical studies. The following subsections describe each of

these four elements.

2.3.1. VAM data processng

Various practical aspects of the VAM methodology encountered during field or laboratory
testing of concrete structures have not been studied previously. One of the key challenges in data
processing for field or laboratory tests is distinguishing pljlgianeaningful (nonlinearity
induced) sidebands (peaks) from neisduced peaks at the specified frequenci€s (

"Q )inthe linear spectrum. For experimentally collected data, the linear spectra in neighborhood
of the sidebands may nshow neaizero amplitudes for all sensors, and an automated sideband
detection algorithm might identify treanbient noisealues at'Q "Q ) assidebands. This
means the ordinates of LS & ( "Q ) need to be adjusted ftite baseline value of LS in

the neighborhood of sideband locations. In this study, we subtract the mean of the ambient noise
in the LS ordinates in the neighborhood of the sidebands from the values calculated from the LS
(Figure3(a)). The regions used to calculate the mean of LS amplitudes are shown by red boxes in
Figure3 (a). The width of the region is equal to the pump frequency. Thus, the peaks in the LS
that are of the order of the mean LS amplitudes in the highlighted region are not counted as
significanty high sideband values during data processing.

Furthermore, an automated SBn calculation process may be misled by considering
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ordinates at sideband frequencies that are not peaks (and hence do not indicate nonlinear structural
behavior). To ensure that the values being used to calcul&@enSBre physically meaningful
sidebands, a method for finding local peaks in the data camgiemented. In this method,
whether the sideband value for a given frequency is a local peak is determined first. Next, whether
the sideband was a maximum value within a windéwgyre 3 (b)) centered at the sideband
frequency of interest is checked. As a result of the nonlinearity at the crack surface, a second pair
of sidebands may be seen in the linear spectrum of the acceleration at fre@eny,

Cz2'Q [18]. The pump frequency can thus be safely used as the window size that does not
interfere with the second pair of sidebands. In this work, aitB®ide window (approximately

equal to the pump frequency in our laboratory experiments) is usedrdinate value at a given
frequency is selected as a sideband (AmpS1 or AmpS2) only if it satisfies both the above
mentioned conditions. The utility of the aforementioned data processing techniques has been
discussed by Karve and Mahade\as] in the context of numerical simulatisrof VAM tests.

Here, these techniques are put to use for processing noisy data obtained from physical (laboratory)

experiments.
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Figure 3: Linear Spectrum plot for a damaged structure: (a) the red boxes represent the window
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2.3.2. Damagemapping

In this sectiona damage index (using the SBSum metric) that captures the essence of the key
idea behind the damage localization method is defined. In \babkd damage localization,
sensors showing higher SBSum values (compared to other sensors in the same testhede assu
to be the sensors located near the damage zone. Hence, a damage index that classifies a given
sensor as the one indicating or not indicating damage is defined here. Specifically, the damage

i ndex aib$ scanrbs computéas:

$ pEIF 306 P 33
i OEA@Gx EOA (2
where. denotes the total number for sensors used in a VAM test. If the SBsum value at a

given sensor is higher than the mean SBsum value (for all sensors) for that VAM test, then the
sensor is considered to be indicating dami@3@. The observed damage index represents, in
essence, the kayoncept behind VAMiased damage localization. That is, the data informs that
damage ipresentat/near a sensor if the SBSum value at that senselaisvely higherthan the
SBSum values at other sensors. We remark that a numerical analysis of peréashthadamage
localization method for elastic slabs using the damage index defined in eqg2tiwes been

discussed in Karve and MahadeVa#].

2.3.3. VAM data fusion using Bayesian inference

For VAM testing of concrete structural components, it is desirable to conduct VAM tests for
multiple values of the test parameters. In this section, a methodology for integrating VAM test

data obtained from multiple tests to obtain a dgenprobability map is discussed. The proposed
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method uses Bayesian updating to infer the regions that consistently show (relatively) high SBSum
values, i.e., the regions that are most likely to be near a damaged zone. The Bayesian approach
pursues a formaepresentation of the state of knowledge about the values of unknown parameters
of interest through the use of probability distribution functions. The updated knowledge (i.e., the
posterior distribution) about a parameter is obtained by combining prawl&dge (based on
intuition, experience, model prediction, prior data, etc.) and observed data. The observed data is
included in the (Bayesian) inference algorithm by computing the likelihood of observing the data
for a given value of the parameter. Irder to use Bayesian inference for VAbAsed damage
diagnosis, we need: a) definition of experimentally observed data and the associated measurement
uncertainty, b) definition of the damage parameter that gives the state of damage in the
neighborhood of edcsensor, and the associated uncertainty due to lack of knowledge about its
value (i.e., the prior distribution), and c) a method (typically, a computational model of the
experimental procedure) to compute the likelihood of observing a given value ébrdatgiven

value of the damage parameter. These aspects of the Bayesian updating for VAM tests are
discussed next.

For the Bayesian updating algorithm, the damage irfflexs the data obtained from
experiments, as defined in equat{@ The observed damage index is a discrete random variable
with two possible values$( por$ 1. If damage is indicated at a sensor, ten p,
else$ 1 Similarly, the actuial i d anché f eismaeddareeset er
random variable that denotes whether damage is actually présenp(, or absent[( Tt
at/near tha-th sens r . With the above definitifoateach Bayebo

sensor can be written as:

0Ofs ©0$g 20 h 3)
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whereO | sb is the posterior probability mass function (PMF) of varidbl® [ is the prior
PMF of[ , and0 $ § s the likelihood of observing the dath ( por$ 1 for a given
value of the unknown parametgr ( porf 1. The Bayesian update equations for a sensor

where damage is indicated and for a sensor where damagdendinated are:

0% pd pzO0J p -
0% pg pz0 [ p 0% p9g mzOo|f ]

of p$ o

0$ ¥ p=z0] p
0F p$ ™ G5 1§ pzo] p 085 ™ nwzoj] n°o ©

Note that in the ideal cas®,$ pgy p phand0$ ng§ p Thie., the test does
not show any false positive or false negative results. However, in actual physical experiments, the
VAM test may exhibit false positives as well as false negatives. If, for example, an antinode of
structural vibration lies at/near anser location, the SBSum value at that sensor may be small
even if it is located near the damaged zone. On the other hand, the wave component corresponding
to sideband frequencie¥) "Q ) may travel away from the damage and excite a senso
located away from the damage zone. Furthermore, measurement noise may create false positive
and false negative data (in spite of the noise treatment strategies discussed above). In those cases,
to compute the likelihood function, we must evaluate thesiBeity (true positive rate) and
specificity (true negative rate) of VAM tests for thick elastic media containing breathing cracks.
This can be done using numerical simulation of the test procedure.

In a numerical simulation of the VAM test, the valugled damage parametdr ) is known
and the value of the observed damage index can be obtained using the computed dynamic response
(displacement time history). For the experiments reported in this article, numerical simulation of

VAM tests implies modelinghe nonlinear wave propagation in concrete slabs/blocks containing
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cracks for multiple crack locations, pump and probe amplitudes, and probe frequencies. (The pump
frequency is fixed at the first resonance frequency of the specimen). Modeling wave poopaga

in a heterogeneous medium like concrete (with cement paste and randomly distributed aggregate)
is a computationally challenging task. Therefore, the material heterogeneity is ignored, and wave
propagation in a homogeneous elastic specimen with sohe&amncretdike properties[36] is
simulated. Even with this simplification, simulating nonlinear wave propagation in-three
dimensional media is computationally expensive. Geometric nonlinearity at the crack interface
necessitates the usean implicit time integration scheme for the simulations, which increases the
computational burden significantly. To overcome this difficulty, wave propagation in a two
dimensional media is modeled, under plane strain assumptions. Our previou85yamklicates

that this model iststable for computing the sensitivity and specificity of VAM tests with different

test parameters as well as measurement noise. We remark that typically, the likelihood of
observing the data for a given value of the parameter of interest is computechfeeresor using

a numerical model of the underlying physical phenomenon. Since-ditnemsional model is to

be used for computing the approximate likelihood for sensors installed on thedithezesional)

slab, sensespecific likelihood computation isoh possible. Instead, the average values of true
positive rate (sensitivity) and true negative rate (specificity) observed in our numerical simulations
with different damage locations and VAM test parameters can be used as approximate likelihood
values.For the first test, a uniform prioO(J p =0 1t = 0.5 can be assumed, and the
damage parameter at each sensor location can be updated using the experimental data for the first
VAM laboratory test. For the subsequent tests, the posterior from theysegst can be used as

the prior and obtain the posterior using the equationg{2)n this manner, the observed damage

index, damage parameter definitions (equation (1)), and an approximate likelihood function can
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be utilized to perform Bayesian fosi of information obtained from VAM tests with different test

parameters to arrive at the ASR damage probability maps for concrete test specimens.

2.3.4. Validation

The proposed damage mapping methodology is validated in multiple ways by performing
dynamic, chencal and petrographic studies on a censdalb with pockets of reactive aggregate
at specified locations. The slab is cast and cured in an aggressive environment conducive to ASR
for an extended period of time. The onset of ASR in the slab candra@ised using deformation
measurements and NIRAS tests. The NIRAS tests indicate excitatiplitudedependent shifts
in the resonant frequency of the slab when there is nonlinearity due to (ASR) damage. Further
evidence of ASR initiation and progressndae collected by performing inductively coupled
plasmaoptical emission spectroscopy on the effluents seeping out of the slab. These preliminary
tests establish the presence of ASR due to the combination of reactive aggregate, alkali loading,
and aggresse curing environment.

Next, in order to accomplish and validate the localization, VAM tests are first performed on
the specimen using the methodology discussed in se@iBrigo 2.3.3 to obtain ASR damage
maps. The damage maps highlight the kdgimageprobability areas of the slab. Next, in order to
validate the damage maps, core samples are taken from the locatioesagbezgates were
placed. Petrographic examination of the cores is performed to establish the presence of ASR.
Specifically, three tests are performed to confirm ASR damage in the core samples: a) optical
imaging to confirm the presence of micro cracksthe aggregates, b) scanning electron
microscopy (SEM) with backscatter electron (BSE) imaging to visualize the cracking, and ¢) SEM

with energy dispersive spectroscopy (EDS) to confirm the presence of elements that are typically
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present in the ASR (silicoralcium, potassium, etc.). The results of the petrographic examination
provide information regarding the presence of ASR byproducts andiddtiRed micro/macro

cracking, and validate the damage localization results of the VAM methodology.

2.4. Laboratory Experiment

The cement slab specimen wititalized inducement of ASR damagas cast andured at
Vanderbilt University. The specimen had known locations of reactive aggregate (possible sites of

ASR initiation) (EXP-A). We first discuss the details of casting and curing the test specimen.

2.4.1. Cement slab withlocalized inducement of ASRdlamage

A plain cemenslabspecimer(EXP-A) of dimensions of 60.98 60.96x 15.24cm? (24 x 24
X 6 in’) wascast and curedt the Laboratory for Systems Integrity and Reliability (LASIR) at
Vanderbilt University. The watefto-cementitious material ratio of 0.4 was used for casting the
slab to achieve adequate workabilitytie cement pastd-our types of aggregate, includitigee
coarse aggregates known to be susceptible to -alikiak reaction, as well as pure silica powder,
were placed at known locations in (cylindrical) pockets of approximategni@ in.) diameter
in the four quadrants of the specimen, as shovagure4. The aggregates were placed in pockets
instead of being dispersed throughout the specimen so that the possible locations of ASR are
known. Theknown locations of the aggregate pockets were used to obtain core samples that
provided validation data for the VAMased localization of ASR damage. The four types of
aggregates arda) pure amorphous silica, (b) coarse aggregate from M@oeated by Te
University of Alabama)(c) coarse aggregate from New Mex{cmnated by The University of

Alabama) (d) coarse aggregate from Ontario, Canélanated by the Ontario Ministry of
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Transportation)A boosting agent,alium hydroxide (NaOH) was added te thmix waterin the
cementto boost the alkali loading to 5.25 kgiito accelerate ASREXP-A was cured in an
environmental chamber maintained at 60 °C and ~100% relative humidity. After 10 months of
curing, the onset and progress of ASR were confirmed by performing preliminary ASR detection
tests gection2.5.2. EXP-A was cured further for six additional months. After confirming the
presence of ASR, VAM tests were performed on the specimen. The details of these tests are given

in the next sction.

Figure4: Pockets of aggregate in the specimen during casting.

2.4.2. VAM test framework

In this section, we discuss the setup used for conducting VAM te&XB\. In VAM tests,
we deliver the pump and probe excitationsiggiiezestackactuators. We vary the locations of
these actuators, as well as the frequencies at which they operate (i.e., the pump and probe
frequencies). We measure the acceleration time history at various locations on the surface of the

test specimenaging a finite number of accelerometers. The relative magnitudes of sidebands at
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various accelerometer locations are used to map the damageirfd&iRd cracks) in the

component. We discuss the choice of various test parameters below.

2.4.2.1.Probe frequency

It has been suggested in the literature that the probe frequency should be 10 to 20 times the
pump frequency34]. This ensures that VANhduced sidebands do not interfere with the first few
natural frequencies, as well as higher harmonics of the purfrgimgency. However, attenuation
and test equipment (sampling frequency) capabilities may limit the highest usable probing
frequency. Considering these factors, we used probe frequencies ranging from 10 kHz to 21 kHz
(incremented by 1000 Hz) in our experim® given that the pump frequency is 920 Hz. The
probing frequency is related to the smallest detectable flaya&ikeTypically, higher frequencies
provide better resolution, but they also suffer from higher attenuation. In this study, we use a range

of probing frequencies to perfa the VAM tests o XP-A.

2.4.2.2.Pump and probe excitation amplitudes

In VAM tests, the probe excitation amplitude should be much lower than the pump excitation
amplitude[34]. An effective VAM is achieved when a lemmplitude probing wave rides the high
amplitude pumping wave. However, for a thick concrete specimen, if eatoplitude probe
excitation is used as an input, then the probing excitation energy at the damage site may be
negligible due to high material attenuation experienced at the higher (pretpagricy. Thus, we
experimented with pumfo-probe excitation amplitude ratios of 1, 2, 5, and 10. In our
experiments, the pump and probe excitations were delivered usingspiekoactuators. The ratio
of pump and probe amplitudes was controlled by varyfre voltage input given to the actuator.

That is, we changed the petikpeak voltage output for the function generator used to excite the

probing piezo stack actuator to experiment with different ratios of gomppobe amplitude. We
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used four amplitude for the peako-peak voltage difference provided by the probing signal
generator: 500 mV, 250 mV, 100 mV, and 50 mV. The output voltage difference for the pumping
signal generator was maintained at 500 mV. The pumping and probing signals were amplified
using an amplifier and sent to the pietack actuator. A constant amplification factor (+28 dB)

was maintained for all tests, corresponding to the maximum capacity of the amplifier.

2.4.2.3.Pumping and probing excitation actuators

As mentioned in Sectio®.3, for VAM-base damage localization in thick concrete specimens,
material and geometric attenuation can pose a significant challenge. In additiaimgaprac
considerations such as equipment limitations or safety considerations limit the maximum pump
and probe excitation amplitudes that can be used in a VAM test. In this work, we address these
issues by applying the pump and probe excitations at multqulations (referred to as
configurations) on the accessible surfacee®fP-A. The pump and probe actuators are placed
close to each other to ensure that the region surrounding the actuators receives suffieient dual
frequency excitation. If sufficiently ging actuators are available, then the pump actuator could
be placed at a fixed location near the centroid of the test surface, and the probe actuator could be

moved to test different regions of a large concrete structural component.

2.4.2.4.Specimen instrumentation and data processing

To test the damage mapping capabilities of the VBAded damage localization
methodologyEXP-A was divided into two halves, and VAM tests were performed with a grid of
21 accelerometers (PCB Piezotronics accelerometers, model muniieB352C68 and
PCB352C65) for each halfhe accelerometers were calibrated before testing to ensure accuracy.
Calibration was performed by applying excitations directly to the accelerometer using a handheld

shaker and ensuring that the accelerometerirgagas the same as the shaker outpiie
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sensitivity of all accelerometers, obtained by testing in the calibration shaker, was used in the data
acquisition program to account for minor changes in the same. The accelerometers were attached
to the specimenising wax.The pump and the probe actuators (PCB Piezotronics piezoelectric
disk actuators, model number PCB712A02) were placed at the center of each quadrant and the
center of the specimeifrigure5). In Figure5 (a), the blue and green circles represent the pump

and probe actuators respectively. The pump and probe locations form the test configurations and
are numbered 1 to 5 igure5 (a). For example, in configuration 5, shownFigure5 (b), the

pump and probe are located at the centroid of the top surface of the slab and the slab is instrumented
with 21 accelerometers on the top half of the slab. For each configuration, the data is recorded by
first populating the top half, and then paogihg the bottom half with accelerometefd.each
accelerometer, acceleration response is measured five times, each (acceleration response) record was
0.2 s long, and the sampling frequency is 128 kMzthe recorded acceleration time histories
contain neasurement nois&Ve | ¢ h 6 s [3fthand h dluttaldefined, 204&oint, fourterm,
symmetric, Blackmaarris window[38] is used to compute the linearesgrum (LS) for each
recorded acceleration time histofjhe LS for the five measurements is averaged and the values of

I | P3apd! | B JRgure6) were used to calculate the SBSum.
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2.5. Results

In this section, we first discuss numerical simulation results used to compute the approximate
likelihood function for Bayesian data fusion. Next, we discuss the results of preliminary tests
performed to confirm the presence of ASR, petrographic exammati@ VAMbased damage

localization.
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2.5.1. Likelihood computation for Bayesian data fusion

In this section, we discuss the details of the numerical modeling used to compute the model
based likelihood function. As discussed in Secidh3 we use a twalimensional domain with
internal breathing cracks as the numerical model for computing the likelihood funthien.
domain geometry, the crack locations, and the pump and probe locations used in our humerical
simulations are shown iRigure 7. The computational domain is 60.96 cm wide and 15.24 cm
thick. It contains a crack of length 12.7 cm at #thistkness (7.62 cm from the top surface). We
use a commeral finite element program (Abaqu39]) to perform numecal simulation. We
discretize the domain using a structured meshmdded finite elements. We employ an implicit
scheme for time integration of the governing equations and ensure that at least 10 computational
nodes are available over the smallest waivgih. We model the interaction at the crack interface
using a hard, frictionless contact condition. The material properties used in our simulations are

given inTablel [36].

o5 JP1 P2 WP3
E o1 Crack 1 Crack 2 Crack 3
>
0.05
0 L | | L Il | L
-0.3 -0.2 -0.1 0 0.1 0.2 0.3
x [m]

Figure7: Two-dimensional domain showing crack locations and pump/probe locations used for
likelihood computation.
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Tablel: Material properties used mumerical simulation for likelihood computation.

Material property Value
Youngdés modul us (E 27 GPa
Density () 2400 kg/ni
Poissonmndhs ratio ( 0.15
Mass proportional Rayleigh damping parameter (a) 2120.04
Stiffness proportional Rayleigitamping parameter (b) 1.787 107

We simulate the nonlinear wave propagation for different combinations of pump/probe
locations (labeled as P1, P2, and PBigure7), crack locations, probe frequency, and probe/pump
amplitude ratios (Amgobe/ AMpoump). We apply point loads in the (negative) Y direction at two
neighboring finite element nodes to simulate the dual frequency excitation provided by two
actuators. We record the time history of displacements on the top surface at all computational
nodes and¢ompute the SBum metric and the damage index for all nodes. In a given simulation,
the nodes located directly above the crack are the nodes for which the damage paraméter value
=1 otherwisg§ = O. Thus, we know t he i tamdweée domputatheo ut t
damage index§g at each computational node. In this manner, we can arrive at false positives and
false negative results at each node for each numerical VAM Tthst.matrix of VAM test

parameters used in our numerical simulationgyaren inTable2.

Table2: VAM test parameters used for likelihood computation.

Variable Values
Crack location Crack 1, Crack 2, Crack Figure7)
Probe frequency 10000Hz, 12000Hz, 14000Hz, 16000Hz, 18000Hz, 20000H:
AMpPprobe/ AMPoump 1,0.5,0.2,01
Pump/Probe location P1, P2, P3Rigure?)

In this manner, we compute ti$g: values for knownf g values for 216 VAM tests with

different test parameters (three crack locations, three pump/probe locations, six probe frequencies,
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and four probe to pump amplitude ratios). We count the false positives, false negatives, true
positives, and true negativs these tests to arrive at the following (approximate) values for the

likelihood function displayed iftable3.

Table3: Approximate values for likelihood functions

Likelihood Functions Approximate Values
0% pd p 0.653
0$ md »p 0.338
0$ py m 0.347
0$ ¥ m 0.662

VAM tests were conducted on a plain concrete slab specimen to perform ASR damage
localization. Details of the test procedure are described meXtAM tests, the pump and probe
excitations are delivered using pieiack actuators. The locations of these actuators and the
frequencies at which they operate (i.e., the pumppanioe frequencies) are varied. The structural
component of interest's response is measured using a finite number of accelerometers placed on
the element's surface. The relative magnitude of a sideliias#sl metric at various accelerometer
locations are el to map the damage (ASRduced cracks) in the component. The VAM test's
performance depends on the values of parameters used, as well as on the methodology used for
processing the data collected during a VAM test. The first fundamental frequency (9@thz

specimen is used as tfe
It has been reported in the literature that the probing frequéacy, , should be at least 10
to 20 times the pumping frequen34]. When the'’Q is N times the pumping frequency, it

allows for the crack to open and close N times in a pumping cycle. Thus, the ratio between the

pump and probe decides the opportunity (number of times per cycle of pumping vibrations) for
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modulation to occur. Following these guidelines, probing frequencies raingmdlLO to 21 kHz

were used in our experiments. Different probing frequencies are associated with the different wave
lengths that can detect different sized cracks. Higher frequencies can detect smaller cracks. A study
by Karve[35] showed the ideal probing frequency to be aboutr@ggihigher than the pumping
frequency. The highest frequency we could use, given our acquisition system and the sensor
sensitivity, was 21 kHz. The amplitude and location of the probing actuation were also varied in
different experiments. Specifically, wesed four amplitudes for the output voltage of the probing
signal generator: 500, 250, 100, orrBV. The output voltage of the pumping signal generator

was maintained at 500V. The pumping and probing signals were amplified and sent to the
piezostack atuator, and a constant amplification factor (€l was maintained for all tests.

