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ABSTRACT

Vibration-based structural damage detectiomolves theacquisition ofvibration data,

extraction of damagsensitive features, andentificationof novelty. These procedures
intrinsically contain uncertaities ariang from the measurement noisevarying
environmental and operationabnditions and modelng erros. Probabilistic machine
learning(ML) techniqus havethe ability of autonomoufeature extraction anchodel
optimizationfrom uncertain datahusstand out as the naturapproachfor vibration

based damage detection. This thesis attemptd éov el op advanced tec
strudtamaigdee nt i fi capr obhalbialsiegddt ioon ML t echni

i nf erence

The vi-lbpasaedd odamage dbaeet itowwo roebtamsedle sa,ndd
i nver ssbamedel The Bayesian theorem can be i
by incorporating the engineering knowledger researcherods belief

model parametemas the prior informatiofor the damge detection.

The Bayesi ssn ftiresar eimnt r odliuicveaen taattah en od ant
technfiogrwmeé ® mat i ¢ mo dAeIll i nesgueair miez Baiytewsrn aanal y
( FADet hioslevel oped to discriminate the env
dynami c f eat uMesautomatio mlevanaendetgrraination (ARD) prior is

defined on the factor loading matrito determine the number ofinderlying
environmental factors automatilsa The method is applied tavb laboratorytested

examples (aeinforced concretslab and a steel frame) under changing environmental
conditions for damage detectiohater, an improved method onthe basis ofthe
probabilistic kernelized model developed to remove nonlinear environmental effects.

The unknown kernel parameters and the latent variables are estimated automatically in

the Bayesian probabilistic frameworkhe method idinally applied to thebenchmark

Z24 bridge for damage detection.



Next sparse BayeSB)lant elcasanring tnego duiceidt ¢ oelt dment
( FEmpdel ubpadsaeadma g e | d.Amt iStBelLc haisii gplueev e |l oped usir
the normalized damage Tsheen sARD gperdeobrd aled panam
damage i ndex to iIindudaespar stihtey ntoonlti meares
bet ween the damage index andavmbdaedmmyar amet ¢
i ntegr al that cannfdhtealpé aceael apripetoleadhdt heat | y.
combi navaroinatofonal B ¥ B)easnidizlayed rejedtian radaptativee  (

Metropolis (DRAM)a | g o rair te&@ me |toop eadi r c uimvternatc ttahbd e evi de
Both mat & oa gtphlead d rttasdsotreyd dtoeeld afmnraggr@ehdet ecti o
comparndesohate the anal ytical Lapraraedly appr oxi
efficient for lowrdimensional problesias no sampling is requiredlhe VBI-DRAM

algorithmis substantially efficienih dealing withhigh-dimensional problems

The |l ast contridutoodaev &lidmpersati me saidapt ati on
technique for structur al damage detection
nume rFibmad e | to the experiment al structure art
with different-calilzaadcteiamgnl ewdhi cahmargee data fr o
strucsurneot A eweigéeding miercthramd sane di st o deal
i nconsi stent | abel spackosmagded weah abdleed abet
domai n, given that smayudiidifalredtamadbe saoemar
experi mentdarmo nssttudaitees t lod dfhfeecpgr ovpElteessds met h
comparison analysis indicadasescdrhpatrdewp ewii tolr i

model s without -AIightwinghmet htalné s me
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CHAPTER 1
INTRODUCTION

1.1 Damage Detection Methods

Civil structuresare subjected to extreme natural or maade hazardduring the service
life, such agarthquakes, typhoons, firemdcollisions.Small damagecanaccumulate
incrementallywith the materialfatigue or corrosiongeterioraterapidly in the case of
critical fracture,and jeopardize the entire structurTherefore,the damage should be
deteced as early as possible to prevehe catastrophic collapsef the structures that

causdife losses and economamnd socialmpacts

Vibration-based structural damage detection methods are developld premisehat
structural vibrationproperties(such as frequencies and mode shapes)functions of
structuralphysical properties(e.g. mass, stiffnessgampingand boundary conditign
Therefore,monitoring the variations ofhe vibrationquantitiesmakes it possible to
detect the changes the physical properties, that ihe damageThe procesdypically
involves the longterm monitoring of structures for data acquisition, feagxteaction
andnovelty detectionSomedamage identification methods are based orsthestural
finite element (FE) model updatingvhich is a process minimize thediscrepancy
betwesn the model predicions and meauredvibration data in eithetime-domainor
frequencydomain This kind of approaclis referred to as the modeasedapproach
which is a typical inverse problemBy contrast, the datbased approachets rid of
physics-basedmodding. The relationship between the uncovered features and damage
state of the structures learned by the data analysis modélfie model parameters,

outputs or the model prediction errors then becomeadhegendex.



Both kinds of approaches have their pros and c®hs. datadriven approacks are
efficient whereasrequirea large amount of datdo coverthe range ofariations The
modetbased approaels could attain the damage localization and quantificatmothe
element levelwhile heavily depend oanaccurate FE modelvhichinevitablyinvolves
modeling errorge.g. baindary conditios, joints, and materials)n generalamost all
vibrationbased damage detectiapproachemtrinsically involve uncertaities, which
arise from the measurement noisarying environmental and operationfctors and

modelng erros.

1.2 Probabilistic Machine Learning

Machine learningML) refers to the data @alysis methodsthat imitde the waythat

human learnsThe goal ofML is to developmodels or algorithmso learn from data for
underlyingfeature extractionautomaticpattern recognition anthenuse theuncovered

patterns for classificatigrprediction or othertasks ofdecision making(Jordan and

Mitchell, 2015). Unlike traditional data analysis methods that neegreselect moded

and modelparametersML automags analytical modebuilding and optimizationFor

example, thenonlinear problem can beestimatedby the kernel function inthe

reproducing kernelHilbert spacewithout d e f i aisp@cmdp gi ng functior

explicitly.

ML has been amainstayof datadriven damage detection methods in past decades
through establishingnon-parametric(e.g. clusteringk-neaest neighbor and support
vector maching or parametric modelge.g. perceptronand neural network)for data
analysis(Farrar and Worden, 2012ylost ML method can be dividedhto two types
according to whether the labelsadmagedataare available or nphamely,supervised

or unsupervised learningn the supervised learningghen thelabel is realvalual, the
regressiommodelis established and optimized to tiite relationshibetween thenput
dataand label and whenthe label is categorical, the data are classif@ddamage
pattern recognitiorffMurphy, 20132. In the unsupervised learninthe training datare

unlabeled.The goal is to recognizand classifythe dataaccording tothe predefined
2



metric (e.g. similarity of the underlying features oreconstruction errorof the
measurement dgta A small number of studies fall between supervised and
unsupervised methodshich are semisupervisedvith a smallportion of labeled data
only. It is noteworthy thathe scope of using ML for damage detection islmoited to
the datadriven methods, but also can be phydiased(Farrar and Worden, 2012)
Particularly, if the FE model has been updated and validated, thelrdaga method
can also be improved by exploiting information from the physical models,asutie
physicsguided ML methodsSpecifically,the updatedFE modelcould simulate labeled
damage data to guide the training of deep learnipg) models for damage

identification.

The Bayesian theemthatinterprets the uncertainties quantitivelgn ke introduced to

the ML models for data mining. The ML model incorporating the probability theory is
referred to as probabilistic ML, rather than Bayesian ML, considering that the Bayesian
theorem strictly corresponds to the MAP estimate while some pratigbihethods,

such as the maximum likelihood estimade not strictly contain the prior information
(Murphy, 2012. Theincorporation of the Bayesian theor@wuld addprior knowledge

to the data probability distributigrio encode e s e ar ¢ h e r ¢theundeenimodelf a b o
parametersFor example, theBayesiantheorem can be introduced tegression and
classification tasks for desired model optimization One representativeis the
development fronsupport vector machingVM) to relevance vector machif®&VM)
(Tipping, 2001). The DL can also be interpreted in a probabilistic manaech as the
variational autoencoder and Bayesian neural netiv@kconsider all possible values of
parameters rather than a point estefiendall and Gal2017)

As vibrationbased damage detection intrinsicallgontains uncertaities the
probabilstic ML approaches stand out as the natural apprddwh probabilisticheory
can be introduced tdhe exising nonprobabilistic ML-based damage detection

methodsThere are severakpectsvorthy ofattentionand development



(1) Some MLtechniques are not originally proposed for the engineering problers
need tobe adjusted oimproved by incorporatinghe engineeringknowledgeas the
prior information for thedamage detectionFor example, formost engineering
systems, there are only a few relevéattorsthat account for the variations af
collection of observationBesides,in the preliminaryfailure stage, the damage
occurs in limited locations (element3he sparse Bayesian learni(®BL) can be

introducedfor automatic model optimization

(2) Most unsupervised methodselimited to the first level of damage detection, that is,
the presence oflamage.The superviseddamage detection methodsuld attain
damage localization and quantificatiarile face the challenge ¢f aicrdga b e | e d
damage data f r om The rsteucturalFE anbdel san e louilt tor e s .
generate labeled damage data under all possible damage scéd&@spsiowever,
the FE model cannot perfectyedictthe structural behavioeven habeen updated
Instead ofexpecting to build @ errorfree FE model, a mordeasibleidea is to
explore the similaritypetween the labeled data fraime FE model and unlabeled
data fromthereal structure, and theextractthe invariantdamagesersitive features
shared byhetwo dataset

(3) Civil structuresalwayshavedifferent materials, geometrieandtopologiesand are
undervarying environmental condition¥he datadriven DL techniquesieed to be
re-trained by recollecting labeled data when thenvironmental conditions or
structural properties changéhe method that can facilitate the knowledge transfer

betweerdifferent butsimilar structuresreworth stuging.

