ABSTRACT

LYATHAKULA , KARTHIK REDDY. Probabilistic Fatigue Life Prediction and Damage
Prognostics of Adhesively Bonded Joints via ANdsed Hybrid ModglUnder theDirection of
Dr. FuhGwo Yuar).

Adhesively bonded joints have besidely accepted and increasingly used in major4oad
carrying structural components due to many advantages over classical mechanical fasteners, like
riveting and boltingFatigue damage remains one of the primary causes of failure in adhesively
bonded joing. In this work, proballistic fatigue life prediction and probahlistic damage
prognostics frameworks are develogedadhesively bonded joint$he probalilistic fatigue life
predictionframework calibrates the fatigue life model by quantifying uncertainty in the fatigue
damage evolution relation using experimental fatigue life @atzbabilistic assessment of fatigue
life is simulatedthrough damage evolution along the bondline and 8awpenference via the
Markov chain Monte Carlo (MCMC) sampling methodinverseuncertainty quantification (UQ)
in fatigue model paraaters To expedite the fatigue lifsimulation, a hybrid model composed of
physicsbasedfatigue damage evolution relation and a edigen artificial neural networks
(ANNs) model s employedThe degradation of the adhesive is evaluated by the fatigue damage
evolution relation which is tiremapped tdahe strain redistribution along the bondline using the
ANNs model

Once the mapping is learned by the ANNs, through data from FEA simulations, the
probabilistic fatigue life prediction framework involves three successive modules: () fatigue
damage growth (FDG) simulator, (liverseUQ in fatigue model parameteend (111) confidence
bounds for fatigue life predictiomfhedeveloped=DG simulator can be used for simulating fatigue
degradation rapidly for a given geometric configuration uraey arbitrary fatigue loading
spectra. The quantifiechodel parameteuncertainties from the framework correspond to the
intrinsic statistical material properties that can be used for probabilistic fatigue life prediction in
any joint configuration with th same adhesive materi&he probabilisic framework is verified
using a single lap jointSLJ) by quantifying uncertainties which are then used for probabilistic
fatigue life prediction inlaminated doublers in the bending (LDB) joint, that uses the same
adhesive material as SLJ, asduccessfully compared with experimental data. The framework is
also tested and validated by estimating probabilistic fatigue life in other joint configurations under

constant and variable amplitude fatigue loadipgctra.



The probabilistic damage prognostics framework is the integration of diagnostic method,
hybrid FDG simulatgrand uncertainty quantification methdud the diagnostic method, ultrasonic
Lamb waves are excited into the structure using a pair ab piafers and the damage extent is
guantified by reconstructing the reflected signal from the bond region. The proposed diagnostic
technique is verified using the signal generated by the finite elesirantationswith various
levels of damageThe diagnaic technique is applied intermittently to quantify the damage extent
and thedata is used to calibrate the FDG simulator inversely quantifing parameter
uncertainties. The integratethmage prognostidsamework is verified by estimating RUfor

adhesvely bondedoint configurations under different loading conditions

In the developed frameworks, the MCM@ethod isused forUQ andthese methodare
inherently serialThe UQ simulation takes hours of computational time eventhtiybrid FDG
simulata. To speedip theprocessthesequential Monte Carlo (SMC) method is usedunUQ
simulations on parallel processofithe SMC method is first demanatedon the problem of
sampling from high dimensional space andgheallelization capabilities of the SMC method is
demonstrated bpenchmarking the problem atifferent cloud architectureNext, e MCMC
method n the proibablistic life predictiorframeworksis replaced usinghe SMC method and
parallel UQ simulatiosare conducted othe Henry2cluster A good speedip ofUQ simulations
is achieved Finally, a portable and scalabRaspberryPi cluster is built andhe framework is

deployed on the clusten testits compactness
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CHAPTER 1 INTRODUCTION

Adhesivelybonded jointhave been widely accepted and increasingly used in nogdcarrying
structural componentgl] due to many advantages over classical mechanical fastdikers,
riveting and bolting. Potential advantages of adhesive joints over traditional joining techniques are
obvious: longer fatigue life, lightweight, good sealing, ability to joint thin and dissimilar
components, and lower manufacturing cost. Fatigue damegains one of the primary causes of
failure in adhesively bonded joints and fatigue life is considered an important design factor.
Experimental testing is often used to determine fatigeigavior but experiments require high
setup time, expensive equignt, and high cost in testing. Instead using a predictive model is time
and costefficient. However, inherent uncertainties from various sources leadatbeing in
experimentafatigue datg and a robust integration framework to quantify these unoéigaiis
crucial to increase the confidence in fatigpedaviorprediction by the predictive model.

1.1 Sources of Uncertainties

Types of uncertainties can be broadly classified into two categories: aleatoric and epistemic
uncertainty{2] as shown ifFigurel.1. Aleatoric uncertainty, also known as stochastic or statistical
uncertainty, is inherent to a problem and cannot be reduced with additional physics or experimental
knowledge.In the context of adhesively bondaiints, the aleatoric uncertainties can be further
classified into experimental, manufacturing, amérameter uncertaintiesExperimental
uncertainty arises due to the assumptions in the applied boundary conditions or improper alignment
of the specimen during the testif®) 3]. The manufacturing process of adhesive joints involves
different steps such as surface preparation of adherend, adhesive preparation, pressing, and curing
procesd4]. Each step in the manufacturing process plays an important role in the final quality of
the adhesively bonded joinf]. Surface preparation, the moistwentent in adhesive, applied
pressure during the pressing step, curing temperature, and curing time affects the bondline
properties such as thickness and material propégftjes 6]of the final cured joint. Uncertainty

in these parameters while manufacturing several joints, with a similar adhesive system, results in
variation in boulline properties among the finally cured joints and even among the joints with the
same design. Parameter uncertaii®lyis due to uncertainty in parameters of the mathematical
model such ss.adhesive material properties, model constants, and fatigue degradation parameters

(q) of cohesive zone modeling (CZM). These aleatoric uncertainties can be directly quantified

1



using statistical method&]. The manufacturing and experimental uncertainties result in varying

fatigue life among similar adhesive joints when tested under identical loading conditions.

Types of
uncertainty

Experimental
uncertainty

Aleatoric
uncertainty

Manufacturing
uncertainty

)
]

Parameter
uncertainty

—>

—>

Epistemic
uncertainty

Model
uncertainty

* Boundary conditions

Adh

+ Curing temperature
+ Adhesive thickness

* Material properties
+ [ Fatigue model parameters (g))

* Model geometry
* Numerical errors
» Physics assumptions

£ i N
g £ S
esive —~ 1 ¥
¢ -

Jm ax

Constitutive law

£y

Traction (T)

I czm
elements [

/111

(6., T)

Separation (3)

|- Solid elements

dDy

— = ay™ (eax — £e)F

dN

b

Fatigue damage

evolution

q: (@, B, &en)

Figure 1.1 A general classification of uncertaintiesd sources of uncertainties in adhesively
bonded jointsin thiswork, uncertainties in the fatigue model parameters are quantified using the
experimental data.

Epistemic uncertaty, also known as systematic uncertainty, arises due to a lack of

information in the mathematical models, that truly represent the physical behavior of the system

[7]. Model assumptions and the missing physics are some of the sources for epistemic

uncertainties. Closefibrm solutions are only limited to idealized conditions and thus numerical

methods are often used to model the physical behavior of the system. The assumpaimesical

techniques result in uncertainti¢®, 7] Another source of model uncertainty arises from

assumptions in modeling geometry Buas ignoring fillets or smooth adhesive edges. Epistemic

uncertainties can be reduced by including more information about the problem, but it is limited by

the current theory and modeling capabilities. One way of quantifying the epistemic uncertainties

is to reformulate them as aleatoric uncertaifiy. The model and parameter uncertainties

contribute to the uncertainties in the predictive model. This work is focused on quantifying fatigue

model parameter uncertainties using the experimental data.

1.2Integrated Probabilistic Frameworks

To use thetime and cosefficient predictive models fosimulating fatiguebehaviorin the

adhesively bonded joints, the model requires calibrafibe. predictive model calibration is the

process of estimating the model parameters using the experimerddl2HaHHowever the

uncertaintiesneed to be quantified during the model calibration to increase the fidélitye



prediction.In this work, probabilistic fatigue life prediction and probabilistic damage prognostics

frameworks are developed for adhesively bonded joints.

The probabilistic fatigue life predictioframework calibrates the fatigue life model by
guantifying uncertaintyin model parameterausing experimental fatigue life datalhe
experimental data for this framework is the life under different fatigue loadagdotvever, the
manufacturing and experimental uncertainties result in the variability of fatigue life among similar
adhesive joints when tested even under identical loading conditions and these variations in the
fatigue life data contribute to parametercertainties while calibrating the predictive model using
the experimental data. By quantifying the uncertainties in the model parameter, probabilistic
fatigue life can be estimated by the predictive model and increase confidence in fatigue life
predictian. The estimation of the model parameters uncertainties using the measured experimental
data is often referred to @sverseuncertainty quantification (UQ). In this work, an integrated
framework [2, 3, 8, 9]is developed to quantify model parameters uncertainties using the
experimental fatigue life data of adhesively bonded joints, and then the quantified uncertainties
are used for probabilistic fatigue life prediction. The proposed framework requireseiaiion
of experimental data, a predictive model, and statistical methods. The experimental data is used to
calibrate the predictive model parameters, and uncertainties during the model calibration are
guantified using statistical sampling methods Mar&b&in Monte Carlo (MCMC) method2, 3,

8, 1013] and sequential Monte Carlo (SMC) Methfi¥4-17]. The integrated framework is
successfullydemonstratedby predicting probaib stic fatigue life indifferent adhesively bonded

joints.

The probabilistic damage prognostidsamework integrates the diagnostic data, hybrid
FDG simulator, and statistical methotbs quantify uncertainties in the model parametétse
diagnostic methodrpvides the damage level in the adhesive structure intermittently, using the
sensor signal, and the damage data is then used to estimate the model parameters by calibrating
the predictive model. However, the diagnostic method assumptions and sensamitdise éxact
estimation of the model parameters, which contribute to the uncertainties in the parameters during
the calibration of the predictive model The statistical methods quantify uncertainties in the model
parameters of the FDG simulator using tlaenage level data andtime prognostics framework
Bayesian inference via the Markov chain Monte Carlo (MCMC) method isfas&lf. Once the



parameter uncertainties are quantified, they are propagated through the FDG sifioulator
probabilistic remaininguseful life (RUL) estimation The diagnostic technique continuously
measures the damage level data and the entire process of the uncertainty quantification, RUL
estimation is repeated intermittentlshe prognostics framework is successfully demonstiayed
predicting probatti stic remaining useful life irmdhesively bonded jointonfiguration under

different loading conditions

In the fatigue life prediction framework, the output from the hybrid model is the fatigue
life, and the hybrid model is calibrateising the experimental fatigue life data. The experimental
data for the fatigue life prediction framework is obtained at different fatigue load spectra. In the
case of the probabilistic damage prognostics framework, the output from the hybrid moeel is th
damage progression for a given fatigue load spectra, and it is calibrated using the damage extent

dataacquired from the diagnostic method.

In the developed frameworks, the MCMC method is used for UQ and these methods are
inherently serial. The UQ simulan takes hours of computational time even with the hybrid FDG
simulator. To speed up the procettee UQ computations are parallelizading the sequential
Monte Carlo (SMC) method. The SMC method is first demonstrated on the problem of sampling
from high dimensional space and the parallelization capabilities of the SMC method is
demonstrated by benchmarking the problem on different cloud architecture provided by Rescale
Inc. The SMC methodjavea linear increas in speeeup with the number ofcores.Next, the
MCMC method in the frameworksreplaced using the SMC methaohd parallel UQ simulatian
are conductedn Henry2[18], a highperformance computing cluster opechtg North Carolina
State UniversityThe damage diagnostidsamework is benchmarkealy running the HP@nd a
good speedip of UQ simulations is achieved. Finally, a portable and scalable cluster issingjt
four Raspberry Pi 4 Model Brocessorand he framework is deployed on the cluster to test its
compactnessA very good speedup is achieved on the Raspberry Pi cluster caitpé#re serial
MCMC computations on a single processnthe NC State universitiienry2 clusterThe cluster

is portable ad can beeomputationallyscaled up with more processors.

1.3 Thesis Overview

The rest otthe thesis is structured as follows the first part ofchapter 2, different diagnostic

methodsto detect damage iadhesively bonded joints from the literatame presented anthe
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theory of Lamb wave propagation is diseed. In the second paof chapter2, the datadriven,
physicsbasedandhybrid predictive models fosimulatingfatigue damage iadhesively bondé
joints arediscussedn chaptef3, the theory oflifferent prognostics modeis discussedn chapter

4, the details of finite element fatigue damage simulation using cohesive zone mgiaimgg
ANNSs for the hybrid mode] and validation of the hyid modelarediscussedin chapter 5, the
details of the probabilistic fatigue life prediction framewark presented followed by validation
of the framework orifferent adhesively bonded joinf§he details of the probabilistic damage
prognostics fram&ork and validation of the frameworkre presented in chapter €hapter 7
introduces the sequential Monte Carlo (SMC) metttwogampling from high dimensional space
problemandthe parallelization capabilities MC arepresented by running the simulations o
cloud architectureln chapter 8, the details oéplacing the MCMC method in the frameworks
with SMC and speedip achieved using the SM@re presented. Finally, a summary and

conclusionsare discussenh chapter 9



CHAPTER 2 DIAGNOSTICS AND PREDICTIVE MODELING

In the first part of this chaptey different diagnostic techques for adhesively bonded joints are

reviewed and different predictive models for modelidgmage are reviexdin the second part.