Tests using multiple frequencies and configurations were conducted to ensure the cracks were
being consistently captured and to decrease uncertainty in localization. A umaxii 21
accelerometers was placed on the concrete specimen and connected to the data acquisition system.
The locations of these accelerometers were varied for each experiment. The accelerometers had a

sensitivity of 100mV/g.

2.5.2. Preliminary test to confirm the onset of ASR

The details oEXP-A used to conduct and validate the proposed ViBdded based damage
localization were discussed in Secti@w.1l Here, we prowe results of preliminary ASR
detection tests performed to confirm onset of ASR in the specimen. After curing the specimen in
aggressive (high temperature, high humidity) environment, the first indication of ASR damage
was detected using NIRAS. For NIRASsts EXP-A was excited using an impact hammer at four

different locations near the four corners of the top surface. Five different excitation (impact)
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amplitudes were used. The NIRAS technique showed amplitependent shift in resonant

frequency Figure8).
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Figure 8. Results of NIRAS test confirming the excitatiamplitudedependent shift in the
resonant frequency of the spaen. The plots show PSD of time history of acceleration at a point
on the surface dEXP-A.

The deformation measuremera$ EXP-A were not significant (as expected), since the
aggregates were only in a single layer 1thictkness at four locations in the slab (significant ASR
related expansion is only expected when the aggregates are distributed throughout the slab).
Hairline crackswere then observed on the surface of the specimen, and a gel effluent seeped out
of the sides of the specimen at three locationd=idjure 9, the red quares identify the three
locations where seepage of the gel effluent was obsdfiguke9 also shows images of the gel
effluent on the sides of theeampmen. The gel effluent wakssolved in 10 mL of 2% nitric acid,
and concentration of various chemical elements in the solution was obtained using inductively
coupled plasmaptical emission spectroscoplyabled). The elements typically found in the ASR
gel[40], [41] were found in the gel effluent, confirming that the substance was a product of ASR
(the high oncentration of sodium is due to the addition of NaOH solution).
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Figure 9: Preliminary indicators of ASR (a) Visually observed ASR gel and powder exudation
sites 1,2, and 3, as well as surface cracks on the top surfag@at (shown with red lines); (b),
(c), (d) ASR gel and powder effluent observed at the locations notayl in

Table4. Results of inductively coupled plasroptical emission spectroscapy

Element Concentration (mg/L)
Aluminum 1.3
Calcium 3.3
Potassium 520.0
Sodium 1,100.0

Sulfur 2.0

Silicon 1,600.0

2.5.3. Petrographic study

After confirming the presence of ASR (as discussed in se&ibrd, VAM tests were

conducted onEXP-A to obtain damage maps. After collecting VAM data for midtipest

parameters, the petrographic examination was performed to validate results of VAM tests. Here,

the results of petrographic examination are discussed first, before the VAM test results, in order to
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ease the future discussion of VAM test validatidbhus, approximately three years after casting,
core samples intersecting the aggregate pockets were extracted from the cement paste slab (see

Figurel10(c), compare withFigure4).

FigurelQ: (a) Specimen after removing the core sample from quadrant 2. The large gap, where the
silica layer was placed, is seen at fd&pth ofEXP-A, (b) core sample removed from quadrant 3,

(c) EXP-A after removing the core sample fincfour quadrants, (d) core sample removed from
guadrant 1, (e) core sample removed from quadrant 4.

Cores taken through the Maine aggregate (quadrant 1) and amorphous silica (quadrant 2)
pockets were unsuitable for analysis; the amorphous silica appednade completely reacted,
leaving a large void in the sample. No aggregate particles were identified in the Maine core.
However, trace evidence of ASR gel was observed lining a void on a fracture surface of the Maine
core, indicating that the aggregatadhmoved from its initial location during casting. A
petrographic examination conducted on the cores taken through the pockets containing the Ontario
and New Mexico aggregates (Quadrants 3 and 4 respectiveéigune 10) confirmed that the
significant damage and gel exudations observed were the result of ASR occurring in these

aggregate pockets. The examination was conducted using optical microscopes with reflected
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(polished section) as well as transmitted polarized light (thin section); and a scanning electron
microscope with backscatter emission (BSE) as well as energy dispersive spectroscopy (SEM
EDS) (thin section).

Examples of observed ASiRduced cracking and reamh products (gel) are shownkigure
11 (Ontario aggregate, quadrant 3) &igurel2 (New Mexico aggregate, quadrant 4). Numerous
microcracks were observed traveling from the aggregates into the paste, bridging between particles
and extending to the sides of the cores parallel to the surface indseth Perpendicular cracks
traveled from the aggregate pockets to the top and bottom of the cores as well. The abundance
and width of cracking was greater in the core containing the New Mexico aggregate. ASR gel and
crystalline ASR product comprised sificon, potassium, calcium, and a trace amount of sodium
were present in cracks within the aggregate, in cracks that extend into the paste, along the
paste/aggregate interface, and filling air voids in the paste. The calcium content of ASR gel at the
paste/aggregate interface and within the cement paste is known to increase over time as the
potassium and sodium are leached out and replaced by calcium from the cement paste, a
phenomenon known as alkali recyclifdR], [43]. An example of gel that has experienced
significant exchange of alkalis for calcium is shown in the lower rigkignfre12. ASR gel can
also crystallize over time when there is a loss of access to water. Crystalline ASR products such
as that shown iifrigure 11 were observed in cracks within both the aggregates and the paste in
both cores; this is consistent with the slab being stored in a dry laboratory environment for
approximately two years prior to coring. Cand dry conditions do not promote the development
of ASR or continued swelling of gels, thus the reaction would have likely ceased after being
removed from the environmental chamber for an extended period, during which continued drying

of the slab woul@lso have promoted crystallization of ASR gel.
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Figurell: Top: Micrograph in fluorescent light of thin section taken from Ontario aggregate core
showing extensive ASithduced microcracking extending both between and within ggtge
particles. Lower left and lower right: Backscatter electron (BSE) images of an area of interest
highlighted by white box in top image, and EDS point spectra of ASR gel on the left and crystalline
ASR product on the right at two locations within a &racthe limestone aggregate.
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Figure 12 Top: Micrograph in plangolarized light of thin section taken from New Mexico
aggregate core showing extensive ABRuced microcracking. The large (yellow) epeiied

crack extending @oss the full field of view shows a fracture through a limestone aggregate
particle which extends into the paste on either side. Lower left and right: Backscatter electron
(BSE) images showing oblique microcracking extending from the main fracture, @t
spectrum of ASR gel lining one side of the highlighted crack.
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2.5.4. VAM Test Results

In this section, we report the results of VAdMsed damage localization f&XP-A. As
described in sectioB.4.2 due to the limited number of accelerometers available for conducting
tests, we divide the slab surface into two halves. We record acceleration time history for each half
using 21 accelerometers, compute the corredipgriinear spectra, and obtain the SBSum metric.

We then plot the variation of the SBSum metric over each half using linear interpolation of the
SBSum metric obtained at the accelerometer locations. We juxtapose the damage maps for the two
halves in ordeto obtain a damage map for the entire specimen. Since there is no overlapping of
sensors in the two halves, it is assumed that this is reasonable. This is especially true for damage
mapping using the damage index defined above (equation 1), becausméye dadex is based

on the relative SBSum values for a given test. Next, we discuss the results of VAM tests conducted
on EXP-A in the context of: (a) the utility of the proposed Bayesian data fusion method, (b)
selection of suitable probe frequenciesdoncrete (or concretike) specimens, and (c) Bayesian

data fusion results showing damage locations in the slab.
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Figure 13: Variation of SBSunover the top surface &XP-A for pump frequency of 920 Hz,
probe frequency of 19 kHz, and probe amplitude of 250 mV(eja)SBSum plots for the five
configurations of pump and probe, (f) average of SBSum values plotted(&).(@he pump/probe

locatio n s
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numbers (1, 2, and 3), and the locations of core samples taken for petrographic examination are
denoted by dashed circles.

VAM test results for the probe frequency of 19 kHz, and probe amplitude of 250 mV (peak

to-peak) are shown iRigurel3. Subfigures (a) to (e) show thariation of SBSum on the surface

of the slab obtained by interpolating the SBSum values at 42 sensor locations for all five
configurations (i.e., pump/probe locations). The SBSum distribution changes with configuration,
affirming that different steadyate vibration patterns (nodes and antinodes of the standing waves)
as well as attenuation are at play. Different configurations identify different possible damage

locations (ASR gel/powder exudation points or surface cracks) by showing relatively higher

SBSum values at/near the damage sites. Subfigure (f) shows the average SBSum plot obtained by
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averaging the values of SBSum at each sensor over all the five different pump/probe locations
(configurations) Figure 13 shows a simple method (mean of SBSum data) for fusing data from
multiple test configurations. It can be seen that some of the test configurations show damage on
the top half of the slab, howavafter computing the mean, damage is seen only on the bottom half
of the slab.

We next compare two candidate alternatives of assimilating information from multiple VAM

tests: (a) computing the mean of SBSum data obtained from VAM kegts€14), (b) Bayesian

data fusion described h3.3(Figurel15).
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Figurel4: Variation of SBSum over the top surfacdeP-A for all five configurations (average),
pump frequency of 920 Hz, and probe amplitude of 250 mV; (a) probe frequency = 16 kHz, (b)
probe frequency = 19 kHz, (c) average of SBSum values from (a) and (b).
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Figurel5: Variation of damage probability (computed using Bayesian information fusion method
detailed in sectiof.3.3 over theop surface of the slab for all five configurations, pump frequency

of 920 Hz, and probe amplitude of 250 mV; (a) probe frequency = 16 kHz, (b) probe frequency =
19 kHz, (c) fusion of information from (a) and (b).

Figurel4 depicts the simple averaging scheme to combine VAM test data from two tests that
used different probing frequencies. Different frequencies may illuminate flaws of different sizes
ard help enrich the diagnostic information obtained using a VAM test, making this approach useful
for solving realworld diagnostic problems. However, it can be sedrignire14 (a) and (b) that
the magnitudes of SBSum values for these two test cases are différeritighest SBSum value
for the 19kHz-case is about fifteen times higher than that for th&H&case. The averaged
(fused) damage map defed inFigure 14 (c) appears to lose the information from the 16 kHz
damage map. Specifically, the higher SBSum values near (x,y) ~ (40, 35) cim Bepmel4 (a)
are drownedby the high SBSum values in the bottom half of the slabigure 14 (b). The
magnitudes of SBSum are different for different configurations. In an avbesgel data fusion
procedure, the high magnitude SBSum values from one configuration dominate the low magnitude
SBSumvalues from other configurations. This leads to loss of information. The key concept in
VAM -based damage localization is, however, the relative degree of SBSum values in a given
VAM test (not across different VAM tests). Therefore, it is not informativeverage the SBSum
data in its raw form across multiple tests. This difficulty is overcome by the proposed Bayesian
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data fusion method. In this method, first, the damage map in a given test is developed using the
observed damage index, then the resuttshfdifferent tests are fused using Bayesian updating, as
described in SectioR.3.3 The result of Bayesian data fusion for two tests (at probe frequencies
16 kHz and 19 kHz) is shown Kigure15. A careful observation dfigurel5 (c) shows that this
approach indicates high damage probability around (x,y) ~ (40ci®5)Thus, the proposed
Bayesian methodology prevents loss of diagnostic information while performing information

fusion.
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Figurel6: Damage probability maps f&XP-A (a) probe frequency = 10 kHz; (b) probe frequency
=15 kHz; (c) probe frequency = 20 kHz.

Figure16 shows the damage probability maps obtained by fusiclata from tests with four

probe amplitudes and five pump/probe locations, at three probe frequencies (10 kHz, 15 kHz, and
20 kHz). This figure represents the general trend in the damage probability plots as the probing
frequency increases. It can bersé¢eat the lower frequency is unable to detect any damage. The
wavelengths corresponding to lower frequencies are longer than those corresponding to higher
frequencies. Thus, the low frequency waves may be unable to detect flaws of small size. Our
numericd experiments suggest that in the VAM test, a true positive rate higher than 70% is
achievable if the ratio of flaw size to the shear wavelength in the material is greater #84).0.7
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The damage probability at a sensor location is dependent on the consistency of occurrence of a
high-enoughSBSumvalue at that sensor location. The plots showing low damage probability for
lower probing frequency imply that the higl&BSumvalues do not occur consistently at the same
sensor locations. The Bayesian updating algorithm correctly assigas dlamage probability to

these test results. Based on this observation, we use the data (five configurations and four probe
amplitudes) obtained for six probe frequencies (16 kHz, 17 kHz, 18 kHz, 19 kHz, 20 kHz, and 21
kHz) to arrive at the aggregated Wi-based damage maps for the skigrel7?). Figurel7also

shows the results of data fusion using an avera@88umvalues for all the tests.

The results obtained from the two data fusion techniques are subjected to validation
assessment usinghe ASR damage information obtained from petrographic examination
(discussed in section 3.1). According to the petrographic examination, only trace amount of ASR
damage was found in quadrant 1 (Maine). Diffused macro/micro cracking was not observed in the
core sample taken from this quadrant. In quadrant 2 (fHigare10(a)), the core sample showed
a large (about 1 cm thick) gap where silica wasqaaghile casting the slab. Cracks of this size
are typically not created by ASR gel expansion around aggregates. The applied pump excitation
was not strong enough to induce opening and closing of this large gapitisumet reasonable
to expect the pmosed VAMbased methodology to detect this large gap. Characteristic, diffused
cracking was also absent in quadrant 2 as there were no aggregates in this quadrant. Core samples
taken from quadrants 3 and 4 showed characteristic diffused macro crackimg] as ample
evidence of ASR. Thus, the damage localization methodology should be able to detect surface
cracks Figure9), and diffused cracking in qdeants 3 and 4. In fact, both damage mapgsgare
17 show high damage probability at/near the visible surface crdalgsiré 9) as well as in

guadrants 3 and 4. Overall, the damage localization method is able to locate damage at the expected
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damage sites (quadrants 3 and 4). It can also be sedmetBatyesian information fusion technique
produced the sharpest damage map. We remark that if the computational modeling required to
obtain approximate likelihood values is prohibitive (due to the computational cost), the average of
SBSum values can, potéally, be used for damage localization. However, this approach may be

susceptible to false positive results (as seen in the top Haljufel17 (a)).
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Figurel7. Damage maps fdEXP-A: (a) average of SBum; (b) Bayesian fusion of the damage
index.

2.6. Conclusion

In this chapter, the VAM technique was used to detect and localizedi&Rd damage in a
concrete specimen exposed to accelerated aging conditions in a laboratory setting. Specifically,
the VAM technique was applied ®©XP-A, a cement slab cast with four pockets of reactive
aggregates (known specific locations). A damage index based on sidgdvasent in the linear
spectrum of nonlinear dynamic structural response (acceleration) was used to map the distribution
of damage in the concrete specimen. We studied several practical aspects of data processing and
noise reduction involved in VAM tesig for real structures. We experimented with important test
parameters that affect the VAM results, such as locations, frequencies, and amplitudes of the probe

and pump excitations. For the slab specimen containing pockets of reactive aggregate at known
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locations, VAMbased damage mapping revealed damage signatures at locations that showed
visible signs of ASRnduced cracking (that could open and close due to the applied pumping
excitation). We proposed a Bayesian data fusion methodology to assimilatetheation gained

from the VAM tests with different test parameters and compared the results of this method against
simpler averagéased data fusion methods. The proposed Bayesian methodology can be utilized
with features of ASRlamagenduced nonlineadynamic structural response other than the
sidebandsased metric considered in this work. The VAldsed damage localization technique

was able to identify most of the known damage sites for the slab, as confirmed by petrographic
and chemical validation eeriments.

We remark that if a damage mechanism other than ASR induces nonlinear structural behavior
that creates sidebands in the spectra of the recorded response, the proposed method cannot
differentiate between the sidebands induced by this other misohand those induced by ASR.
However, it may be of interest to know the extent and growth of this other damage mechanism as
well. Thus, the proposed methodology may be applicable for localization of sidiellaicthg
damage mechanisms other than the A&Brk needs to focus on scaling up the technique to larger
scale, field implementation of VANdased diagnosis in realistic size concrete structures such as
those found in nuclear power plants. Consideration of realistic structures also requires the study o
reinforced concrete, extending from the plain cement slab considered here. One of the key
challenges is the number of sensors (accelerometers) needed to localize the damage. For a large
structure, it is not feasible to use a large number of acceleraytbenefore, the number of sensors
needs to be minimized. Wave sources that can illuminate parts ofwaam@lconcrete structure
with sufficiently strong vibration (to cause detectable VAM) also present challenges in the field

application of VAMbasedlamage diagnosis.
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CHAPTER 3

Damage Localizationin a Plain Concrete Specimen Using 2D Physics Modkiiformed

Machine Learning

3.1. Motivation

Both modelbased and moddtee methodologies have been use8itM studiefor damage
diagnosiq1] [44]i [47], as disussed in Chapter. The modelfree approach discussed@mnapter
2 for VAM-based damage localizatigd8] suffers from the following limitatiost a) the
methodology relies on relative values of damage indices measured at different sensor locations,
and hence requires the analystodés judgment t o
classification and localization; b) in Bayesian diagnosimputation of the likelihood of damage
at a sensor location given the damage index value and the threshold is expeasnatt{odology
above usedn approximate, averaged likelihebdsed method); and c) the methodology localizes
damage along two (surfacdimensions of the component but does not provide the location along
the third (depth) dimension. This objective investigates whether the above limitations could be

overcome by using supervised machine learning techniques and nonlinear wave physis model

3.2.  RelevantBackground

Machine learning (ML) models have an enormous capacity to learn complex, nonlinear
phenomend49]. Hence, they are wedluited for modeling nonlinear dynamics for complex,

heterogeneous materials like concretetlBsupervised and unsupervised techniques have been
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studied for concrete SHIA]. Unaupervised learning is typically used to extract damage sensitive
features from diagnostic dgq0]i [56]. In supervised learning, labeled tiaig data consisting of
the chosen model inputs (damage sensitive features) at different damage levels foivtbddeal
structure of interest is needed. As this data is typically not available, most of the past studies have
used numerical simulations atadeddown laboratory specimens for generating training as well
as validation datasets to localize damage-ain2ensiong51], [56]i [58]. Some investigations
considered realvorld structures and were limited to building and validating machine learning
models for structures for which labeled training data is avai[aBle

State of tke art for damage indexased SHM can be broadly categorized into: (a) simple rules
(e.g., thresholds) determined by domain experts by studying physics simulations of the test
procedure or laboratory test data floe test in questiof34], [48], [59], (b) ML-basedpattern
recognition using field or laboratogxperimentata[58], [60], [61], and (c) ML-based paé#rn
recognition usinglata generated by simulation models for the diagnostiptesess (different
test parameters, damage severity levels, damage locationfg8td§2]. The first category relies
on the expertbdés ability to assi mil madelsThenf or ma
second category requires labeled training data corresponding to known damage severities and test
conditions, which igypically difficult, expensive, and often impossible to obt&lere, we
investigate the utility of a hybrid approach, wherg/gicsinformed machine learning models
(models trained using simulation data) are used for the NDE of a laboratory specimen. An
overview of various physiemformed ML (PIML) strategies that could be used for SHM is
provided next.

PIML has mostly been &g for building forward prediction mode]60], [63]i [65]: these

could be used in prognosis to predict the quantity of interest or in diagnosis to compute the
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likelihood function while solving the invergeoblem. This chapter, dhe other hand, investigates
PIML for the more complex damage indeased diagnosis problem, which is tantamount to
learning the task performed by solvingiaverse probleni63], [64] without explicitly computing

the likelihood furtion. That is, the complex relationship between the damage index and damage
estimate, in effect, captures what a solution of the related inverse problem would have achieved.
Different types of approaches have been pursued in the literature for traimgdgrediction

PIML models[66], such as: (a) impose constraints establishedv&yphysics model on the loss
function while training the machine learning mof&3], [65], [67], [68} (b) use physics model
estimates as additional inputs to the ML model; (c) incorporate data obtained from a computational
simulation of the governing physics into the pool of training d&g&, [69], [70], and d) train an

initial ML model using data generated by the physics model, and then update, retrain or correct
this initial model withobservation data [12]n this work, we use ththird approach for damage
indexbased diagnosi¥Ve provide next a review of past PIML efforts for SHM.

Yuan et al63] used a PIML model for beam vibration as the forward model to be used in an
(iterative) inverse problem kdgion for beam structure health monitoring. They used artificial
neural networks (ANNsas the ML model and used the laws of physics to guide the back
propagation process. Similarly, Raissi e{@4] implementedan artificial neural networkANN)
training with observation data augmented by data from physics model runs, for solving inverse
problems in SHM. Rai and Mitrg2] used physics (finite element) models to extract damage
sensitive features to train a femward neural network for localizing damage in a simulated thin
aluminum plate. Herehe knowledge gained from governing physics simulations is implicitly used
to train the ML model (to decide the damage indices or the inputs to the ML model). Seventekidis

et al.[70] use physics model simulation data to train a health state classification ML model. They
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used a single fidelity physics model, which was calibrateth experimental data before
generating the training data. The resulting classification ML model was shown to be adequately
accurate in identifying simple damage states. Note that Yuan@Bpghave provided a review of
PIML methods for SHM. PIML has shown promise for applications in SHM and in vibration
based damage localization. Much bétprevious work has focused on building PIML models to
be used as forward models in the inverse problem solution for relatively simple physics (e.g., linear
vibrations of a beam). For complex (thdienensional) structures, with complex diagnostic tests
involving nonlinear system behavior, the damage idmbesed approach is desirable.