1.3 Research Objectives

This study aims to dewdlraupbadblggneras de chni g1
ompr obaMLt eshnacnRlag®si an.Thef eesea@aech objecti v

1) To devebbpbi lbiassteéidd a Mnor makhabguemamage

detebynemorabhenBayesian framewor k

9 Develaspar se Bawyvesti anedthioalblteo det ect t he
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environmeautabmgactally

T Deelam mpr qpoweodbabi | i st i c tkoermemowvednomelt
environumuecetws mbdef f p aorpa medivtgresina;t i cal |y

2) TdevehdSPpmat Howd struci de atl i bdaasteadgiecom t he
updating:

19 Devel apabwtaipdanpgcper o xibmastidomet bbdcumvent
i ntract abldeuei nttoegtrred i moanl i near rel atio

i ndex and mgdal par ameters

T Devednmept hod applicable to all( stiardda rodf
and nondbtyamadanbd g variati(oviBalndBagé sy &
rej exdamptnati véDRAMAmpboO9@gt her

3) To devrel ops vapckea-tveis@édn t ec horguwe ructur al

identi ftihaat i oonul d kmhoavh shickdgreave ¢ he st ructur

di scriepanc

T AttRnawl edger oomhaensb@el fto an experi me

all owing the exisitence of modeling err

T Attlkanowl|l edge otnr amef st rfucture to. the ot

1.4 ThesisOrganization

The thesis is organized inteight chapters as illustrated in Figurd.l Chapter 1
introduces the background and objectives of the thesis in general. Chaptetu2tsa
literature review of vibratiolbased damage detection methods. Moreover, the
limitations and challenges ekistingstudies are issued. The rése chagpters introduce

the newly developed methods.

In Chapter 3, a sparse Bayesian factor analysis (FA) technique is developed to assess

the structural state under unknown and changing environmental conditions. The
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automatic relevance determination (ARD) prierdefined on the factor loading matrix

to determine the number of environmental factors automatically.

The environmental influencamay be nonlinear due the nonuniform sensitivitiesof
different materialsto the environmental variationsTherefore,an improved method
based on the probabilistic kerrzedld modelis developedn Chapter 4to eliminatethe
nonlinear environmentaleffects The Gaussian kernel is employed deal with the

nonlinearity

An SBL method is developed in Chaptefor structural damage identification based on
the Laplace approximation techniqukhe item to be integrated into the evidense
assumed to ba Gaussian distribution. Th@osterior PDFs of theariable and hyper

parametes associated with the uncertainties are then derivedlosadform.

Chapter6 further improves the Bayesian method for damage detection by integrating
the VBI and DRAM algorithra A full Bayesiananalysisof the posterior PDFss
conductedThe merit of theVBI-DRAM method isthat it isnot limited to the Gaussian

distribution butis applicable to all kinds of distributions

In Chapter 7, a reweighted adversarial domain adaptatiRADA) method is
developed to transfer knowledge between structures for damage detesitigrntime
series responsedhe novelty of the method is that it considehe tlabel space
inconsistencyConsequently, it catransfer the knowledge learneiin an FEmocdel to

an experimental structussd fromone structure to the other with different sizes

ChapterB concludes the thesis and discusses the future work.
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CHAPTER 2
LITERATURE REVIEW

2.1 Introduction

The vibrationbased structural damage detection methzats be classified intdata
based(or nonmodetbased)and modebasedmethods(Doebling et al., 1998;Farrar
and Worden, 2012)The former relies on the data processing and comparison of
dynamic featuresn the intact stateand the counterpart to be predictadthout
establishingstructural physical modelJ helatter requiresto build an FE model ofthe
structure and therupdateand predicimodelparameters by minimizing the discrepancy

betweerthe modetpredicted andnonitoredstructuralvibration properties

The prer etghukiasbiatseedofmet hodama gies wvtahdausai ens 0 n
struegetbrati on bhmmopnead tyd e s ebcyt ecdo mp avri ibm@a tti loen
pr op ervteir gBablmg et al. 1996 1998) Howevena,l m®nvironmen
operationalEOWsaywhpoodsce changes in the

f e a t latheeervironmental and operational effects are not considered appropriately,

the damage may be masked, leading to a false structural condition assessment result.
Thereforeenviemowvmermgt al e fah e cttdge e reaxft e aatcd reeds
bef beg atpmpétisead uct ur al damage deThemdcason i s
to removethe normalenvironmental and operationetfects fromthe damagesensitive

dynamicfeatures igeferredto asdata normalizatiofFarrar and Worden, 2012)

In the modetbased methodsn objective functionis generallyestablishedo evaluate

the discrepancy betweehe modelpredicted andmeasuredproperties(Sohn et al.,

9



2003). The structural model parameters are identified by minimizing the objective
function However, measurement data @enerallycontaminated with noisewhich
introduces uncertainties in future extraction and damage detection procéssst of
thetraditional damage detection methods treat the probketeterministic and neglect

the uncertaintiesDuring the recent decadesesearchers hawidevelopedprobabilistic

model updating or damage identification techniques, such as perturbation techniques
(Xia and Hao,2003), Monte Carlosimulations (Hjelmstad and Shin1997, and
Bayesianinference methods(Beck and Katafygiotis, 1998Katafygiotis and Beck,
1998.

Additionally, the huge amount of data generated in the-teng monitoring stage also
imposes significant challenges on the efficient, effective and accurate damage detection.
The era of big data has witnessed the development and progress of artificial intelligence
technology, paving the way for the implementation of structuraltinenonitoring

(SHM) utilizing DL techniques which havepowerful ability and high efficiency in
processinga large amount of data. The Dtechniqueprevails recently with the
development of a few powerful algorithms suchdagp autoencodeconvolutional

neual network (CNN), recurrent neural network (RNN) and so®un et al. 2020).
Conducting structural damage detection by adopting -efatee-art deep learning
techniques is research hotspot

Given the fast development of SHM in the past decadese thave been several
comprehensive literature reviews in the gi@aebling et al., 19985alawy 1997;Sohn

et al., 2003 Sun et al.,, 2020In  tchh aspSHM t ec hnihgwes aisrpect s a
focusnadd revi ewdadhekcamacmhaldiBagteisomn, aindf er enc e

datdtai varechlni gwundhout exhausting. all aspects

2.2 Data Normalization Techniques

In the following, the mvironmental and operational factomsfluencing structural
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dynamic features are firstly summarizédilowed bythe data normalizatiormethods
which can belassified intoregression methodsith environmental data and Mhased

methods without environmental data.

2.2.1Environmental and Operational factors

2.2.1.1EnvironmentaFactors

Temperaturéa amaj or f actadrfstchadt uraal dynamic cha
tempedaatafrfecesesfrom sever al aspect s. First
materials varies with temperat wsrmay 3Decon:
affewhetddhéemperature Tlkihad guensi h®@r nmloyn di str
temper atluamgeastteruct ure may cause an asynch
physircarme tpear s . Roberts and RBeamsmihdoid 99 8)
bridge and found edaal3 %~edn¥ efrraet quureen cayc ccohuannt g
Farrar é)t rad por(tled9 tehlfart e g ubeliniclyi rAdta mmead Car
bri dgebwahhrgaeb % during a day caused by t emj
De Roeck (2001) monitored the Z24 bridge
artificially damaged. The results indicat
14%~1BwWG t hg mopet dheg faolunad t hat the strucd
i ncdsagei fi cantwhyi whhadluew fOrheeasphaladf |talyer
bri dge Thg&ane momwnfi ttolme nFHi nign Kkkommdjlieltd gael
200mevealed that the bridgeds natur al frei
t teemperature chabgedXifaoemt 2alB. t 02GB6) per
the vibration proper{R&H adwf faorr airmfucmrdc & dvc
fi rwot modal frequencies were~®mbxz3% vwlckert o
temperatur e I ncwheearsmeas oobnvei odiesg rreeel at i onshi
shapetshteemgp er at ure was foundshdMousdhehatdr Bo
Si X natuciads f Dagluiemg Hal | Footbridge on
Uni verisehlyy 488@ ¢ he corresponding tledmpteos at u
11



39 .

Humi dity i s anothemnd f aot otalmstthrau cotimdaryeiltni o n
proper 6eeesr al st o ticecensc rreetpeo rstterdu ctthuartes absor b
weathsera ntéauddactur al ,madideriemqumeaagaadader e d.
Bendat agdo®Oemdoi hat the bridgebdss eamaudds i ncr
ot he absorption of moisture. Xia efn al. (20«
RCsl abrewdhsced by the®Bdr avihreeant al dhbymilde.ty i nc
Sohn (2007) reported that the mass of the A
duteo moi sture. However, )ReetoartsedandcabDe nko ec
rel ation bet welhden risomif diutayi ehshe@ gben&24 bridge
observed.