2.1 Damage Diagnostic Methods

The damage diagnosticstime adhesively bonded joints are studied by many researélcersstic
emissionAE) isa commonly used damage detection technique in stru¢i®e<l]. In AE, elastic
energy is generatefdom the déect is propagated through the material as elastic wavethand
damage is characterizdazthsed on these elastic wavédilad et. al. has presented a stuidy
characterizéhe damage in kinaterial steeto-composite doublap adhesivelybonded joints
usingAE [25]. Two adhesive structures are studi@nddifferent failures such a€FRP skin failure
and adhesive failure are characterized based onSg&kerl other researchers also presented

damage detection methodsadhesive joint$20, 2629].
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Figure2.1 Backface strain detection of fatigue crack initiat{@0].

The backface strain techniquewhich are localized damage techniquesused to asss
the damageniadhesivelybond joints. Satoet al.wasthe initial group employinthese techniques

to study crack initiation and propagation in welded joj8fd. Later this technique asapplied to



adhesively bonded joints by\aral authorg26, 3235]. In this techniquestrain qauges are
attachedto the @posite side of thadherent near the crack eda® shown inFigure2.1. The
backface strain remamnchanged until the damaged the strain changes as the crack develops.
This is because the local deformatierdue to the crack growth. The damagewth is detcted
based on thetrain deviationThe backstrain techniques are sensitive to libeation of the strain

gauge and do not giveclear distinction of damage initiation and propagation.

Digital image correlatiofDIC) is another technique fatamage detection in structures.
DIC isanoptical measurement technique that can be fwathmage detecticas shown irFigure
2.2. DIC can be usedo carry out fulifield, noncontact and two or threedimensional
guantification of the damage. DIC techniques measure the surface displacementsrottilne s
by scanning the randospeckleapplied on the surfad86-42]. DIC has been applieitr damage
detection inadhesively bonded joisby several researche43-46]. DIC techniques are highly
accurate and providprecisedamagesize. However, it requires high setup time and requires

expensive equipment.

Other rondestructive techniques (NDT) such as thermograpt®)], ultrasound, X
ray[48], andacoustic emission[49, 50] are popularly used for damage detection in structural
applications. These NDT inspections are tico®suming, requirexpensive equipment, and are
conducted at weltontrolled experimental conditions using removable transducers, which are not
suited for insitu measurements. The SHM methods are modern techniques to monitor structural
health in reatime or ondemand by @alyzing data irsitu collected from sensors permanently
mounted on or embedding inside the structures. The SHM techniques are used to monitor the
structural integrity in different structural applications and are divided into four different categories
[51]: rotatory machine condition monitoring, global monitoring of large structures such as bridges,
large area monitoring for localized damage in large structures, and localized monitoring. The
localized monitoring techniques are used to monitor a specific area of the structure, where failure
is likely to initiate as a relatively small defect such as rebar corrosion in civil engineering
applications and critical damages in pressure vessels aéfaif51]. In localized monitoring
systems, the position of the damage is precisely known and sensors are mounted near the damage
location. This work is focused on localized monitoring oamhages along the boritie of the
adhesively bonded joints using ultrasonic Lamb wlaased SHM techniques
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and DIC technique
2.11 Lamb Wave methods

The Lamb wavébased SHM techniques can providesitu measurements using higfficiency
andlow-costpiezoelectric waferg52-56]. The piezoelectric wafers are permaheniounted on

or embedded inside the structures and ultrasonic Lamb waves are excited intermittently to acquire
sensing data for damage diagnostics, while the structure is in operational cohditnimwaves

are interference of bulk waves atieir propagation is guided by the boundary of the structure as
shown inFigure2.3. The Lamb waves can tral long distanceand can be used detect damage

in hidden regions of the structufehe Lamb wave techniques areed for insitu monitoring and

are const effective compare to other techniqlibs. Lamb wavesre multimodal anthere exist

symmetric and antisymmetric modes as showrignire2.3b.
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Figure 2.3 Guidedwavebased damage detection in the structural pla@). Lamb wave
propagatiorand (b)different modes of Lamb wave propagation.

There exist at least two modé&s Lamb wavesat every frequency. The characteristics

eqguations for Lamb waves are giventbgfollowing equations:

Symmetric Mode Anti-Symmetric Mode
u, =ikAsin pz -gBsin gz u, =ikAsin pz -gBsin gz
u, = pAcos pz - ikB cosqgz u, = pAcos pz - ikB cosqz

S« = fep* k* &)Asin pz 2ikgBsin a s,, = f2p® -kK* ) Asin pz 2+ikqBsin g
s,,= fk® -q°) Asin pz 2ikgBsin g2 s,,= ftk® -g°) Asin pz 2ikgBsin g2
5. = faikpAcospz K ) B cosqgZ S, = faikpAcospz K 4)B cosqZ

= e Lok
¢ Cr
wo_ g ptan(ph/2+ g
& =T angnizrg)
where] is the angular frequencg* "C¥ is the frequencyk is the wavenumberm is

longitudinal wave speed amol arethe shear wave speed dnis discrete valuef: symmetric,
“[2: anttsymmetric modes ). Solvinipe above equation gives dispersion relations as shown in
Figure2.4.
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Figure2.4. Lamb wave dispersion curvesthealuminum plate

The Lamb wave techniques are used in the literature for damage detectitiesively bonded
joint measurementsr inspection of the bond quality and bond dimension measure®&nts8]
Francesco et. dl59] have conductedxperiments for bond inspectiom lap jointsby ultrasonic
testing A hybrid broadband laser/amoupled ultrasonic setup isperated ina through
transmission configuran. A wavelet transformi60] is employed to extract energsansmission
coefficients to determine different bond statesowe. et. al. have simulated Lamb wave
propagation in adhesively boedi single lap jointising finite element simulaticanda function is
generatedbetween the transmission coefficient and bond dimensisissiown irFigure2.5 [57].

A detailed analysis of the mode conversion behavioomluctedand the study providesbasis
for the selection of modesof nondestructive evaluation bbnd region and bond dimensions

estimation.

A very few studies are conducted for damage quantification in structures. Jingjing et. al.
have presented an experimental study of damage detection and quantification in ttgainete
using nordestructive evaluatiof61]. PZT wafers were used to monitor the wave reflection from
the crack near the rivet and a correlation is constructed between the crack lenginesithain
features of the signal. Some researchers have used artificial neural networks for crack detection in
structural applicationgs8, 62, 63] In guidedwavebased damage techniquesyavepackets
excited and the reflected wavepackets from the boundaries of the structure are analyzed for damage
detection[64, 65] The Lamb waves are dispersive and the signal received contains wavepackets

reflected from multiple boundaries. The wavepacket from damage is required to be separated for
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damage quantificatiofi65, 66] In this thesis, a matching pursuit algorithm is used for extracting
the signal reflected from the damage. Matghpursuit is used by several researchers for damage

detection in structural health monitoring applicatif®®, 64, 6671].
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Figure 2.5 Damage detection in adhesively bonded joints using Lamb w@jeBond quality
inspection using laser/afoupled ultrasonic sgi59]. (b) Estimation of bond dimensions using
the transmission coefficiefb7].
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2.1.2 Matching pursuit algorithm

Figure2.4 showsthat phase velocity and group velocitges function of frequency and this makes

the Lamb waves dispersivAdditionally, the multimodal nature of Lamb waves generate mode
conversion at the location of damage or when material properties/thickness of the plate changes.
A matching pursuit algorithm is required &xtract the wave reflected frothe damag¢70, 72]
Matching pursuit algorithm is a signal processing techntbaeis used to separate waveforms

from the received sign#hatcontains multiple reflected signals and modédge nmatching pursuit

11



algorithm is introduced by Mall§7 3] et. al and Qiarj74] et. al developed a similar algorithm. In
this algorithm, different waveforngeneratedrom a predefined dictionamgreprojected onto the
received signal and a waveform iteratively selected which approximates a plaetre€eived

signal.The Matching pursuit algorithm is used for damage detection in SHM applicptitins

Thematchng pursuit algorithm is desbedas follows

1) Normalize the received sigl by the L norm of the signal\(;).

2) Create a dictionanD o f al |l possi ble expected wavefo
propagating in the structure of interest.
3) lIteratively search fothe best waveform irD which gives maximum L.norm of cross

correlation of the atom with the received signal as shown below

R, =argmax(R V..)

4) Compute the residual of the sign4l|, by subtracting the waveform from the dictionary

found in step 3

Vm :le -< Rn’ Vm-1> R
5) Repeat steps 3 and ssepuntil the energy in the signal is less than a threshble energy

of the signal is defined b V,|

The matching prsuit algorithm is demonstrated by findithgelocation of the defect on a finite
element exampldzigure2.7ashows a 50@mlong plate with a notch. To find the location of the
defect,thestructure is excited by applying point load excitation on opposite surfaces at the center
of the plateandtheresponse of the structure is monitored at the excitation pointguts@echo
configuration.Figure24s hows t he di spersionmmhvekhesst i Fe
the dispeirtsiionn chig erev e dy Ao éind  maales carbpdopagateHrethe o n |

structure.
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Figure2.7 Lamb wave propagation in a thin plaig) Titanium plate with a defe¢b) 3.5 cycle
tone burst excitation with centefrequency of 500 kHz and (c) Propagatfgmode in the plate
is shown by plotting strain obtained from &ABimulation

Figure2.7b shows the 3.5 cycle tone burst load applied in the finite element example and
Figure2.7c is the propagting Ao mode in the plate. In a pristine structure, the propagating mode
in the plate will be only the excited moderd, in this casét will be only pureAo mode. Whereas

in a damaged structure, the puse mode converts to other propagating modes when the wave

packet interacts with the defect. To distinguish the modes in the received signal, th&stram

the top and bottom surfaces are monitored. The stainis chosen tde monitored because, in

the experimental method, piezo is used to excite and receive the sigmhadiezo converts the
strain on the surface to voltage. The ssaimthetop and bottom surfac@eequal in magnitude
with opposite sigsin thecase ofantisymmetric modéo andthe case of symmetric mod®, the
strain onthetop and bottom surfaceequal in magnitude witthe same sign. fie ensile strain
on thetop surface and compressive straintb@bottom surface is monitored in the example to

resemble the displacement of the lamb wave modes.

Figure2.8a shows the difference of received signal frima damaged, pristine structyre

and bothAp and $ modes are observed. 8 mode the observed quantity dhetop and bottom
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surface are oubf-phase and iphase irthecase ofAo. From the received signaiheonly Ao mode

can be extracted by summing the two signalskigdre2.8b shows the extracteflo mode. The

received waveform is ndhe same as the exeig waveform because of the dispersion. From the

extractedAo mode, the location of the defect is estimated uaimgtching pursuit algorithm.
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Figure2.8 TheLamb wave propagation obtainém FEM simulation(a) Received signal in a
structure with defect dt, = 50 mmand (b) extractedo mode from the received signal

The procedure to estimate the locatiothefdefect usingamatching pursuit algorithm is described

below
1)
2)
3)

Obtain the difference of received signal from damaged and pristine
Normalize the difference signal by its L2 norif,

Generag dictionary of expected waveforms that can be receiged) equation

o & o

D) = fre e “dt
- u(} - o

gAO(W))q é/'/ d,'/

Here F (t) is theexciing waveform, X whichis the distance traveled by the tone burst

and kAn (») is the wavenumber agunction of frequency foA) mode, obtained by solving
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dispersion equations of lamb waves. In this example only expégtedode waveforms
are generated.
4) Find the wavefornR, which givesthemaximum Ly norm of crosorrelation of the atom

with the received signal

R, =argma{(R )

Ri D

X, corresponding tdR. is twice the distance of the damage from the receiver.

DZ T T T T T T T T T
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1 — — — Matching waveform
0.1 |‘ .
§ 0 v | [\f\’—-—
o | | |
i
LI
Dar 7
—Dz 1 1 1 1 1 1 1 1 1
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t(us)
Figure2.9 Estimated matching waveform for the structure with damadge 260 mm

The @ove procedure is applied on the received signal from the structure with damage at
L, =50mmand the waveform estimated is showrFigure2.9. The estimated waveform from

matching pursuit matches closely with the received signattenestimated distance of defect is

49.5mm Mismatch in the estimated distance of defect is leeaf error in the dispersion curves.

The matching pursuit algorithm is applied on various vallesvith waveform estimated for
damage locatiorl,, =50Mm as referenceTable2.1 shows the estimated damage location using

matching pursuit for different damage Iocatidr.}]. The error in damage location estimatib,n

is very small.
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Table2.1 Estimated damage location (mm) using matching pursuit algorithm

L, Estimated | Error L, Estimated | Error
50.00 50.00 0.00 70.00 70.20 0.20
50.25 50.25 0.00 72.50 72.75 0.25
50.50 50.50 0.00 75.00 75.25 0.25
50.75 50.75 0.00 77.50 77.80 0.30
51.00 51.00 0.00 80.00 80.30 0.30
52.50 52.55 0.05 82.50 82.80 0.30
55.00 55.05 0.05 85.00 85.35 0.35
57.50 57.60 0.10 87.50 87.85 0.35
60.00 60.10 0.10 90.00 90.40 0.40
62.50 62.65 0.15 92.50 92.90 0.40
65.00 65.15 0.15 95.00 95.45 0.45
67.50 67.70 0.20 97.50 97.95 0.45

2.2.Predictive Models forFatigue Crack Growth

This section reviews the different predictive models in the literature for simulating fatigue damage
behavior in adhesively bonded joints. The advantages and disadvantages of each model are

discussed.

2.2.1 Total Life approaches

The total life approaches are based on thelgafeoncept, where the structure is assumed initially
undamaged, and the structure is expected to be replaced after certain service life. This service life
is estimated using certain empirical relations saglstressatigue life (stresdife approach) and
strainfatigue life (strainlife approach)30]. In general, fatigue life can be categorized into high
cycle fatigue (HSF) and low cycle fatigue (LSF) based on the maximum load in the fatigue load
spectrum (FL¥ It is a weltknown concept that the structures fail under fatigue at the maximum
load of the FLS less than the static failure load. In HSF, the structure is under a relatively less
maximum load of FLS and the structure may tolerate millions of cyaiethel case of LSF, the
maximum loads are relatively higher and the structure is expected to fail after a few hundred cycles
due to the high plastic deformation in the structure. The HSF failure is modeled using the stress
life approach and the LSF is modélusing the strailife approach. However, the LSF was not

used for adhesively bonded joints.