There are thus two main objectiviesthis chapter investigate whether the aforementioned
drawbacks of VAMbased damage localization could be overcome using ML-{ttaten mode}
based SHM), and explore the utility of physi@sed ML for tackling the training data related
challenges faced by dataiven modelbased SHM methods. We use computational physics
simulations to generate data for training the ML models. The catigoal cost involved in
numerical simulation of the nonlinear phenomenon of interest, for heterogeneous, three
dimensional (3D) domains could also be prohibitive in-veadld applications. Hence, ithis
researchthe governing wave physics is simulatedtwo-dimensional (2D) domains (under plane
strain conditions). The response data obtained from 2D finite element analysis (FEA) are used to
compute the corresponding values of SBSum (damage sensitive feature), which are then used in
the training data fosupervised ML models.

One example of a popular dataven surrogate model is an ANN. These networks use a series
of connected layers with multiple nodes and neurons, intended to represent synapse connections
in the brain. The models do not require poeg knowledge or empirical formulas, making them

desirable for many applications such as image and speech recognition, video games, consumer use
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predictions, and damage estimatibiput values feed into the ANN and pass through the hidden
layers before miving at the output value(s) for that set of inputs. Each time the input travels
through a layer, it is assigned a different weight. The learning method is called backpropagation,
where the difference between the output of the network and the actual sutpinimized[71].

The process is repeated, and the weights are updated until either the desired number of runs
(epochs) are completed, or the value of a loss function conveigese18shows a shallow neural

network with only one hidden layer.

Input Layer

Hidden Layer

QOutput Layer

Figurel8: Example of an artificial neural network.

Machinelearning models have been used to estimate damage, durability, and service life of
reinforced concrete and other compositieictured57]. The models can be either superdise
unsupervised. In supervised learning, the desired output is a known target. Estimating supervised
continuous target variables is known as regression, whereas the estimation of discrete target

variables, such as in this experiment, is known as cleasdn. In unsupervised, learning the
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output is unknown, so the model identifies patterns and relationships within tHéd%jatanlike
physics models, machidearning models allow for additional input variables to be easily
incorporated in the estimation model.

The simulatiorbased training data is usedthisstudyto construct two feeforward artificial
neural networks (ANNSs). The first ANN is used to predict the value of the damage index (SBSum).
Since the damage index is a continuous variable, this ANN is a prediction model that estimates
SBSum value at gngiven sensor location given test parameters and damage location as well as
extent. This model is referenced as the prediction model. The second ANN classifies the region in
the given sensor's neighborhood into two discrete categories, damage preaemgediabsent.
This ANN is a damage classification model. The performance of the trained machine learning
models is evaluated using simulation test data (2D FEA models) and laboratory test data (a cement
slab specimen previously investigated [48]). The methodology aims to overcome the
aforementioned drawbacks of VARBAsed damage localization methodology by building physics
modetinformed machie learning models to perform damage classification by learning the
damage index threshold from the training data, to facilitate computation of the likelihood of

damage given damage index data, and to estimate damage location in the depth dimension.

3.3. Methodology

This section provides theéetails of the computational model used to generate training data
and the proposed supervised ML models that facilitate M#sged damage diagnosis. Chapter 2
section®.3and2.4, discuss the details of VAM, the experiments that are being used for validation
(EXP-A), and the details of thedeparameters used.

Past research on damage localization using VAM in thick concrete slabs has primarily relied
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on either a fully datdbased (modelree) approach or a physics modbalsed approadl5], [48].

In a deterministic setting, an anakgsfined statistical metric (e.g., mean) of SBSum values was
used in previous work as the threshold SBSum value. This threshold was used to determine which
sensors indicated damage and to obtain theagdanmap. Here we explore whether for a given
damage metric (e.g., SBSum), supervised ML could be used to perform binary classification
(damage present v. absent) and thus implicitly infer a damage index threshold given multiple
parameters without the anatyhaving to select a threshold. Further, a probabilistic (e.g., Bayesian)
damagdocalization approach relies on physics models to obtain the likelihood function. Due to
the computational expense of simulating the complex governing physics, approxivesagéd)
likelihoods have been used in previous witR]. Note that this is a common aspect of many
damage diagnosis algorithms. These involve the solution of an inverse problem, which necessitates
multiple evaluathns of the forward model (to compute the error between estimated and measured
damage indices in a deterministic approach, or to compute the likelihood of observed damage
index value given a damage state in a probabilistic approach). In this work, wegetectte

utility of a computationally inexpensive ANbased surrogate (forward model) to aid the
likelihood estimation. In this manner, the classification model is ablsded generalization of
damage detection for concrete SHM. In contrast, the regressidel can be thought of as an
application of the welknown surrogate modeling approach, subsequently used in a Bayesian

estimation methodology for damage localization.

3.3.1. Physicsinformed, supervised machine learning for VAMbased damage diagnosis

Two VAM test simulation datdriven models are constructed for damage diagnosis. The first

approach builds a regression model that estimates the SBSum value at a sensor location. The
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regression model and VAM test (SBSum) data are used in a Bayesian damagesizgoathm,

where a search is done for the damage locations thdititbstobserved VAM test (SBSum) data.

The second approach employs the VAM test parameters as well as the measured SBSum values at
a particular sensor to classify the sensors asreaitkdgating or not indicating the presence of
damage. This is the classification approach, where each sensor location is classified into one of
the two categories: (1) damage present, or (0) damage absent. The details of the two models are

discussed in @ following sections.

3.3.1.1.Model structure and training

The choice of the ML model inputs and outputs is a critical consideration for successful
damage diagnosis. In this work, the choice is made based on a phenomenological understanding
of the VAM test setuprad the wave physics governing the problem of interest. The two ML models
built to facilitate damage diagnosis have different purposes. The regression model aims to estimate
the damage index (SBSum) value for a given damage state and test configuragivarasansor.

The output of this model is thus the SBSum value at a given sensor location. The input should
include all parameters that affect the SBSum value: VAM test parameters as well as damage
location and size. The SBSum value at a sensor may @lafideted by the distance of the sensor

from the pump/probe excitation location. This effect can be accounted for in the model by
providing the sensorbds | ocation to the regres
test specimen may alsofeft SBSum values. However, it is unlikely that precise knowledge
regarding the material state and constitutive behavior in the structural component to be tested will

be available for performing damage diagnosis. Hence, the regression model estimatemte d

index value given the test parameters, crack location, crack extent, and the sensor location relative

to actuator locations. This model can then be used to determine the location of damage by solving
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the inverse problem, given experimental data db&MB values at different sensors for a given dual
excitation.

The classification model, on the other hand, aims to directly identify the presence or absence
of damage in the vicinity of a sensor. The output of the model is thus a binary indicator (1e damag
present, 0: damage absent). The input includes important test parameters, location of the sensor,
and the damage index (SBSum). In addition to these quantities, the classification model needs to
assess the relative SBSum value at the sensor in questiqaied with other sensors in the VAM
test. VAM-based damage localization works by finding the sensors that have relatively higher
SBSum values in a test. To provide this information, a statistical metric (e.g., mean) of the SBSum
values could be providedd the classifier. Note that it is not specified that an SBSum value above
the mean SBSum value implies the presence of damage. Instead, the classifier learns the
(potentially testparameteddependent and senslocation dependent) SBSum threshold value
from the training data.

The importance of the inputs chosen for both ML models is confirmed by performing an
analysis of variance (ANOVA). In this manner, the structure of the two ML models is decided
based on insights obtained from the physics of the VAdfipprocess as well as statistical analysis
(ANOVA). Practical considerations in manufacturing and testing slab specimens with hidden
cracks situated in predetermined locations make it difficult to develop a supervised learning model
using only experimentadata. Hence, in this work, a computational physics model is used to
simulate VAM tests with different damage configurations and VAM test parameters. A brief

summary of this model is provided next.

3.3.1.2.Computational physics models for vibreacoustic modulaton

In this section, we describe the nonlinear wave propagation model used to simulate VAM tests
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in this work. Various nonlinear craickave interaction models, such as classical nonlinear
elasticity, stiffness asymmetry (bilinear stiffness), hysteresislineam dissipation have been

reported in the literaturgr2], [73]. Here, we employ a contact acoustic nonlinearity (bilinear
stiffness) model, to simulate a brittle, frictionless, internal (hidden) crack. édelrthe geometric
nonlinearity at the crack faces as a contact nonlinearity that does not exhibit cohesion between the
contact surfaces. The equations governing wayv

given by[34]:

a0 "0 Eled nmh ®
ai= 4 &£led 3 h X
1O Ale® 3 h P

whered ef0 is the Cauchy stres$, efd is the displacement, is the density;| (efd is the
prescribed traction at the Neumann boundéry,efd is the prescribed displacement at the
Dirichlet boundary, and dependance on spatial and temporal coordinates is dropped for brevity in
the governing equations. We use linear elastic stfisiplacement as well as constitutive model

for the material. Forhe brittle, frictionless crack, the displacemdependent(nonlinear)
boundary condition is modeled by specifyi%hg , when the crack is open a1ﬂd t= , when

the crack is closed, wherk is the magnitude of the compressive forémalytically, this
corresponds to hard contact condition, where the two crack faces do not impart force on each
other when they are not in contact. The surfaces can impart any amount of pressure (compressive
force) on each other when they are in contact, and penetration of one crack face into another is not
allowed. Note that the frictionless contact implies that the interaction force between two crack
faces is applied only in the normal direction (and not intdingential direction)The governing

eguations are cast in their weak form, and upon spatial discretization using the finite element
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method, we arrive at the discretized system of equations. We solve the governing equations using
a commercial finite elenm program (Abaqui89]). Further details about the comatibnal model

can be found i35]. A detailed discussion of different (finite element) modeling techniques for
contact acoustic nonlinearity can be foundilid].

Even with a few simplifying assumptions (e.g., homogeneity with smeared properties), the
simulation of nonlinear wave propagation in thddmensional media is computationally
expensive. The geometric nonlinearity at the crack interface necessitates the employment of an
implicit time-integration scheme for the simulations, which increases the computational burden
significantly. For theslab specimens considered in this work, finite element simulation of one
VAM test for a 2D domainr{) representing a vertical cressction of the slab), which does not
fully capture the true (3D) nonlinear wave propagation, takes approximately 1 hotie Giner
hand, finite element simulation of a VAM test for a 3D domaijrdpresenting the entire slab)
takes about 45 hours. One of the goals of this study is to evaluate whether damage index variation
pattern (across sensors) learned from the approxi@Besimulation model could be used for
damage localization in realorld (3D) structures, given the prohibitive computational effort of a
3D simulation.To this end, we simulate the governing nonlinear wave physics for a 2D domain.
This approximate modés$ used for generating training data for supervised learning models used

for diagnosis and discussed in the next section.

3.3.1.3.Damage localization using the regression model

In this approach, a surrogate model is built for the phenomenon (nonlinear dynathies in
present case) underlying the diagnostic test procedure. This model uses the (candidate) flaw
locations and test parameters to predict the damage index (SBSum) value at different sensor

locations. Thus, the regression model is a surrogate for thertbmadel. To perform diagnosis,
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an inverse problem needs to be resolved. In this article, the regression model is coupled with a
Bayesian estimation algorithm to diagnose the location and extent of damage in the domain of
interest. The Bayesian approacpresents the state of knowledge about the values of parameters
of interest through the use of probability distribution functions. The updated knowledge (i.e., the
posterior distribution) about a parameter is obtained by combining prior knowledge (based on
intuition, experience, model prediction, prior data, etc.) and observed data. The observed data is
included in the (Bayesian) inference algorithm by computing the likelihood of observing the data
for a given value of the parameter.

In this work, the locabn of the centroid of the cracKdack), the crack lengtiiLcrack ), and
the crack deptliZcrac), are the quantities to be estimated. The Bayesian update equation for this
estimation can be written :as

0 PSYS "YO®ID Y6 "Y&Gz 0 P h w

where0 P is the prior distribution of the parametd®sto be estimated) "Y6 "Y&4 is the
likelihood, andd PSY6 "Yo i§ the posterior distribution d®. HereP is a vector, with three
components, i.edi= Xcrack, 2= Lcrack ,03= Zcrackare thehree model inputs to be calibratétgure
19). We use uniform priors spanning the extent of the test specimen &y, P(L), and P¢s)
since we do not know the crack location, length, and depth a priori. Usipgetiietion ANN
model and Markov Chain Monte Carlo (MCMC) simulations, the posterior distributidp abf
and dz is computed. MCMC algorithms are sequential sampling methods commonly used in
solving complex integration and optimization problems. Samfrtas a continuous random
variable are used to eval ua tHastings (MH algodhmlise 6 s p
used here for samplifigg], [75].

VAM -based damage localization fuses damage state information obtained from multiple
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VAM tests with different test parameters (i.e., excitation frequencies, amplitude ratios, etc.).
Bayesian estimation incorporates information from various VAM tests whefuaging a
variabl ebés posterior. Damage maps are <created
posteriors and taking an average of the sampled damage locations. This method is computationally

expensive since three parameters are estimated in G1€liMulation.

e il Lok 012
| 008 E
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Xcrack: 0
-0.3048 -0.1524 0 0.1524 0.3048

Figure19: Computational domain with a single crack and geometric parameters that define crack
location and size

3.3.1.4.Damage localization using the classification model

This model uses the damage index (SBpand other relevant test parameters to determine
whether damage is present or absent in the vicinity of the given sensor. The model needs to learn
the relationship that separates the damage index observed at a sensor in the vicinity of the damage
from a £nsor away from the damage while considering the context provided by test parameters
and other relevant information (e.g., SBSum values in the neighborhood). In supervised learning
for a classifier, the inputs need to be carefully chosen. A large inpng By increase the training
time, and not including important variables as inputs may lead to poor accuracy.

In a training data set, where multiple inputs and corresponding outputs are available, analysis

of variance (ANOVA), a type of statistical hype#sis testing, could be used to determine the
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importance of each input parameter. In selecting inputs for the model, we wséua pthreshold
of 0.05 in this paper, i.e., if theyalue for any input is less than 0.05, it is included in the model.
The danage identification model thus incorporates selected VAM test parameters and the damage
metric (SBSum) as the input, and the damage indicator as the output. The damage indicator has a
value of 0 or 1, where 1 indicates the presence of damage, and O mtheaddsence of damage.
The training data are obtained from numerical simulations. The details of training data generation
are discussed in secti@m.1

Due to fhysical (geometric and material attenuation) and practical (measurement noise, sensor
density, equipment limitations, etc.) consideratif3ts, [48], VAM-based damage loczétion
has to rely on assimilating damage state information obtained from multiple VAM tests with
different test parameters. The damage classification model provides damage state information at
each sensor for all VAM tests. A methodology is thus neasleddimilate the damage diagnosis
for all VAM tests performed on the specimen of interest. To this end, the classification results
(damage = 0 or 1) from all VAM tests are averaged at all sensor locations. If this average is greater
than 0.5, that locatiois identified as damaged. In creating the damage map, the region between
adjacent sensors that indicate damage is also assumed to be damaged. The centroid of the cluster
of adjacent sensors showing signs of damage is used to estimate the crack cemigadtloleak
axis, and the distance between the extremities of the cluster is used to approximate the crack length.
The classification model is thus used to estimate the hidden crack location as well as size.

The classification model only provides damagetmn along the % (horizontal) plane (no
estimate of damage depth), whereas the regression model also provides the damage depth (in
addition to the damage location in the horizontal plane). The classification-besksl diagnosis

is computationally inegpensive (i.e., a few seconds to perform diagnpsikereas the regression
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modelbased diagnosis is computationally expensive (i.e., abe82 3urs to perform diagnosis

due to the use of Markov chain Monte Carlo sampling for constructing the postsiridrution).

A combined approach is thus utilized, which involves obtaining the damage location first on the
x-y plane using the classification model and then the damage depth using the regression model
(described in the previous subsection). To this é&mel parameterd; and d> (defined in section
3.3.1.3above) are fixed at the estimated crack location and length from the classification model,
and Bayesian estimation is performed (using the regression model for likelihood computation) to
estimate the third parameter, damage deghThis technique is computationally less expensive
than the procedure outlined in sect®f.1.3since only one parametis estimated using MCMC
simulations.

In summary, two damage diagnosis approaches are investigatgoe 20). In the first
approach, Bayesian estimation is uselbn@ with the trained SBSum regression model) to
determine the posterior probability distributions of the crack centroid, length, and depth. The
second approach is a combined approach, where the damage classification model is used to
determine the centroifbr the crack and crack length, and then Bayesian estimation is applied
using the regression model to determine the posterior for damage depth. The second approach is

computationally cheaper than the first approach.

Damage Centroid,

Bayesian Sample from
i Depth, and Length pdf's P

VAM test L - :
VAM Test dat:s $ Estimation using Posteriors
emlirameters prediction model and Average

Crack Centroid i Damage Depth
N Bayesian Sample from
Classification | and Length . y_ . pdf P . Damage
Estimation using e Posterior g
Model . Probability
prediction model and Average

Figure20: Two different damage diagnosis approaches to determine the damage map. The top row
shows the Bayesian Estimation approach using only the prediction model, whereas the bottom row
shows the approach using both classification and Bayesian estimation
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3.3.2. Validation Methodology

The proposed methodology is validated by performing VAM tests on a cement slab containing
pockets of reactive aggregate at known locations (BXPThe slab was cast and cured in an
aggressive (ASkRhducing) environment in the labdoay. The ASR gel formation and the
subsequent expansion around the reactive aggregates induce internal macovaoieng in the
slab. The occurrence of ASR in the slab was confirmed by performing cheesitsaon the gel
effluent[48]. VAM tests were then carried out to collect test data, which are used in this paper for
validation of the ML models. After completing the VAM tests, cylindricales were drilled out
of the slab, and a petrographic examination of the cores was performed. The petrographic study
revealed the approximate locations of the internal micro/macro cracks due to ASR. The details of
slab casting, curing, chemical testipgtrographic study, as well as the VAM tests performed on
this slab, can be found in secti@nl.

The VAM test data for this slab was collected using a rectangyiadr of sensors
(accelerometers) placed on the surface of the slab. The ground truth about damage
presence/absence for the laboratory slab specimen is obtained by performing petrographic study
[48] and destructive testing (breaking the slab open) as described above. As the data used for
training the ML models are obtained using a 2D finite element model, the damage in the cement
slab specimen idiagnosed along each vertical slice containing a row of sensors on the top edge.
That is, each row of sensors installed on the surface of the slab is evaluated separately, and then
the results are synthesized to create the damage map. Based on thergtbuadarding damage
presence/absence, the accuracy, sensitivity and specificity of the proposed methodology, when

applied to the experimental specimen, is evaluated. The mathematical definitions of these metrics
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are given by:
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A practical challenge in using simulatitwased training data for diagnosing damage in a

laboratory specimen is that the exact magnitude of thefdegaiency force applied in laboratory
experiments is mown. Furthermore, the geometric attenuation in 2D models vs. 3D specimens
is different in magnitude, and it is difficult to quantify this ratio for all sensors using a simple
analysis. As a result, the damage indices (SBSum values) for training datalamokld data may

differ by an order of magnitude. We overcome this challenge by leveraging the key principle
underlying VAM-based damage localization: the methodology reliesetative values of the
damage index at all sensors in a given VAM test (atdn the absolute values). Keeping this in
mind, the SBSum values obtained from the 2D model runs are sscgdd up or down to match

the experimentally obtained SBSum values. A series of FE analyses are performed at multiple
excitation amplitudes, and linear regression model showing the relationship between the
excitation amplitude and the SBSum is built. The FEA data can then be appropriately scaled so

that the experimental SBSum values and FEA SBSum values are of the same order of magnitude.