Addi tional-l gdudehde wadrnida lbir lpir toyp eaor fo i 1d ghraee
bri dges was Hunviead¢R Degt@ jnead .u r larn tfhrcea gslteanyceide s o f
and suspension brdegrwiatwe rteh eo bhilsmEcomeads gteco d .
The s

(Fujino etMahmo@e®O0o®@tthat ored the Hakucho Susp
and found t hat hsethreucatmprlalt uweeseda Affuadsabnese

tructur al dampi ng rmay i dlyesde xdceeretald it re r lea v ey

function of the wind smmeend.y Henkfe dubesnye en b e uwa i

frequencies of the bridge. Nagayama et al . (
peed andviskrrautcio qureaafth i efsuclall e s sonns plemiTdhgeey

bser

<

gchet bquencickwi tdhectrlr@ase ncrease of roo
ccelerations. Si ri mgmoaotn hregpdea tanrda |F ug fi enepu g M2A0i 0t
uspensidec rideigsdegee wi nd vWYehotetitde idmeampe age |
ncreaMaedtins) ettniageeel ( B614 nfl uence of wi nd

w 99 O um

variati ons on structur al mo d a | properties

stadium suspeghstm@mt hrso.of T hfeo rdr etstuthd swiimdli cat e
particul andt diagpersée d v aftsu rdtree eauhldt he r edtulce i on of
cable tension and structural frequencies.
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2.2.1.20perationalFactors

Operationav ar iiaebsuc ht as | oadi ngs ahadbhbsetarnudcatruyr acl
dynamic respons)ssh.owkldahierheattz i ng 200 0accumul e
at the boundary support increased the st

i ncr etatmea t iwrmeaqlu ebnfcsiteeese | b ii.ad glenr # lee m onogi t or i
of the Z@RBeebtreird®08e,t al pi ecewi skhibpgpt wean r
temperature and natur al frequencies was o
t he alsgpywdrlitch significantl ythsehcueasedl tbeu
condbntciodrd days.

The influence off hsdt mafcfeisegp alh@dedionhndae@mt i gat e
Zhang et al . (2 0Wi2b r actoinadru crmoesdi da20de d nlyr iodhg &
a relative steady wind and temperature e
natur al frequencies exhibited nearly 1%
damping ratios liyncwheeans etdh es idgencikf ivciabnrtat i on
Kim et al. (2001) investitghaet bdat henfepf ept
three bridges with-inmaruicedi svd @b @s.indhitd edt
i ndi viltduwd 3 yecdo ntchautd t he ef ftelsdt raufct ur af f idgr
charact er e etni ctsh ed erpeel nadt i hter ama g rci tluodaed so fc o m
t hset ruct utThmd fmrasguency varisesg@gahby,bbwhiidded or
obvious var obsfiemrn etdhwee ndi d @bhe br i dges.

Al these studies inditdhhehedr drmmaenttahle ainndf |
vari attihsehs uochur al dynamic characteristics
di rexddpt heg modal par ameters for damage

met hods Sshoul dcbesiedmeprl oge e lieid rhid@ants € eonft

variations.
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2.2.2RegressionMethods with EOV Data

When BOWwdata aret lamegrl eadd ieiqd u imlatdxepl | tohr ee
rel ationsthhsgt rhhett we an dynamik @V cdpaatrcedadyt er i st i C

the temperatutdh e modelge nea@dm Vb e ed amd on doinmeaerar

2.2.2.1Linear Regression Mdels

Most studiesassume that structural natural frequencies vary with temperature linearly

and establish a linear regression model to describe their relaifion

Sohnet al.(1999)proposed a lineaadaptive filterto describethe frequencyehanges of

the Alamosa Canyobridge caused by temperature variations. The regression model
was optimized by minimizing the mean square error betwbermodeltpredicted and
measured frequencies. The weeHined regression modelvas then utilized to
discriminate the temperature effeftom structural damage and other environmental
factors. As mentioned by the authors, a perfect match of the predicted and measured
frequencieswas not available due to the incompleteness of the model and the
measurement noises. In tlgennection a conidence intervawas defined to account

for the existence of uncertainties. For a new temperature profile, the defined confidence
interval serveal as the referenct® judge the change ithe frequenciesvas caused by

temperature variations or damage.

Peeterset al. (2001) ustta dynamic linear AutdRegressive and eXogeneo(sRX)
model to explain the variations frequencies of the Z24 Bridge due to changing
temperatureThe advantage dhe dynamic ARX model over static regression madel
wasthat theinput and output at previous time instamtsretaken into consideration to
decide the current output. A confidence interwals estimatedor damage prediction.

When a new identified modal paramel@y outside the confidence interval, the bridge

14



was deened to bedamagedA comparative stud showed tha@ singleoutput ARX

model outperformed multiple static linear regression models.

Xia et al. (2006) developed a linear regression model to express the relationship
between the natural frequencies of an R&b sand temperature and humidifyhe

results implied that the linear modebuid simulate the correlation between the
frequency and temperature very wdllquanttative analysisndicatedthat the variation

of the modal properties was primarilgt t ri buted to the variat.

modulus.

Bao et al. (2012) proposed a Bayesiaased technique for damage detection of a
laboratory tested fram@ linear relation between the frequencies &mperaturavas
assumed. fie temperature effect on structural frequeneies theneliminated.The
proposed method was applied to a story steel framainder changing temperature
conditions for damagé&entification. Hou et al. (20Q) later improved the Bayesian
method in Ba et al. (2012py incorporating the sparsity information irttee regression

model for damage detection.

2.2.2.2NonlinearRegression Mdels

In practice,the environmental effect on structural dynamic characteristics may be
nonlinear. Specifically, different materials in thestructures have noruniform
sensitivities taheenvi r onment al wvariations. The brid
change due tthe expansion and contraction of joints, leadingatoonlineareffect In

this case the linear model may banable to reveal the relation accurately and

nonlinear modelseed to be explored

Moaveniand Behmanesh{2012) compared four modeis describingthe relationship

between natural frequencies and temperatfitee Dowling Hall Footbridgeincluding
15



a linear regression model, an ARX model, a bilinear modetl a fourtkorder
polynomial model. The fourtbrder static polynomial modekasfinally chosen. Two
sets of natural frequencies, before and after remavietemperature effects using the
developed modelywere used forFE model updating. The results indicated tlia¢
variations of parameters ithe model updatingwere reduced,and the probability of

false identification decreased after the environmental affsmteased.

Ding and Li (2011) proposed amorder polynomial equation to model the correlation
between the daily varing frequency of the Runyang Suspension Bridge and
temperature. The orderincreased from 1 to 1@nd thesixth-order polynomial model
with the least errowas selected. The 4y measured temperature datare thennput

to the regression model to predict the frequency variations. The iretichtedthatthe
proposed modetould estimatethe correlation betweethe structural frequency and

temperature.

However,as mentioned bynany researchef¥an et al., 2018 b; Hsu and Loh2010)
several issues exist ithe regressiommethods The main limitation is that the model
efficiency heavily relies on the accurate measurementhefenvironmental and
operationalfactors.In contrast ML -baseddata normalizatiomethodsdo not needhe
EOV data

2.2.3ML-basedMethods without EQOV Data

When EOV data are not availabl&/L -basedmethods are developed to eliminate
environmental effectaising structural dynamic responses orfjhe corresponding
environmental factorare considered as embedded variables and not required to be
measured TheseML -basedmethodscan be further divided intbnear and nonlinear

dimensionality reduction modelslack-box models,andothers

16



2.2.3.1Linear Dimensionality ReductioNodels

Principal component analysis (PCA) is a linear data dimensionality reduction technique
and has been extensively employed in SHNlhe latent dimensiality of the
measurement daia determined in advanc&hrough projecting the measurement data
onto the principal amponentsthe influence from different sourceare deoupled and
thenthe ambient impact€an be eliminatedyan et al. (2008) employed the PCA to
discriminate theinfluence of environmental variations from that of damagehe
damage detectiowas condicted based othe novelty analysidDebarshiet al. (2019)
applied the PCA for damage detection im continuous beam structure under
environmental and operational variations. The results indicated thatcB@A detect

the discontinuities in the measurement data at the onset of damage.

FA is another linear model that seasstor the latent variablesnd explairs the
correlation between the variables and measurement idallaa (2011) employedhe

FA to remove the environmental and operational effects on structural dynamic
characteristicsThe FA model was constructed using the measurement data from an
undamaged structure. The structural health conditiaadeterminedaccording to the
reconstructed data frothe FA model and the original measurements. The effectiveness
of the proposed methodas verified by its application to a wooden bridge in the
laboratory. Deraemaeker and Worden (2018) further compared the PCA and FA
modebk. The results confirmed the ability of these two methods to filter out

environmental influences.