In the stresdife approach, the adhesively bonded joint is tested under cyclic loading at
different maximum loads of the FLS under constant amplitude fatiga&)(®ading and an

equation is fitted between the maximum load and obtained fatiguasliéownn Figure2.10.
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Shenoy efal had demonstrated using nlimear strength weamut based totdife methods to
predict the fatigue life as a function of different variable amplitude fatigue (VAF) load spectra
[75]. The datadriven methds are computationally efficientub the coefficient of the equation
fitting the fatigue life data is joint dependent.

Total Life Approaches
N o e : :[P__‘, s v Computationally efficient
06 a SL-06 X Geometry dependent
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Figure2.10 Total life approach for fatigue life predictidi@6].

2.22 Fracture Mechanics Approach

The physicsbased approach is used when the physical model that goverbhshéeor of the
system is known and well characterized. The fracture mechanics (FM) approach, continuum
damage mechanics (CDM) approach, and cohesive zone modeling (CZM) are -phgsids
models for predicting fatigue life in adhesively bonded joiftse fracture mechanicis used to
simulak fatigue damage and it is basedtbe fundamenal assumption of linear elasticatture
mechanics and smadkale yieldingThe FM approaclis based on fundamental assumptions of

linear elastic fracturenechanics and smadkcale yieldind77-79].

The FM approach usésa r i dod mddeding cack propagation and requires to defined
a preexisting crack as shown fgure2.11. The fatigue damage modeling can be divided into
three steps. Ik first step, the maximum strain energy release rate is calculated by evaluating
integral from the FEM solution for a given load. In the second step, the Paris law is integrated for
the finite 1 ncr emawfindtheciclicinbrememt.indahe thirdlstepntige cunrentp
cycle number is updated with the obtained cyclic increment in the second step. The crack is

pr op ag aaand thebaghestpe region ismeshed using a moving mesh algorithm. The
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moving mesh lgorithm calculations are computationally intensive. Further, the FM is not capable

of modeling the static failure.

Thre‘shold Log~:ilnear Unslabl"el growth
Fracture Mechanics Approach
Crack evolution using Paris law {VW\MNW ‘l’—‘\’ =Cs(G)
- e M >
F F %
- P Typical fatigue
Paris Law C, n : Model constants crack growth
da n 1- (Gen/Gmax)™ G : Strain energy release rate curve
daN = CGmax 1= (Gray/Go)™ Gy, : Threshold (No fatigue growth, G,,<G,,..)
max/s e G, : Critical (Material Property) 3 log (G)
Step 1: Obtain G,,,, by evaluating J-integral from FEM solution Based on
aj+4a 1 v Strain energy release rate
Step 2: Integrate Paris law AN; = f da/an X Linear elastic assumption
@i X Requires pre-existing crack
Step 3: Propagate crack: a;,; = a; +4a, Niyy = N; + AN; X Requires complex moving mesh algorithm

Figure2.11 Overview of fracture mechanics approd&80, 80]

2.23 Continuum Damage Mechanics Model

Continruum damage mechanicsused by smeresearchers fasimulating fatigue degradation in
adhesively bonded jointth the CDM approacH32, 81] the fatigue crack growth is predicted by
modifying the constitutive behavior of the adhesive using a damage vasdiewn inFigure

2.12. At the start of the fatigue simulation, teeainfield in theadhesivgoint is calaulatedat the

current load of théatigue loading spectradn this appoach, the aldesive elements are modeled by
continuum element§ he damage in the adhesive is defined by the damage vabebkmnd the

damage is degraded as the function of strain. In the next fatigue cycle incréraemiterial
properties of the adhesive are degraded using the damage growth equation and the strain field is
again recalculated. The elements with a damage variable value of one are removed as shown in
Figure2.12.

The damage mechanics approach was used to model progressive damage based on the
plastic strain in the adhesive region by Shenoy et[8] and for this purpose, a unified
methodology was proposed. In this unified methodology, single damage evolution law is used to
predict all the main parameters characterizing the fatigue life of bonded jthet<CDM model
can be used for adeling crack initiation and does not require a moving mesh algorithm. However,

the model parameters of the CDM model and joint dependent and the model does not show a clear
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distinction of the fatigue crack initiation and propagation phases. FurtherDitdent®del is not

capable of modeling static failure.

Continuum Damage Mechanics Model
: o : Models crack initiati
Damage growth equation Emax: Maximum prmmpal strain v D "‘ els u‘d‘t m: 1 l?" sh aleorith
D :Damage variable v Does not require moving mesh algorithm
4D _Va(emax — &n)P  Emax > & D70 ¢ Undamaged X Model parameters are joint dependent
daN = maxo gmax <e D=1 : Completely damaged X No clear distinction of fatigue initiation and
max = th N :Cycles propagation phases
@, B, & : Model parameters X Not capable of modeling static failure
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Figure2.12 Overview of continuum damage mechanics model
2.24 Cohesive Zone Modeling
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Figure2.13. Overview of cohesive zone modeling (CZ88).
The cohesive zone model (CZM) has been popularly employed for modeling failure in adhesive
joints [1, 8486] for its simplicity without the need to model theite thickness of the adhesive
layer. The CZM is capable of modeling static failure and can predict crack initiation and
propagation under fatigue l0§84, 86] The CZM models are highly nonlinear and often solved
using finite element methodsSigure2.13 shows the overview afohesive zone modeling (CZM)

and n thisstudy, CZM is used for modeling fatigu@ZM is accurate in predicting fatigue life
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compared to datdriven methods anid joint independent for fatigue life predictioMore details

of CZM are discussed in chapter 4.

2.2.4 Hybrid Models

In a recently published article, the literature on diteen machine learning approaches for
supplementing the FEA models was revie&d. The datadriven machine learning algorithms

are used to develop machine learning methods for predicting the stress distribution in biomedical
applicationg 88, 89] Machine learning algorithms are becoming poptdardeveloping hybrid
models[87, 9394] and damage detectidi87, 95100]. Few other studies in computational
mechanicshat used machine learning methotis formulate multiscale elements enhance the
performance of traditional elements and produce-dat@n solver§101-103]. The study by
Capuano etal. [101] usedmachine learning algorithms to formulate a novel smart element
algorithm to reduce the computational cost. The method was developed to replace existing finite
elements to avoid the complex task of finding the internal displacement field of a partidtdar fin
element but the method still required assembling the system matrices and solving using expensive
traditional numerical technique#n literature, most of the hybrid models are developed for
structural applicationsSome hybrid radels are used by somesearcherf62, 104, 105for the

adhesive joints but mostly they are limited to predictingcstatength.

The advantage of a datliiven approach, once trained using the collected data, can quickly
predict the output and, in contrast, the physiased approach predicts the behavior of the
structure more accurately. However statistical methodsatteaused to quantify uncertainties
require evaluating the predictive model thousands to millions of tjRledJsing datedriven
models decreases confidence in fatigue fifediction and a physidsased model makes the
problem computationally intractable. Hybrid models that combine the advantage -ofidata
and physicsased approaches can provide a fughfidence model with a significant reduction
in computational tim¢10, 90, 106109].

In this work, a fatigue damage growth (FDG) simulator is developed for adhesively bonded
joints and used as a predictive model for fatigue life estimation in the proposed integrated
framewak. The FDG simulator is aybrid model composed of physibasedfatigue damage
evolution relation and a dathiven ANNs modelThe degradation of the adhesive is evaluated by

the physicsbased fatigue damage evolution relation which is then mappedhéo strain
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redistribution along the bondline using the ANNs modéle data for ANNs are obtained from
FEA simulations. In the FEA simulations, CZM is employed to model progressive damage along
the bondline, and fatigue damage evolution relafg8] is used for simulating the deleterious
influence of fatigue. The CZM specifically calculates the maximum principal strain profile along
the bondline and theafigue damage evolution relation simulates the fatigue degradation using a
damage indextF) variable defined along the bondline. The evolution relation takes the maximum
principal strain from the CZM model as the input and degrades the damage index profile with
cycle number. At each cyclic increment, the adhesive material properties are degraded as
function of the damage index profile and the strain field is computed by the CZM. The CZM model
and the fatigue damage evolution relation are solved repeatedly until the joint fails. The cycle

number at which the joint fails is the estimated fatigueblyfehe simulation.

Although the FEA simulation can be directly used as the predictive model for uncertainty
guantification but the computational time is prohibitive to be used with statistical methods and the
hybrid FDG simulator is developed to simul&égue degradation in almost reahe. Most of
the computational time using the FEA simulation is spent to calculate the maximum principal
strain for a given damage index profile, along the bondline, by the CZM. However, the relationship
between damagedex and the maximum principal strain profiles can be represented by a mapping
function to avoid the expensive strain field calculations. To develop this mapping, an ANNs model
is proposed and for training the ANNSs, data is obtained from the FEA simslaliba damage
indexstrain field mapping obtained from the ANNs is integrated with the fatigue damage
evolution relation to form the hybrid FDG simulator. The fatigue life estimated by the simulator
is then used with the MCMC sampling method and experiahdatigue life data to quantify
uncertainty in model parameters. Finally, the quantified uncertainties are used for probabilistic
fatigue life predictionMore details of the FDG simulatand probabilistic fatigue life prediction

is discussed in chapté and chapter 5 respectively.
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CHAPTER 3 PROGNOSTICS METHODS

Prognostics is aangineering discipline focused on predicting the future state of a system and the
time at which it ceases to perform the intended fungtid®]. The lack of performance is often a
failure when the system no longer meets the desired perform&nognostics predicts future
performance by assessing the wear and tear of the system using the degree of degradation from its
normal operating condition¥he prognostics models aid in predicting temaining utility of the
component by estimating the quantity of interest (Qol) in the fuilypically, dealing with
damage prognostics in mechanical or aerospace structures, the Qol is either time to failure or some
measure of the remaining utility ofahmonitored component at the current tifike predicted

time at which the performance of a system falls below a certain threshold is considered as the end
of life (EOL). The difference between EOL atite time at which prediction is made gives the
remainng useful life (RUL), which plays a major role in decision making for damage mitigation.

In the case of fatigue damage, the Qol is either the fatigue cycle at which the component fails or

RUL in the fatigue cycles in case of monitoring the damage progréss component.

Prognostics utilizes a predictive model and the failure data, that contains the failure states
of the system over time. In damage prognostics of mechanical structures, failure data is the damage
state at different time instances arsdoften called damageliagnostics data. The damage
diagnostics data includes data obtained from sensors, visual inspections, or other methods. A
predictive model is a mathematical model that represents the damage growtsystéheand it
is calibrated by the diagnostic dafance the predictive model is calibrated, the prognostics models
can be used to predict the EOL of the structure, from which RUL can be estimated. However, the
predictive models often use certain assumptions, in mathematical derivations, to represent the
damage growth behavior of the system. Moreover, the exact calibration of the predictive model is
limited by the availability of the diagnostics data and measurement errors in the diagnostics data.
The approximate nature of the predictive mlocand measureent errors means that
deterministically predicting the future value of a Qol with infinite precisi@nigmpossible task.

More formally, the prognostics problem is stochastic due to the uncertainties from the diagnostics
data and the assumption in thegictive model. The goal of the prognostics models is to predict

the Qol, by quantifying these uncertainties, in terms of probability distributions.
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3.1 Steps inPrognostics Health Monitoring (PHM)

PHM combines the elements of prognostics method$i@alth management of structures to help

the management in planning and scheduling the mainterfaidel14]. The PHM program
consists of different steps as shownFigure3.1. The first and essential steptige process of
collecting and storing useful data. The data can be divided into even data and condition monitoring
data. The event data is the information of previous maintenance actions like minor repair, oil
change, changing certain paof the system. Wi the condition monitoring data is the vibration

data, acoustic data, temperature, moisture, humidity, and environment data that is obtained from
different sensors. People tend to overlook the event data as they do not prquigatitative
measure of th damage extent. However, event datat least helpful in assessing the current
performance of the system and can be used as feedback for decision management in coming with
an optimized plan. Data acquisition methods are not discussed theabisandcan be referred to

in literature[112].

——— - |
| Data _ ' '
| | Preprocessing ——) Diagnostics F——)
Data :ﬂ | Decision

‘ Acquisition | : l E Management
| Feature ' X
| Extraction r:> Prognostics >
I —— —

Data Processing

Figure3.1. Steps in PHM112]

The data obtained ithe data acquisition step is processed to extract important features of
the datg115] The data processing step does not directly provide the actionable information but it
is acritical step where unwanted components in the @aeliminated and important information
is extracted for the proceeding steps. The extracted features froatdhgrocessing stepeused
as an input tahe diagnostics method. Diagnostics methods clasdiiferent failures modes by
finding the fault indicators from the extracted features and these methods differ from application
to application. The output ohé diagnostics will be used in prognostics steps for predicting the
health condition. The health condition of the system can be thetshorprediction like when the
damage extent of the machineegdeyonda certain threshold and lortgrm prediction ke

estimating the remaining useful life. The inputs for the prognostiesnot only from the
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diagnostics but sometimes require features extracted in the data processing step. Finally, the output
of the prognostics and diagnostics will be useful in comiitly a plan of maintenance scheduling

and operation managemelnt.the previous chapter, diagnostics

3.2Data-Driven Prognostics Models
3.2.1ARMA models and Variants

Autoregression moving average (ARMA) models are widely used in forecasting time saies da
[116] These models are extensively used in the areas of economics, physical and environmental
sciencesAutoregression integrated moving average (ARIMA) and ARMAX models are different
variants of basic ARMA models. The use of ARMA modelSHM goes back ttheeighties and
nineties[117-119], prominently in applications related to system identification (SI) of multi
degree freedom systems. They are the initial statistical models that are used in prognostics, which

areanimprovement over traditionally used trend evaluation models.