3.4. SupervisedMachine Learning
3.4.1. Training data generation

As described in Sectio®.3, two-dimensional (2D) finite element models simulating VAM
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tests for multiple crack sizes and locations are used to generate the training data. ANN models are
trained using data obtained frdhis 2D analysis. The domain geometry and the pump and probe
excitation locations used in the numerical simulations are shokigunel9. The pump and probe
actuatos are placed at the same location for each simulation. The computational domain is
60.96cm wide and 15.24m thick. It contains a single crack, placed at different locations and of
varying lengths. All of the locations for the single cracks used areagliesplinFigure 22. The
commercial finiteelement program Baguswas used to perform numerical simulations. The
domain was discretized using a structumeesh of 8noded finite elements. An implicit scheme
was employed for time integration of the governing equations and ensured that at least ten
computational nodes were available over the smallest wavelength (0.068 m). The interaction at the
crack interfae was modeled using a hard, frictionless contact condition. The material properties
used in these simulations are giveable5. The parameters used ¢onducting VAM tests on
this numerical specimen can be found in

Table6. Our past researdB5] reported studies that evaluated the diagnostic performance of
VAM tests for different ratios of flaw size to probing wavelength. The study showed that VAM
based hidden crack diagnosis shows acceptable values of sensitivity and specificity when the crack
length is approximately equal to or longer than the smallest probing wavelength (0.068 m in this
case). Hence, most of the crack lengths in

Table 6 are geater than or equal to 0.06 m. Acceleration thistory data is recorded at
sensors located along the top edge of the specimen and is used to calculate SBSy8bjalues

Since the proposed methodology is to be validated using data obtained from actual VAM
experiments performed on ament slab, the SBSum values for a given laboratory test

configuration (probe excitation amplitude, probe excitation location, etc.) are compared with
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corresponding SBSum values from the numerical simulations. It is found that the experimentally
measured BSum values are higher than the 2D FE#sed values. These higher SBSum values

are due to the physics model discrepancy, as well as the difference in input excitation magnitudes.
In this work, we do not quantify the physics model discrepancy. Insteadhaue¢tly, through

scaling of the data) adjust the excitation amplitude for simulations to ensure that SBSum values
for training (simulation) data and validation (experimental test) data are similar in magnitude. Note
that the damage diagnosis processede on the relative values of the damage index (SBSum),
and if all SBSum values for all tests are multiplied by a scalar, the diagnosis results will not be
affected. To establish that input excitation magnitudes indeed affect SBSum values, the correlation
between SBSum values in a VAM test, and the probe excitation amplitudes (the pump excitation
amplitude was constant across all tests) is studied for numerical simulatioRgy(se21). These

two quantities show a strong positive correlation, with a Pearson correlation coefficient of 1. This
implies that SBSum values of magnitudes similar to those obtained from simulation data could be
obtained using laboratory testg keducing the probe excitation amplitude by a scalar factor (less
than 1). As reesting the specimen with different probe excitation amplitudes is ectimsuming
process, in this work, we scaled the simulati@sed SBSum values by a scalar factora(gre

than 1). Given the range of experimental SBSum values, the approximate value of this the scalar
multiplier is found to be 1000. Since the relationship between the excitation amplitude and SBSum
is linear and shows a very strong positive correlatibhh@ SBSum values from simulation were
multiplied by 1000After the scaling, the simulatieimased training data SBSum values and

laboratory test SBSum values exhibit the same order of magnitude.
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Figure2l: Scaling the 2D simlation model outputs: data and regressian fit

Table5: Material properties used in the 2D FEA model

Material property Value
Youngd6s modul us (E 27 GPa
Density () 0.15
Poissonds ratio 2400 kg/mi
Massproportional Rayleigh damping parameter (a) 2120.04
Stiffness proportional Rayleigh damping parameter (b) 1.787 107

Table6: Test parameters for the 2D FEA madel

c Centroid (x- Depth from Amplitude Ratio Frequency Ratio Pump/Probe
rack directi Length  Surface (z i
# irection) [m] direction) (probe/pump) (probe/pump) Actuator Location
[m] [m] Ramp Rireq [m]
1 -0.1524 0.12 0.0762 1,05,0.2,0.1 10,12,14,16,18,2( -0.1524, 0.0, 0.152¢
2 0 0.12 0.0762 1,05,0.2,0.1 10,12,14,16,18,2( -0.1524, 0.0, 0.152¢
3 0.1524 0.12 0.0762 1,05,0.2,0.1 10,12,14,16,18,2( -0.1524, 0.0, 0.152¢
4 -0.1016 0.12 0.1016 1,05,0.2,0.1 10,12,14,16,18,2( -0.1524, 0.0, 0.152¢
6 -0.1016 0.12 0.0762 1,0.5,0.2,0.1 10,12,14,16,18,2( 0.0
7 -0.1025 0.06 0.0762 1,05,0.2,0.1 10,12,14,16,18,2( -0.1524, 0.0, 0.152¢
8 0.0752 0.06 0.0762 1,05,0.2,0.1 10,12,14,16,18,2( -0.1524, 0.0, 0.152¢
9 -0.1524 0.06 0.1016 1,05,0.2,0.1 10,12,14,16,18,2( -0.1524, 0.00.1524
10 0.1524 0.02 0.1016 1,05,0.2,0.1 16,18,20 -0.1524, 0.0, 0.152¢
11 0.1016 0.09 0.0762 1,05,0.2,0.1 16,18,20 -0.1524, 0.0, 0.152¢
12 -0.05 0.02 0.085 1,05,0.2,0.1 18,20 0.0
13 0.03 0.06 0.085 1,05,0.2,0.1 18,20 0.0
14 0.1016 0.09 0.085 1,01 18,20 0.1524
15 0.1016 0.09 0.095 1,01 18,20 0.1524
16 0.1016 0.09 0.1016 1,01 18,20 0.1524
17 0.1016 0.09 0.0508 1,01 20 0.1524
18 0.1016 0.09 0.02 1,01 18,20 -0.1524, 0.0, 0.152¢
19 -0.1016 0.09 0.02 1,0.5,0.20.1 18 -0.1524
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Figure22: The domain geometry and crack locations used in the numerical simulations, only one
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crack is present in the specimen domain for a given simulation

3.4.2. ANN model training evaluation

estimates the SBSum value for a candidate crack location.eEbad model classifies the given
sensor as showing the presence or absence of damage. In training both the neural networks, first,
the weights were randomly initialized as values betw&eamd 1 for the given inputs. Both models

were trained using a leang rate of 0.1. The number of layers and the number of neurons in each

layer are optimized to decrease errors in predicting the testing data. In order to train the
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classification and regression models, the available (115,538) data points for cfaaks 619
(Figure22) were randomly split into training (70%), testing (15%), and validation data (15%). Due
to the random splitting of the data, information for any one given crack location could be present
in all three data sets since the 115,538 data points were obtained using combinations of 6 excitation
frequency ratios, 4 excitation amplitude ratios, 3 pump/ probe locations, and SBSum values at
varying numbers of sensor locations (149 to 197 sensors depemding number of nodes on the
top edge (mesldependent)) in each VAM test simulation for 18 different crack locations.

For the regression neural network, the accuracy is quantified using the mean squared error
(MSE). MSE is the average squared differelnesveen the ANNoredicted values of SBSum and
the FEAgenerated values. For the damage classification neural network, the accuracy is calculated
using the metrics defined in equatiodf)( (11) and (L2). A grid search is used in optimizing the
hyperpararaters of the ANN models; the set of hyperparameters that yield the highest cross

validation accuracy are selected.

3.4.2.1.Regression Model

The inputs for this model include the frequency ratiedFof the pump and probe excitations,
the amplitude ratio (R of the pump and probe excitations, the location(xFigure19) of the
centroid of the crack, the depth of the crack from the surfageZigurel19), the crack length,
the location of the pump/probe excitationgdand the location of the sensorséxso). See

Table6 for various combinations of the inputs. The output is the SBSum value. In the data
pre-processing phase, all inputs and outputs are normalized to zero mean and unit standard
deviation. ANOVA was conducted on this data to determine the importance of each input
parameterFigure23displays the grvalues for each input and their interactioAdl. the inputs had

p-values less than 4xT0confirming that all 7 inputs are important and need to be used in the
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regression model. The prediction fefedward neural network to estimate SBSuRig(re 24)
consists of two layers. The first layer has 16 nodes, and the second has 8. The Levenberg
Marquardt method was used as the training algorithm with a least stpsasr&snction[76], [77].

This network converged after 488 epochs. Early stopgi@fj using information about the error

of the crossvalidation data, was used to prevent the ANN model from overfitting to the training
data. Using the 15% randomly selected cneglation data, the crosalidation error was found

to be approximately 25%.
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Source LogWorth PValue

pp_loc*x_crack 3861.062 ] 0.00000
y_crack 2122079 = 0.00000
Amp_Ratio 2013.810 I 0.00000
pp_loc*x_crack*y_crack 1786.389 T 0.00000
Amp_Ratio*pp_loc*x_crack 1708.536 T 0.00000
Amp_Ratio*y_crack 778100 B 1 0.00000
Amp_| *pp_loc*x_crack*y_crack 673.768 = 0.00000
F_Ratio*x_loc*x_crack 150.886 ] 0.00000
F_Ratio*pp_loc*x_loc 122918 IR 0.00000
F_Ratio*x_loc*x_crack*y_crack 57.759 2 0.00000
F_Ratio* Amp_Ratio*pp_loc*x loc 49.924 | 0.00000
F_Ratio*Amp_Ratio*x_loc*x_crack 49.624 | 0.00000
F_Ratio*pp_loc*x_loc*y_crack 44912 | 0.00000
x_loc*x_crack 40313 : 0.00000 A
pp_loc*x_loc*y_crack 25.104 i1 1000000 A
F_Ratio*pp_loc*x_crack"y_crack 23554 : i 000000
pp_loc'y_crack 21643 : : 000000 A
F_Ratio*Amp_Ratio 20.802 : © 000000 A
F_Ratio*Amp_Ratio*x_loc*x_crack*y_crack 18.955 P i | 0.00000
x_crack*y_crack 18444 P i 000000 A
pp_loc 18275 o {1 000000 A
x_crack 16.771 i P 0.00000 ~
F_Ratio*Amp_Ratio*pp_loc*x_aack 16.265 P : | 0.00000
F_Ratio*Amp_Ratio*pp_loc*x_loc*y_aack 16.147 P i 000000
F_Ratio 15.022 P i 000000 A
Amp_Ratio*x_loc*x_crack 13.384 i i1 000000 A
F_Ratio*Amp_Ratio*y_crack 11.002 i i 000000 A
x_loc*x_crack*y_crack 10.940 P i1 000000 A
Amp_Ratio*pp_loc"y_crack 7.068 P © 000000 A
pp_loc*x_loc 6214 i i 000000 A
Amp_Ratio*pp_loc 6.177 . © 000000 A
Amp_Ratio*pp_loc*x_loc*y_crack 6.089 P i 000000 A
Amp_Ratio*x_loc*x_crack*y_crack 5.524 . © | 000000 A
Amp_Ratio*x_crack*y_crack 5.428 i o4 © 1000000 A
F_Ratio*pp_loc*y_crack 4992 I i 000001 A
Amp_Ratio*x_crack 4964 [ i1 000001 A
F_Ratio*pp_loc 4749 il P i 000002 A
F_Ratio*Amp_Ratio*pp_loc*x_crack*y_aack 4.720 B i L1 000002
x_loc*y_crack 4497 [0 P i1 000003 A
F_Ratio*x_crack"y_crack 3.997 il P © 000010 A
F_Ratio*x_crack 3.689 [l : P i 000020 A
F_Ratio*y_crack 3516 1 i i1 000031 A
F_Ratio*Amp_Ratio*x_crack"y_crack 3455 1 P © 000035 A
F_Ratio*Amp_Ratio*pp_loc 34421 P i1 000036 A
x_loc 3388 fljl P i | 000041 A
F_Ratio*Amp_Ratio*pp_loc*y_cack 3260l i i 000054 A
F_Ratio*Amp_Ratio*x_crack ERELN I P .. | 000065 A
Amp_Ratio*x_loc*y_crack 211 P i L 000775 A
Amp_Ratio*x_loc 17821 P i 001651 A
pp_loc*x_loc*x_crack*y_crack 1481)] P i 003307
pp_loc*x_loc*x_crack 137131 ¢ P i 004237 A
F_Ratio*Amp_Ratio*x_loc 1.006 )| P i 009864 A
F_Ratio*x_loc 0936 P i 011600 A
Amp_Ratio*pp_loc*x_loc*x_crack®y_crack 0864 o © 013669
Amp_Ratio*pp_loc*x_loc*x_crack 0805 ! P i1 045673 A
F_Ratio*pp_loc*x_crack 0755 P i1 | 017580 A
Amp_Ratio*pp_loc*x_loc 0508) | : Pl C 031072 A
F_Ratio* Amp_Ratio*x_loc*y_crack 0365/ | : P i 043132 A
F_Ratio*Amp_Ratio*pp_loc*x_loc*x_crack"y_aack 02s0| | P .| 056292
F_Ratio* Amp_Ratio*pp_loc*x_loc*x_cadk 0237 | ! P i1 | 057942 A
F_Ratio*pp_loc*x_loc*x_crack"y_crack 0224 | : P i | 059760 A
F_Ratio*pp_loc*x_loc*x_crack 0212 | : 1 © 061433 A
F_Ratio*x_loc*y_crack 0136 ' i i1 1073165 A

Figure23: p-values results for each input and their interactions using ANOVA

70



Figure24: Regression model with seven inputs (VAM test and damage parameters), one output
(SBSum), and two hidden layers of five neurons each

3.4.2.2 Classification Model

ANOVA was conducted on many possible model inputs, including SBSum, excitation
frequency ratio (R, excitation amplitude ratio @Ry, pump and probe excitation actuator
locatiors (Xpp), mean SBSum for each test (), and sensor location £Xso), with the output
being the damage indicator {0,1Figure 25 displays the gralues for eeh input and their
interactions. Although the X location of the sensor, pump and probe location, and frequency ratio
are not significant for damage prediction on their own, their combined effects are very significant
in the damage prediction modall of these inputs hadpalues smaller than 0.05, indicating that
all were significant in damage estimatidrne input parameters with the smallestglues were
SBSum and Rnp, Which had values smaller than 110"he damage classification model thus
incorporates selected VAM test parameters, the damage metric (SBSum), and the mean SBSum of
each sensor for every VAM test, as inputs to the model. The use of mean SBSum allows the model

to learn if a sensor had a relatively high SBSum compared to otisarsen the same VAM test.
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Source LogWorth PValue

SBSum*pp_loc*x_loc 937.517 [ i i | 0.00000

pp_loc*x_loc 265.619 | 0.00000 ~
Amp_Ratio*pp_loc*x_loc 208.922 | 0.00000

F_Ratio*SBSum*pp_loc*x_loc 157.680 | 0.00000

F_Ratio*pp_loc*x_loc 120.617 ) i i | 0.00000 ~
F_Ratio*Amp_Ratio*SBSum*pp_loc*x loc 45.119 | 0.00000

F_Ratio*Amp_Ratio*pp_loc*x loc 35.596 | 0.00000 ~
sBsum 22558 [1 : 001 | 0.00000 A
F_Ratio*SBSum 12.144 [ Pob 0 1 | 0.00000 A
Amp_Ratio ost8fl 0 ¢ ¢ ¢+ f 0 ¢ |D.00000 A
F_Ratio*Amp_Ratio*SBSum soe6 [l i i b0 0.00001 *
Amp_Ratio*SBSum 46800 | ! P 0.00002 ~
F_Ratio*Amp_Ratio sos1fdl: ¢ ¢ ¢ ¢ i 0 . ¢ |o0.00083 A
x_loc 17970 0 b 0 0 b 0 001595 A
F_Ratio 1664l b b 0.02167 *
F_Ratio*SBSum*x_loc a4l 0 bbb D 003768 A
pp_loc waafll i bbb b 004558 A
SBSum*pp_loc 0.694] | 0.20231 »
SBSum*x_loc 0659 ¢ P i i b 021941 A
F Ratio™ loc o587 i i i i 1 @ i |025854 4
F_Ratio*Amp_Ratio™_loc oss| f o i b b |o27em A
F_Ratio*Amp_Ratio*SBSum*x_loc o411 ¢ i i b bbb 1038798 A
Amp_Ratio*SBSum*pp_loc 0394 i ¢ b i 0 b 11 040375 A
Amp_Ratio*SBSum*x_loc 0334)| i i i i 0 b1 |046390 A
F_Ratio*Amp_Ratio*pp _loc o048 | i i i b b LD 089491 A
F_Ratio*pp_loc 0.044| | 1 i b 0.90302 *
Amp_Ratio*x_loc 0039 ¢ i o 0.91320 ~
Amp_Ratio*pp_loc 0024 | 1 & 0 b i 1 b 094585 A
F_Ratio*SBSum*pp_loc 0.015 0.96494 A
F_Ratio*Amp_Ratio*SBSum*pp_loc 0.008 0.98231 »

Amp_Ratio*SBSum*pp_loc*x loc

Figure25: p-values results for each input and their interactions using ANOVA.

All crack sizes used for generating the training data are smaller than about a quarter (0.1524
m) of the computationalainain length (0.6096 m). This results in a fewer number of nodes lying
directly above a crack in the training data, which implies that there is a class imbalance in training
data. Specifically, about 84 % of nodes in the training data belong to classm@g@absent),
whereas only 16 % of nodes belong to the other class 1 (damage present). To alleviate the effects
of class imbalance on model training, we downsample the training datadérdtes the number
of nodes (sensors) directly above a crack (shgwhe presence of damadégure 26)), we
sampled the same number of sensors from the areas in which no damage was present (A and B in

Figure 26). The number of sensors located in zone D is approximately equal to the number of
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sensors selected (downsampled) from zones A and B combipeéd (NN Ng). Thetotal number

of data points after downsampling from the 18 crack locations is 38,370.

Undamaged Damaged Undamaged

zone (zone A) zone (zone D) zone (zone B)

Na sensors Np sensors Ng sensors
selec.:ted

selected
I} [

VVVV VVVVVVVVVVVY
crack V¥ selected sensor

ND ~ NA+ NB V¥ sensor

Figure26: Downsampling scheme used to alleviate class imbalance in the training data

The ANN usedfor classificationwas asupervised pattern recognition network. The network
classified the outputs as a probability of damage. In training the neural network, first the weights
were initialized for the inputs. Next the signals were activated for eactdinipiststep is referred
to as the forward propagation of the moddile final step of the network is back propagation. In
this step, the gradients in the model were computed and stochastic gradient descent was used to
calibrate the weights over each iteration. The model had aingarate of 10%, meaning the
weights were updated for every 10% of the data. This entire process of forward and backward
propagation was repeated until convergdii®&g.

The damage classification feéatward neural networkHigure27) consists of two layers with
32 nodes in the first layer and 16 in the second layer. The conjugate gradient method with
Powell/Beale Restart algorithf80] was used as the training algorithm and cerssopy loss
function was usedCross entropy loss measures the performance of a classification model with

probabilities between 0 and 1. It is a logarithmic function thed@sures the distance between the
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estimated probability and the true value. Since our true values for the outputs were 0 and 1, the
cross entropy can be treated like a percent error between the estimated and actualTbetputs.
SoftMax[81] activation function was applied to tbetput. This model converged at 306 epochs

and had a training accuracy of 84%, sensitivity of 90%, specificity of 78%, as well as-a cross

validation accuracy of 84% (using the 15% randomly selected-catistion data).

Output

Damage

[0.,1]

Figure27: Classification model with six inputs (VAM test parameters and data), an output (damage
present (1) or absent (0)), and two hidden layers

3.5. Validation Results

The prediction and classification models developed in Se@ibm@re first verified using
numerical experiments (with separately generated comparison data ushdgn@sional FE
models). The models are then used to diagnose-iA@ited cracks in a cement slab specimen

and validated with petrographic analysis of cded®n from the slab specimen.
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3.5.1. Verification of diagnostic methodology using simulation experiments

The proposed physigaformed ML models were first validated by using simulation data for
a crack of size and | oc at iaioimg. Thenlecationwftlis cnaakt u s
and testing parameters are describedrigure 19 and Table 7. For both of the diagnosis
methodologiesKigure 20), data from 15 sensor locations on the top edge of the computationa
domain (15 equally spaced finite element nodes) is used. Note that the wavelengths of shear waves
corresponding to the probing frequencies (18 k22 kHz) are in the range of 0.083in®.068
m. According to the analysis performed [Bb], the modefree method is able to provide a

sensitivity of around 0.46 0.60 for this shear wavelength to crack length ratio.

Table7: Test parameters used in the 2D FE model for validation test data generation for crack 22

Parameter Values
Frequency Ratigprobe/pump) (Req) 18,20,22
Amplitude Ratio (probe/pump) Ry 1,05,0.2,0.1
Pump/Probe Location ) (m) -0.1524, 0, 0.1524
Crack Centroid (X%acy (M) -0.1448
Crack Depth from Surface {&c (m) 0.0508
Crack Size (kracy (m) 0.03

3.5.1.1. Damagelocalization using the SBSum regression model

Bayesian estimation, with the SBSum regression model, was used to determine the posterior
probability distributions of the crack centroid, length, and depth of Crack 22. The prior distribution
for the ceatroid was uniformly distributed over the entire length of the specin@3048, 0.3048);
the prior for crack size was assumed uniform for values between 0.01 to 0.3048 m (half of the

specimen length), and the prior for the depth was uniformly distritastedthe thickness of the

75



entire slab. 3000 MH samples were used in MCMC simulations with a 20%rbu@aussian
measurement noise was assumed with zero mean and a standard deviation of 0.1. Simulations were

conducted using 15 sensor locations alongsthiéace Figure28).
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Figure 28 Bayesian estimation of damage for validation crack 22 at 15 sensoBarfggge
centroid probability density functions (pdfs) (prior and posterior); (b) Damage depth pdfs (prior
and posterior); (c) Damage length pdfs (prior and posterior)

With the results of the above Bayesian damage diagnosis, the posteriors of the eedtroid
crack length are sampled 1000 times to create 1000 different damage maps. Every sensor located
within half the length of the crack on each side of the centroid is considered to be damaged (1),
and all other locations are assumed to be undamaged @e Tamage maps are averaged to
obtain an overall damage probabilifyigure29). The resulting damage map shows remarkably

accurate crack localizatiaand crack length estimation results for crack 22.
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Figure29: Damage probability estimation using Monte Carlo samples of the posterior distributions
for crack centroid and crack length (validation test, crack 22)

3.5.1.2.Damage localiation using the classification model

The classification model is constructed to determine crack centroid and crack length, as
described in Sections 2 and 3. This model used+al, Bll Ramp, and all xp for crack 22. Two
models were built and validateing crack 22. One model was trained using all available data,
the other was trained only with the downsampled data. The model trained with the downsampled
data was selected as the classification model given the validation accuracy and high sensitivity

(Table8).

Table8: Model structure and validation test results of the two damage classification models for
crack 22

Inputs Validation test results
Model fprobe,in/ Aprobe,in/ Downsampling
Label fpump,in Apumpin - Xpp Xsensor SBSUM €sBsum Accuracy Sensitivity SpeC|f|C|ty
A X X X X X X 0.89 0.61 0.92
B X X X X X X X 0.76 1.00 0.73
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Estimation of the crack centroid and length were conducted using the downsampled
classification model described in secti®d.2.2and Model B inTable8, and validated on crack
22. The damage identification results using the deterministic classification output (i.e., damage
absent (0) or present (1)) were averafgechll 36 different VAM testsTable7) at the 15 sensors
(Figure 30 (a)). Additionally, diagnosis was performed by averagihg fprobability values
provided by the SoftMax layer in the classification neural network (results shokigtre 30
(a)). It can be seen gure30that considering the probability obtained from the SoftMax layer,
the overall diagnosis results do not change significantly compare Rigtire 30(a), where
deterministic classification results are averaged. In either Eagparé 30 (a)) using a probability
threshold (e.g., 0.5) provides the same damage location/extent Tesudtstimated crack centroid
is-0.147 m {0.1448 m), and the length is 0.123 m (0.03 m).