Independentcomponent analysis (ICA)also named the blindosrce separation,
decomposethe given data into a linear combination of statistically independent latent
variables using the observatioosly. Several researchers (Zang et 2004 Yang et

al., 2014) appliedheICA for structural system identification anidmage detection and

verified its robustness for feature extraction and pattern recognition.
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Singular value decomposition (SVD) ialso a linear decomposition method that has
been extensively used for dimensionality reduction. Ruotolo and Surace (1999)
employed SVD to detect structural damage under environmental variatsmuctue
wastreated as damaged when the number of singular values ed@eéureshold. Liu

et al. (20195 developed a novel damagensitive feature extractiomsing SVD. The

changes produced blye damagecouldbe separateftom those caused byOVs

2.2.3.2NonlinearDimensionality Reduction kldels

Whenthe ambieninfluences are nonlineaturing a longterm monitoring periodthe
kernel PCAcan be adoptedn which the latent dimensionsre projected tareprodue
the kernel Hilbert space. The kernel PCA has the advantage thatndefinspecific
nonlinear relationshipis unnecessarand the calculation is simplified by using the

kernelfunction

Oh et al. (2009) employed the kernel PCA as a data normalization teetagemove

the environmental effects on measurement data. Data collected from the normal
conditions serv@ as the baseline data. A Gaussian kernel R@GA& applied tothe
baseline data to calculate the priradipigenvectorsThe discrepancy between thesh
recent measured modal parameters and the reconstructed counterparts based on the
kernel PCAwascalculatedand quantified by aovelty index A threshold valuevasset

as a reference to judge tdatawas normal or notThe applicationto the Yeongjong
GrandBridge in Korean indicated that the proposed KPCA metliasiable to detect

the abnormality using the output datnly. Reynders et al. (2014) proposed an
improved kernel PCA to build the relationship between changing environmental factors
and structural frequencies. The optimal parameters in the kernel funceoa
determined automatically. The proposed methas applied to a threspan concrete
bridge whichwasmonitored for one year and damagedhe end.The proposed kernel

PCA was ale to detecthe onset of damage accuratelhereas théinear PCAcould

not.
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In additionto the kernel PCA, Yan et al. (208)5usel the local PCA models for local
regions in the data space. The nonlinear promMestackled in the way of a piecewise
linearization. Kullaa (2014) emplegthe mixture ofFA models which allows different
local linear factor modsilfor different regionsn the data space, to compensébe the

nonlinear effects between the natural frequencies of the Z24 bridge and temperature.

2.2.3.3BlackboxModels

All techniguesboveshareonecommon featurgthat is,the moded are establishad an
interpretable manneBy contrast,the autcassociative eural network(AANN) deals
with the problem in a blackox and separates the environmental influences by training

the NNautomatically

Sohnet al. (2001, 2007adopted theAANN, which actually isequivalent to nonlinear
PCA in a blackbox form to reveal the correlation betweéhe measured structural
modal parameters and unmeasured latent variabfesAANN networkwascomposed
of three hidden layers, namely, the mapping, thtéreck and denapping layers. fie
number of neurons in the bottleneck layer represkte latent dimensionality dhe
measurement data. The discrepancy between the Apigblicted data and measured
datawas calculated. A threshold valusas determineds a reference to evaludtee
structural health condition. The proposed methas verified through theapplication

to a computer hard disk.

Hsu and Loh(2010)alsoused AANN to extract the underlying environmental factors
and detect structural stiffnessduction. The effectiveness of the proposed method was
verified through the application to a synthetic bridge model under varying ambient
conditions including temperaturehumidity, loading and support condition. The results

showed that AANN was able to accurately identify the structural stiffieglssction
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2.2.3.40ther models

Gaussiammixture model (GMM) is a linear mixture of multiple Gaussian components,
aiming at simulatig a complex distributiomatherthan a single Gaussian. It has been
widely used in data mining, pattern recognition, machine learning and statistical
analysis. Kullaa (2014) udethe GMM to eliminate the environmental effects from
measurement data. The GMMasbased on the mixture of multiple linear modelach
corresponding to #ocal region in the input space. The data labetre regarded as
latent variablesn the GMM model and the expectatiemaximization(EM) algorithm
wasemployed to identify the mture model.The proposed methodasvalidated using

the measurknatural frequencies of the Z24 Bridge undaryingtemperature

SVM can be used to learn relationships in data supervised manneXi et al. (2005)

usael SVM to model the correlation between structural frequencies of the Ting Kau
cablestayedbridge and temperature. In their study, the measuremenivea¢alivided

into two groups, one for training the SVM model, and the other for model validation.
The resllts indicated that such a strateggisable to tackle the problem of ovéiting.

The welttrained SVM exhibitedmore superior generalization than the conventional
method.

2.3 Bayesian InferenceTechniques

Uncet ai nti es evX ibstha s d tdhamage detection pro
measurement noi seandmeabdetNospiggdieopr enal d ama
identitfechniigppmes adopt a deterministic appr
Besidesthe FE model updatipfor damageadentificationis usuallyanill -posedinverse

problem A small perturbation of the measurement data will lead to a significant

variation in the damage identification result. To address this challenge, researchers have

incorporatedthe regularizaon techniquein the objective function of model updating.
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However, the regularization parameter needs to be selected in advanecec e t he 199
t he Bayesihaans tbheeeonr é dnerv ed torpleadt ur al system

damage demnhectoimprasri son with the tradition
Bayesian theorem tr eatmo dehlee ddmostcartle ppar nocpye rhbt
and measurement dat aBéd sniakhelsp,iuaohllyapleavine snet er me

can be optimized automatically.

I n Bahyeeshfhaerence methoderioretheegpodsterior

function (PDF) and cal cgM&tbgy tnhaex i Mmo Zti ngQr
posterior functi on, which is equimaltdret 1
deter met sdlec hal | e sgiuteac al cuhat-éiingehnsi onal

I nt eA few techniqueshave been developei circumvent the problemThese
techniques includehe Laplace approximation technique, expectati@ximization
(EM) technique, VBI, hierarchical model,Markov chain Monte Carlof(MCMC)
estimation and so on.In the following, the application of Bayesian inference for
structural damage detection and techniques will be reviesearding to théechniques

employed

2.3.1Laplace Approximation

The Laplace approxnation is a analytical technique thatdirectly solves the

computationally prohibited integral in the Bayesian equafldwe PDF to be integrated
is approximated as a Gaussian distribytiaumich is centered at the MPV with the
covariance matrix equal the inverse Hessian matrixcontrast to the numerical
methodologies, the Laplace approximatiogesults in the analytical solution and
possesses a unique solutitinhas been utilized to develop agyiotic expansions of

posterior interests and expectations, especially in the Bayesian framework.
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Beck and Katafygiotis (1998) are pioneers to apply the Laplace approximation to the
Bayesian model updating for structural system identificatisimg modal parameters.

The denominator in the proposed Bayesian equation, termed as the evidence, aontains
complex nonlinear and higtimensional integral and thus is intractable. To solve this
problem, gstemswere classified into globally identifiable, locallydentifiable, and
unidentifiable cases based on the measurem@ésk and Katafygiotis 1998
Katafygiotis and Beck 1998 Katafygiotiset al, 1998) For the globallyidentifiable
system, theosterior PDHs highly peaked and thus can be approximated as a Gaussian
distribution (Beck andKatafygiotis 1998 Katafygiotisand Beck 1998) Finding the

MPV of the variables is equivalent to calculating the mean of the posterior Gaussian
distribution. For thelocally identifiable systems, th®DF is derived as a weighted
combination of Gaussian distributions centered at the isolated optimal modes
(Katafygiotiset al, 1998)

The globally identifiable, locallyidentifiable,and unidentifiablesystemsdefined above

have laid a foundation for later studiér example,Yuen et al. (2006) utilized the
Laplace approximation technique to approximate the posterior PDF in model updating
using incomplete modal data without mode matching. Huang et al. (2015) 2
combinedthe Laplace approximation techniqardthe hierarchical model to estimate

the full posterior PDF. Yang et §2019)utilized the Laplace approximation to evaluate

the uncertainties of the posterior PDF in an autoregressive model for system
identification. Ni et al. (2016) proposed a fast Bayesian method for modal identification
using free vibration data, in which the posterior uncertainties are evaluated based on the

Laplace approximatian

2.3.2EM Algorithm

The EMalgorithm can be utilized to solve the posterior PDF inBtagesian framework
with latent variablesThe algorithm consists ofiterative E and M stepsln the E step,
the expectation of the complatata likelihood function with respect to the latent

variable is calculated. Then the M step, the expectation is maximized to calculate the
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MPVs of variables. Through the iterative E and M stefis variables converge tahe

definite values

Ching and Beck (2004) proposed a wtstep Bayesian approach for probabilistic
structural model updating using incomplete measurement data. Given that the problem
belongs to the nenoncave and naolinear optimization problem, theM algorithmwas
employed to cowvert the problem into two coupled concave quadratic optimization
problems. The effectiveneasdrobustness of the proposed methegtreverified using

the IASGASCE Phase Il Simulation Benchmark data. The results indicated that the EM
algorithmwas more rbust than the nonlinear optimization algoritiimsearching for

the MPV of the stiffness parametdiou et al.(2019)proposed a SBL framework for
structural damage detection, in which the damage index was contained in the Bayesian
equation as the latenariable.The EM algorithmwas utilizedto calculate the latent

damage index via an iterative process.

2.3.3Variational Inference

VBI provides an approximaticsplutionto the intractable posterior PDF of variables in
the Bayesian probabilistic framework.dtopose a tractable PDF to approximate the
intractabletarget PDFby minimizing the KullbackLeibler (KL) divergenceBishop,
2006 between the proposed and tar§&Fs.The mean field theoryParisi 1988 is
generallyutilized to factorze the proposed PDF and independently derive the posterior
PDFs of each individual unknowm combination with the EM algorithm, the variables
and parameters in the VBI model can be computed in an iterative approach.

Zhou et al. (2007) developed a structal damage classification method based on the
hidden Markov model, where the VBI was employed to determine the model
parameters. They pointed out that the VBI was capable to automatically select a model

with appropriate complexity and alleviate the ovérfg in the traditional maximum
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likelihood method. Fujimote et al2011) developed a statgpace model for system
identification based on the VBI, whickias applicable to a wide category of systems.
Baldacchino et al(2016) developed a mixture of expemodelstrained by VBIfor
systems exhibitinghonlinearproperties. Li ander Kiureghian (2017) employed the
VBI to approximate the evidence in thlgayesianoperational modal analysig.he
effectiveness and superiority were demonstrated through applitatibe One Rincon

Hill Tower in San FranciscdJSA.