Trend evaluation ithe simplest method to predict the RUL by fitting a known function to
the data using regression methods. The trend is then extrapolated to predict the RUL. Although
the trendevaluation is simple and easy to implement, prediction values of impending failures are
typically noisy and often nemonotonic[120]. This is because the trend models do not account
for dynamic changes in the data and follow temporal tr¢@d8]. ARMA models can remove
these temporal trends in the data by predicting future values based on few past values of data and
past eror valuesthatoccurred in the prediction. However, they can be used only for stationary
data.Time-series data is said to be stationary, if its past two moments (mean and variance) are
time-invariant[117]. The autocorrelation must also be independent of time. A basic ARMA model

is given bythelinear combination of itp previous values and previog®rrors
< L q,
HKk=a axk-) abe(k )} € (3.1)
i=1 IS

here ¥ k) is the prediction,y(k) is the timeseries datag(k) = #k) -y K is the error@ and

Q are the autaegressivg AR) and moving averag@MA) coefficients,p andq are the order of

AR and MA respectively. The ARMA modeblre developed based on three recursive steps,
described by Box and Jenkifi21]
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1) Model Identification: In this step, the ordeps §) of the model are determined from the time
series data. Stationary tests are conducted to determine the orders and a suitaduheo€riteri
fitis also decided.

2) Parameter Estimation: Using ndinear optimization techniques, the coefficients of ARMA

eqguations are calculated by minimizing overaibe

(a,b)=a29miné e k) 32

g, i=1

3) Model Validation: This step is to check thdequacy of the model by examining the options
like [122] st andar di zed residual s, the autocorrel
Aport mant eau goodness o(FPEj, the AIGAkdika iaforrhatiam a | proe
criterion) and Bayesian information criteri@BIC).

These three steps are repeated until a satisfactory model is obtained and the model is used to
forecast future values. Typically ARMA models are effective for stuore predictions but less
reliable for longitime predictions due to dynamics and their sensitivity to initial conditions and
accumulation of systematic errorgie predictor[121]. The use oARMA for prognostics is very

limited in the literature and one of the applicatas by Wu et al[122], wherethe ARIMA
approach with bootstrap method is used to forecast the machine life prognostics. In this work, the
method is applied on data frothe rotor test rig, which can find the operation status of many
rotating machine equipment, such as gas turbines, cesgs pumps, etc. The test rig is
equipped with sensors that can give vibration signals when the rotor is driving the required rotating
machine to be tested. The vibration severity measurement of the machine is dhembymean

square of the vibrainal speedFigure 3.2a shows the time series of the vibration severity
measured by the test rig, f@B00 time steps period, by increasing the spedhkeofig from 1000

rpm to 2500 rpm. This data is fitted ttoee ARIMA model and is used to forecast the vibrational
severity for the next 50 time steps following the tisszies.Figure 3.2b shows the forecasted
vibrational severity fothe next 50steps. The results show tlihe ARIMA model is superior to

the ARMA model. Another example utilizing ARMA modeling for prognostics is by Yan.et al
[123] These are also incorporated into prognostic and data fusion software development

developed byhe NSF center for intelligent maintenance system
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Figure3.2. Severity estimation usirthe ARMA model(a) Vibration severity time seriesnd (b)
forecasting the vibrational severity for the nextss€pg122]

3.3 Bayesia Tracking

Bayesian Trackingnethods are widely used in Prognostic Health Monitoring (PHM) to quantify
theuncertainty of the damage state in predictive mdd&4]. Predictive models in PHM typically
involve estimation of health state evolving. The goal of these methods in the context of stochastic
prognostics is to estimate the probability of the damage staselatiene instant of a given set of
time-series data, a process formally referred to as nonlBagesian Tracking124]. Bayesian
Trackingmethods rely omhe statespace approacl imodel dynamic systesiand the main focus

is to track the state vector of the system. The measurements in prognostics are generally available
at discrete times and hence the dynamics systems are represented in discsgtacstdtem using
differertial equations. The state vector consists of all relevant information required to describe the
system at a required time. An exampleaaitate vector in the context of PHM canthe crack

length in a crack propagation problem. The measurement vector islgenersy and of lower
dimension than the state vect@ayesian Trackingnethods estimate these states at discrete times

from the available measurements.

Bayesian Trackingnethods are used to calculate the Quantity of Interest (QOI) evolving
usingtheBayes theorem. The problemtbeBayesian Trackingnethod starts by representing the

system in statgspace formulations as shown below

X = F(Xe 1,V (3.3

Z =h (%, n) (34)
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The statespace models are Markov proses where the current state value depends only on

values at last discreet time. The goaBafyesian Trackings to calculate the degree of belief in

the curent damage sta¥, using the measurements up to that #@nerhis posterior probability
is represented by PDI(X, | Z, ). In this approach, it is assumed that the initial PDF of the state is
p(X0 |ZO)= p(xo), which is also known as the prior, is available. In practice, the posterior PDF

P(X, |Z, ) is obtained recursively, in two steps: prediction and update. This section will start with

a discussion otthe Kalman filter, which is a fundamental and most popular filter for tracking
problems. Kalman filter makes a foundation for understan8aygsian Trackingnethods and an
optimal estimator for lineaGaussian systems. In the later sections, popularly usedpsinbal

algorithms: Extended Kalman Filter and Patrticle Filter, in prognostics will be discussed.
3.3.1Kalman Filters

Kalman Filter is one of the most important and commonly used data fusion algorithm. The Kalman
filter is the optimal estimator for a largkass of problems and a very effective and useful estimator.
The Kalman fiter is named after Rudolph E. Kalman, who in 1960 published his famous paper
describing a recursive solution to the disciedéa linear filtering problefil25]. Thegreat success

of the Kalman filter is due to its small computational cost, elegant recursive propedy
conveniege for online realtime processing. It is frequently used in smoothening noisy sensor
measures. The applicationstbé Kalman filter include determining planet orbit parameters from
limited earth observations, robot localization, global positional system receivers, computer
graphics, tracking targets like aircraft, missilsing radarand many morfl26-131]. This section

starts witha basic explanation athe Kalman filter, which will help understandhe preceding
methodsA more detailed description ¢ie Kalman filter can be found in chapter 1 of Maybeck
[132] and referenceldl 33-138].

Kalman filter isa two-step estimator, where the current state of a dynamic system is
estimated using the value of stateagirevious time and then the current state is updated, by
minimizing the error variance, from the measurements. It is cfiéadthe predictorcorrector
estimator. Kalman filter is based on the assumptionttieasystem $ linear and the errors are
Gaussian. This method relies on the sttace representation of the dynamic systerthén

discretetime formulation. A stateector contains all relevant information required to describe the
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system. A typical example diie state in prognosis can be a danthgiate at a particular instant

of time. State equation of a linear system in disetiene form is given by
X =FXpr Yiy (3.9

where in A'is the state vectaf the system ahecurrent discreet time),(k_li A™ is the state
vector ata previous time and Fki A""is the state transition matrix that can vary with time.
Vki A'is process noise, which is assum& be independent with normal distribution
v, ~N(0,Q.,) and Q_,I A"",Q , E(v M ,)is the covariance matrix of process noise. The

state vectorX, of the dynamic system #fe current time is estimated from the measurements

obtained from the system. The measurement vector observations are related to the state vector of
the system and need notthe same as the state vector. Measurement vectors are generally lower
dimension (bunhot necessarily) than the state vector and related to the state vector, in a linear
system, by

z = Hx, ., (3.6)

wherez I A™ is the measurement vectdd, | A"" is the transformation matrix that maps the
state vector tdhe measurement vector domaiand nki A™is the process noise with normal

distribution N, ~N(O,R,). Here RI A"™R =E(nn]) is the covariance matrix of

measurement noise.

Consider that the states of the system up to distimtek-1 is known and the goal is to

estimatethe current state vectoX, from previous states and current measurement)&,@t1 bea
prior estimate of state at stépgiven knowledge of the proceasriori to stepk and ﬁlk bea

posteriori estimate of stef given the measuremeid; (current step). From thesapriori anda

posterioriestimate errors&,,_, and &, respectively) can be defined as
Q<|k-1 = Xy _Eqk-l (3.7)
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B = Xk K (3.8)
and the error covariancggiven by
Pk 1= E(ek|k 1 %k ) (3.9)

Pu=E(ey B) (3.10)
The goal otheKalman filter is to find an equation that compudgrsterbri state estimate

EK“(as a linear combination adpriori estimate >E|k-1 and the difference between actual

measuremeng, and the measurement prediction calculated fagonior estimate of the state
X =Xkt Kz, -Hx, B (311

here Kki A"™ is the Kalman gain that minimizes tlaeposteriorierror covariancePklk. The
justification for Eq(3.1)i s gi ven i n AThe Pr ob[a3@iTheiKalmanc Or i ¢

gain factor K, can be obtained by first substituting E811) into a posteriorierror estimateg
and €, a posterioricovariance matriPk|k. Next step is to find the valuK,at which the

covariance matrix is minimum by differentiating it with respecKjoand equating to zero. The
main focus here is to explain the concepts of the Kalman filter rather than the mathematics behind

Kalman. By minimizing tk a posterioricovariance matri}Pk|k, one form otheresultK, is given
by

K = Pye:H(H Py H Y R (312

and thea posterioriestimate of the stat£|kis given by Eq(3.11). Theprior covariance matrix

Pek-1 can be found by substitutirgprior &, , into Eq(3.9) and is given by

P 1 = FiPy 1 1FI € (313

Note that the value oF’k_1|k 11S known, as the process prior to skap known.The rext step is to

update theposterioriestimate by using the equation
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Pk =(I KH k)PHk 1 (3.19
The above equation is obtained by substituéinmpsterioristate estimatﬁvIk Eq.(3.11) into Eq.

(3.9). In summary, the Kalmafilter can be represented in two steps: Prediction and correction.

Prediction equations, from the initial estimaﬁ_silk 1r Pk-llk 1, are given by

g|k-1 =FX lE—uk 1

(3.15)
Pak-1= FiPr 1 Fo 9,

and equations to update the state are given by

K = Pk|k-1H-II;(H kPMk-lHTk R k)_l

£|k = XIFK- +K(z, -H qukE) (3.16)
Pk =1 KH k)qukl

The pediction step predicts the state of the system from the previous states atite tnaoiate
step updates the state based on the current measurémengxt step is to find the PDFs for the
predicted and update step. The PDF of the state predictkd pnediction step can be derived
from the Eq(3.5) and is given by

P(X | 2y 1) = N(Eqk-l’ ) (3.17)

where P(X, | Z, ,)is the probability of predictingX, from the previous measuremend, ;. The

PDF of thestate in the update step is derived from(Ef6) and is given by
P(X 1 24 ) = N(Kyi By (3.18)

where P(X, |Z,.,)is the probability of stateX, after updating using including measuremépt

To implement the filter for an application, the measurement noise covarignie usually
measuredeforethe operation of the filter. It is possible to measttéy taking some offline

sample measurements and it is usually taken as constant for the entire process. However, the
determination of the process noise covarid@ce generally more difficult as the actual process is
difficult to observe directly. Generallgrocess noise covarian@as assumed to keecertain value

based on experience.
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Suppose the PDB(X, ;| Z, ;) at timek-1 is available, in the prediction stage, the prior of

the state at timk can be obtained by integrating the joint probability functf{X, 1, | Z, ;) as

shown below
P(Xy | Zye. 1) = AP(X 4 | 2 DA% 1 (319
Using conditional probabilitythejoint probability distribution is defined as
P(Xe 111 2 2) = POX N X 102 DP(X 11 2 o) (320
Assuming the process defined by @B(0) is a Markovian process of order ofE37], the
probability P(X, | X, 1,2 ;) is defined as
P(X [ X192 1) = POX | X 1) (321)

By substituting Eq(3.20)-(3.21) into Eq.(3.19) gives ChapmaiKolmogorov equation
P(X | Zie 1) = APX | X 1) P(Xy 2 | 21 )X, 4 (322

The Eq.(3.22) , which computes the PDF of the stafg, is called the prediction stepDF

P(X, | X,.1) in this equation cahe obtained from the process model, B) , and P(X, ;| Z 1)

is the marginal PDF at the previous time step. This PDF is called the prior and it is updated via

Bayesd rul e

):MAh@pUU4H)

p(x, |2, (3.23)
o P(z | Zi1)
where the normalization constant is given by
P(z | 2:.) = AP(Z | %) P(% | Z,.1)d % (3.24)

The likelihood functionP(Z | X.) in Eq.(3.23) is defined by the measurement model Bx)

andthe known statistics of measurement néliseln sumnary, the prediction and update step is

given by
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Prediction Stepp(x, | Z,.1) = FP(% | %, 1) P(X, 312, )X, 4 (3.25

)= P(Z | %) P(X | Zc1)

Update Step:  p(X, |z
P P 1 P(Z | Z.,)

(3.26)

The Bayesian method can be apptiealman filter equations to derive the prediction and update
equations shown in E¢3.15) and Eq(3.16).