Next, per the combined approach described in se8thi.4 Bayesian stimation of damage
depth used the SBSum values for the tests usiagdR 20, all amplitudes, and alpxfor the
validation crack. The estimated crack centroid and length from the classification model were also
used to calculate the posterior for thraak depth. The crack depth prior was assumed to be
uniformly distributed over the entire thickness of the specimen. The model used 1000 MCMC
(MetropolisHastings) samples and a 20% burnFigure30(b) shows the results for the pdf of
the damage depth usingdg20, allRamp, and all xp at 15 sensors. Even for a relatively small (3
cm long) crack, the classification model was able to localize the ceattkoid and estimate its
size accurately using 15 sensors. The computational cost for the combined approach is about 4

hours, thus providing good savings in computational effort.
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Figure 30: (a) Average ofdeterministic classification from 36 tests at 15 sensor locations for
validation crack 22 and damage probability obtained by the SoftMax layer (average of 36 tests at
15 sensor locations); (b) Damage depth pdfs (prior and posterior) using Bayesianastionati
crack 22. The true depth is 0.0508 m below the top surface

The crack length reported by the probabilistic diagnostic method depends on a) the accuracy
of the method, b) the sensor spacing, and c) the probability threshold chosen to class# the ar
around a given sensor as damaged. For exampftégume 31, if two sensors lie directly above a
0.03 m long crack (labeled B and CHigure31), when the sensor spacing is 0.04 m, and if two
additional neighboring sensors (labeled A and Bigure31) show probability of damage slightly
higher than the threshold, then a region of length 0.12 m (three times the sensor spacing) would be
identified as damaged. In VAM tests, sensors in the neighborhdbd damage (but not directly
above the damage) typically show higher SBSum values. Thus, the false positive results for these
sensors have a relatively higher likelihood. The regression model, which is used to determine the
crack depth, has learned thalsk positive at a sensor in the neighborhood of the crack is a high
likelihood event. Hence it gives less importance to the (potentially erroneous, longer) crack length

provided as input, and yet arrives at the correct depth estimate.
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Figure31: Sensors spaced every 0.04m on the surface of a specimen containing a 0.03m crack

3.5.2. Validation of diagnostic methodology using EXPA

The proposed methodology is validated by performing physical VAM tests on a cement slab
(dimensions 60.96m X 60.96 cm X 15.24 cm) containing pockets of reactive (A®Rcing)
aggregate or siliceEXP-A). The details of the concrete test specimen and VAM tests performed
on this specimen can be foundsection2.4. PCB Piezotronics accelerometers (model numbers
PCB352C68 and PCB352C65) were used to conduct VAM tests. The pump and the probe actuators
(PCB Piezotronics piezoelectric disk actuators, model number PCB2) 2ffe placed at the
center of each quadrant and the center of the specimen. The VAM tests used five different pump
and probe actuator locations, fouri(1, 0.5, 0.2, 0.1), and six different probing frequencies (16,
17,18, 19, 20, 21 kHz), with a pyng frequency of 920 Hz. For each test at each accelerometer,
acceleration response is measured five times, the duration of each (acceleration response) record
is 0.2 s, and the sampling frequency is 128 kHz. Four cores were taken in the center ofteach of
four quadrants of the specimen. The locations of these cores, as well as the approximate locations
of the aggregates after curing are showrFigure 32 (a). (The approximate locations of the
aggregates were determined by breaking the specimen after taking the cores and visually observing
the approximate locations of the aggregates in each area).-filiaireaction damage was found
in cores Q3 and Q41 failed to contain any aggregates at their original locations (because of the

shifting of the aggregates away from the center during casting), so there was no ASR damage
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present in the core taken from Q1. Core Q2 did show signs of ASR; however, theanied

by silica showed a large void that would not be diagnosed using VAM (since VAM is only suitable

for detecting breathing cracks, not vo[d8]). Damage in this quadrant could be localized along

the edges of the aggregate area, where the crack is small enough to breathe open and close due to
the applied excitation.

Note that the ML models isection3.4 were trained using 2D FEA analyses. To apply these
models to the 3D cement slab specimen, six slices were taken along sensor locations (parallel to
the xaxis)in the specimenHigure7 andFigure32 (a)). There are 7 sensors locatedtbe top
surface of each vertical slice. The damage probability using rfiedelaveraged likelihood)
approach discussed [#8] is provided n Figure32 (c). Damage location identification using only

the regression model to estimate all three parameters and damage localization using both the

performed for each slice.
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Figure32 (a) Vertical slice locations; (b) Damage indicators at sensors; (c) Dagmalggbility
estimated using modélee (averaged likelihood) approafet8]).
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In classification models, the assessment of model performanéeers lgy metrics such as
accuracy, sensitivity etc., based on the confusion matrix. Note that the proposed damage diagnosis
methodology provides a probabilistic estimate of damage presence at/near a given sensor. The
ground truth about damage presenceunmumerical or laboratory experiments is deterministic
(a fixed value at each sensor, i.e., either damaged or undamaged), as shown for the laboratory
(slab) specimenHigure32 (b)).

Bayesian estimation using the regression model was performed for each slice to determine the
posteriors for estimating the crack centroid, length, and depth. This analysis does not use the
damage classification model. The model used the experimentallwedseBSum values for the
crack given VAM test parameters of the§0f 20, all Rmp, and all xp(x-direction). The prior for
the centroid was assumed to be uniformly distributed over the entire length of the specimen |
.03048, 0.3048], the prior forack size was assumed as uniform from 0.01 to 0.3048 m (half of
the specimen length), and the prior for crack depth was uniform over the entire depth. The standard
deviation for error was assumed to be 0.1. 1000 MH samples were used in MCMC simulations

with a 20% burrin.

(@) (b) (€)

40 60 12

—— Posterior —Posterior — Posterior
Prior 50 Prior 1 10 Prior

30

p — A ~ O‘A

-0.3 -02 -041 0 0.1 02 03 0 0.05 0.1 0.15 0 0.1 02 03 04 05 06
x [m] z[m] L [m]

Figure33: Bayesian estimation of damage for slice 6 using, Bf 20, all Rmp, and all xp at 7
sensors; (a) Damage centroid pdfs (prior and posterior); (b) Damage depth pdfs (prior and
posterior); (c) Damage length pdfs (prior and posterior)
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With the results of Bayesian estimatidiigure33), the same methodology used in secfion
is applied to create 1000 damage maps along each slice. Timeagedmaps are averaged and
damage probability for points between the slices is interpolated to obtain the overall damage

probability map Figure34(a)).
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Figure 34: (a)Damage probability map using Bayesian estimation and the (SBSum) regression
model;(b) Damage map based on all the slices of the slab specimen, using the classification model

In Figure34(a), the results for quadrant 3 and 4 (bottom half of the specimen) are consistent
with damage probability using modieee (averaged likelihood) approackidure 32 (c)),
petrography results for the specimé&mglrel0, Figurell, Figure1l2) and visual inspection after
breaking the slab. The damage predicted in the bottom right corner of quadraiellpaation
of the core in quadrant 1, and in between quadrants 1 and 2, indicate a damage probability higher
than that indicated by the modete datadriven approachHigure32(c)). The low sensor density
(7 sensors along the length of the slice), as well as the use of (vertical) 2D slices for damage

diagnosis, may be possible reasons for the observed differdrecenddel did successfully predict
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damage around the edges of the void in quadrant 2, as visually observed after breaking the slab.

Next, the classification model is analyzed for sensors located along each sliegsdilre
used for each slice is tlessumfor all 42 sensors for a given VAM test, not just for the sensors
along that slice. This ensured that the diagnosis process for each slice has average SBSum
information for the entire test surface. Damage location predictions for all the slices arestbmbin
to create an overall damage m&mre34(b)).

Overall, the classification model estimate shows a lower probability of damage as compared
to the regression modetsults. The model successfully localized damage in quadrants 3 and 4.
However, the area of damage in quadrant 2 is larger than we expect to detect with VAM, and the
high-probability damaged area appears to be in quadrant 1. The core of quadrant 1 sha®®d n
damage or cracking, and there was no noticeable surface cracking in this area. The errors in the
2D-modetbased ML models could be due to the reduced dimensionality of the physics models,
lower sensor density, and the approximate process of stittdgether the results of multiple 2D
crosssections of a slab to obtain a damage map.

In order to facilitate comparison with discrete indicators of true damage (damage present (1)
or absent (0)) at each sensbiglre32 (b)), the damage probabilities provided by the diagnostic
method are converted into a binary result at each sensor (damage present or absent). For this
purpose, we have chosen a threshold probabifit).®. That is, after fusing information from
multiple VAM tests, if the method yields a damage probability greater than or equal to 0.5 at a
sensor, we | abel the (region near the) sensor
is said to be mdamaged. As a result, since the damage states for both the actual case and diagnosis
method output are now binary variables, sensitivity and specificity metrics can now be calculated

to provide a quantitative assessment of the methodoltayl€9). It can be seen iable9 that
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both models exhibit gabspecificity and accuracy, but suffer from low sensitivity.

Table9: Validation results for the experimental slab specimen

Classification Model Regression Model
Accuracy 0.64 0.59
Sensitivity 0.25 0.38
Specificity 0.88 0.73

In this chapter we discussed the validation of VANased damage diagnosis using ML
models. The regression model is a forward model that estimates the damage index for given values
of test parameters, damage location, and damage extent. Thus, the regression motiebeeeds
used in conjunction with a parameter estimation methodology (such as Bayesian estimation),
which can estimate the damage location and extent given the VAM test data. It is computationally
expensive to use this model for damage diagnosis. The dasisifi model is a diagnostic model,
which provides the state of damage at a sensor location given the damage index value recorded at
the sensor and other relevant VAM test parameters. It provides damage location in the plane of the
(2D) testing surface; leever, it does not provide damage location information in the direction
perpendicular to the testing plane. The damage depth thus needs to be estimated using the
regression model and a parameter estimation algorithm. If only the damage presence and damage
extent are to be ascertained, the classification model can quickly provide the estimates.

The performance of the proposed diagnosis methods was evaluated using numerical
experiments and previously reported dateven modeifree damage localization apjpch. Both
methods performed well when validated against numerical simulation data. Note that the data used

for validation was not used for training the model. Even relatively small cracks were successfully
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diagnosed in the numerical experiments. For tlaptoncrete slab used in validation tests, the
machinelearning model results for the bottom half of the slab matched better than the top half of
the previously reported resulisection2.5)[48]. Of the two models studied, the regression model
performs slightly better than the classification model webpect to the bottom half of the
specimen. Both prediction and classification mduided damage diagnosis indicate high damage
probability regions in the top half of the slab. These regions were not highlighted as damaged
zones by the previously investigd modeffree approach. Note that the damage in quadrants 1
and 2 is difficult to detect using VAM, since the aggregates in quadrant 1 shifted, leaving pure
cement paste with no visible cracks in the core sample, and since silica in quadrant 2 left a larg
void that would be unable to open and close to produce frequency modulation. However, VAM
should be able to detect the damage along the edge of the silica aggregate in qu&ilyare 2 (
31(a)), specifically location 1, where ASR gel seeped out from a small crack on the edge of the
specimen. Thus, the damage locations that could be diagnosed using VAM (quadrant 3, quadrant

4, and the top left corner of quadrant 1) hbgen highlighted in both modbhsed techniques.

3.6. Conclusion

This chapterpresentedh physicsinformed ML approach to facilitate nonlinear dynamics
based damage localization of internal, breathing cracks in concrete structures. The key difficulty
of sparse training data availability for ML applications in SHM was overcome by using
(apprximate) physics simulatichased data for training the ML models. Two different neural
network models for estimating damage, namely regression model and classification model, were
trained solely with 2D FEA data. The 2D FEA simulation of one VAM test tagpsoximately 1

hour and data from about 250 VAM (simulation) tests was used for training. The computational
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effort for training data generation could be significant, depending on the dimensionality of the
simulation domain and the amount of data. Nuna¢mxperiments showed that both techniques
successfully localize damage. The trained models were then used to localize damage in a cement
slab (a 3D specimen) by considering multiple 2D slices and interpolating damage estimation
between analyzed sectiooth methods for damage localization successfully estimated damage

in the validation specimen (accuracy ofi1664%). The classification model eliminates the need

for analyst intervention to define the damage index threshold for diagnosing damage. Both the
regression, as well as the classification model, use computationally inexpensive neural networks
to accelerate the damage diagnosis process. Additionally, the regression model enables hidden
crack depth estimation, which has not been reported by previisbased damage localization
studies. This work has also automated the process of collecting and analyzing the SBSum data
from multiple VAM tests for each pump/probe actuator location. Aties damage probability

map could be developed for atested spi mendés surface using the cl a
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CHAPTER 4

Multi -Fidelity Physicsinformed Machine Learning for Damage Localization using 2D and

3D Finite Element Models

4.1. Motivation

In the previoushapter two different neural network modgefor estimating damage, namely
prediction model and classification model, were trained solely with 2D FEA data since generating
3D FEA data is computationally expensive. The 2D FEA simulation of one VAM test takes
approximately 1 hour on a desktop compused data from about 250 simulated VAM tests were
used for training. 3D FEA simulation of one VAM test takes approximately 45 hours on a desktop
computer. The computational effort for training data generation could be significant with 3D FEA
simulation,depending on the simulation domain's dimensionality and the amount of data. This
chaptemwill augment the low fidelity data from 2D FEA simulations with a few higher fidelity 3D
FEA simulations for generating a mdlidlelity training data sefThe accurag will be compared
to the computation cost to determine which FE models we should allocate time to ridaing.
look to explore whether higher fidelity physics model simulations for generating training data
will help build a more accurate machine learrbaged SHM frameworkAdditionally, we create
a classification model that mimics the methodologZihapter 2, where the damage index is the

only value being used for prediction.

88



4.2. RelevantBackground

The selected PIML approach (Sectid®), requires expertise to build simulation models of
the test procedure (at the required level of fidelity) andctimaputational resources to execute
thesemodels for different damage severities and locatibhs.d e | fidelity, i . e.
to simulate reality faithfully, is an important consideration in pinecessLow-fidelity models
typically require lowcomputational resources and may be able to praidee amount of
simulationdata for training the ML models, but with potentially large model erkigh-fidelity
models are computationalgxpensiveout maybe better at capturingiportant phenomenfar
accurate damaghkagnosisTherefore, thi€hapteiinvestigates the ability of PIML models, trained
using physics models of different fidelity, to learn the relationships between true damage and the
damage index for complex (nonlinear) physiesed dignostic tests. The focus of the multi
fidelity modeling in this work is on building diagnostic mtfitielity models. Most previous
literature on multfidelity modeling[82]i [88] is regarding prognostic modeling. We also analyze
the tradeoff between the computational cost of hididetity simulation and the potential
improvement in the accuracy of PIMiased diagnosis.

In the numerical implementation bfh i s  crhethpdblagy, wesconsider the problem of
localizing hidden cracks in concrete slabs for our investigatoGhapter 389], weinvestigated
the performance of two PIML models for learning damage index patternsgilfro-acoustic
modulation (VAM) tests of concrete structures in different test settings. The PIML models were
trained using data from nonlinear dynamics simulation of the VAM test procedure for two
dimensional (2D) domains containing an internal cratle physics model includes simulation of
a geometric nonlinearity at the crack interface and hence requires the solution of a nonlinear system

of equations. The 2D model does not capture thewedt threedimensional wave propagation
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and is termed thow-fidelity simulation. The lowfidelity physicsinformed ML models showed
moderate success in localizing damage in laboratory tests conducted on concrete specimens
containing hidden crack#. is reasonable to expect thatnlinearwave physics simulations for

3D domains, which capture geometric attenuation in the domain of interest and are a more faithful
representation of the realorld VAM test setup, would provide a more realistic andicher
training data setn the current pagr, we investigate whether incorporating information frogi-

fidelity (nonlinear wave physics in 3D domains) simulations improves the diagnosis accuracy.
However, the simulation of nonlinear wave physics for 3D domains using the finite element
method iscomputationally demanding. Therefore, a mfittelity approach, where the training

data is obtained from both levand highfidelity simulations while adhering to a computational
resource budget, may be desirallliée investigate whether incorporatingraall number of high

fidelity training runs provides a more accurate diagnostic model compared to the training data set
generated from a large number of iidelity physics runs.

We investigate the performance of PIML models for the diagnosis of anahtaack ina
concrete slab using VAMNyased diagnostic tests when computational physics models of two
different levels of fidelity are used to generate the data for training the PIML modetiaghesis
model is a classification model that uses damadex values from a VAM test and separates the
sensor locations into two classes (damaged and undamaged). The threshold for separating damage
index values is not specified by an expert but is learned from the physics simgktemated
training data prowed to train the machine learning model. The training data are generated by
finite element (physics) simulations of the test procedure for different damage locations, severities
(crack lengths), and test parameters. The diagnostic performance of threeftypedels is

investigated: one trained with data from only {bdelity models, one trained with data from only
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high-fidelity models, and different muifidelity models trained with different combinations of
data from low and highfidelity models. Thecomputational resource budget required for each
diagnostic model is reported to enable informed decisions for practical application. The main
methodological contributions d¢iie work inthis chaptelinclude: a) development of mufidelity
physicsinformed machine learning models for structural damage diagnosis, using the transfer
learning approach; and b) analysis of the trafidoetween computational cost (to perform the
computational physics simulations used to train the diagnostic model) and mddehpace in

damage diagnosis.

4.3. Methodology

In this section, we discuss the methodology for supervised training of PIML models that
facilitate damage localization. We also provide a brief overview of the computational physics
models used to build the physinmformed ML models and the method of evaluating the

performance of PIML models built using physics models of different fidelity.

4.3.1. Training data for diagnostic PIML

Damage identification methodologies for SHM vary based on the application; however, each
methodology is composed of three important steps; (a) signal acquisition, (b) signal processing,
and (c) signal interpretatid®0]. Signal acquisitionrefetso t he means by whi ch
response to active or passive excitations is monitored during a diagnostic test. Different excitations
such as static/dynamic mechanical loading, heat exchange, optical illumination, etc., could be
used; and differentjuantities such as strain, acceleration, temperature, thermal/optical images

could be measured or acquired. The signal processing step refers to processing the signal for noise
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reduction. This includes filtering and/or averaging techniques that attereptdéve measurement
noise. After noise reduction, we enter the signal interpretation phase, where the large (temporal)
dimension of the measured signal is typically reduced by extracting a few important amage
sensitive features or damage indices fronstgeal[48], [59], [91]. A damage index is a statistical
indicator that is sensitive to the subtle changes in the measured signal from the original
(undamaged) state to the damaged g&2¢ An anomalous damage index may not always be
interpreted as high damage probability because of measurement noise and the complexities of the
diagnostic test process. These include varighiithe setup of the diagnostic test apparatus, the
effect of environmental factors (not related to the damage) on signal acquisition, human errors,
etc. A carefully trained supervised PIML model is thus needed for ascertaining damage
presence/locationdserity given the damage index.

The main difficulty in training the diagnostic ML models is obtaining a sufficient amount of
labeled training data, which requires all three steps listed above (signal acquisition, processing,
and interpretation) for knownathage conditions. In the context of SHM, signal acquisition is
traditionally conducted on reéfe structural specimens. Given cost limitations, a large number of
realistic experimental specimens to train the models used in signal interpretation dveapst a
available. Some researchers have used compimerated diagnostic test data as training data
[52], [93], [94] Simulated dta, however, poses its own challenges. Hidality simulations of
the physics governing the diagnostic test (linear/nonlinear dynamics, heat conduction) have a high
computational resource demand. Note that inah&ptey the computational cost or denthrefers
to the time needed for generating the training data, i.e., the time required for performing
computational physics simulations using available computing resources. The time needed for

performing a single (lowor highfidelity) computational physs simulation is recorded, and as
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more training data is acquired by performing more simulations, the computational cost increases
linearly. Some previous studies have reduced the computational cost by usiidelawphysics
models. A lowfidelity model can be created by neglecting some of the physics involved, by
reducing the dimensionality of the computational domain (use@n&o-dimensional domains
instead of threglimensional domains), by neglecting the heterogeneity and anisotropy of materials
[18], [70], [89] Thischapterexamines the effect of using physics simulations for computational
domains of different dimensionality for training a PIML model for damage diggnos

The main issue investigated in this work with respect to fidelity is related to the
dimensionality of the simulation domain used for generating training data for the PIML models.
Nonlinear wave physics simulations in tgdonensional (2D) domains arertned lowfidelity
simulations as they neglect the important geometric attenuation phenomenon that occws in real
world threedimensional (3D) structures. Nonlinear wave physics simulations in 3D domains, on
the other hand, are referred to as Higlelity simulations. The validity of using the leand high
fidelity models for damage localization using relative damage index values has been established
in our previous publicationg48], [89]. In this chapter we seek to answer this question: given
computational physics models of two fidelities and the associated computational cost, what is the
best strategy to generate training data for effective Piiéed diagnostic models? There are three
options: a) useumerous lowfidelity model runs to generate a large amount of training data, b)
use many lowfidelity model runs, and a few higidelity model runs to generate a moderate
amount of, potentially richer, training data, and c) use a fewitdglity model uns to generate
a small amount of, potentially richest, training data. We build diagnostic PIML méugls€35)
using the three alternatives descdladove and study their performance using both numerical and

laboratory experiments.
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Figure35: Proposed approach to build PIML model for damage diagnosis

4.3.2. Training of PIML model using multi -fidelity data

There are multiple way® use data from two different sources, such as data from 2D and 3D
computational physics models, for training the ML models. Note that in most cases, when
combining data from different sources for training ML models, the literature refers to different
sensors or specimens and not to data from physics models of different fidgllesn some
cases, multfidelity models are built for the forward prediction of the system response tb inpu
excitation and are composed of a {@md a higkHidelity model, with an additive model correction
term [96]i [98]. These models estimate a numerical response quantity, and such an additive
approach cannot be used in a straightforward manner to buildfidality diagnosis models that
provide a damage classification result that is categorical.