2.3.4Hierarchical Models

The hierarchical Bayesian model (HBMdxpand the intractable posterior PDF as
series of coupled hierarchical linear PDFFse techniqusimplifiesthe calculation and
results inthe posterior PDF analytically tractalpesterior PDFsThe HBM containsa
multi-level structurein which the parameter in the prior PDF relies on other introduced
parameters. These parameters aamed thehyperparametes and are assumed to
follow designated distributions.

There have been many applications of HBMin system identificationand damage
detection. For example,Sedehi et al.(2019) developed a hierarchical Bayesian
operational modal analysis for system identification usiitgation data. Nagel and
Sudret (2016) have developed &ierarchical modelsing noisefree vibration data.
Huang et al(2015, 2017ppplied the HBMo structurddamage detectioandextencd
the complex nonlinear problem as the product of a series of coupled hierarchical linear
PDFs. Behmanesh et gR015) appliedthe HBM to model updating prediced the
uncertainties of the parameters, and then extended thielnfior structural damage
identification. Sedehiet al. (2019)compared the performance of the hierarchical
Bayesianprobabilistic framework with the neierarchicalcounterpart The results
indicated that theHBM is superior for its reliability and robustness calculaing

uncertainty bounds.
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2.3.5MCMC Estimation

For the unidentifiable problemnpo matter how complicated the PDF, i§ the
probabilistic expression proportionab the target PDF is available, tHdCMC
simulation can generate samples following the target PDF and obtain the corresponding
statistical characteristicklowever, the basic MCMC techniquedstraordinarilytime-
consuming for models containing a large number of parameters or involving partial
differential equations In recent decadesthe basic MCMC algorithm has been
developed and improved to promote computational efficiency, including the
MetropolisHastirgs (MH) algorithm Gibbs sampling, transitional MCMC, delayed
rejection(DR) technique, importare sampling, and so on

The MH algorithmis from the MCMCandappliesto high-dimensional problemsn the
algorithm, the proposal distribution and the stopping criterion for samata¢wo key
factors that willlargely affect the accuracy of the uncertainty evaluatrdmereas they

are uneasy to ascertain. Yuen et al. (2004) developed an adaptive Mi@GM(ation
based on the MH algorithm for structural damage detection. The numerical integration
was solved in conjunction with the adaptive MCMC to identify the important regions of
the updated PDF. Lam et al. (2015) developed an enhanced MH algoritBaytsian
model updating, in which the stopping criterion for samplings adjusted

automatically according to thmportantregion in the posterior PDF.

Gibbssampling is a popular MCMC techniquéth astraightforward idealt cariesout
sampling by sweeping through the conditional PDF of each variable and keeping the
rest variables fixed. Ching et al. (2006) empdythe Gibbs sampling for the
unidentifiable problem in the Bayesian model updating. The uncertain parameters were
classfied into three groups, so that the numerical sampling can be directly carried out
on any group conditional on the rest. Huang et al. (2017) applied the Gibbs sampling to
generate samples following the posterior PDFs of unknowns in the hierarchical

Bayesia modelandthencalculated thestatisticsfrom the generated samples. Li et al.

25


https://www.thesaurus.com/browse/extraordinarily

(2018) employed the Gibbs sampling to caldelahe posterior PDF of a Bayesian

equation using operational modal analysissigstem identification.

The transitional MCMC has been developed forthe cases when the proposed
distribution is difficult to ascertain, and successive intermediate PDFs are used to
gradually approach the target PD¥uto and Beck (208) employed the transitional
MCMC approach to tackle the unidentifiabproblem in Byesianapplication.Ching

and Chen(2007) developed a Bayesian model updating using the transitional MCMC
approach, in which a series of intermediate PDFs were used to approach the target
posterior PDF step by stepnd the direct sampling ro the posterior PDF wathen
avoided.

Importarce sampling simulations a popular variance reductia@chniquethat can be
utilized to compute the failure probability of structures. Au and Bé2B03)
investigated the applicability of theaportancesamping to highdimensionalproblems
andrecommended that the importance samptogld be utilized wherthe covariance
matrix associated with each design poiit dot deviateobviously from the identity
matrix. Au (2004)developed a probabilistic approach for failure analysis based on the
importancesampling simulation, based on which the generated samples were used to
compute the structural reliability.

Given that the acceptance ratio in the sampling process is usl@aly in high

dimensional modejghe delayed rejection (DRechnique was proposéd improve the

efficiency. In recent years, th®RAM algorithm, as a combination of adaptive MH

algorithm andDR, has been widely used. For example, Zhang €R@l3)utilized the

DRAM algorithm for a Bayesian model updatingVith this techniquethe responses

were quantitatively predictedandthe corresponding confidence interveas obtained

Wanand Ren2016)demonstrated that the accuracy of the DRMA algorithm for model
updating outperforms the Laplaceds -approxi m
normal shapedlhe validity of the DRAM algorithm to larggcale structurewasalso

verified.
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2.3.60thers

In addition to the aforementionedechniquesother representativéechniquesare also
employed inthe Bayesianmethodssuch agarticle swarm optimizatioand Gaussian
Process (GP

Chen et al (2017 defined a mulitsample objective functiofior structural damage
detection based on the Bayesian theor€he particle swarm optimization algorithm
and an improved NeldévMead methodwere combinedto optimize the objective
function. Theparticle swarm optnizationtechnique is a straightforward and efficient
convergence algorithm and is prevalent in solving optimization prablEne proposed

methodwas appliedo the ASCE 4storey benchmark frame.

Wan and Ni (2018)adopted GPwith a Gaussianprior and Gaussianlikelihood for
structural response predictioh moving window was proposed to reduce the sizénef
input data and further result in a reduc@der GP model. The GP model allows
uncertaing evaluationand is not restricted to a definite algebraic structure. The
effectiveness of the proposed approach was demonstrsitegl themeasurement data
of the Canton Tower.

2.4 Data-driven DL Techniques

DL techniguesavea powerful capability to learn from and makredictions o huge
amount of data(LeCun et al.,, 2015) In recent yearspPL techniques have been
extensively explored foBHM andstructural damage detectioiccording to the input
of the DL modelsthese studies can be classified iotatadriven and visuabased

methods(Sun et al., 2020)The formercategoryis the major concern in this study,
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although the latter has albeen extensively explorew/e reviewed thelatadriven DL
studies from two aspectsupervisecand unsupervisedearning,according to whether

thelabels ofthetraining datasetre available or not

2.4.1SupervisedLearning

Supervi sedeflegaratadn gtalr emondge ha t maps 1T nputs to
usilng el ed diehteadasdiiélesacher 06 i nswhattomtgpathe m
related to the . Bpeki sampliemput ©BEuad rpaaiinri ng
consisting otfhet hdeerwiti pewtt ame .bot hekime® wof
architectures sewppdrdpisstieudd e s sctiang be -cl assi fi
basBNMNMasddep autbeaesmadddedenltiayer perceptron (MLPR)

based.

2.4.1.1CNNArchitectures

CNN, as the statef-the-art deepearning techniquehasbeen a research hotspot since
the AlexNet was proposed in 20{rizhevsky et al.2012). CNN consists oimultiple
convolutional layers, pooling laye(also named subampling layer), full-connectd
layers, and a decisionmaking layer (classification oregression) (Krizhevsky et al.
2012). Thefeatureof the convolutional layer is local receptive field and weight sharing.
The pooling layeras a suksampling layer, plays the role lower the spatial size of the
feature map and inmpve thecomputation efficiencyKrizhevsky et al.2012). The max
and average poolingperationsare themost frequently usesnes After multiple
convolutionpooling operationsthe fully-connected layeconnecs all previous feature
maps and refirethe featuresextracted bythe convolutional layers. The dropout
technique is usually employed to avoid efiting in this procas. The final layer of

CNN, namely the softmax classifier, is implemesdfor classification.
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CNN hasthefollowing advantage¢LeCun et al., 2015500dfellow and Bengid2016)

First, thenumber ofparameters in CNNs significantly reduced with the strategy of
weight sharing and local receptive field, making the CNN much easier to be trained and
less likely to suffer from ovefitting. SecondCNN canextract features frorthe real

time measurementata without knowing the excitations andvithout data pre
processing and paegrocessingBesides,CNN is efficient andsuitable forreattime

online application.

According to the inpt data type, th€NN studies on structural damage detectian be
further divided into time domain (i.e., accelerations, strain), frequency domain (i.e., fast
Fourier transform data, transmissibility function, modal parameters), and time

frequency domain.