3.3.2Extended Kalman Filter

Kalman filter is the optimal solution fdhe tracking problem provided that the assumptions of

linearly and Gaussiaenvironment hold. No algorithm can ever do better than a Kalman filter.
Howeveri n practi cal applications, the assumptior
filter for estimating the posterior density of the state. Hence, there is a need td-ogtimal

algorithms. Extended Kalman Filter (EKF)39] is one of the suoptimal algorithns and it

generalizes the Kalman filter by performing local linearization of(Eg)-(3.4). In other words,

EKF is a Kalman filter that linearizes about current mean and covariance. Using Taylor series

expansion, the nelinear statespace equation shown by E8.3)-(3.4) can be lineazed about

theprevious known stat&,_; as

X X F(X, Ky W,

.. i (3.27)
Z°7 +H(x %) Nn,

where X, and Z, are the actual state and measurement veckprsis aposteriorestimate of the

state at ste-1. X, and Z, are the approximate state and measurement vectors calculated using

equations

% = f,(6.,,0) (3.29)

Z = h(%.0) (3.29

The matrices vV ,H ,N in Eq.(3.27) are the Jambian matrices defined by partial derivatives and

individual elements of them are shown below
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By applying theBayesian Trackingnethod, given by Eq3.22)-(3.23), on above equations gives

the densities ithe prediction and update step as shown below
p(xk |Zl'k- 1)0 N(Eqk NE I:)|<||< 1) (3-31)

P(X | Z4) ° N(Eqk! Pk]k) (3.32
where

£|k-1 = f,(x IEU 0)

Pac1 = FePe lFI ), .

Ky = Pk|k-1H-|I;(H kpuk-lHTk R Q_l (3.33
§|k = XkE—l-l- K (Z, _hk(XHkE[‘ 0))

Pk = (I KH k)ijkl

Linearizing the equations using EKF helps in soluimgnonlinear equation. However, this filter

still relies on the assumption that the posterior distribution to be GaussiarbaSad methods

can be usedbr constructing the posterior density fine nonGaussian process. The ghdsed

search can also be generalized by developing a predefined, discrete grid approximation of a
continuous statspace. However, the grid must be sufficiently dense for aruratec
approximation, which results in significant scaling of computational cost as the dimensionality of
the statespace increases. A promising alternative to these methods is Particle filter nig##pds

129, 140]

3.3.2 Particle Filter

The prticle filtering method ibased on Mont€arlo methods and these are useful for Bayesian
framed prognostics of nonlinear and/or f®aussian process. These methods are also referred
to as Sequential importance sampling (SIS), Sequential Monte Carlo estim&8wwistrap
filtering, Condensation algorithm, Survival of the fittest. To understand the logic of particle filters,

this section starts with Monte Carlo integration. Consider a definite integral
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m= Mﬁ g(x) dx (3.39)
Xmin
The integral can be evaluated analytically for only certain functigx)sand numerical

integration methods are required for a general function. There are several numerical methods for
evaluating the integral but evaluatitigese integralasing these nunmeal methods, especially in
high dimensions, is very difficult. An alternative is to tiseMonte Carlo integration technique.
The Monte Carlo method performs integration by evaluating the integrand at randomly chosen
points. In Monte Carlo integratiothe integrand can be factorizedfgx) = (X g ¥, wherep(x)
is a probability density function of any distribution of choice suchghat0. Now, the Eq(3.34)
can be expressed as

Xmax

m= 709 p() b (339

Xmin

which will be the expectatiorE( f(x)). The expectation can be evaluated numerically by

evaluating thef (x) atalarge number of pointsNp>1 ) ard taking the average as shown below

o N g (X

Here x' are the random samples generated from the [F(IX*B: The PDF p()f) is selected from

well-known functions for which random sample getieraalgorithms are available. The accuracy

of the Monte Carlo method depends the number of samples arttie error of the estimate is

given by O(l/\/N_p).

The goal ofBayesian Trackings to construct the marginal PDH(Xn |an) or joint PDF

P(X,, |Z,,) using the prediction and update steps given byd2f) and Eq(3.26). TheBayesian

Trackingintegrals are already in the form shown in E335)

PP(X | 1) P(Xy 1 124 L)X, U fifx) p(x) ok (3.37)

w

wherexi A"' in n dimensions. Irthe particle filter method, the joint posterior can be estimated

using impulse functiop/(x) . The impulse function hasunit area
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FP(x)dx =1 (3.38

and have the property

Af ()a(x- a)dx =f(a) (3.39)

Using the above property of impulse function, the Monte Carlo integration approximation, Eq.

(3.36) for xi A™ can be expressed as

1N 1N :
m=—a f(xX) == aff(x) ¢x x)dx (340
N i=1 N i 3w
Further simplifying gives
al .l 0
m =i (Naca dx x) & (3.41)
W ﬁ i= -

Comparing Eq(3.41) with the original integral, Eq3.34) in n-dimensional pace, the PDFp(x)

can be expressed as
< 1.\ -
p()° BX) =8 dlx x) (342
i=1

where B(x) indicates the approximate representation of PDF. Similarly fiteeprediction

equation oBayesian Trackingd(X, ; | Z, ;)can be expressed as
= 1.} i
PO lZu2)® X1l 2u ) SHA A(X1. %) (343
i=1

Note that x' are the Monte Carlsamples generated from the PP, ,|Z, ;). This PDF is

updated with time and it can take any shape. Generally, it is not efficient tadi@wple from
such PIF, instead a standard random number generator can be used to draw samples from

different PDRg(x) . Many random number generators are readily available for the most commons

PDFs like Gaussian, uniform, etc. The method of drawing samples from differengjDFor
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approximating integral is called Importance sampling and the dessiglled the importance

density. Using importance sampling, £8.37) can be expressed as

i C0P0Od= 10 0 p‘x) SO ol a f(x)g(@; (3.44)

where x' are the Monte Carlo samples generated fnmportance densityq(x) . For evaluating
the integral Eq(3.44) using importance sampling, the importance dengi) must havehe

same support {(x) >0) for all x where p(x) has support f(x) >0).

In the estimation process of the integral, the PPEx) is not normalized to unity and a
function proportioal to the PDFp(x), p(x) = cp(x), is estimated, where is a proportional

constant. Hence the actual integration can be expressed as

fitCop0os=C 0 pd ook °a 00 B8 (349

The proportional constawtis given by

o~ 1) pKx)
= = _ 3.46
CTIPROAC T HO% [a ) (349
Substituting Eq(3.46) into Eq.(3.45) gives
Af (X) p(x)ax © a f(x)w(x) (347)
where weightsMX') is given by
W(x') = W(X ) wxy =PX) (3.48)
‘3_‘ W(x') “q(x)

Finally, using the property of impulse function and importance deggiy, the PDF p(x) in
Eq.(3.47) can be expressed as
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P00 ° BX) W )dx X) (349

Similarly, joint PDF P(X,, | Z,,) can be expressed in terms of impulse andjiatsias

ﬁxl:n |len) = a_. W()Cn)d(xj_n -)el'n)7 a\,\(xn) x (350)
where
w(x) =)
al ) (3.51)
VNV(X:]) = p(x_i:n | Zl:n)
q(xllzn | Zl:n)

From Eq.(3.50) and Eq.(3.51), it can be observed that the posterior can be completelyeddin
samples(particles) witaset of parametel{inl.n, W( Xin)} 'iil and weights can be calculated with time

to track the posterior density. To make the algorithm recursive, the importance density should be

factorized as
A%y 1 2i) = A% | X0 10 20)A(Xn 1 | Z2) (352

Similarly, the joint posterior density functiof(X,,|Z,) can be factorized usinthe Bayes

theorem as

p(zn | XJ_'n’ %_'n- 1) p( Xl:n | %:n -1)
Pz | 2,,)

P(Xn 12) = (353

and further factorized as

p(zn | XJ_'n’ %.‘n-l) p()% | )%:n-l’ Z1:n 1)p( X):n 1-| Zl_n ])
P(Z, |7, 1)

P(Xy, |2,) = (3.54)

For a Markovian process, E.54) can be simplified to
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P(Z, | %) P(X, | Xo1) PO%ina 120 1)

Xl:n ‘n = 35
P 120) 02,12, (359
Substituting E(q3.52), (3.55) into Eq.(3.51) gives

W(Xln) — p(zn | Xn) p(xn | an) p(XO:n—l |Z_Ln 1) (356)

p(zn | %.nl)q( X] | )S_'n 1 %n)q( )S_'n 1| %:n)

The PDFP(Z,| Z,,,), in the denominator, is calculated using E2j24). This calculation is a

tedious process and tan be avoided by removing(Z, |Z,,) from Eq. (3.56) , as it is

independent ot. The Eq(3.56) now can be expressed as

#(x )a P(Z, | %) P(X, [ X51) Py [ 2 )

35
q(xn | X:I;n-l’z:l_'n)q(xl:n -1| Z1:n) ( 7)

This modification is also supported by the arguments that weights are normalized and the term
P(z,| 7, ,) is automatically calculated during the notization. To make the algorithm

recursive, the importance densiti€léX, | X, 1,Zin) = 00X, [ X11,2,): 040 1 1Z) Xy 1] 2 o,
are used in the E¢3.57).

W(Xn) - p(zn | Xn)p(xn | an) 3 p(XO:n—l |Zl:n l)

3.58
q(Xn | Xn-l’zn) q(xl:n-l | ZJ_'n l) ( )

The Eq.(3.58) can be expressed in terms of previous weights as
W(X ): p(zn | Xn) p(Xn | an) 3\7\()( 1) (359)

q(Xn | Xn-l’Zn)

which ends up in a recursive weight. The weights for each patrticle, representing the joint PDF
Eq.(3.50), can be expressed as

p(z, | Xln) p(xn | )gnl) 3\7\’(Xi»l) (3.60)

O = 1%, 112,)

The rext step is to obtain the marginal POEX_|Z.) from the joint PDF (X, |Z,) by
integrating
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Hxn | Z.Ln) = ﬁp(&.l.n | %.:n)d)g.:n 1

N L , (3.62)
=a W(Xln)m(xlzn _XIJ_'n)dX]_'n 1
i=1
Using the property of multivaate impulse function
A%y~ X)) =6 %) (8, X... (Xg X} (362

Posterior filtered densi Eq.(3.61) will becomethe product of integrals and can be simplified to
. N . .
P(X120)° B(X,12,) A WX)A(X, %) (3.63)
i=1

where the weights are calculated by B251) and recursive relation E€3.60). It can be shown

that as Np- g, the approximated gsterior densityﬁxn |Zm) approaches the true posterior
densityp(X, |,).

The particle filter thus consists of recursive propagation of the weights and particles as the

measurements are receivatjuentially. The summary of the algorithm is given below

Algorithm 1: Generic Particle Filtering Algorithm

. fori=1:Np
Draw samplesX; ~ (X, | X,,1.Z,)

1

2

3 Calculate the WeightW(XL) using Eq.(3.60)
4. end for

5. fori=1:Np

6 Normalize the weights using E(g.51)

7. end for

3.3.3Case Study:Fatigue crack growth estimationusing Kalman and Particle Filter

When a crack is formed in structures undergoing fatigue loading, the crack propagates through the
structure and finallyit fails. This example demonstrates usthg Kalman filter to estimate the

crack length in a platike structure shown iRigure3.3. The evolution of the crack in the structure

is described byhe ParisErdogan model
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da _ m
N C( K) (3.64)

Wherea is the crack length\l is the number of cyclesg—; Is the rate of crack growthC andm

are the material properties aKds the stress intensity factor. The stress intensity factor is given
by

DK (3 &/ m (3.65)

where Y (@) is a geometrical factor which depends on the plate ty%,=$,, -5, and

a = a/(2w). In this examplegthe geometry shape factor is one and subjected to coi3santhe

stress intensity factor can bgpressed in compact form as

DK =ba (3.66)

I

2a

2w

I

o
Figure3.3. Plate with central crack mode 1 crack under axial loading
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The crack lengtlis generally not directly measurable, instdhd information is available in the
nondestructive measuremergs The obserations from nordestructive measurements and the

crack lengtha at any cycle numbekis given by

2 _ 3
In =bh, +Hn 3.6
Q- & 4 ay -a (367

where b, b, are the constants ar@y,, is the critical crack length where the componentssiad

to be failed. Similar tthemeasurement equation, the Paris law can be expressed in discrete form

usingthefirst-order derivative as

a =a., Obya,)" H (3.68)

The entire process of crack growth and 4t@structive measurement is stochastic and the crack

growth equation and measurement equatéseexpressed accordingly fE41]

a =a. & abfa,)" (3.69)
2 _ 3

In =b, +Hn 3.70

Q- & 3 a. 3 (379

where Y, ~ N(0,Q ) and . ~ N(0O,R.) are process noise and experimental noise respectively.

These equations are expressed in terms of nonlinearsptate formulation as

ak = fk(ak-l’ Vk)

3.71
z =h(a,n) (.70

where
f(@cvi)=ag € Qby a,)"
a a a s
’ = d—, a =X A
h(a.n)=d— p(é?)geﬁ :
The first equation in statgpace form is caddthe state equation artiesecond equation is called

the observatio equation. To applyhe Kalman filter, the nonlinear statgpace equations are

expressed in terms of linear equations as
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X % X F(X, K,y W,

’ i (3.72)
Z.° 7 HH(x %) Mn,

where

F =1 m/2)ex ™ q" 2"
V,=exC D" d?

2

8!
1+a, ) d -a)*"

H, = b exp( )

Kalman filter is based on prediction using the state equation The prediction step is given by

Eqk- 1= Filx Ep 0)

— (3.73
I:’|<||<-1 - kak a1k 1FI 'Qk 1
and update step is given by

Ky = Pk|k-1HE(H kptqk-lHTk R)*

%k = ler- K|z, -hy( XukE’ 0)) (3.74)
Pk|k =(I KH k)PHkl

The constants and measurements for the problem is taken from Cadifiéi]al
C=0.005n =1.3p 4, &06,6 1=
Q =E(v\)=2.89,R =E(nn )=0.22w ~N(0Q,
2,=-07,2,, 34272, ¥252,, 24 Z., 482

Using the above parameters and the measurements, the crack length at various load cycles is
estimated. MATLAB code is used for this purpose. The crack growth equation is solved using
DN . Figure 3.4 shows the distribution of estimated crack length at the load cycle when the

measurement is obtained.
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Figure3.4. Update ofcrack length atoad cyclenumberwheae the measurement is obtained

The goal of the problem is to estimate the end of life(EOL) and remaining useful life(RUL)

from the crack length. The EOL is calculated by finding the total number of cycles when the crack
length reacheacritical lengtha,;, =100. To estimate the EOL from the crack length distribution,

first samples need to be generated from the crack length distribution as shegur@3.5. Each
sample is a deterministic value of crack length and the EOL is calculated for each one. The EOL
of each sample is calculated and assembled to generate a distribution as dhiguwre®6a. A

similar sampling approach is used to calculate the distribution of crack length and RUL between

the measurement cycles.