Many different ML model architectures (artificial neural networks (ANNS), support vector
machines (SVM), convolutional neural networks (CNNSs), recurrent neural networks (RNNs)) are
available to hild classification models. Artificial neural network (ANN) models are the most
suitable for transfer learning because they allow for the addition of new layers of neurons to be
trained with newly acquired data. SVM and decision trees would only alloswus®ta single data

set, containing information from both highnd lowfidelity models. CNN and RNN are very

94



popular and powerful machine learning model architectures; however, CNN is best suited for
classification of an entire image, not the sedsesensor approach being explored in this study.

The RNN architecture is typically employed for sequeioegequence (e.g., time series, text, etc.)
modeling and is not suitable for the scalar inputs here. Hence, we choofafesad ANN model
architecture irthis work. The ANN is to be trained using the simulatimmerated values of the
damage index (input) at the sensors for a given diagnostic test, the mean value of damage index
for all sensors (input), and the true damage state (i.e., presence/absgnag;asuthe training

data. The model learns the relationship between the damage index observed at the sensor in the
vicinity of damage in the context of the mean value of the damage index for the diagnostic test.
For a future test, the model can then beduto classify each sensor location as either showing or

not showing signs of damage.

In this work, a method similar to the transfer learning appr{faih[94], [99] (used in image
processing) is employed to train a model using niidélity training data. This approach is
especially welsuited for SHM applications, where the initial diagnostic model needs to be
updated using the newly acquired data. To build the #fidélity PIML model, the ANN model
is first trained using only the lofidelity data Figure36 (a)). A layer of neurons is then added to
the trained model, and this additional layer is trained using only thefidegly data (whie
keeping the previously trained layer parameters unchangegl)ré 36 (b)). The transferred
layer(s) extract feature information from the first modetl implement it in the training of the

second moddtL00], [101].
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Figure36. ML model architecture: (a) model trained using training data frordfildelity physics
model; (b) model trained using training data from-a@& well as higHidelity physics models

In training the neural networks with levand highfidelity physics simulation data, the
weights for each layer of the neural network need to be initialized; a common choice in the
literature is to use random values betwekrand 1. A SoftMax layer is udeas the activation
function for the final layer of the model to normalize the output layer to a probability distribution
[81]. In the next section, we discuss methodological details of signal acquisition, processing, and

interpretation involved in VAMbased localization of hidden cracks in concrete.

4.3.3. Damage diagnosis with the PIML model

In Chapter 3we deeloped machine learning models for hidden crack localization in concrete
slabs using VAM. The PIML models usadlamage index (SBSunalue, see Eq.)land other
relevant VAM test parameters as inputs and helped determine whether the damage is present or
absent in the neighborhood of a given sensor. The focus of the previous work was on minimizing
analyst intervention by learning damage index patterns from VAM test simulations of a single
fidelity (all ML models were trained usin@D simulations ofVAM testy. The current work

investigates whether additional simulation data from a3Bvsimulations to build the enhanced
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PIML model shownin Figure 36 (b) improves the diagwstic performance. Note thdhis
classificationmodelonly localizes the damage in the plane of the sensey9lane); itdoes not
localizethe damagen the depth dimension (z directiowjthin the specimenA different PIML
model was developed earlier (secti®s3.1.3[89] for depth quantification; the model uses the
crack location and size identified by the classification model and the SBSum value at that location
to determine the depth of the crack

There are two approaches for obtaining damage probability at each sensor location. The first
approach is to calculate th@erage of the classificatigrsults (values 1 or @jom a significant
number ofVAM tests. The second approach is to directly tise probability provided by the
SoftMax layer.Our previous work (Figure 30) showed that the probability obtained from the
SoftMax layermodel provided similar resultas those obtained byaveragng the classification
resultsfrom a large numbeof VAM tests Hence, if onlya small number o/AM testsare
available to perform diagnosite probabilitygiven by the SoftMax layeran be used tasthe
damage probabilitpje next discuss the methodology usedli@performance evaluation of the

various diagnostic PIML modeklsuilt.

4.3.4. Evaluation of diagnostic PIML model performance

The multifidelity diagnostic PIML methodology is evaluated using an experimental test
specimen. The ground truth regarding damage presence/absence at each sensor in the validation
specimen is needed to evaluate the performance of the proposed models. This may be obtained by
performing destructive tests on the specimen. The damage prebspoef at each sensor is
ascertained using the machine learning models and compared with the ground truth using four

metrics: sensitivity (eq. 10), specificity (eq. 11), accuracy (eq. 12), and F1 Shergalues of
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these metrics range from 0 to 1, wittedoeing the best. The mathematical definitions of F1 score:
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The above metrics ar e u@nadce toradaneageaibgnasis singe a ¢ h
numerical tests and laboratory test specimens (EXFAccuracy represents the fraction of the
times the model correctly classifies the presence or absence of damage at a sensor; it is a combined
metric that assimilatethe information in the sensitivity and specificity metrics. However, a high
accuracy value does not always mean the model has desirable performance because, for example,
the accuracy metric could be easily biased by a large number of correctly idetrii@ahegative
resultsin a structure containingamagelocalized in a small region. The F1 score is another
combined metric that helps to alleviate the problem caused by the disproportionately high number
of true negative values by taking the harmonic mafasensitivity and precisiolhe F1 score is
the harmonic mean of precision and sensitivity, where precision, also known as the positive
prediction rate, is defined as the number of true positives divided by the total number of true and
false positive glues. The F1 score does not account for true negatives; however, it is a metric that

ensures that high specificity does not lead to a disproportionately better model performance metric.

4.4. DiagnosticPIML modelfor concreteslab specimen

The aforementioned methodology is demonstrated using the dyrlaasied SHM technique,
VAM. This section examines the generation of the numerical training data for PIML and the details

of training of the supervised machine learning models.

98



4.4.1. Training data generation

The details of generating training data using 2D and 3D finite element analysis (FEA)

representing a concrete slab specimen are discussed below. The computational domains used for

simulating the VAM tests are shownhigure37.
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Figure37: (a) The domainthe three pump/probe excitatitotations and crack locationgsed in

2D FE simulations (b) The domainand thepump/probe excitatiofocationused inthe 3DFE
simulations

4.4.1.1.2D FEA

2D FE models simulating VAM tests for multiple crack sizes and locations are used to
generate the loMidelity training dataThe computational domaof the 2D specimnis 60.96cm
wide andl5.24cmthick. The domain geometgnd thepump and probe excitatidocations used
in thenumerical simulations are shownkigure37 (a). The pump and probe actuators are placed
at one of the three locations for each simulation x3z1624, 0.0, 0.1524} m, y = 0.1524 m. Each
2D simulation domaigontains ainglecrack placed at different locations antivaryinglengths
All of the locations for the simulated cracks and the parameters used in conducting the VAM tests
on this numerical specimen can be found @ble 10. Various combinations of these parameter

values are used to obtain 50 simulated VAM tests.cohamercial finiteelement programbaqus
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was usedo performthe numerical simulatios Material properties used ifesesimulations are
providedin Tablell The domain is discretized using a structured mesh-rmbd@d finite
elements, and additional details of the finite element analysis can be ifosedtion3.3.1.2
Acceleration timehistory data are recorded at sensors located on the top edge of the 2D domain.

These data are used in calculating the SBSum viBGés

Table10: VAM test parameters for the 2D FE simulations

. Total Depth from
Crack C(;a_ntro_ld (x- Training Length  Surface (z Pump/ Probg
irection) - - . Ramp Rireq  Actuator Location
Case [m] Points for [m] direction) [m]
Crack [m]

A -0.1025 13,896 0.06 0.0762 1,05,02,01 20 -0.1524, 0.0, 0.1524

B -0.1524 13,896 0.06 0.1016 1,05,02,01 20 -0.1524, 0.0, 0.1524

C 0.1524 6,369 0.02 0.1016 1,05,02,01 20 -0.1524, 0.0, 0.1524

D 0.03 1,560 0.06 0.085 1,05,02,01 20 0.0

E 0.1016 780 0.09 0.0508 1,01 20 0.1524

F 0.1016 2,340 0.09 0.02 1,0.1 20 0.0, 0.1524

Tablell Material properties used in the 2D FEA model.

Material property Value
Young6s modul us (E 27 GPa
Density () 0.15
Poissonds ratio ( 2400 kg/ni
Massproportional Rayleigh damping parameter (a) 2120.04
Stiffness proportional Rayleigh damping parameter (b) 1.787 107

4.4.1.2.3D FEA

A threedimensional (3D) finite element model simulating VAM tests for a single crack
location is used to generate the training d&tee 3D computational domairs 60.96cm wide,
60.96cm long, and 15.24cm thick. The domain geometrand one of thepump and probe
excitationlocations used ithenumerical simulatiomreshown inFigure37 (b). These are chosen
to match the cement slab specimen useddlidation experiments. Pump and probe actuators are
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placed at the same locations as those used in validation experj#8nihe parametsrused for
simulating VAM tests can be found Trable12. Similar to the 2D simulations, Abaqus was used

to perform numerical simulatisnThe material properties wbén thesesimulations are given in
Tablell. Acceleration timehistory data are recorded at the sensors on the top surface of the 3D

specimen in the X plane and used in calculating the damage index v@bgs

Table1l2 VAM test paramedrs for 3D FE simulations

Total Depth from
Training Surface (z
Points for  direction)

Pump/Probe
Rireq Ramp Actuator
Location [m]

Case Diameter [m] Centroid [m]

Crack [m]
1 0.127 [-.1524,.1524] 4,471 0.0762 20 0.1 5
2 0.127 [-.1524,.1524] 4.471 0.0762 20 1.0 5
3 0.127 [-.1524,.1524] 4,463 0.0762 20 0.1 1
4 0.127 [-.1524,.1524] 4,463 0.0762 16 0.1 1
5 0.127 [-.1524,.1524] 4,471 0.0762 20 1.0 2

4.4.2. ANN Model Training Evaluation

As mentioned in sectiof.3.], three feedorward ANN classification models are trained and
evaluated (LF, HF and MF models). All models determine whether a given sensor is showing
signsof damage or not. The SoftM§&1] activation function was applied to the output with two
output classg damage present (1) and damage absent (0). As discussed inds8@itime models
have two inputs: the damage index (SBSum) at each sensor for a given diagpsvsind the
mean value of da ma gsesuni Thedoatput of thermodellisithe slassifisatbon s (€
of the damage state (i.e., presence/absence). The relevance of these inputs has beerf88iidied in
based on physics simulations. The model should be able to learn the relationship between the

damage index observed at the sersal the mean value of the damage index in the test when the
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damage is present or absent in the vicinity of the sensor location.

4.4.2.1.Classification model trained using lowfidelity (2D) simulation data

The model trained using the 2D FEA Idudelity training data is named Model LF. Model
LF (Figure38) is a feedforward neural network consisting of 2 layers. The first layer has 16 nodes
and the second layéias 8. Model LF was found to have a training accuracy of 0.70, F1 score of

0.68, sensitivity of 0.67, and specificity of 0.74.

Layer 1 Layer 2

Figure38: LF ANN model with 2 inputs (damage index) and two outputs (damage present (1) or
absent (0)), with two hidden layers the first with 16 nodes, the second with 8. (The HF ANN model
also has 2 layers, but with 20 and 8 nodes, respectively).

4.4.2.2 Classification model trained using highfidelity (3D) simulation data
The model trained using the 3D FEA hifitielity training data is named Model HF. Model
HF (Similar toFigure38) is a feeeforward neural network consisting of 2 layer#e first layer
has 20 nodes and the second layer has 8. Model HF was found to have a training accuracy of 0.93,

F1 score of 0.30, sensitivity of 0.18, and specificity of 0.997.
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4.4.2.3.Classification model trained using multifidelity simulation data

The multHfidelity databased classification model (Model MF) is built by augmenting Model
LF, trained on lowfidelity (2D FEA) data, with an additional layer of neurons. The additional
(third) layer of model MF is trained using 3D FEA data; however, the weightbiasels for the
first two layers are kept the same as the trained weights and biases from previously trained Model
LF. The MF model uses the same inputs as Model LF: the SBSum and mean SBSum for each test
( &8sum, te The model is trained using one 3BAVAM test. Multiple MF models were trained
using 3D FE simulations with different settings representing different VAM tests. Based on the
VAM diagnosis studies reported [85], the VAM test shown as Case 1Tiable12 should give a
higher damage index and high sensitivity. This study showed that a probing excitation frequency
20-25 times larger than the pumping excitation frequency and probing excitation amplitude ratio
of 1/10" of the pumpingexcitation gave the best damage localization results. Additionally, the
pumping and probing excitation actuators are located in the center of the specimen, allowing for
the wave to uniformly illuminate the entire specimen.

The MF model Figure39) thus consists of 3 layers; the first layer has 16 nodes, the second
layer has 8 nodes, and the third has 6 nodes. The weights and biases for the first two layers are set
to the converged values of the two layers of Model LF. Model MF was found to heaiaiag

accuracy of 0.93, F1 score of 0.279, sensitivity of 0.65, and specificity of 0.93.
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Figure39: (a) Model LF with 2 inputs (damage index), and two outputs (damage present (1) or
absent (0)) trained using 2EEA,; (b) Model MF with 2 inputs (damage index), and two outputs
(damage present (1) or absent (0)). For the first two layers, weights and biases are transferred from
the previously trained LF model. Only the third layer's weights and biases are tramgthassD

FE simulation data.

4.5. Performanceevaluation of diagnosticPIML models

In this section, the three models trained and discussed in sdcli@are evaluad using
laboratory test specimens. First, laboratory experiments are discussed, and then results for the

diagnostic PIML models are presented.

4.5.1. Numerical and Laboratory experiments

The PIML model performance is first assessesing a 3D FEA numerical sirfation of a
VAM test with a different crack location than that used to train the models. The simulation used
for training contained a circular crack wistcentroid at (45.72, 45.72) ¢ra diameter of 0.127
cm, and adepth located at 7.62 cm from the tapface. The probing excitation frequency is 20
kHz, the pumping excitation frequency is 1 kHz, the probing excitation amplitude ratio is 1/10th
the pumping excitation amplitude, and the pump and probe actuators are located at (30.48, 30.48)

cm, the centeof the specimerlThe numerical specimen (FEA) has a few hundred computational
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nodes on the top surface, and acceleration can be recorded at all these locations. However, it is not
feasible to have these many sensors on a structure in practice. A gridl @018y 10) sensors is

thus created on the top surface, and it is assumed that measurement data is available only at these
100 sensor locationgzigure 40 (a) is the true damage location of the crack in the 3D FEA

simulation.Figure40 (b) is the raw SBSumap for the modekith a 10 x10 sensor grid.
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Figure40. (a) True damage fohe numerical experimenib) SBSumvalueswith a 10x10 sensor
grid.

The PIML models are evaluated by performing physical VAM tests on a cement slab specimen
containing pockets of reactive aggregates at known locaf@89js A cement paste slab with
reactive aggregate pockets at known locations and dimensions o680689x 15.24 cni was
cast and cured at Vanderbilt University. The details of this specimen’s casting and curing process
are discussed in detail gection2.4.1 This slab was casind cured in an aggressive environment
to produce alkaisilica reaction (ASR) induced cracking in the sldfarious VAM (non
destructive) as well as destructive (petrographic and visual inspection of broken sample) tests were
performed on this specimen tevelop and validatdhe VAM -based ASR damage localization

methods. The approximate aggregate locations, core locations for petrographic testing and other
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destructive testing results are showirigure41 (a).Figure41l(a) also shows the sensor locations

for VAM tests conducted on the specimamd tle presence/absence of damage at each sensor,
based on the known aggregate locations, chemical and physical tests, and petrographimmstudies
laboratory experiments, the pump and probe excitations were delivered usingstpiekzo
actuators. The locatioms these actuators and the frequencies at which they operate (i.e., the pump
and probe frequencies) were varied. This resulted in 120 VAM destassed in sectio?.4.2

Figure41 (b) is the average SBSum across all 120 VAM tests.
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Figure 41. (a) Experimentabpecimen aggregate, core, and sensor locatieed sensors are
assumed damage presence at these sensor locations, blue sensors are assumed no daimage present
(b) Average of scale&BSum for walidation specimeacross all test parameters

4.5.2. PIML model performance results

Damage localization on the surface of thm@merical andaboratory test specimens was

conducted using the three (LF, HF and MF) PIML models, and the results are discussed below.

4.5.2.1.Numerical experiment results

The damage probability resultg fthe numerical experiment usiMpdel LF, Model HF, and

Model MF are displayed ifrigure42. The damage maps kKigure42 are based othe SoftMax
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layeroutput for each PIML modeOnly one test is beingvaluategdandthe SoftMax layer output
is used to obtain th@amage probabilitydiscussed in sectioh3.2. The metrics quantifying the

performance of each model can be foundable13.
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Figure42. Damage probability resultéa) ModelLF (b) Model HF; (c) Model MF

Table13: PIML model performance for theumerical experiment

Model Sensitivity Specificity Accuracy F1 Score
LF 0.343 0.859 0.808 0.261
HF 0.166 0.977 0.928 0.278
MF 0.177 0.996 0.927 0.290

The damage probability results for all three models show a high probability of damage at the
true damage locatiofror the numerical experiment, all three models show high accuracy (greater
than 0.80), as shown ifable13. The LF model shows ¢hhighest sensitivity; thus, it is more
likely to find damaged areas; however, that comes at the cost of reduced specificity, which means
it is also more likely to give false positives (i.e., identify undamaged areas as damaged). The MF
model shows the higest accuracy as well as the highest F1 score; however, it is more likely to

miss some of the damaged areas due to its low sensitivity score.
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4.5.2.2.Laboratory experiment results

The three PIML models are evaluated using the true damage locationsifnare41 (a). To
this end, experimental VAM test data from 120 VAM tests conducted on the laboratory specimen
is used as diagnostic data. The damage index (SBSum) is extracted from the measured signal at
each sensor for each VAM test. These SBSum values are @doagdinputs to the PIML models.
The damage probability is calculated as the average of 120 classification results, and is displayed
in Figure43for all three models. The performance metrics for each model for the laboratory test
specimen are displayedTiable14. This table also contains performamesults for two additional
models, trained without using the transfer learning approach, to better demonstrate the value of
transfer | earning. Specifically, for these mo
data from the indicated number IoF and HF simulations is pooled together, and the model is

trained in a single shot.
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Figure43. Damage probability results: (a) Model LF; (b) Model HF; (c) Model MF
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Table 14: PIML model performance for the laboratory test experiment over 42 sensors for 120
tests (i.e., 5040 validation points)

Model Sensitivity Specificity Accuracy F1 Score
LF 0.293 0.788 0.599 0.357
HF 0.000 1.000 0.619 0.000
MF (transfer— 5,g 0.864 0.622 0.315
learning)
50 LF+1 HF 0.009 0.991 0.617 0.017
196 LF + 5 HF 0 0.999 0.619 0

Model HF Figure43 (b)) is unable to correctly localize damage. Both Model Eigre43
(a)) and Model MRFigure43(c)) successfully capture the damage locations in the laboratory test
specimen. This is a promising result for performing actionable, pratiabdiagnoses. Both the
LF and MF models have high F1 scores and provide good damage diagnoses. In this case, although
the HF model has a higher accuracy score, it is only because of the high specificity. It is clear from
its F1 score (zero) that ModelRHperforms poorly overall. This is likely because the model is
trained using data from only a single simulated VAM test (i.e., one set of damage and test
parameters)A single VAM test 3D simulation test is not able to provide sufficiently diverse
informaton regarding the damage index values in different test/damage conditions. It may be
necessary to perform multiple, computationally expensive 3D VAM tests to improve the diversity
of the training data. It is also apparent that the transfer learning apppoacdes the best
performance (the highest F1 score) of the three MF models considered here. In the next section,

we investigate whether adding more training data improves the performance of PIML models.

4.5.3. Analysis of computational effort for training data generation and diagnostic PIML

model performance

We further evaluated the PIML model performance by training multiple PIML models for
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each fidelity (LF, HF, MF) using training data from increasing number of (2D and 3D) simulations
in order to analyze thieadeoff between computational effort and diagnostic model performance.
For model LF 50 to 196 simulated VAM tests with 1,888 to 15,114 training data points were
considered and for Model HF 1 to 5 simulated VAM tests with 4,471 to 22,339 training ddta poi
were considered. For Model MF, LF model training data (50 to 196 simulated VAM tests with
1,888 to 15,114 training data points) is used to train the first two layers, and HF model training
data (1 to 5 tests with 4,471 to 22,339 training points) id tsérain the third layer. Recall that
the 2D FE simulation of one VAM test of a concrete slab specimen (see Sedtibdfor details)
takes approximately 1 hour on a desktop computer, while the 3D FE simulation of one VAM test
(see Sectior4.4.1.2 for details) takes about 45 hours:m @ desktop computef89]. The
computational effort related to training data generatiwnmodels trained using different mount
of LF and/or HF training data points can, therefore, be measured in terms of hours of computer
run time. The accuracy and F1 scores for the different models (using different mounts of training
data from models of fferent fidelities) are plotted against the computational effort (in hours)
needed for generating training data for these models for the laboratory expeFigerd45).
Degradation in performance after adding cases 3 and 4 can also be seen in the F1 scores of the
MF models for the laboratory experimeiigure45( b ) ) . The MF model 6s F1
dramatically with the addition of Cases 3 and dl{le12). This is likely because in Case 3, SBSum
values are Ilgh in regions without damage, and in Case 4, SBSum values are really low in the
damaged region. This is not unexpected for VAM tests. In our previous ref8@,clve have
encountered a few of these misleading VAM test resultsdaudissed the importance of using
information obtained from many VAM tests to improve the diagnosis accuracy. We have shown

[19] that the damage localization accuracgependent upon the testing parameters used in VAM.
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For example, the distance of the pump and probe actuator from the location of the crack can affect
diagnostic performance. The previous research demonstrated how some test settings help diagnosis
morethan others. This is also true for generating simulation data for training ML models: some
test/damage set ups are better than the others for a given validation test case. Ideally, the additional
training data could be chosen by solving an optimizatiormlpro aimed at maximizing the
information gain. However, solution of this optimization problem is computationally unaffordable.
Here, we studied the model performance under realisticqgtitmal), computational resource
constrained conditions. In this geg, it is expected to have model performance degradation by
addition of data that is not relevant for the testing case.