(1) Time domaindata

Abdeljaber et al(2017)developed andaptive onadimensional {D) CNN for damage

detection of the Qatar University grandstand simulator using the raw accelerometer
data. The damage was simulated experimentally by loosening the bolt in teeHautt

CNN was responsible for one individual joint in the structure. The proposed CNN was
composed of an input layer, two hidden CNN layers consisting of the convolutional and
subsampling layers, two fullgonnected layers, andne output layerfor decison

making The results demonstrated the effectiveness of the proposed 1D CNN for
damage detectior. at er , t he same g¢rsatnuddsiyeaddd cisi mu | a
(20wBjwh r ed eersssor stailfroer damage obkleDe cGMldcrh usi n
CNNaassigned to each wirelessedbersbocah dl
onlTyh.e ptroccedhse vi bration data idiretdhdrmestdi
di stinctive dzhnmaangge detdiarle.ct(i2onl 93 apeidt est ¢
gierd bfodgetate identification wusing the

t hat CNa\s i vimptlle architecture was very sens

changes.
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Training CNNs for structahugé dmmage detecaia
ofmul t DP.sHeo we wseurf,f i ciiemmlt | ddhdmage cases are di
acquired espsecahbkl gtfoctlraege I n this regar
devel opeendhaaned , Wbi cClNNrequires onl vy t wo me
corresponding to the wundamaged and the full)
i ndi cat ed-ttr aatn ewah €aNwdedt letcot al | nNine .separate

The abovestudiesregarddamage detection as the classification tagkgre thecross
entropy functionis usedas the loss functiorilhe regression analysis using the mean
square error function has also been explotad. et al. (2017) proposed a damage
identification approactbased on a customized 1D CNN. In addition to the common
layers including the convolutional, pooling, fultpnnected and softmax layers, the
batch normalization layer as a regularization technique was also insgad¢de CNN
before the nontiear activation stage ia few convolutional layersFor the damage
location task the cross entropwas used as the objective functiowhereas for the
damageseverity quantification the error functiorwasa mean square error regression
equationthat measures the difference between the true and predicted labels. The
numerical FE model of a simply supported Euldernoulli beam was utilized aan
example. The proposed CNN was verified to have the robudtmessse and excellent
performance of damage localization anpdantification Wu et al. (2019) also employed
CNN for the regression task to predict dynamic responses of a lineardaygkeof-
freedom system, a nonlineaingledegreeof-freedom system,and a 3story multi
degreeof-freedom steel frameé comparison study showed th@NN was more robust

to noisecontaminated dat@and moresuitablefor the response predictidhanthe MLP.

I n addition troestplpen secae/ leelrdaatidoelean used as t |
For ex@urpdec etusalhe (n200rlnda)l i e dt ke CRNputdao fa
for damage detection and |l ocali zation. The
simulate the damage state anan gtemmsek atwas t aa
classificanhiolne ptrhoebwbesc ar eaaeegomssi on probl e
simplicity and efficiency, both tasks ut il
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architecture of CNN. The resul tenncyerinfdi e

robustness of the proposed CNN model for ¢

I'n TtheCNKNneeasurcarmemdul d be concatenkhBPed an

data, which wil/ inevitabhythngbeegardhtea
basedh@&@bBNbeen fdev e&SlHMpedirhi s was imuspi péad
raw responses are gener al |l y enkehaosduarbeadn dbeyh | o
et al . (20423D) deep!| CGNBdTf oOr structuaal C O

l i mited number of a csceerlieersatrn esp odnastea . w aEsa cth
12270 matrix as the input of CNN. Resul ts

sevemeirtyaccurately ptrreaiimcedednatswaorgk.t he wel

(2) Frequency domaidata

I n some studies, t he sfaow medmea nsdeamfaisngd a
feuar Eor preliminar B feepuatserr dmarnt dewotdieovni.e we
asoll ows.

Yu et adev gl20pgleOg -b&aNsheedt hod t o assess and | o
a numéwui ¢ @il islgvearsolbdesi gnddr.AMeat hdomeai n

sigware tranesf dnmrmeaepdmnomy wbhawdmrce smmpressed tc
2D mat”28%k2) 5as tahP CHNpBet owdaspuvtect or consi s
each floor 6s Thealprimposedi tGiNdNN .d canysairdst,regdi raorf
i nput | ayer, three convol uti oemmatl e ca nlda ysaurbss,z
an out plulte | rmegmavsaraki med super.vhel[séd mm&aneon

that only numeri cal i nvestigations were coc

Liu and Zhang (20190tilized the short time Fourier transformationttansform the

measurement data to image formatich is compatible with the visuddased CNN
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model. The inputdata were two dimensionagne was corresponding tine time
coordinate, and the other was frequenellose magnitude was representedvagying

color shades. Transfer learning was also employed in this study to simplify the design
and training of the CNN model.

CofMeaer el al . (2019) proposed a novel deep CN
guanti fication using t he i mage of struct
transmissi biklhiet ¢fataumeptoi hognunthfer equenclyM sdomai n
peak, d egerpi taundde naat @ hsetl 1 u atedragledheal t h state.
i nput of &€&dNNecwvataesa of the | ogarithmic magr
functiomoanmnad mwiataht eadddi t i onal noi se. The CNN
guant iglmhcat was a regression task.

(3) Time-frequency domaidata

Some reseambitdedtrianve ddoamtaai nand i ts tthreansf orm
frequency domain as the input.

Tang et al . (2019) split thedthaewdmewmlpamse d
time and fregoaehoymdbéenalual mage akornt he i npl

anomal y .deTtheec t wlhaowaesnadnautaal | syetl abel edf oars t he t
supervised Oheaertni alg. (2019) d eww @ildodobecde a CNDW
response estimation using three types of da
domariensponses at the topi 6pbacemgmresdeuency
fregudemawi md WWapepgdet p@pricesEBB@2DbIr)ati on data usi
Hi | Hemthgansform and -theqguarmrssayy drihap i nmpe t of
proposed CNN model for damagehddetlrettti em . T
per f orama rcooanp & rhteerd a dviiatt thio fneauwt meetllw AN and SV M

model s
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2.4.1.2RNNArchitectures

Th&NN i s aAMNwhderef connections between n
sequelhee di fldetrwekkandt hDelt echni ques s tha
comes from:tthweo csuourecnegs i nput dat al nanodt hperre v
wor d RRNN ®siarkaeai vi dual i npuatn dd aathae atuteg utti mes
t he next itnop uptr otdougceet h3enno tah etro pooul topguytt.B €r uct
RNN to relate the cuwantdmmaksedsait ¢ atbd eh if ©tr o i

systems.

Seker et al . (2003) t WReNN ffierd d dired ictaipoanb i rma
di agnosis i mlmmabdeamnt pormaegsT mgc Is it odd thraat e

RNN was a power ful net work for real ti me
c han@ea.f d20pOoposed to employ the RNN f
prediction. ThebyRNtNiemmbdsel meaaunctdhéeniz zgat a
dapaoedgast empor ary s eqduae nfcieg h whhd gcrhe eh ao f fl
generality dueeotmt ritct uvirnadle pmantdeernical s and
rei ndcomcea ete plate was employed to verify

i n response prediction.

Zheea (2dDPdevel oped -ar isv ardiamo disalsrauactteu reaMd al u af
based on deep |l earning andsholasmttenmteimmogr y t
net work, as a speci al RNN to sal Wasiampl gy
to classstatitbdearnynandi nsdiuacteido natrryaivne.hi TH e
trained by the adaptive moment fleast itmae i Da:
accuracy of whe ®b@wssiThecpriopmsed RNN can

i ndicator for t hewebirgihdngiet iannsdp ercetiinofno,r cternuecnk

PerRazmi r ez et al . (201 AR Xkdeesveed o RH N mo dheoln
pr edidgtniamg ¢ responses of ibrutid ddrhattegesdc.e plh s m
33



the empirical mode decomposition for signal
determine the number of neurtoanisnt iaensd eBrvaayl eusait:z
The model was appiieea nesiadesnctaisad o rbjuiighde enlg
frame. The results showed that the proposed
respsaresei te the material 6ggumeetdaniraalhi pgopa

al so reduced attributed to the Bayesian regu

2.4.1.3Deep Autoencodekrchitectures

The traalutto emad darn s y penri wwilosnesdd 6t t wo net wor k
component s encamdel y,a ntdbhekceondagrénre or i gi nal I npu
to feat urree dangghcee dbhynensi onadattaprted e rtvhee tihnep u
i mportant ainndf otrhnearteleomrgdterruct s t Headatlaxsbased
recent year sSHM eesmepalroayheed sthnltemder f or super vi
The decoden owdsatrmaitmed rel ati onship between
reduction par ameTheer sd eoegpn ¢cabudteas t hast moee | aye
power f ul for the featpurod,laesmsc@ampamead owi tchon

t r adiatuieaonncaold er s

Pat hirage edt had .d efe2pleBl)d rou $ @ s e dnosltad uct ur al d
detection. Thewenue ®&Ild @ar anmeet eirmsp a h dlod t he f
el ement sti fdses & e Tedhti Eiiwditeonn w & adgeesrisd e d

di mensional ity reductThoen hwiptehr bb0 0 cnd @amgresant e
acti vaticeovie ®enp | ony etdh-er pir @i ng wat,bdhey.p eAfbtodri ¢
tangent waadapgtitedd hiindd elhhd aryebbussst ness and effe
the proposed al gor iwehrchee mhoormr sttdraadadgpdh rwermercit d aln

and experinment al exampl e

Wang et al. (2018developed a novel parallel deep autoencoder framework for damage

detection using multi-scale dataset. The modal parameters as the\wgretseparately
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processed for dimensionality reduction and then combined for relationship learning. It
was demonstratke that the proposed framework was able to learn the relationship

betweerthe structural modal parameters and stiffness.

2.4.1.4Deep MLPArchitectures

Deep MLP is a type oANN with multiple hidden layers between the input and output
layers, which enables it tearn highlevel features of the input.