The EOL plots Figure3.6a) show that the variance thedistribution of estimated EOL decreases
as more measurements are obtained. From EOL, remaining usefiRUifg is estimatd from

the equation

I\IRUL = NEOL _Ncurrem (3.79)
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The RUL of & the samples are assembled similar to EOL and distribution is constructenhes s
in Figure 3.6b. Similar to EOL, the variance ithe distribution of RUL decreases as more
measurements are obtained. Howetlee mean of EOL distoutionapproachedl=0 because the

structure is approaching failure the crack continues to grow larger.
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Figure3.5.Estimated probability distributionf crack length using Kalman filte(a) Distribution
of crack length and (b) samples generated from the crack length
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Figure3.7. RUL estimation using Kalman filtefa)Variation ofthe mean value of crack length
and (b) RUL with load cycleThe dashed line shows the mean value and solid lines indicate the
95% confidence interval.

From the distribution of crack length and RUL estimated at different cycle ngneb86%
confidence interva(Cl) is calculatedFigure 3.7a shows the variation of crack length and RUL

with 95% CI bonds. The results show that crack lengtreases with cycle number and width of

95% CI also increases because the process is stochastic. However, once the distribution of crack
length is updated at the measurement load cycle, the width of 95% CI of crack length decreases by
a large valueFigure3.7b shows the variation of RUL with load cycle number. It is observed from
theRUL plot that RUL decreases with cycle number. This is because thelengtik approaches

failure value asheload cyclenumberincreases. Similar to crack length, thecertainty Width of

95% CI) in RUL decreases suddenly when the gtatek length) of the system is updated from

the measurements.
Particle filter

In the Kalman filter, the process is assumed to be Gaussian and the distribution of the state of a
system is defined bg normal distribution. In many casdbe process can be n@uaussian and
for such cases Patrticle filter can be used. In particle filter, the PDF of the stateealifferent

stageis represented bihe sum of impulses as shown

P, 12,)° Bx,12,) B W0, %) @79
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The weights are updated when a measurement is obtained and is given by

2one = P | %) P(X, [ Xy 1)
W(Xn) q(xn | Xn_l,Zn) 3V\(Xn—l) (377)
__W(X) (3.79)

"= A k)

The prticle filter algorithm is demonstrated on the same example used to demotisrate

Extended Kalman filter. In this example, the importance sampling derff¥, | X, ,Z,) is the

same asp(Xn | an) and the modified update of weights of the particles is given by

Wx,) = p(z,| %) WX, ,) (3.79
_ WX, (3.80)
"= F wx,)

The PDFP(Z,| X,) obtained fromthe measurement equati¢h41] (Cadini et. al) is given by

o

(3.81)

1
AN
10:0: 0: 0: O
|-CD;:|O: O: O
~~
o
1
N
p—

The data stated ithe Kalman filter is used for this example as well and the crack leagth i
estimated at measurement load cycles as showigume3.8. The hitial distribution of the crack
length is assumed to be normal wdhmeanof 0.01 and a standard deviation of 0.01. The
distribution of crack length estimated using Particle filter is not normal and hence Particle filter
method can be used to estimate the stateedion-Gaussian process. Particle filter often faces
degeneracy dhenumber of active particle populati®going below a threshold value and in such
cases resampling is needed. However, in this example the measurement observations are low and

particle filter algorithm does not face such degeneraag resampling is not raged.
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Figure3.8. Estimated crack length using particle filter

To estimate EOL from the crack distributi@method similar tahe Kalman filter is used.
However, inthe Particle filter, sampling from the distribution is not needed and the particles
themselvesan be used as samples to gendhetdistribution of EOL and RULEFigure3.9 shows
the distribution of EOL and RUL estimated usthgParticle filter method. shows the mean value
and 95% confidence interval of crack length and RUL. The variation of crack length statistics in
Figure3.10is smooth compared the Kalman filter. This is becaudbe Kalman filter assumes
the process is Gaussian but in faicis not Gaussian and the errortirewrong assumption is the
reason @&r the abrupt variation of crack length statistics. Whereas Particle filter accurately
estimates the state distribution of AGAussian process and variation of the crack length statistics
is smooth. It is also observed thhe width of 95% confidence ietval increaseat load cycles

when the measurements are obtained but decreases once the weights of the particles are updated
from the measurement.
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Figure3.10. RUL estimation using particle filter methdd)Variation of crack length and (b) RUL
with load cycle estimated using Particle filter algorithirhe dashed line shows the mean value
and solid lines indicate the 95% confidence interval.

3.4 Inverse Uncertainty Quantification

Prognostics using uncentdy quantification is used for systems or compogiewhere damage
evolution can be modeled by physltased models. These physimsed models may not
accurately model the damage evolution but the model can be calibrated using experimental
observations from the system and reduce the errors. An even better case would be to use statistical
methods to quantify the uncertainty in the mlopgarameters of the model or uncertainty in the

damage state or health state.
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Figure 3.11. Schematic diagram showing the relationship between predictive modeling,
diagnostics, and uncertainty quantifioati[ 3].

Thegoal ofprognostics health monitoring (PHM)tis predicta quantity of interest (QOI)
in the future instant of tim&he PHM framework essentially uses uncertainty quenatiion for
predictingthe future state of the system. A PHM frameworkhs synthesis of four disciplines:
damage diagnostics, predictive modeling, uncertainty quantificaimhuncertainty propagation.
Figure 3.11 shows the schematic difie relationship between these disciplines. First predictive
modeling and diagnostics are utilized to quantify uncertainty in the modsdeTUncertainties are
propagated back through the predictive model to predict the future value ofD@wlage
diagnostics measure the damage extent in the structures and provide the damage evolution as input
to the PHM system. A predictive model must bpatde of simulating the damage growth physics
and can govern the growth rate using model parameters. These model parameters can be estimated
from the diagnostics data as the damage progress. However, the deterministic assesement of
exact state by thaabnostics methods is limited by the noise in the SHM sensor, and the predictive
model is approximations of the true underlying physics of how damage progresses. THé€fore,
carries out a central role in damage prognostics. By continuously gatheringedatats from
diagnostics methods and informing the predictive model, the model uncertainty can be
systematically quantified using statistical methods by constructitigrfor the parameters. The
guantified parameter uncertainties are propagated basugirthe predictive model to build a
PDF for theQOIl. The UQ plays a major role in quantifying uncertaingyd increasing the
confidence in prediction for prognostics applicatiph®, 93, 94, 99, 100, 10642144]. Further,
UQ has been popularly used for engineering applicafidas-148]. This thesis is focused on

inverseUQ and more details are discussed in the next chapters.
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CHAPTER 4 PREDICTIVE MODEL SIMULATIONS

Uncertaintyquantification(UQ) methods requirevaluation of the predictiv@odelfor alargeset

of model parameteand n this thesis, higHidelity, physicsbased~EM simulations are used as

the predictivenodel. Using theFEM simulationdirectly for UQ amplifies the computational time

to the point of intractabléAn alternate methotb reduce the computational tirseby developng

a surrogate moddbr the crack growthsimulatiors. In this chapterthe cetails of FEAcrack

growth simulations araliscussed in detailThe FEA simulations employ CZM to model
progressive damage in the adhesively bonded joint and the deleterious influence of fatigue loading
is simulated by the fatigue damage evolution relatfosetup is developetb runalarge set of

simulationsto generate data for surrogate moug

4.1.Cohesive Zone ModellingCZM)

Adhesivdy bondedjoints often failneartheadhesiveregion anddamage propagatidhrough the
adhesive region nestb be modeled to find the fatigue lifetin@ifferent mechanisms of failure
exist in adhesively bonded joints such as cohesive failure and adhesive failure. In this thesis, it is
assumed that the adhesive fails via cohesive fairmdCZM elements aresed tomodel the
damage prpagation CZM is an efficient and reliable method for simulating the progressive
damage in adhesively bonded joif@g, 149151]. Figure4.1 shows theslementsn thesubstrate
andadhesive regionThe sibstratematerial is modeled by continuum elements and adhesive is
modeled by cohesive elemer@ahesiveelements acsa springfoundation between two opposite
points of the finite element mesh and apurface traction when there igedative displacement
between themTraction is defined asa force per unitarea,and it is a function of relative
displacemenalong surface normal artdngenial directions The CZMelementsare usually one
dimensional elements or twdimensional single mesh elements across the thickness of the
bondline[84, 149, 15Q]The relation between the traction aethtive displacemem thecohesive

elementss governedy traction separation law.
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Figure4.1 Damage modeling using CZtvaction separation law

4.1.1. Physics of Tractiorseparation Laws

Tractionseparation law governs the constitutive behavior of cohesive elements between the
relative displacement and traction in the elemenk®re are many types of traction laws and
Figure4.1 Damage modeling using CZbhowsatypical example of tractions laws for brittle and
ductile adhesive materialk the figure, initial stiffnessHp), fracture energyGc) and maximum

tipping traction T¢) is the material properties. The critical and failure separatiorik] are
calculated from these material properties. Traction law is based on the physics of bonding forces
between two atoms in a molecule. The force between the atoms increases witlatihe re
displacement between them and then decreases above a critical value. The bond completely breaks

when the relative displacement is above a failure value.

Figure4.2 shows the physics of traction separation I&le traction law is divided into
two parts.The first part is the damage initiatiowhich is betweerzero separation anctitical
values (k). In the damage initiation phadbg cohesive element is itne elastic limit, where its
material properties are retainddside theeelastic limits, the traction in the cohesive elements
increases with separatiomtil a maximum traction valu@¢) and has an initial stiffness &6 [83,
152, 153] The second part of the traction separation, laetween thg(lic) and failure )
sepration is the damage propagation phadéove the critical separationid, the traction
decreases, and the properties of cohesive element degrades, represented by degradation variable,
D. Over the elastic limit, the material properties are degradefuast@on ofD.
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Figure4.2 Damage initiation and damage propagation phase in a loaded bonded306ir3]

In this studyductileadhesive materials aused and hence thkilinear tractiorseparation
relation[84, 154]is used. Theilinear tractionseparation relation is characterized by three key
parameters: initial stiffnes&q), tipping traction T¢), fracture energyQc) and it is divided into
two partsas shown inFigure 4.3. The first part is the interval between zero separation and
separation where the traction in the CZM element reaches the pahk araximum value,
represented by tipping tractioic]. This point is known as damage initiation criteria and the
corresponding separation is represented:byhe separation above the damage initiation criteria
(G> )Us the second part of the bilingaaction relation. Once the damage initiation criterion is
reached, the stattamage degradatio®¢0) starts in the CZM element and the stiffness, fracture
energy of the element starts decreasing as the separatiomcreases. The CZM element is
consdered damaged when the separatignméachesk. This is known as the damage propagation
criterion and it is defined as where the total energy release in the CZM element reaches a critical

value,Gc, and once the damage propagation criterion is reathee/ement is removed.
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Figure 4.4 Physics of cohesive zone modeli(a) Cohesive zone modeling (CZM) is used for
modeling the quasstatic damage growth in the cohesive elements and (b) rmxel@! response

of the CZM elements is modeled using maximum nominal stress and BenZidgegagh¢l154]
criterion.

The behavior of the bilinear tracti@weparation relation discussed above is the response of
the CZM element under normal mode (mdyeeformation. In a general adhesive joint, the
deformation occurs in nliple modes, and a single tractiseparation relation is required to
represent the muiinode response of the CZM eleméwbrmal loading results in mode | traction
in cohesive element, which is governed by mode | damage naodiraction due to shear loading
is governed by mode Il and mode Ill damage modtlela twodimensional problem, the
deformation will be under both normal andglane shear modes. The mixewhde response of
the CZM element is shown iRigure 4.4. The tipping traction of the mixeshode response is

defined by maximum nominal str¢$64] and BenzeggagtKenare[154] criterion is used for
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defining the fracture energy. By utilizing the tractieeparation relation, representing the mixed

mode response, the static strength of the adhesive jailetésmined by loading the joint until

failure.
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Figure 4.5 Different joint configurationsanalyzedin this thesis.The joints considered for the
probabilistic fatigue life predigin: (a) sngle lap joint (SLJ)84], (b) laminated doublers in
bending (LDB)30], and (c) tapered single lap joint (TS[]. The cases (a), (b), and (c) are
analyzed under CAF loading and (d) single lap joint (SLJV) for VAF loddb@j. The joirts
considered for prognosticge) single lap joint (SLJP).

4.12. Static Simulations

In this thesis,six different joint configurationsare considered for probabilistic fatigue life
prediction and damage prognostics stugigure 4.5 shows thadimensionssubstrate materials,
adhesive mrials and boundary conditiorfsr differentjoint configurationsFor all the single
lap joints (SLF, TSLJ)theleft boundary is fixed anébr the right boundarydisplacemeritorce

is appliedalong the xdirection by constraining all other degrees foéedom.In the case of
laminateddouble in bending (LDB) the displacement at the centetla#bottom surface ifixed,
andpoint displacemefforce is applied at the left and right edgeshaflaminate. The LDB joint

is symmetric about the-gxisand only halthejoint is modeled.
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Table4.1 Bondline properties for different joint configuratiof&0, 83, 84, 150, 155]

Joint  Width Adhesive bondline properties ANNs model
Type  (mm) T, (MPa) T (MPa) G, (kJ/m?) Gy (kJ/m?’) ¢ n Meshsize(mm) Inputsize Output size
SLJ 12.5 65 38 2 4 2 4 0.2 151 150
LDB 15 65 38 2 4 2 4 0.2 214 213
TSLJ 12.5 120 70 1.2 2.4 1 1 0.1 251 250
SLIV 25 72 42 2 4 2| A 0.1 126 125
SLJ-P 25 65 38 2 4 2 4 0.1 501 500
10
84
—
Z
X 61
w
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Figure4.6 Simulated force vs displacement response for the SLJ joint.