For the numerical experiment, the HF models showed consistently higher accuracy (for low
as well as high computational expense for gaineg the training dataj-{gure44 (a)). This is
likely because the numerical experiment is fairly similar (in terms of VAM test parameters) to the
VAM test simulation used for training data generation. Additionally, the darsage and
specimen geometry are identical for training and numerical experiment (but the damage location
is not the same). Accuracy is high for these cases because of the high number of true negatives and
a low number of false positives. The F1 score, Widiges not consider the effect of true negative

results, is, however, low. For the numerical experimiigiufe44 (b)), it is evident that model LF

has the best F1 saor, indicating it iIis the most sensitivVve

F1 score decreases dramatically with the addition of Cases 3 arabk 12). This is lkely

because in Case 3, SBSum values are high in regions without damage, and in Case 4, SBSum
values are really low in the damaged region. This is not unexpected for VAM tests. In our previous
researcH102], we have encountetea few of these misleading VAM test results, and discussed

the importance of using information obtained from many VAM tests to improve the diagnosis
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accuracy. This degradation in performance after adding cases 3 and 4 can also be seen in the F1
scores ofthe MF models for the laboratory experimdriglre45 (b)). From the F1 scores for the
laboratory tests, it is clear that the LF models provide the best damage diagsodis. The

addition of one HF simulation exhibiting a damage map with high SBSum values in damaged areas
and low SBSum values in undamaged areas (case 1 and 2) can also increase the F1 scores to
improve diagnostic performance; however, using that coatipnal effort to provide 45 additional

LF tests leads to significant additional improvement in the diagnostic performed. This is because
the additional LF simulations are able to provide a better coverage of the VAM test parameter

space as well as damaganfiguration space, leading to more generalizable PIML models.

() (b)
1 1
os — e < o o
0.8 0.8 HF Model
07 07 —8— MF Model
306 2 o6
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g o4 o 04 //\.\,
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Figure 44. Numerical experiment to evaluate diagnostic PIML models: (a) Accuracy vs
computational effort to generate training data; (b) F1 scommonrgputational effort to generate
training data
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Figure 45. Laboratory experiment to evaluate diagnostic PIML models: (a) Accuracy vs
computational effort to generate training data; (b) F1 scomonrgputational effort to generate
training data

4.6. Conclusion

This chapterinvestigatedhe performanceof damagendexbased(direct) diagnosticPIML
modelgtrainedusingdataobtainedrom physicsmodelsof differentfidelity. Thetermfidelity here
refersto the computationadomain'sdimensionalityusedto simulatethe physicalphenomenon
(nonlinear wave propagation)underlying the diagnostic test procedure (diagnostic signal
acquisitionphase)We built andevaluatedhreePIML models(LF, HF, andMF) for VAM -based
diagnosiof hiddencracksin concreteslabsIn generalthediagnosticPIML modelsshowedjoad
performancen termsof identifying thedamagdocations We foundthatinformationgainedfrom
additionallow-fidelity simulationsincreasesaccuracyand F1 scoremore than addinga high-
fidelity simulationto thetrainingdata.Theadditionof a singleHF simulationbasedrainingdata
to the training datafrom 50 LF simulationsimprovedthe diagnosticperformancen numerical
experments. However, using the equivalent number of computationalresourcesto obtain
additionaltrainingdatafrom 45 LF simulationsmprovedthe diagnostigperformancesvenmore.

ThetransferearningbasedMF PIML approachs foundto performbetterthanthe simpleHF and
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LF training data poolingbasedapproach.The transferlearningbasedPIML approachcan be
improvedin thefutureby usinganadaptivdearningapproacho selecthetest/damagparameters
for additional HF simulations.Additionally, this researchshowedthat using the F1 scorefor
damagadiagnosisnodelperformancerovidesbetterinformationaboutthem o d epkerfdrsnance
than standardaccuracycalculationswhen the damageis localizedin a small region (which is
typically the case).Overall the diagnosticperformanceevaluationresultsshowedthat, for this
particularapplication,about50 LF physicssimulationswith varyingdamageandtestparameters

couldcapturetheinformation(or patternsheededor damagendexbasedliagnosisusingPIML.
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Chapter 5

Damage Localizationin Plain and Reinforced Concrete Specimenwith Distributed

Damagelnducement

5.1. Motivation

In this chapter,we evaluate the performance tbie diagnostic PIML modelsleveloped in
previous chaptergor concretespecimen containing steel reinforcement andSR-inducing
reactive aggregates dispersed evenly through@uhich implies unknown damage locations)
Several new issues need to be addrefsefAM -basedhidden crackdiagnosisin reinforced
concrete specimendrirstly, the suitable testing parametergactuator locations, actuation
frequenciesjo accuratelydetect and localize hidden cragkgeinforcal concrete specimdrave
not beendentified Secondlythe utility of the nonlineadiagnostictechniquen the presence of
anadditional source of geometric nonlineafiy the interface of steel reinforcement and congrete
needs to benvestigated Furthermore we alsoevaluatethe performance othe PIML-based
diagnosis process faroncrete specimenshose geometry is different from theomputational
model geometry used for generating the training .d8tmilar to the procedure followed in
preceding chapters, veastconcrete spgmers (control specimen as well apecimens with alkali
load boostingin the cemeniand reactive aggregajesonduct VAM tests in the laboratory,
diagnose damage using the PIMased method, antbke cores from multiple locations
Petrographic examination gerformed for each core, armdquantitativeASR damage metric

known asthe damage rating indefORI) is used toascertain the gund truth regarding ASR
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damage athe core locatioand validatehe PIML-based diagnostiesult

5.2. RelevantBackground

In this researcRIML modelsweretrainedusingdamage an®&BSumvalues obtained from
computationa(finite elementsimulationsof the nonlineadynamicsbased, VAMtestprocedure.
The computational efforteededor generatinghe simulated data can vary based onfitelity
of the simulationFE) model With the computational effort being a constraint for this research,
given the informatiotearnedrom Chapte4,this chaptewill focus on training ML models using
only 2D FE simulationsAlthough the FE models uséaor generatinghe training data are 2BE
(low-fidelity) models in this chapter, we investigate the performance of Piidelsbuilt using
the multifidelity, transfer learningpproach discussed $ection4.3.2 but by using experimental
data In addition to simulation data,evMnclude thedatafrom VAM testsand true damage state
for the plain concrete slafEXP-A Section2.4.1). The transfer learning approach for training
models from both simulateénd experimental dataas been previously investigated for image
processing applicatior{93]. The models in this chapter alsombinesimulatiorrbasedtraining
datafrom simulated test specimen of different geometihis is importansince it is not feasible
to simulate acomputational domain for every specimen geométrpe tested in reatorld
application.The PIML extracts information about threlaive damage indexand models the
complex relationship betweehe damage indeand the presence/absence of damage at a sensor
locationfor a few geometries incorporated in the training data generéteye, we investigate the
accuracy of PIML models forest specimenhaving geometries different than those used for
performingdata generatingimulatiors.

Chapter 4 combined VAMith PIML models to provide a probabilistic damage localization
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result fora thick concrete specimecontainingpockets ofreactve aggregate at a fewnown
locations[48]. In this chapter, we&xamine the application of this PIML to concrete specimens
with the ASR-inducing (reactiveaggregates dispersed throughout the specimen instead of in
known pockets The DRI is used to help quantify the severity of AlBRuced damaggL03] at
select core locationand these values are compared to the PIML perform&scementioned in
Chapter 2 most ASR techniques have been used for damage detection, not localizadipn
Frequencybarded synthetic aperture focusing techng|(feEB-SAFT) have been used in ASR
localizationof thick reinforced specimens with dispersed ABBuced damagehowever; these
approaches fail to provide a probabilistic vahurel difficulty in the presenceof rebar {.e., they
show the location of rebar apassibledamage locationjL05], [106]

In summary, hefocus of this chapter is tstudythe performance of PIML models using the
VAM damage index(SBSun) to diagnose damage in concrete specintbas resemblethe
conditions in realworld, reinforced concrete structural membefhis chapter considers
specimens witlhuniformly dispersedeactiveaggregates to induce ASEBnd considerseinforced

specimengn addition to plain specimens

5.3. Methodology

This section discussésansfer learningpproaches used in building tREML classification
models for damage diagnosipecifically, we examine combining theghysicssimulaton data

with experimentatestdata to trairamodel.

5.3.1. Classification model

We continue to pursutie ANN architecturesimilar to previous chapterés discussed in
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Chapters3 and4, the inputs to the classification model are the damage index value at a particular
sensor andhe average damage index value for the VAM test. The output of the classification
model isa binary variable indicating the presermeabsence of damage ihet neighborhood of

the sensoran output of 1 means that there is damage in the vicinity of the sensor, and an output
of zero means that there is no damage in the sensor neighborheathta used for training such
classification model consists ofodel nputs and the corresponding output values obtained from
physics simulations or experimental testghischapter, hetraining datas obtained fronphysics
simulations forthree types of 2Rlomains(Section5.4.1 Figure48, Figure49, andFigure50).

The datacan becombinedusingtwo main approaches. The first is by combining tha datectly

into a singletraining pool, regardless of the simulation domain from which the information comes
(Figure46). The second approach uses tingdti-layered approactiscussed irsection4.3.2 In

this approach, the three simulated traindejasets areconsideredseparately, with théowest
fidelity being i and the highest, iii. The lowest fidelity data set (i) is used to train a model with M
layers of L nodes eackigure47(a)). Theparameter valugsom these M layerarethenimported

as theparameters for thirst M layers in a second mode&hich will be trainedising the medium
fidelity dataset (ii). The parameters (weights and bidseshe first M layersare kept unchanged

as additional N layers are added and traifreéglufe47 (b)). The parameters for these N layers are
trained using the medium fidelity dataset (iipstly, a thirdmodelis trained using the highest
fidelity data (iii). Theparameters for the first M and Iblyers ardixed at thevaluesobtained by
training the first three models atite parametergarekept unchanged. The IaStlayersare added

to the model and trainagsing the highest fidelity da sé (iii) (Figure47 (c)). The output of this
model is thalamage predictioat each sensaisinginputs ofmultiplefidelities Additional models

are built by combiningthe data directly int@a singletraining pool, thetrarsfer learningFEA
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approach, and a combination of the fwhere one layer mayontain multiple simulation domains.

Note thaffor all models, the inputs for the classification model are normalized with a mean of zero
and standard deviation of 1. The weights are then initialized as random values bétaedr.

The SoftMax layer, @the final layer, normalizes the output to a probability distriby8th Note

that the classificatio model only diagnoses damage along the surface of the specimen, where
sensors are installed. The diagnosis provides damage location information in terms of the

coordinates on this surface (e.g., the/ lane).

Figure 46. Model architecture for classification model using inputs from all simulated training
data. M layers (M=1) and45 nodes.
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Figure47: Multi-fidelity classification model architecture: (a) model trained with M layers of L=5
nodes usindidelity i simulation input data; (b) ANN classification model with M (M=1) layers
set with fixed weights and biases from the previous model and N (Nzt$teained with fidelity

il data; (C)ANN classification model with M (M=1and N (N=1)layers set with fixed weights
and biases from the previous model &n(D=1) layergrained with fidelity iii data.
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5.3.2. Multi -fidelity model: combining experimental andsimulated data

As discussed previously and@mapter 4, théransfedearningframework combines data from
different training sourcefidelities) to diagnose the damage. Thesearchaims tobuild a ML
model fordispersed ASRnduced damagkcalizationusingtraining input datafrom boththe 2D
FEA simulatedVAM dataand VAM data from a experimentakpecimerwith localizedASR-
induced damagéEXP-A Section2.4.1). Damagelocationsin the experimentaspecimenwere
confirmed withdestructiveaesting This approach combines the 2D simulated data to train M layers
with L nodes Figure47(a)). The information from these M layerdlen set & the first M layers
in a next modeland it is trainedising the experimental training dataeXP-A). The M layers
parameters (weights and biases) are kept unchanged as additional N layers are added and trained

(Figure47(b)).

5.3.3. Depth prediction using a regression model

This methodology uses a regression model from all the VAM parameters to predict the
damage indesBSum Figure24) (Section3.4.2.]). The input parameters for this model include
testing parameters such as Bigq and xensoy anddamage parameteirscludingdamage location,
crack size, and the depth of damage. Using the classification models det&getion5.3.1, the
approximate damage location and crack size can be calculated, leaving only one unknown
parameter, damage depth-(

This regression model is a surrogate for the forward problem; we explore the inverse problem
to perform depth diagnosiSimilar to Chapter 3, we usbe Bayesian approa¢89] to update
the posterior by combining prior knowledge with the observed data. Tdietapresents the

unknown parameter, damage depth. The likelihood is estimatéd “¥$ "Y&-& Our prior
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knowledge distributionp —, is the entire depth of thepecimen being analyzed. (For the
validation specimens discussed in SecbBdithe prior is a uniform distribution U[®.3048 m.)

Using the regression surrogat®del and Markov Chain Monte Carlo (MCMC) simulations the
posterior distributions for the depttd (Y6 “YO6 dare calculated. These simulations use a
Arandom wal ko technique, the Metropolis Hasti
evaluatethe posterior. This sampling method is computationally expensive since the surrogate
model is run from 1000 to 5000 times for proper convergence, causing the depth model to have a

significantly higher computation cost than the classification model.

5.4. Training Data for Physicsinformed Machine Learning for Localization

This section discusses the two types of training data used for the machine learning models in
this chapter. The firslata sets obtained usin@D FE simulations oiVAM test. The damage and
VAM test parameters are varied to obtain different VAM tests for different damage and test
configurations. fie secondlata set is obtained by conducting VAM experimentEXP-A the
plain cement slab with induced ASR damage (at a few locat{@igpter 2 Sectiors 2.4 and

2.5.3.

5.4.1. Numerical Simulationsof VAM test

As discussed in previous research,¢bmputational cost for simulatingdmensional (3D)
numerical training data is nearly 50 times higher than simulating mechanical vibrations-for a 2
dimensional specimen (2D). Additionally, the information gained from the 50 2D models was
more than one 3Model when added to the training data of the machine learning model. For this

reason, we focus on training the machine learning model with 2D FEA data.

121



Three types of 2D FEA models dreilt to generate training data for the ML models. The first
is a homaeneous elasticomputation domair(simulating the behavior of @lain concrete
specimein60.96 cm wide and 15.24 cm thick (0 (Figure48). Thematerial propertiegor the
homogeneous elastic material 9plain concrete) are giva@abte 15. This is the same domain
geometry and composition as tAB FE simulationsfor Chapter3 and 4 (Section8.4.1 and
4.4.1.1 [107]. The second domain (2B) is also a plain concrete specimen with a width of 60.96
cm and 30.48 cm thick={gure49). The third and last domain (2BR) is the same as the second
in dimensions, a width of 60.96 cm and a depth of 30.48 cm, but contaitiscsiar inclusions
(diameter2.2 cm at x= {17.46, 30.48, 43.5} cm for both y= {7.32, 23.16} cm, to simutate
effect ofrebar reinforcement in the speciménigure50). Thematerial properties of steel rebar
are given inTable 15. Delaminationwas not modeled between the steel inclusion plath
concrete contact surfacEhe pumping and probing excitation actuators were placed at one of the
three locations for each computational dom@iD-A, 2D-B, 2D-BR); x= {-0.1524, 0.0, 0.1524}
m, y=0.1524 m. Only a singl@ddencrack wasmodelfor eachsimulation at different locations
and lengthsTable16 shows the locations for each of the simulated cracks and the parameters used
to conduct the ¥XM tests in these numerical specimedrifty differentVAM test simulationsvere
made for each computational domain (2D 2D-B, 2D-BR) for varying cracks and test
parameters. The commercial software Abaqus was used to conduct the numerical simulaions. Th
domain for all models was discretized using a structured meshnotlél finite elements
Additional details on the simulation of domain-20can be found if108]. Simulations for 2EB
and 2DBR were conducted in the same manner, with the only differences being the size of the

domains and the addition of rebar.
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Tablel5:Material properties used in the 2D FEA model.

Material propert y Value for Concrete Value for Steel Rebar
Youngbés modul us 27 GPa 200 GPa
Density () 2400 kg/ni 7850 kg/ni
Poi ssonds ratio 0.15 0.44
Mass proportional Rayleigh dampipgrameter (a) 2120.04 40.06
Stiffness proportional Rayleigtamping parameter (b 1.787 107 -1.434 10°®
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Figure48: The domain, the three pump/probe excitation locations, and crack locations used in FE
simulation 2DA.
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Figure49: The domain, the three pynprobe excitation locations, and crack locations used in FE
simulation 2DB.
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Figure50: The domain, the three pump/probe excitation locations, and crack locations used in FE
simulation 2DBR

Tablel6: VAM test parameters for the FEM simulations

Total Depth
Crack Centr_0|d Tra‘?"”g Length from Pump/Probe Actuator
(x-dir) Points Surface Ramp Rireq ,
Case [m] ; Location [m]
[m] for (z-dir)
Crack [m]

1, 0.5,

2D-A-1 -0.1025 13,896 0.06 0.0762 0.2,0.1 20 -0.1524, 0.0, 0.1524
1, 0.5,

2D-A-2 -0.1524 13,896 0.06 0.1016 0.2,0.1 20 -0.1524, 0.0, 0.1524
1, 0.5,

2D-A-3 0.1524 6,369 0.02 0.1016 0.2,0.1 20 -0.1524, 0.0, 0.1524
1, 0.5,

2D-A-4 0.0300 1,560 0.06 0.0850 0.2,0.1 20 0.0

2D-A-5 0.1016 780 0.09 0.0508 1,0.1 20 0.1524

2D-A-6 0.1016 2,340 0.09 0.0200 1,0.1 20 0.0, 0.1524

2D-B-1 0.1024 5,256 0.06 0.2200 1,0.1 18, 20, 22 -0.1524, 0.0, 0.1524

2D-B-2 -0.2000 2,316 0.09 0.2400 1,0.1 18, 20, 22 -0.1524, 0.00.1524

2D-B-3 0.0500 1,576 0.08 0.1700 1,0.5 20, 22 -0.1524, 0.0, 0.1524

2D-B-4 -0.1600 2,352 0.06 0.0900 1,0.1 18, 20 -0.1524, 0.0, 0.1524

2D-BR1  -0.1025 4,680 0.09 0.1824 1,0.1 16,18,20,22 -0.1524,0.0,0.1524

2D-BR- -0.0150 2,340 0.06 0.0200 1,0.1 18, 20, 22 -0.1524, 0.0, 0.1524

2D-BR-3  0.2000 2,730 0.08 0.1700 0.5,0.1 18, 20, 22 -0.1524, 0.0, 0.1524
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5.4.2. Laboratory specimen

The laboratory specimen (EX&) that was usedbr validation in Chapter 2, 3 and 4 is used
in this studyas a source of training datince this is a laboratory specimen and not simulated, the
data is treated as the highest fidelity data solarcgaining theML models. This 60.96 x 60.96 x
15.24 cm oncrete specimen was cast and curedSR-inducing environmenat Vanderbilt
Universityand contained pockets of reactive specimen at four known locaidanserous VAM
tests were performed on this specimen by installing accelerometers (sen#srig)mosurface and
by varying VAM test parametersde Chapter 2, Secti@¥.2. To use EXPA for training, each
sensor useth VAM testsneeds to balentified as a sensar the vicinity of damage or not in the
vicinity of damage {1,0}. Using the known information about the specimen, the cores taken, and
observations ointernal slab surface after breaking open the plain concretd1€ah the true
damage indicator value at each sensor is ascertaigdre 32 (b) shows the true damage
classification redts to be used in training the ML models in tid&apter Experimental test
parameters used for this specimen can be fouridhibhe 17. Additional information about this

specimen and the tests conducted in it can be fouSection2.4.

Tablel7: The240 VAM test configurations run on EXR.

Frequency
Amplitude Ratio Ratio Pump/Probe
(probe/pump) Ramp  (probe/pump) Actuator
R: Location [m]
req

10.87,11.96, (0.4572,0.4572),

13.04, 14.13, (0.1524, 0.4572),

15.21, 16.30, (0.1524, 0.1524),

17.39, 18.48, (0.4572, 0.1524),

19.57, 20.65, (0.3048,0.3048)
21.74

1,05,02,01
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5.4.3. Numerical simulation data for Verification of the Classification models

A 3D FE model simulating VAM tests for a sindl@dencrack is used to generate data for
model verification. Theize of3D computational domain is 60.9630.48 cmX 30.48 cm. The
domain geometry and one of the pump and probe éxcitdocations used in the numerical
simulation are shown iRigure51. These are chosen to match the cement slab specimen used for

validation experiments. The VAM parameters ufadverification test were an’yY  of 20,
an'y of 1, andpumping ad probing excitation actuators are placed at the center of the

specimen (0, 0, 0) cm. The location of true damage had a centreid @4, 0) cm and a depth of
15.24 cm from the surface bAquswas used to perform numerical simulations, and the material

properties can be found irable15.

Figure51: FE simulation for model verification, domain geometry and the locationrapmg
and probing excitation actuators.