Sever al researchers directly utdéepgpeMLBLt r
For exMmmmilge,o and Beck et -atep(BOAgesi devml
perceptron netwemhk i focatdamagaeands uguamtsiifoinc
bridge. I n the firswertetaipneddi foder esrntruateil
approxiDaataigen | o catviewarteggniddrent hd i sedcdhe st
Bayesian modeARDsced eelopd rddovmyeeaf dr mapec®pobedhe

neur al net wor k.

Raw data craend p@ngsest|l y trnadiemdge meaor matt oas |
oft hdceep ML exBap |l et dlrané&@ir@)ct ur al acce
response data i nfteodh @ ma gpe tvhesc taeuet po elsic Bl cheer

trainifrog datmea g e Tdneetteecorikpinhnaelodt sg t he par e
and +Hulbtuip ,waeyeutpsThero peadneddwmahsi der @bl y r €

false al ar ms i ndbaSeHM sbyys taenno.mal i es i n

2.4.2UnsupervisedLearning

In practice,labeled damage datare difficult to obtainas t he structur al

unknown i Mherafdre,supewviged learnings challenging inthis case In
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contrast unsupervised learningneeds input data only and does not need the
corresponding outputthat is, the datasets are unlabeléthsupervised learning
techniquesdiscover hidden patterns the dataset,cluster the datsset into groups
according to similaritiesor representhe dataset in a compressed forniade to the
lack of supervisionmost unsuperviselkarning methods are limited tbefirst level of
damage detectigrihat is,novelty detectioror detectingthe damage existencéor the
second and third levelof damage detection tasks damage localization and
quantificatior), transfer learningpasedunsupervisednethodshave beendeveloped.
These two types ofunsupervised damage detectistudies are reviewedin the

following sections

2.4.2.1Novelty Detection

The novelty detection methods aim to discriminatethe abnormal or uasual
observationsfrom the normal datain an unsupervised mannefThe models are
estimated using the normal data, and ttienconsistency of new observations with the
estimatedmodelis checked An inconsistency that exceeds ttieesholdindicates the
abnormality that is, the emergence of damageifferent unsuperviseddeep
architectures such as the deegestricted Boltzmann machindDRBM), deep belief
network (DBN), and deep autoencoddrave beerdevelopedo detect the existence of

damage.

The DRBM is a networkcomposed ofymmetrically connected stochastic binary units.
No within-layer connectiorexists in DRBM The network is @ined layer by layer, and
then finetuned through the back propagatialakhutdinovand Hinton 2009. Rafiei
and Adeli (2018) developed an unsupervigdBM-based methodior the condition
assessment dhe entirestructuraland substructursystemsThe DRBMwas composed
of an encoder and decoder for feature extractB®inuctural responsem the time
domainunder ambient excitationsere transformed intdhe frequency domain by the
fast Fourier transformand then used as the input of the DRBIMe damage indewas

defined on the reconstruction errmof the network.The effediveness of thgroposed
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methodwas validated using the vibration data of a 1:20 sce&8&dstory residential

concretehightrise building in Hong Kong.

The DBN is a multi-layered probabilistic generative modeonstructedby multiple
RBMs (Salakhutdinovand Hinton, 2009)Different from theDBRM, the DBN does not
incorporate toglown feedbackEachRBM is trained tgopredictthe probabiliies of each
variable in the present layefrom the pre-determined layerThrough stackingsuch
models, thenetworkcan probabilisticallyeconstruct the input data without supervision
(Salakhutdinovand Hinton, 2009)Pan et al.(2018) developeda Bayesian DBNfor
damagedetectionof a fourstory frame Comparative studiesevealed that the deep
networksachieved more accuratiamage diagnostidkhantraditional shallowlearning
techniques

The deep autoencoder has also been extensively explored for unsupervised damage
detection.Ni et al. (2020) developeda deepconvolutionalautoencodefor anomaly
detection throughdata compression and reconstructidrhe effeciveness of the
proposed methoavas verified using theonemonth accelerationdata of along-span

bridge in ChinaShang et al(2021) proposed a@eep denoising autoencoder famage
detectionusing the crossorrelation functions ofccelerationdataas the inputThe
exponentially weightednoving average control chamgereemployed to determine the
threshold for anomaly detectiolhe proposed methodas applied to an experimental

continuous beam under changitegnperatureonditions for damage detection

2.4.2.2TransferLearningbased Mthods

To mitigate the dependency on labeled data, transfer learning has been developed for
learning from an unlabeled or feMabeled target domain with the help of a source
domain where abundaribbeled data are availabl@®an and Yang, 2009)As a

subcategory of transfer learningnsupervisedlomain adaptation (DA) aims to handle

37



the data distribution divergence between source and target donsainthatthe
knowledge learned from the labeled source domain could be intelligently apptres to
unlabeled target domaifiPan et al., 2010Ganin and Lempitsky, 2015PDA seeks to

extract domaininvariant and targediscriminate features shared by both domainghén

last few years, DA has achieved considerable progress in computer vision tasks, such as
digit recognition and semantic segmentati@ou et al, 2018;Wang and Deng, 2018)

DA methodshave also been developéat structural damage detectiow,h i ¢ hb ec a n

cl assitfhedf otlvtomwd antgegor i es.

The first category is the moment mat chi ng
di stribution divergence between the source a
Hi |l bert space. Feotr (a2l & Mplde ed Garheenknowl edge
bet ween different structures by developing
DAbased met hods, where the maxi mum mean di
utilized as the c¢critesghalnl.ow hneo dmreelt htohda tb el aosn g
feature extraction and adapt at(i200n2 afjrtohne rr aw 1
devel opeeasredMMep DA network for damage | oc
dynamic responfbesuag eétchhenmiadpgadice | @efd damage des
gener ataead me rFrcemad,e laheé t arget dat a hteeabe cl as
wodre x per i mehhdsol madimnt @ad &a madeen si t | we refxe ar tauwcrt eesd
bymi ni mi zing the MMDhai dit ancebbteit olreleeen o f bot
resul tst hatdi tcleodf edtalnea geex p ecroiubhedn aat ubatenl y | oceé
withoaoaol peeti ng | adbteH e dbalaamage dat a

The second catdgepdyveadapt @l t eh e ndebtavpa rck

adver sank ad d mseibsvo gememaauore (cdxatsrsacftiocerr) and
di scrimMsamitrmoret & heea,t uZ®E1lBe)xtractor and domai
trainedn adversari al manner. Thus, features
both domains and cannot be recognized by t|
(2D2devel oped-i mf ophmesdi cdo mai n adversari al ne:
transfer tbetwweeaes swith di fferent stories

38



uanti fTiheathieaaw.otrrktao nexlt r ascetn sd aamavgeewke e @t ur e
obtugitf ferenwi sholwehahgd wkaptgd & west edresi gned
in the |l oss function of DAt hheas ¢tdd aigmp rhev @
he posi tTihvee ptrroapnossfeedr . @t h 8 %h a nabcic8udreadcoy% f o

damagdeteaercd i puna nttadkiscmt memi c a l structures
respectanvegl $00% damage adgt aathaghguea.nA3 % i cat i
accuwlary ansferring from numerical to expe.]

2.5 Summary and Challenges

The datanormalization Bayesian inferencand DL techniques for structural damage
detection have been reviewed. In summary, the data normalization techniques
(including the regression model, PCA, FA and other machine learning techridgilds)
effective models taemove the environmental and operational effects on structural
vibration propertiesand then evaluatde damage condition by comparing the damage
sensitive features before and after damage. foelel updatingbased Bayesian
method build a probabilistidrameworkthat considershe uncertainties anelvaluats

the unknown parametersautomatically. The datdriven DL techniquesuse structural
dynamic responsess the inpufor supervised or unsupervisddmagesensitivefeature

extraction

Al thougltchhegees have achieveider eo mgied eg eV

chal Iteongbees addr essed

()I n t hiendye xiesxtsi on albiatsgpalt adwmotrimah i zati on t
| at ent diimenshenéhkest wrseu ad p yc ¢ liza nesir tr eod
met hods or according, t whietnbgd inosudsri smen ke x p
consuming i n -doirmoecressisa maglo rhd agtReeempl eer, n e | P

involves the data memoeji eanfail.of etad ua ehisglac e

(2)Structur al damage wusually occurs at | i mi
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CHAPTER 3

SPARSE BAYESIAN FACTOR ANALYSIS FOR
STRUCTURAL DAMAGE DETECTION UNDER
UNKNOWN ENVIRONMENTAL CONDITIONS

3.1Introduction

The dimensionality reduction techniques are a main brancbatd normalization
methodswithout measuring the environment dats summarized in Section 2.1
However,most methods suffer frote limitation that the number d¢dtent dimensions
to be retained is typically sel etgalkaddd acc ol
error manney which is tedious and timeonsuming, especially for higiimensional
problems.The FA provides a multvariate statistical model imterpretthe variationof
observations in terms détent variablesin the present FAbasedstudieson damage
detection Kullaa, 2011; Deraemaeker et al2018, a diagonalcovariance matrixs
adoptedfor the error vector inhe FA modelwhich means that each dimension in the
observations is treated uncorrelated and independiarg.assumptions questionable
when structuraVibration modesre usedgiven that differentnodes are extracted from
the sameset of time series responsesd thus theobserved modal datshould be
correlatedBesides, the number of latent factarasalso determinedn the basis of the

r e s e a expdriences tbeir studies

In practice most physical systems have only a few relevarhsthat account for the
variations The underlying environmental factors that influence structural vibration
properties are alsdeemed to bdéimited. In this chaptera novel sparse Bayesian FA
method is developed for structural damage detection method under unknown

environmental conditionsThe study contains two novelties) A full rather than a
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diagonalcovariance matrixs adoptegdand?2) The sparsity is introduced to the Bayesian

FA modelsuch thathe number of underlying factocan be determineautomatically.