Initially, static simulations are conducted for all the joints to determine the failure load.
Cohesive zone modeling (CZM) with bilinear tractilaw is used to model failure in all adhesive
materials and the calibrated tractisgparation propertiegseshown inTable4.1. To find thestatic
failure load, displacement is applied along thexbs at a rate 00.1 mm/minuntil failure. Figure
4.6 shows the loadisplacement curve3heforce is measured at the fixed end and it increases
with applied displacement up to the staf@dure of the joint At the static failure, the force
decreaseto zero valueand the static strength is the maximum load inftinee vs displacement
curves. he static simulations are conducted on the remainingsj@ntdTable 4.2 shows the
comparison of static strength with the experimentale/g80, 83, 84, 150, 155The percentage
error between the predicted and experimental values is [#8lovor the first two joints but a 8

% error is observedith TSLJbecaus®f ignoring the fillet at the bond edges

Table4.2 Comparisorof predicted static failure load with tlexperimental dat[30, 83, 84, 150, 155]
Adhesive joint Predicted (kN) Experimental (kN) Error (%)

SLJ 9.93 10 -0.7
LDB 2.85 2.9 -1.72
TSLJ 12.5 13.7 -8.75
SLIV 11.7 11.95 -2.1
SLJ-P 24.0 - -
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4.1.3 Fatigue Simulations

The failure strength determination from the static analysis limits the maximum stress in the fatigue
loading spectrum and the maximum stress is generally some fraction of the static sfrength.
simulate the deleterious influence of fatigtetigue damage evolution relatip32, 150, 156]s

used asshown inFigure 4.7. The damage evolution relation degrades tilaetionseparation
propertieswith cycle numberby incorporating a fatigue damage variabl®)(in each CZM
element. The rate of degradation of the damage index variag)lés(a function of the maximum
principal strain {hay) in the CZM elements and model parametib( ().

@ Fatigue damage evolution relation Bilinear traction-separation relation
RO =g g0 gl2) RE)
e min Doisn = D fmax,i = Etn Pristine
i RW Fatigue load FA*1 ™ | Dpi+ ADpi  €max,i > €

spectrum

Stress (o)

ADg i = AN;ay™ (emax, 1 — €n)*

@ KN
. v
Tmin %

w

Umin AL (1 - R)/Z
Cycle number (V) .{\\Cﬁa Y=1= [Gmax(1 + R)/20,]®
§ ‘ o R ,: static strength
bl '_’x ‘ Il‘;" 0<Dp=1

Pristinc Completely
damaged

Maximum fatigue loading based approach

Figure4.7 Fatigue damage growtmodelingusing the maximum fatigue loadHbgsed approach.
In this approach, the adhesive joint is loaded at maximum stress and the influence of the load ratio
is incorporated into thiatigue damage evolution relation.

To solve thefatigue damage evolution equatjodifferent methods are existirig the
literature as shown inFigure 4.8. The frst method is cyckbdy-cycle analysis, where fatigue
degradation is modeled theadhesivateach cyclewumber otthe fatigue spectrum. This method
is computationally expensive and practically impossible to performayigle fatigue. To reduce
the computational time, certain cycle extrapolafatigue analyes can be used. In this analysis
thefatiguedegradations modeledor a complete cycland itseffectsareextrapolated foa certain
number of cycles. However, this method is still cotapianally expensive for high cycle fatigue.
In the maximum fatigue loadinpased approachhe joint is loaded at maximum stress in the
fatigue spectrum anfhtigue degradation is simulated after a certain number of cyChes.
influence of load rati¢R) is incorporated into the fatigue damage evolution relation, usiag
shown inFigure4.7. ois a function of load ratioR), the maximum stress in the fatigue spectrum

(0max), static strength’) and the model constarif)(
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Figure4.8. Methods of solving the fatigue damage growth equation.

In this thesisthe maximum fatigue loadinlgased approach is u$&87]for computational
efficient fatigue simulationThemaximum strain g&__, ) is defined by

emaX:O.S( e feﬁ) 4.1)

e, and gare the normal and shear straiMwore details about the CZM modeling and fatigue

damage modeling are foundtime referene[30, 83, 84, 150]

The detailed algorithm fosimulating fatigue degradatiae shown inFigure4.10. The
algorithm providesn option of choosing either the FEA model or the AtiNsalculate the strain
field. In thischaptey the fatigue simulation with the FEA model, represented by the red dotted
line, is discussednd details of the fatigue simulation with ANNSs is providedhe next chapter
At the start of the simulation £ 0), the bondline is assumed to be undamaBed-¢= 0) and the

FEA model is used to calculate the strain field at the maximum §lxgssin the fatigue spectrum.

D=0
P F Y %|AN <
- Dy, Dg 44
z
S ADg=Dr ;1 1-Dg;
Fatigue degradation
= N=N,
RN || TNy
(0,0) Fatigue cycle number (V)

Figure4.9 Maximum loadingbased approach faheadhesively bonded joint.

The transient effects are negligible under fatigue loading and hence static FEA model is
solved to find the strain field at the maximum s#@imay). The FEA model uses solid elements
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Figure 4.10. Schematic of the algorithm for simulating fatigue damage growhike. algorithm
provides an option of choosing either the FEA model or ANNs model for strain field calculation
along the bondline. The algorithm with the FEA model is shown by the red dotted and with ANNs
is shown by a solid green line, whidreferred toas the FDG simulator. The FDG simulaitoa

hybrid model with physicbased damage evolution relation for simulating the fatigue damage
growth and the datdriven ANNSs for calculating the computationadlypensive strain field along

the bondline.

for adheend and CZM elements for bondline. The strain field, obtained from the static FEA model,

is used by fatigue damage evolution relation to updating the damage index variable valbe from

i to Dr, i+1 along the bondline based on the threshold strain W&k)e The new damage index
variable,Dr, i+1, is provided as input to the FEA model and the model calculates the strain field
(Ghax, i+1) by degrading the traction separation properties. The steps of strain field calculation,
damage evolution, and degradation of traction separation properties are repeated in a loop until the
adhesively bonded joint fails. The failure of the joint is chdckiter the strain field calculation

step and simulation is terminated once the joint faife failure of the joint is modeled by first

loading at the maximum stress of the fatigue load spectrum and the joint is considered as failed if
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the substrates dhe joint are completely separated along the bondlihe.crack starts from the

edges of the bondline as they are the region of high strains and propagates towards the center. At
the end of the simulation, the crack propagation is extracted from the elgmaiges. The
algorithm carbe used for both constant amplitude fatigue (CAF) and variable amplitude fatigue
(VAF) loading.

4.1.4. Results

This section presents the results of fatigue simulations using FBA.bondline material
properties used for FEAmulations of different adhesively bonded joint configurations are shown

in Table4.1. Along the bondline of the FEA model, a singie-dimensional mesh element is
used across the thickreg84, 149, 15Q0]and mesh sizesishown inTable4.1. Figure4.10 shows

the strainfield and damage index profile for different joint configurations resulting from FEA
simulations. The fatigue damage starts growing from the corners of the adhesive, which are regions
of high-stress concentration, and the completely damdged-() CZM elements are removed by

the FEA simulation, indicating the crack formation and growtie crack in SLJ starts from both

the edges and grows symmetrically. TtieB joint is symmetric about the vertical axis passing
through the center of the adhesijoint and only half the geometry is modeled for the fatigue
simulation. In the case of the TSLJ, the joint is unsymmetric and the fatigue crack starts from the

left edge of the adhesive, as reported in the expershiébit

4.2. Parametric Fatigue FEA simulations for Generating Data

A typical fatigue simulation using the FEA model requires a lot of computational time, typically
in hours, and the uncertainty quantification methods requirkiauag the predictive model
thousand to millions of times. Directly using the FEA model as the predictive model makes the
UQ intractable and in this work, a hybrid surrogate model is developed to reduce the computational
time. For training the hybrid moljesimulation data is required, and parametric simulations are
conducted to generate the daigparametric tools developed using python script to runrack

propagation simulatianfor large sets of parameters.

The fatigue tests are generally carried wnder load conttd83] rather than displacement
control. Usingforce boundary conditiain the FEA modemakes the simulatiorun with small

increments when it is close to joint fadywhich increasethe computational time. Thisl®cause
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the resistive force at the bond region approaches zero and causes convissyescehen the

joint is close to the failureThis makes the simulation take vesyalttime steps and eventually
increasing the computational time of parametric simulations significailyprevent this, the
displacement boundary condition used,and the displacement values are tuned to apply the
required force on the joint. The algorithm to implement automatic tuning of displacement

boundary conditions.

Np ; : Fatigue cycle number, N, : Fatigue life in cycles
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Figure4.11 Strain field and damage index profile along the bondliffee results arebtained
from the FDG simulator under CAF loadingor (3) SLJ, p) LDB, and €) TSLJ atlimax= 0s and
load ratioR=0.1.

The step sizdDN used in the crack propagation simulatgirown inFigure4.10 determines

the computational timef each simulation in the parametric ri8tep size needed to be adaptive
based on the fatigue lifer similar computational time fogach simulation The damage index

(Dr) profile along the length of the bondlines d e gr a d e i i aumbeeaf cydes, amdy @

an adaptive algorithifB8, 158]i s pr o p o0 s e d\r it The pcopoksed adapdive éatigge step

size algorithm used in thigork is shownbelow.

a. Define maximum possible fatigue damagemaxincrement per step size per CAlement at

the start of thesimulation.
b. At the end of each fatigue step, calculgld for every CZMelement €) using the below

equation
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DD,

(DN))*® :—a( %ax‘injaxthy, e=1--- N

4.2

wheree indicates each CZM element angksnis the number of CZM elements.

c. Calculate minimunstep sizeg\s, i by lopping over the CZMlements as shown below

Fio = Min (M) (4.3

e=1, Nnesh

DN

The effect of adaptive step size algorithm on fatigue crack propagatdemisnstrated by

runningapossible number of simulatiorfey a fixed computational timeising both uniform step
size of 100 cycles and adaptive method viilB,,, .1. Figure4.12a shows the comparison of

the number of iterations vs the fatigue lifeEach iteration takes approximatelysimilar
computationatime andthe total number of steps determines the total commurtaime of each
simulation.The lesults show that the rangetbétotal number of steps taken by all the simulation
cases is small witthe adaptive fatigue step size algorithm. Moregwke maximum number of
steps taken byhe most expensive simulatiocase withthe adaptive step method is very low
compared to uniform step arallarge number of simulations can be conductedaf@iven

computational time.

Fixed time steppin Adaptive time steppin
104 pping 600 plive pping
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Figure 4.12 Comparison of computational timeith different time steppingga) Uniform
computational time(b) adaptivetime stepping

4.3. ANNs-based Hybrid Fatigue Damage Growth (FDG) Simulator.

Bayesian inference, to quantify uncertainties, requires evaluagngréaictive model thousands
to millions of times, and using the FEA simulations directly makes the UQ problem

computationally intractableln this Section the datadriven model approach to reduce the
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computational time of fatigue growth simulation isadissed. The FEA simulation can be divided
into two parts f or N;,@a&sehown irBigue#.10.cin thenficstparmtaent (@
strain field in the adhesively bonded joint is calculated, at the maximum stress in the fatigue load
spectrum (or fatigue loading spectra), using the CZM model. lsettend part, the fatigue damage
evolution relation updates the damage ind@x) frofile along the bondline using the strain field

(Ghay). The output of the CZM modela) at every cN g bfithe FEAncr e me
simulation, can be defined as anétion of Or, Umay since thematerial properties of the solid
elements, mesh, boundary conditions of the FEA model are fixed. Moréow@utput from the

FEA model is the strain fiel(lhay) in the entire joint, but the fatigue damage growth is siradlat

only using the strain field along the bondline. Most of the computational time is spent on
calculating the strain field and developing a direct mapping bet{@enmas) andGhax, along the

bondline, can reduce the computational time significantlyvoyding the expensive strain field
calculations A datadriven model[2, 10, 16, 107, 159k developed to map the direct function
between the input®¢, (imax) to the FEA model and the strain fi€lghay) output along the bondline.

The datadriven model is developed at the solution points along the bondline as shown in
Figure4.13. The total number of outputs from the ddtaven model is equal to one more than the
number of CZM elements and the total number of inputs is one more than the number of outputs.
Once thedat-driven model is developed, it is integrated with fatigue damage evolution relation
to form theFDG simulator. There are different types of machine learning models available to
develop the datdriven model such as Artificial neural netwofBs 9, 160162], Gaussian process
regression2, 163] andk nearest neighbor regressipt0, 90] Among the machine learning
models neural networksre popularly used in engineering applicatifh®, 161, 162, 164, 165]
due to their ability to learn and model the complex relationship between multiple inputs and

outputs from the training data.