5.4.4. Damage diagnosis and Evaluation of PIML Moded

The presence/absence of damage at each sensor is established by comparing the results using
the machine learning models to the ground trEtlur metricswere usedsensitivity, specificity,
accuracy, and F1 scoreescriptions and formulas for these values can be fouSdations3.3.2

and4.3.4
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5.5. PIMLs for DamageDiagnosis
5.5.1. Classification model for crack diagnosis on XY plane

The chssification models were built using a combination of methodologies, described in
Section5.3.1 All of the classification models in this section have 3 hiddeertagr less. 20% of
this data was then randomly selected to be used for-eatig&tion and not included within the
training data. For all models, the conjugate gradient method with Powell/Beale Restart algorithm
[80] was used as the training algorithm and the eepgsopy loss function was used. The SoftMax
[81] activation function was applied to the output. Model | consists of 2 layers with 16 nodes in
the first and 8 in the second aisdrained with only 2PA data. Model Il is trained by combining
2D-A and 2DB. It has 2 layers with 16 nodes in the first and 10 in the setbwodkl 111 is trained
using thetransfer learningpproach, with the first two layers (16 and 8 nodes) beiimgttavith
2D-A (Model I) and the last layer being trained by-BOvith 7 nodes. Model IV is a mulfidelity
model with the first two layers being Model Il and the last layer being trained byABEXih 8
nodes. Model V trains by combing the data setsgusia multifidelity approach. Layer 1, trained
used 2DBA has 20 nodes, layer 2 trained usingRBMDas 14 nodes, and layer 3 trained using 2D
BR has 8 nodes. Model VI is combined using the rfidélity approach with the first two layers
being Model Il ad the last layer being trained by R with 8 nodes. Model VII combines all
2D FE simulations with 2 layers of 18 and 11 nodes each. Model VIl is a-fdelity model
with the first two layers being Model VII and the last layer being trained by-&AXith 8 nodes.
The training and verification evaluation metrics for all models be found iTable18. Models
I-11l are similar to the models traine Chapter 3, where the input is a r@mnforced 2D concrete
domain with a single crack. These models perform well for both training and verification. The

multi-fidelity approach explored in training of Models Il and ldve a loweF1 scorefor the
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training performancebut a higher F1 score for verificatiorhe decrease in the trainifd. score

for all models after Model |, is due to the addition of differeminputational domains and data
sources. As we add varying training information to thput data, we expect theraining
performance to decrease becatingerelationship between the input and output has become more
complex In contrastthe verification model performance increases with the addifiagheonew
training data because thesputs cane from domains that are more similar to the domain being
verified (depth, dimensionality)rhe addition ofsimulation data fromthe 2D-BR model in the
training processfor Models V, VI and VIl does not significantlyimprove the diagnostic
performance othe PIML models Although the models had a high verification accuracy and F1
score in some cases, the training values were very pp@mnportant that we examine how these
models perform for the validation of the reinforced specin(exisforcement is ot considered in

the verificationmodel) Sincethe excitation frequencies agopagating throughoth concrete
and reinforcement in 2BR FE simulationthe signal dissipates differently than if there was no

reinforcement at all (2EA and 2DB).
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Table 18 Model training and verification performance. The top vales)(is for the cross
validation values calculated when training the model, the values below (green) are the verification
results.

Machine Learning Model Model Evaluation
Hidden Hidden Hidden e e F1

Label Layer 1 Layer 2 | Layer 3 Sensitivity ~ Specificity ~ Accuracy Score
| DA ) 0.648 0811 0727 0710
0.489 0.868 0.798 0472
I ZEA ) 0.289 0.972 0.849 0.408
2D-B 0438 0913 0.825 0480
0.209 0977 0.880 0.306
i 2D-A 2b-B 0512 0918 0.853 0.526
Y, Z%A ExpA 0.145 0.939 0.636 0.234
P 0557 0.899 0.845 0.533

2D-B
0.038 0.999 0.869 0.073
v 2D-A 2b-B 2D-BR 0.305 0.983 0.875 0437
VI Z%A 2D-BR 0.045 0.96 0.868 0.084
0.458 0.938 0.862 0513

2D-B
VI 2D-A + 2D-B ) 0.163 0.981 0.849 0.259
+ 2D-BR 0.350 0.941 0.832 0434
2D-A + 2D-B 0.088 0.969 0.633 0.154
Vil + 2D-BR EXP-A 0.305 0981 0.874 0435

5.5.2. Regression model for depth diagnosis

The regression model uses the VANput parameters as the inputs to predict the VAM
damage indesBSum The inputdor the modelre determined by their importance in predicting
the SBSunusinganalysis of variancANOVA). ANOVA resultsindicatedthat all of the input
parameters examinadere statisticdy significart, having a pvalue less than 0.0%ection3.4.2.

Thus a surrogate model for the VAM tess built using 7 inputs the ratio of'Q to "Q

Y , the ratio of the amplitude of the probing excitation frequeaay §} ) to the amplitude
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of the pumping excitation frequency € 1 Y, the location of the cracky( ), the

length of the crack({ , the depth of the cracla( ), the location of the pumping and
probing excitation frequency( ), and the location of the senseoo (). Given these inputs
defining the damage and test partane as well as the sensor locatidre butput is the damage
index (SBSumat the sensor on intere3the architecture for the model can be seefigure52.

Note that his techniquégrovidescrackdepth predictiorfZ-direction)for a(2D) cross section of a
3D specimen Therefore, for a 3D test specimen multiple regression rrwaddliagnoses need

to be performed for multiple vertical cressctions.

Inputs Layer 1 Layer 2

Figure52 Regression model with seven inputs (VAM test and damage parameterslidden
layers, the first with 16 nodes and the second with 12, and 1 output of the SBSum.

During training datgre-processing, all input and output values were normalized with a mean
of zero and a standard deviation of 1. Multiple training algorithms, the nwhlagers, and nodes

in each layer were examined to determine the best model. This model was trained by combining
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all of the data for the-B training data (2BEA, 2D-B, 2D-BR) into one data set. 20% of this data
was then randomly selected to be used fosgvalidation and not included within the training
data. There were 18,486 data points for training and 4621 used foivalolsgion. The best
training algorithm was the Levenbekdarquardt method, with a learning rate of 0.1 and the least
squaresloss functior{76], [77]. There were two layers trained, with 16 nodes in the first layer and
12 in the second. The model converged after 230 epochs. Early stpplingsing information
about the error of the crosslidation, was used tprevent overfitting. The bes@alue ofmean

squareerror was found to be approximately 0.326.

5.6. Validation

This section examines four different experimental specimens used in validating the machine
learning modelsThe firstspecimeris referred to as theontrol specimen. The control specimen
is a plain concrete specimen witbactive aggregates evenly distributed throughdomit no
boostingagent(NaOH) addedto induce ASR The other three specimensntainedreactive
aggregateslistributed throughouand sodium hydroxide (NaOH) to boost the alkali loading to
5.25 kg/m3 to acceleratiee production oASR. For the casting dll the specimens, conventional
concrete mixtures prepared in a rotating drum mixer was used. The aggregre distributed
throughout the blocks. All four specimensre of sizep 8o o 8 ¢ o 8 ygmandcontained
25 mm coarse aggregates known to be susceptible to ASR (reactive) combined witeactioa
crushed dolomite/calcite fine aggregate. All four specimendacted a reactive crushed
greenschist from North Carolina. All four specimens contained-didali cement (0.46%
Na20eq), while three contained added sodium hydroxide (NaOH) to boost the alkali loading to

5.25 kg/m3 to accelerate ASkhd the control speciem did not Two of the boostedpecimens
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were reinforced with rebar, the first unidirectionally and the sebathigkctionally The specimens
are labeled as such; contr@kactive aggregates, not boostedBR nonreinforced (reactive
aggregates, boosted)SR unidirectionally reinforce¢reactive aggregates, boostedpd ASR
bidirectionallyreinforced(reactive aggregates, boosteahd are discussed below.

In conducting VAM testing on these specimens, compared to the slab specimen {d&kd in
the crack locations are less likely to be concentrated in known quadrants. To account for this, and
given the key conclusiongrom our previous work[108] where the SBSum was best used for
damage localization when the pumping and probing actuators were located above a damage
location, 10 purmping and probing configurations were used for each specimen. The locations of
the actuators and sensors are displaydeignre 53. We measure the ngense of the structural
component of interest using 21 accelerometers §10@) placed on theomponent's surfac&he
relative magnitudes of sidebands at various accelerometer locatiocal@rated The sensors
were calibrated between different tegtispecimens to ensure that they provide accurate

measurements$n these experiments, we used pumping frequétxy, of 1 kHz. For the given
specimens, the fundamental frequency was much higher than the specimen tg&ihgieaning

the ideal probing excitation frequené® , 20 times larger thaif would be too large for

our actuators to read accuratdlye conductedhe experiments usin@  of 16, 17, 18, 19, 20,

and 21 kHz. We kept the amplitude of the pumping excitation constant and varied the probing
excitation amplitude (1/2, 1/5, and 1/10 times the pumping excitation ampliitite)presence

and severty of ASR-induced damage in each tfie specimens was validated using the

petrographic method, damage rating index, (DRI)
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‘ Pump and Probe @ Accelerometer

Figure 53. Locations of accelerometers and pumping and probing excitation actuators on the
surface of the validation specimens: (a) diagram of the surface of the specimens with all 21 sensors
tables, and all 10 pumping and probing excitation actuator locations; (b)experimental setup on the
surface of the specimen for pumping and probing exaitatctuator location 8.

5.6.1. Damage Rating Index

In order to establish the ground truth for each validation specimen, we need to establish
damage presence or absence in the vicinity of the sensor. We usekaomall ASR damage
metric, namely, damage ratingdex (DRI), to determine the severity of ASRduced damage in
select core locations for each specimen.

TheDRI metric is obtained by petrographianalysisnethod to quantify the extent of damage
in ASR-affected concrete. The core samples were phapbgd and examined visually and using
stereeoptical microscopy. A crossectioned core was cut, and the cut face was coated with
fluorescentdyed epoxy and then polished for optical microscopy examinddBhanalysis was
performed on tohefthe molished onossBcion plabs following the procedure
outlined by GrattarBellew[{109]. Using a stereo binocular microscope at 15x, features indicative
of ASR reaction were identified and weighted according to values listBalda 19. The results
were normalized for an area of 100 Zrithe features in this table are based on typical

characteristics of ASR reaction products, and procedures for the petrographic examination are
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outlined in ASTM C 856110]. A reaction rim is when the exterior edge of the aggregatasthat
in contact with the paste reacts with the alkalis in the pore solliti@ASR formslongthe outer
edge or rim of the aggregat@dditional definitions can be found [&11].

In general, DRI values above 50 suggest significant damage due to ASR. DRI can have
variable resultas different petrographic examiners examine samples. These specimens were all
evaluated by the same petrographer, which helps reduce this variability and allows us to compare
DRI values across all the cores. A study by Sanchez A03)showeda correlation between the
DRI number and expansion levels attained by the specimens. Using this information, we assume
that a core with a higher index contains more A@Riced damage, with damage over 50 being

associated with severely damaged areas.

Tale 19: Weighting factors for DRI

Feature Weight Factor
Cracks in coarse aggregate 0.75
Cracks in coarse aggregate + g¢ 2.00
Open cracks in coarse aggregal 4.00
Reaction rims 0.50
Coarse aggregate debonded 3.00
Pastewith cracks 2.00
Paste with cracks + gel 4.00
Gel in air voids 0.50

5.6.2. Control Specimen

The control specimen was casting conventional concrete mixtures prepared in a rotating
drum mixer contained no additional boosting induce A&Rd curedunder ASR-inducing
conditions (high heat and humidity) at The University of Nebrdskeoln, Omaha, Nebraska.

Four steel ties remained in the specimen from the formwork. This specidenot show
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significant expansionduring the curing proces§0.004%) Since specimen expansion is a key
characteristic of ASR gel production in a conergpeciment is assumethatASR damage was 6 t

present in the specimen.

5.6.3. Alkali -boostedNon-reinforced Specmen

This specimen was cagsing conventional concrete mixtures prepared in a rotating drum
mixer with boosting to induce ASRand curedunder ASR-inducing conditions (high heat and
humidity) at the University of Alabama, Tuscaloosa, Alabama. The speshwmed significant
mechanicalexpansionover the curing proces®.424%) After conducting VAM tests on the
specimen,wo cores Figure54) weretaken out andent for petrographic analysis at the R.J. Lee
group in Monroeville, Pennsylvani@he core locations for this specimen are notedahle 20.

The DRI for core 1 (EXMB-C1) was 73, and for core 2 (EXR2C2) was 58The petrographic

analysisshowedsevere ASRnduceddamageat both core locations.

30

o

Figure54: Core locations for thalkali-boostechonreinforced concrete specimen (cm).

5.6.4. Alkali -boostedUnidirectionally Reinforced Specimen

This specimen was cassing conventional concrete mixtures prepared in a rotating drum

mixer with boosting to induce ASRand curedunder ASR-inducing conditions (high heat and
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humidity) at The University of Nebraskaincoln, Omaha, Nebrask&our steel ties remained in
the specimen from the formwork. The locations of the rebar reinforcement can be Begman
55. The specimen showed significant expansion over the curing procest%). After
conducting VAM tests on the specimédwp cores Figure56) were sent for petrographigdhe
core locations for this specimen are notedable20. The DRI for core 3 (EXBBR1-C3) was 29,
and for core 4 (EXBBR1-C4) was 34Thepetrographic analysis showedmall amount oASR-

induceddamageat each core location
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Figure55: Rebarocations for thelkali-boostedunidirectionallyreinforced concrete specimen.
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Figure 56: Core locations for thalkali-boostedunidirectionallyreinforced concrete specimen
(cm).

136



5.6.5. Alkali -boostedBidir ectionally Reinforced Specimen

This specimen was cassing conventional concrete mixtures prepared in a rotating drum
mixer with boosting to induce ASRand curedunder ASR-inducing conditions (high heat and
humidity) at The University of Nebraskaincoln, Omaha, Nebrask&our steel ties remained in
the specimen from the formwork. The locations of the rebar reinforcement can be Begman
57 andFiguress. The specimen showed significant expansion over the curing procéS&Xxy).
After conducting VAM tests on the speciméwo cores Figure 59) were sent for petrographic
analysis.The core locations for this specimen are noted@iahle 20. The DRI for core 5 (EXP
BR2-C5) was 70, and for core 6 (EX$R2-C6) was 51The petrographic analysis showed both

core locations were severely damaged by ASR
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Figure57: Rebarocations for thelkali-boostedvidirectionallyreinforced concrete specimen.
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Figuress: Plan view of twedirectional rebar reinforcement (with ties) for takali-boosted
bidirectionallyreinforced concrete specimen.
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Figure59: Core locations for thalkali-boostedidirectionallyreinforced concrete specimen (cm).

Table20: Core locations for each specimen and DRIs

Core Label Centroid (cm) DRI
EXP-B-C1 (20.32, 15.24) 73
EXP-B-C2 (35.00, 22.86) 58
EXP-BR1-C3 (21.59, 15.24) 29
EXP-BR1-C4 (42.55, 20.17) 34
EXP-BR2-C5 (22.86, 15.24) 70
EXP-BR2-C6 (38.10, 15.24) 51

5.7. PerformanceEvaluation of PIML Model
5.7.1. Laboratory Experiments

In conducting VAM testing on these experimental specimens, compared to the slab specimen

tested in[48], the ASR-inducedcraclks are not likely to be present near a pocket of reactive
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aggregates, but could be presamywhere irthe specimenlo account for this, and givehe key
conclusionsfrom [108] where the SBSumwvas best used for damage localization when the
pumping and probing actuators were located above a damage location, 10 pumping and probing
configurations were used for each specimen. The probing excitation frequency was {16, 17, 18,
19, 20} kHz and the puping excitation frequency was 1kHz for all specimens, The amplitude

ratios used were {1, 0.5, 0.2, 0.1} probe/pump.

5.7.2. Control

Each of the eight classification models traine®egction5.5.1wereevaluated on the control
specimen. The results are displayedrigure60. Since the specimen showed no deformation or
signs of ASRinduced damage, we expect to see a low to no damage probability. It ithelear
Model | performed poorlyas itidentified damageThe reason Model | provides a high damage
probability isbecause the model is trained to look at the relationship betwe&Bganand the
mean of the SBSumfor that specimen without accounting for the trualue of the SBSum
Although the value 08BSumis small in this case, the relationgtietween thevalue at a given
sensor and the mean valcguses the motlé predct the presence of damagesaie sensors
Themodel was not trained for tlzeroprobabilitycase.Models V and VI performed the best and

had damage probabilities of zero. All other models alsoessfully did natdentify much damage.
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Figure60: Results of the eight classification models evaluated onaht&ol specimen.
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5.7.3. Alkali -boostedNon-reinforced Specimen

Each of the eight classification models trained®attion5.5.1was evaluated on tredkali-
boostechonreinforced specimen. The results are displaydedare61. Since the specimen had
a DRI of 73 for core 1 and 58 for core 2, we expect to detect a high probability of damage over
core 1, and a slightly lower value near core 2. Model V and VI performed the worst as almost no
damage was predicted about core 1. Mbgekformed the best, and the other models had a higher

probability above core 1, despite their low probabilities overall.

Model | Model Il
1 1
20
0.5 0.5
10
0 4] 0
0 10 20 30 40 50
Model Il Model IV

0.5

Model V Model VI
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Figure61: Results of the eight classification models eveddan thelkali-boostedhonreinforced
specimen.

Given thedamageprobability map for Model |, a crackis assumed to blecated near the
region ofhighdamage mwbability. As per the methodology discussed in Sec8¢hl.4a vetical
slice s taken along theenter of thespecimen(containing theselectedcrack aty=15.24 cm
(Figure62 (a)). The centroid is 20.32 cm in thedirection, and the length is estimated as 10.16
cm. Figure 62 (b) showsthe vertical slice crossectioncontainingthe crackwith the unknown
depth Zcra. 5000 MH samples are taken, and the pradrzca« is assumed to be a uniform

distribution,U[0.00001,30.48 cm. The crack's depth is estima about 13 cm from the surface

(Figure63).
() (b)
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Figure62: (a) Damayeprobabilitymap forModel | with a vertical slice at=15.24 cm; (b) Cross
section of the vertal slice witha10.16 cmcrackat centroid x=20.32 cm andraunknown dpth,

Zcrack
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Figure63: Posterior for damage depth of a crack estimated imlitedi-boostednon-reinforced
specimen

5.7.4. Alkali -boostedUnidirectionally Reinforced Specimen

Each of the eight classification models trainedSection 5.5.1 was evaluated on the
unidirectionallyreinforced specimen. The results are displaydgigure64. Since the specimen
had a DRI of 29 for core 3 and 34 for core 4, we expect to detect a low probability of damage at
both core locations. Models V and VIl show almost no damage probability for the specimen.
Model 1 has a fairly high damage probability, buattisto be expectedincesignificant ASR
damages presenin the specimen. The remaining models show a much higher damage probability

at the core 3 location but otherwise detect very little damage elsewhere in the specimen.
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Figure 64: Results of the eight classification

unidirectionallyreinforced specimen.
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Given thedamageprobability map for Model I, a crackis assumed to becated near the
region ofhigh damage mbability. A vertical slice s taken along theenter of thespecimen
(containing theselectedcrack aty=15.24 cm(Figure 65 (a)). The centroid i3 cm in the x
direction, and the length is estimated’a&cm. Figure65 (b) showsthevertical slice crossection
containingthe crackwith theunknowndepth zcrag. 5S000MH samples are taken, and the piobr
Zerak IS assumed to be a uniform distributid{0.00001,30.48 cm. The crack's depth is estiméate

at10 cm from the surfacd~{gure66).
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Figure65: (a) Damageprobabilitymap forModel | with a vertical slice at=15.24 cm; (b) Cross
section of the vertal slice witha 7.6 cm crackat centroid x=23 cm and a unknown dpth, Zrack
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Figure66. Posterior for damage depth of a crack estimated ialidadi-boostedunidirectionally
reinforced specimen
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5.7.5. Alkali-boostedBidirectionally Reinforced Specimen

Each of the eight classification models trainedSection 5.5.1 was evaluated on the
unidirectionallyreinforced specimen. The results are displaydéigare67. Since the specimen
had a DRI of 70 for core 5 and 51 for core 6, we expect to detect a high probability of damage at
both core locations, especially at core 5. Mddatrforms bestor damage localization. Models
II, Ill, and IV also have fairly high damage probabilities, and they are higher than the

unidirectionallyreinforced case, which is what we expect given the DRI values.
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Figure67: Results of the eight classification models evaluated oalkiaé-boostedidirectionally
reinforced specimen.
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Given thedamageprobability map for Model I, a crackis assumed to becated near the
region ofhigh damage mbability. A vertical slice s taken along theenter of thespecimen
(containing theselectedcrack aty=15.24 cm(Figure 68 (a)). The centroid i222 cm in the x
direction, and the length is estimated?a&cm. Figure68 (b) showsthevertical slice crossection
containingthe crackwith theunknowndepth zcras. 5S000MH samples are taken, and the pieér

Zerak IS assumed to be a uniform distributid{0.00001,30.48 cm. The crack's depth is estiméate

at6.5cm from the surfacdgure69).
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Figure68: (a) Damaye probabilitymap forModel | with a vertical slice at=15.24 cm; (b) Cross
section of the vertal slice witha 7.6 cm crackat centroid x=22 cm and a unknown dpth, Zrack
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Figure69: Posterior for damage depth of a crack estimatetieralkaliboostedbidirectionally
reinforced specimen

5.7.6. Discussion of Results

The camage probability calculated from the PIML models for each core lodattmmpared
to the DRI for that corén Table21. SinceDRI values above 50 are generally indicative of severe
ASR-induced damage in concret@e can expect the bgserforming models to have a high
probability of damage at the core locations that have DRI values over 50. Using this metric for
comparison, Model performs the bestor localizing the ASRinduced damagerhat is, the
damage probability value at the core location (in percentadyhswhenthe DRI value for the
coreis high Additionally, thedamagerobabiliiesfor Models I, 1lI, IV, VII, and VIII aresmaller
for the significantly damagedores tharModel |; however, the relationship between a higher
probability of damage and a higher DRI is still presbtadel | has a higheramage probability
because the training data was laditutedd with otherVAM test parameters he training datadr
Model | had more information coming from VAM test$ different cracks and not just other
parametersRfeq, Ramp €c.), which may not be as important in the ML models asviigation

in damagelocations The main drawback oModel | is its poor performance for the control
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