In this study, ANNs are used to map the hyghbnlinear relationship between the inputs
(Dr, Gmay), outputs(Ghay and circumvent the expensive strain field calculations at every cyclic
i ncr e mg)nThe tiaiging data for ANNs are generated using FEA simulations. The general
outline ofANNs model training is shown iRigure4.13. One way of generating training data is to
randomly generate damage index profil®s)(and extract the stira outputs(Ghay) along the

bondline, at various values of maximum strégs,, by solving a static FEA model with damage
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induced degraded tractiseparation relation properties. However, this method generates non
physical damage profiles that may natsé in actual FDG simulatian A more efficient way of
generating a training dataset is to run FEA simulations and extract the damageDig)dand
strain(Uhay) profilesat the solution points of the bondlife), 108]

‘ Generating dataset for training ANNs model ‘ a: (@, B, &)
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Figure4.13. Schematic for training the ANNBhe schematic is uséd develop a mapping between

the damage index and maximum principal strain field profile along the bondline, the critical region
where the fatigue degradation occurs. The dataset for training the ANNSs is obtained by running
the FEA smulations for randomly generated model parameters under the CAF load spectrum with
arandomly generated loads(y). The stored FEA simulation dataset is split into training, testing,
and validation sets. The damage index, strain field profiles extroradhe respective datasets

are used for training and testing the ANNs model. The validation set is used for validating the
crack propagation simulations condeatby the FDG simulatoj8].

The dataset for the ANNSs is generated by running the FEA simulations, for random sets of
values of model parameterg,= (U, b, G) under the CAF loading spectrum with randomly

generated loadlifay) as shown irFigure4.13. For each simulatiorihe (g, lmax) Sets are generated

from a uniform bounded distributiohe generation of data is automated by runnﬁi%1
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simulations and thénputs Or, (imay), outputs(Ghay) extracted, along the bondline, from each

simulation are stored separately in the dat&metdeveloping the FDG simulator, the simulations

in the dataset are split into traigj (n;riﬁln ), testing @;?ﬁ,t ), and validation lﬂﬂd ). The data from the
training datasetftriﬁin) simulations are used to train the ANNs and once trained, ANNSs is tested by

predicting the strain outpuGhax, anns) for the inputs Dr, (imay) in the testing datasetnf:)

simulations.In the training and testing steps, the predicted s{i@im anns) profile from the
ANNSs are compared with the FEA strain profile, along the bondline, using the relative percentage

error Eanns) as shown below

train _”emax,ANNs- ﬁaxtrain ”.2 300 (44)

ANNs
° ”emax,train ”2

”e ANNs T fax t”
s = e 300 (4.5)
”emax,test ”Lz

Once the training GKEES), testing errors QZGNSLS) is less than a tolerance, the trained ANNSs is

integrated with the fatigue damage evolution relation to form the FDG simulator and validated

valid

using the validation datas@lt, ). In the validation step, theawk propagation is simulated using

the FDG simulator for eacki(b, Gh, Gimay) Set valuén the validation dataset. The crack propagation

output from the FDG simulator is compared with the values obtained using the FEA simulations
by calculating relativgpercentage error in the crack lenggh) @nd in fatigue life &, ) using the

below equations.

”aANNs - a‘FEA”

L
e = 2 300 (4.6)
T el
Q\lf — Nf,ANNs' Nf,FEA 300 (4.7)
Nf,FEA

whereai s the wvector containing the cNyaandisl engt |

expressed a§=(z'a1o,---,8NEi ~a, ). In Eq. (4.7), the norm value is not considered faiative
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percentage error in fatigue lif@() to observe the extent of uneerediction in the fatigue life,

and the negative value &f indicates the underedicted fatigue life valudhe entire process of

training is automated and new data iseyated, by running more FEA simulations, if any of the

rain est

errors Ewns: G & § ) are above a tolerance limit. The ANNs model, trained using the data from

the CAF loading, can also be used for simulating the fatigue damage growth under any arbitra
fatigue loading spectrum as ANNs maps between multiple ifPutsinay) and multiple outputs

(Ghay) for any maximum stress of the fatigue loading spectrum.

The final developed FDGimulator is a hybrid model with physibsised damage
evolution relation for simulating the fatigue damage growth and theddiaen ANNs for
calculating the computational expensive strain field along the bondlihe. hybrid FDG
simulation can be used tonduct fatigue simulations rapidly for a given geometric configuration
under any arbitrary fatigue load spectra.

4.3.1 Results of ANNsbased Hybrid FDG Simulator

To develop the FDG simulator, the FEA model is replaced by the ANNs to reduce the
computaional time as shown ifigure4.10. From the FEA simulations, the damage indBx)(

and strain {hay) profiles are extracted at the solution points as shovigiare4.10 and this data

is used for training the ANNs. The total number of solution pasnggjual to the number of CZM
elements. The dat®¢, Ghay) from the FEA simulations contains the information of the boundary
conditions, material properties, physics of fracture energy release rate and by training using the

data, this information is enelddded into the ANNS.

The ANNs model needs to be trained for each joint configuration and mapping generated
by the ANNSs is used by the FDG simulator to simulate the fatigue growth in almeshrealn
this section, the validation of the FDG simulator 8tJ, shown irFigure4.5ais discussed. The
training data for ANNs is obtained from the FEA simulations as shovagure 4.13, and the
same mesh with the CAF loading spectrsrased for all simulationsrom each FEA simulation,
an average of 800 sets of input damage ind®¥ &nd corresponding output principal strain
profiles Chay), along the bondline, is obtained. Each set of damage index profile input and
corresponding sain profile output, along the bondline, is called a data point. Both the inputs,
outputs are arranged into two different row vectdlre dataset generated by the FEA simulations
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is split into two different sets before training and testing the ANNs andehsorFlow packag
[166] of Python is used for developing the ANNS.

Figure4.14 shows the number of layers used in each layer of ANNSs to train the complex
relationship between input®¥, Cimay) and outputsay), along the bondline, for SLThe ANNs
architecture consistof three hidden layers with 200 neurons in each layer and it is trained using
the data (hax Dr, Omay) Obtained from FEA simulations. The ANNs model enhances the
computational efficiency of the FDG simulator by replacing computationally intensive strain field
calculationsFor the training dataset, data obtained from 250 simulations are considered and for
the testing dataset, 50 simulations are considered. The damage index values, discretized using
CZM mesh elements, along the bondline and maximum stress in the fatigue loading spectrum are
arranged into a single row vect@, limax) and before training the ANNs, the inputs and outputs
of all the data points in the corresponding datasets are arranged in a matrix as shgurein
4.14. The number of columns in the input matrix is 151, which comprises the damageDrylex (
values in the 150 CZM elements and the maximum stiigs$ (n the fatigue spectrurithe output
matrix array has 150 columns each corresponding to the stragsvaleach CZM elemerftor
training the ANNs, the Adam optimization algontfj167]is used with 1000 epochs and a batch
size of 2000.

Figure4.14b shows the variation of the mean of tietative percentage absolute training
error with each epoch number. At the end of 1000 epochs, the mean training etlatediusing
Eq(4.4) is observed to b8.5%. The trained ANNs are tested by predicting the output strain
profiles for the input damage index profiles in thsting dataset and the relative percentage error
in strain values for each data point is calculated usin(Es). Figure4.14c shows the error values
for all the data points in the testing dataset plotted as a histogram. Very good testing accuracy with
a maximum error of 2% and a meamoerof about 0.6% is achieve@he trained ANNs can be
used to estimate the strain profile along the bondline for a given damage Ijigxdfile and
stresy(limax). Next, the damage indestrain field mapping obtained from the ANNs is integrated
with thefatigue damage evolution relation to form the hybrid FDG simuksahown irFigure
4.13. The smulator is validated witla large set of FEA simulations that are not used for training

or testing the ANNSs.
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Figure4.14. Results otraining ANNs model for strain field calculatiofa) The architecture of
ANNSs used for training (learning) the mapping between the input damage index and strain output
profiles along the bondline, (b) training error, and (c) test error of ANNs for SLJ.

Figure4.15a shows the comparison of crack propagation using the FEA model and trained
ANNSs. Figure4.15b andFigure4.15c show the error statistics in crack propagation and fatigue
life prediction, calculated using E@.6) and Eq.(4.7). The error in crack propagation is below
2.5% with a mean adround 1%, and the error in fatigue life estimation is mostly negative with
the absolute value of error below 2.5%. A negative error in fatigue life indicates that the FDG
simulator is undepredicting fatigue lifelnitial trainingand testingare conduced usinga large
number of simulations (1250 fdretrainingdatasetind 250 fothetesting datasétto validate the
proposed FDG simulatas reported in the referenfg62]. Further, training ofANNS is also
conducted using fewer number of simulations260 for thetraining dataseand 50 simulations

for thetesting datasgtand similar errors in training, testing, and validation are observed
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Figure4.15. Comparison oFDG simulation with FEA model and ANNs moda). Comparison

of crack propagation using the FEA model and FDG simulator, (b) error in the crack propagation,
and (c) error in fatigue life estimation fSt.J.

4.32. Validation of Hybrid FDG Simulator for Other Joint Configurations

The architecture of the ANNs used to develop a damage-std&r profile mapping for the SLJ

can be used for different adhesively bonded joint configurations. However, the weights of the
ANNSs are different for each adhesively bonded joint configurat®tha output strain profile

along the bondline depends on the joint geometry. The weights of the ANNs architecture required
to be trained for each joint configuration using the FEA simulation data of the respective adhesive
joint before conducting fatigusimulations, along the bondline, through the FDG simulator. A
similar procedure discussed in the abese€tion is used for training the ANNs and for validating

the FDG simulator for all the joint configurations. The number of inputs and outputs for the ANN

is dependent on the joint configuration as shown ihable 4.1. The optimization of

hyperparameters of the ANNSs is left for future work.

The LDB jointis symmetric about the vertical axis passing through the center of the
adhesive joint and only half the geometry is modeled for the fatigue simulation. In the case of the
TSLJ, the joint is unsymmetric and the fatigue crack starts from the left edge adhbsive, as
reported in the experimeaaittess [76]. A unified algorithm is developed for the FDG simulator
such that the damage can start from any location and can be used for anyakihesife joint by
providing the weights of the trained ANNs as input to the simulator. The developed FDG simulator
of all the adhesively bonded joint configurations is validated using a large set of FEA simulations
and very good accuracy is obtained.
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At every cyclic increment of the fatigue simulation, conducted by the FDG simulator, the
strain field predicted by the ANNSs is used by the fatigue damage growth evolution equation. The
ANNs are trained to predict the strain field for any I¢@ghy), and his makes it feasible to use the
FDG simulator to simulate fatigue damage growth for a given adhesive joint configuration under
any arbitrary spectrum such as constant or variable amplitude fatigue loading spectrum. In this
work, the ANNSs are trained forgdicting the strain field for a given damage index profile and the
load applied along thedirection. However, it can be extended for generalized load directions. In
summary, the ANNs model is trained based on the geometry configuration of the adiasive |
cohesive zone model, material properties of adhesive, adherend and regardless of the fatigue

loading spectrum.

4 .4. Conclusion

The final developed FDGimulator is a hybrid model with physibeised damage evolution
relation for simulating the fatigugamage growth and the dateven ANNs for calculating the
computational expensive strain field along the bondliitre hybrid FDG simulation can be used

to conduct fatigue simulations rapidly for a given geometric configuration under any arbitrary
fatigue load spectrarhe final FDG simulator developed using the ANNs model approach has
reduced the computational time, over several orders of magnitude, from approximately thirty

minutes to under one second by trading a small amount of accuracy.
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CHAPTER 5 PROBABILISTIC FATIGUE LIFE PREDICTION

The FDG simulator developedsing the ANNgeduces theomputational time by three orders of
magnitudeandthe simulator is integrated with uncenty quantification methods f@robabilistic
fatigue life. This chaptedetals the integrated framework for probabilistic fatigue life.

5.1Integrated Framework for Probabilistic Fatigue Life Prediction

Figure5.1 shows the integrated framework for probabilistic prediction of fatigue life in adhesively
bonded joints. The integrated framework calibrates the predictive fatigue life model, which
governs deerministic fatigue behavior, using experimental fatigue life data through inversely
guantifying uncertainties in the model parametergoeimental fatigue life datdpr various
loading spectraieported in the referengs used in this work.The integated framework shown

in Figure5.1 is exemplified by a single lap joint (SLJ) and freemework consists of two nested
loops. The outer loop (red line arrows) is used to quantify uncertainty in the model parameters by
generating parameter samples using the MCMC sampling method. For each parameter sample
generated by the MCMC sampling medhthe rapid fatigue damage growth (FDG) simulator is
solved to estimate the fatigue life and the inner loop (deep blue line arrows) simulates the fatigue
damage progression, until the joint fails, using the simulator. Probabilistic prediction of fatigue
life using the proposed integrated framewrg§uires three major stepsn overview of all the

steps idiscussed in three different modules

5.1.1Module I: FDG Simulator

The FDG simulator estimates the fatigue life for a given loading spectrum by centing/the
time-consuming strain field calculation using the ANNs model. The FEA simulations are
employed to generate the training data for the ANNs model. The FEA simulations employes CZM
to model the damage progression along the bondline and the fddqage evolution relation to
simulate the deleterious influence of fatigue. The FEA simulations are conducted at various
maximum stresslay) values under constant amplitude fatigue load spectmdhthe damage

index(Dr), principal strain{hay profiles, along the bondline, are extracted for training the ANNs.
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Figure5.1. An integrated framework for probabilistic fatigue life prediction in adhesively bonded
joints. The probabilistic fatigue life is estimatég quantifying uncertainty in model parameters,
through calibration of the predictive model, using the experimental data. édtatucting
experiments to obtain fatigue life data and training the ANNs modekipitiprocessing step
probabilistic prediction of fatigue life using the integrated framewafuires three major
succussive steps: fBtigue damage growth (FDGimulator for fatigue life prediction; (Iihverse
uncertainty quantification in model @aneters using MCMC sampling methodnd (lIl)
probabilistic fatigue life prediction by constructing confidence bounkis.integrated framework
consists of two nested loops. The inner loop (deep blue line arrows) calculates the fatigue life, in
the numbeof cycles, using the FDG simulator; the outer loop (red line arrows) inversely quantifies
uncertainty in the model parameters, by generating a large number of parameter samples, through
the MCMC sampling method.dihg the generated parameter samples, pibétac fatigue life is
estimated in step lll.
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