3.2FA in Sparse Bayesian Framework

FA was developed othe basis othe assumption thafor a collecion of observations
there area set oflatentvariablesthat candescribe the varmilities of the observations.
The latent variables are namethctors. Denote the observations a#
ARA BhA N A , the basic FA model is expressed &Bishop, 2006;
Bartholomew et al., 2001

A0 ¢ pltf o B!
where™ is the factor loading matrix with the dimensiai 0 0;0 isand -
dimensionalvectorwhose entriegonsist ofd independent variablesith the standard
Gaussian prioF 6.5 [ ; is the globalmean ofall vectors inD; and is an() -
dimensionakrror vectorthat accounts for thencertainties and modptedictionerrors.
A Gaussiarprior function .s h is adopted for . The conventional FA model
restricts thematrix N g to be diagonalwhich is equivalent tanodeling the

elements ifA as uncorrelated and independent.

In this study,A comprises the evolution of structural natural frequencies under changing
environmental conditionsAs different dynamic models iR ¢ plgh) are
correlated and dependetiie covariance matrix is treated asa full matrix instead of a
diagonal méix. In Eq. @.1), only’A are available while theemainingvariables and
parameters are all unknovamdneed to be evaluate@alculatingd ,” , and from

A is a classical inverse problem from teta space to the latent feature sp@cethis

end, he Bayesian theorethat is an inversprobabilityfunctionis employed.
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The overall Bayesian equation tealculate the latent variabe o M BB

A is expressed gBishop, 2006)
f osAh @ N ADh 7o (3.2)

wherer) 6sAh is the posterioPDF of the latent véabled given the observationd
and parameters f{ h h :n Adh is theobserve-datalikelihood function )
is the prior PDF ob; and® _ ) ADh /6D 1) As is the evidencéhat serves
normalization Note that inEg. (3.2),the actual observations aseibstitutedfor A,

wheread€eqg. (3.1)defines a probabilistic FA model that the observations should be

The overall Bayesian equationthe postdaor PDF of the parameterds expressed as
n A @ n Ads N (3.3)

wherery Albs  is the completalata likelihood functionfy is the prior of ; and
© _HNABs  Q 1 AD is the evidenceAll itemsin Egs. (3.2) and3.3) are

given as follows.

3.2.1Prior PDF

Parameters ~ h h areassumedo beindependentThereforef] is expressed

asn n 1 1N . isdefinedasafd 0 matrix, whered denotes the
dimensionsize of each latent variabland is unknownin this studyD representshe

number of environmental factorthat significantly influenceobservationsA. In

traditional methods) i s usually determined according
advance.In this study, a specifi@RD prior (Bishop, 1999 is adoptedfor rj for

automatic model selection enabling the automatic determination ofv through an
optimization processAn independenstandard Gaussian distribution is defined over

each column of asfollows:
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LY | T LI p ¥ 7
— Qwn = 1T
noo9 - he (3.4)

where the factor loading is theith (=1,é ,0) columnof ,» | h MBh

and is the hyperparameterwhich governs the precision &f . 0 is initially set to

0 , making  an0 0 matrix. In the optimization process, some items iwill
tend toinfinity, forcing the corresponding columns in to zero. Accordingly) will

be optimized to a valualenoting the number of underlying factors that significantly
influence’A. For simpltity, noninformative priors are adopted for and . In Eq.
(3.2), a standard Gaussian distributisadopted as the prigr 0 , that is,

P s 00
no n o — Qwn

(3.5)

andn 6h non ,wheredoand are chosen to be independent a priori

3.2.20bserveddata Likelihood Function

According to Eg. (3.1), the statisticencluding the mean and covariancé the

likelihood function are given by

~ ”n ~

MAshH 0 Y o} (3.6)

o Ny ~ ~

#1 Bs v A 0 A 0 W (3.7)

Thusn A s follows the Gaussian distribution A s 6 h . Given that
(¢ pkeB K)) are mutually independent, the obserdada likelihood function is

expressed as

(3. )8

an
an
Q
84
-
Yalhe
3
o
>l
o



wheres sdenoteghe deteminant of

3.2.3Complete-data Likelihood Function

For each observatioA thereis alatent variabléd . Al is named the complettata
set In correspondingsy Ads is termed the completedata likelihood function

n Ads s a jointdistributionthat is a product of the observddta likelihood function
n As b and the prior PDF 6 (Bishop, 2006)derived as

nAbs 1 Ashbno (3.9)

Substituting Eqs(3.5) and(3.8) into Eq. (3.9), one has

(B1Y

3.2.4Posterior PDF

Based on Eq. (2), the posterior PDBf the latent variablé conditional on parameters

is derived as

f OsAh O NAsHBRd o n Abs

G (311}
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which is found to bequadratic in terms ob and follows a standard Gaussi

distributionas

p

i BSAR Tedfm e Qencd b A b B

G 2
o Qap A b ga'% 5

By comparingeqg. (3.11) and (3.12), the posterior mean and covariance matyixaoé

seen to be
o A A N 5 3. 3
A £ N o5 3. 2
The posterior covariance matf# in Eq. (3.14) isobserved to béndependent oR ,
whereas the posterior meanis related toA . For a Gaussian distributiorhe MAP

estimateis equal to the mean. Therefore, &P estimate ob , denoted a#é , is

given by
6 MgO0SAh & (315
The posterior second momentdfis then computed as

My 60 SAh A 00 (3. 6

By substitutingEgs. (3.4) and (3.10) into Eq. (3.8)e posterior PDF of parameters

" h h conditional o and» is derived as
n sAh & nAvs 9

® s s ‘chr‘]ETA )

>-l
o

N
N

(Ch:)

I
Qwn =] 1T 1
d S
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where the hypemparameter vector | h B Ah is unknown and needs to be
estimatedDifferent from the latent variable whose posterior statistics can be directly
obtainedfrom Eg. (3.11), Eq. (3.16) is quite complicgtadd theMAP estimate of

" h h cannot be directly identifiedThe intractable posterior PDF is raajor
challengein applying the Bayesian theoremo the high-dimensional or nonlinear
problems.As summarized irSection 23.2, the EM algorithm isa general technique
applicable to the Bayesian models with latent variadlegshis connection, the EM

algorithm is utilized in this chapter.
3.3EM Algorithm

The BM algorithm consists of two steps, namely, thestep and M stepFor the
maximumlikelihood estimatethe E stepcalculates the expectation thfe logarithm of
the completedata likelihood functiornwith respect to the latent variable, and then the M
step maximizes th expectationThe algorithmstarts by initializing the parameters, and
then proceedwith the iterative E and M stepefore the convergence is achievedr

the MAP estimate in thistedy, the M step maximizes the sum of teepectation and
the prior(Bishop, 2006) The procedures ametailed as follows. It is noteworthy that

the expectatiowith respect ta@ is the posterior one thughout this chapter.

In the E stepthe expectation othe logarithm ofEq. (3.10)with respect tdd is

calculated as

\At‘)dﬁl Nvos

0. .
- EI$S (3. 9
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The M step maximizes Eq. ()L with respect to by keeping) fixed. Setting the

derivative ofEq. (3.19)with respectto , and separately to zero, we have

0 . . .
TTV— A \400 \AOOO dlag Tt (329)
ro e A M
! G

(32 1
A M6 - HMs0 0 Tt

0 . .

T A Mg d T 3. 2

According to Eq. (3.21) and (3.22he MAP values of and can be calculated ithe
closedform andexpressed as
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(3.2 B

A 3.2

where Eq. (3.24is derived bysubstituting Eq. (3.14) into (3.22); 6 andV 0 0
in Egs. (3.23and (3.24) are the posterior estimates, which are calculated in Eq. (3.15)
and (3.16)However, the analytical solutiosf = cannot balirectly obtained from Eq.

(20).In this regard, Eq. (20) tsansformed intdhe form ofthe Sylvester equation as

A TA A (325
where A , A AEACB Mz060 and A B A
Mg O B Mz00 . The MAP value is then calculated using the

Sylvester function in MATLAB.

The Hessianmatrix, which is the negative second derivative) of with respect to,

should be positive definiteo ensure that the solution in Egs. (3i43)25)is a local

maximum instead of a minimum or a saddle pois defined,” ™ a , N
A and N g : Therefore, the Hessian matrix € N
a ° 9 ° 09 . The high dimensionof the Hessian matrix

prohibits the explicit formin this study,the Symbolic Math Toolboxn MATLAB is
used to calculate the analytical expressiorath entry in the Hessian matrir the
subsequent experimental examples,rthmericalsolutionsof = , and computedn
each iterationare substituted intdhese entries i8 , based on which the positive

definiteness is examined by calculating all eigenvalues.

A norrinformative prior is adopted for hypparameter , thus the MAP value af is

given by
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However,it is difficult to obtain the closetbrm solution of the integral. The Laplace
approximation is then utilized. The item inside the integral is assumed to follow the
Gaussian distributionthen the integral is computed. Assuming that the distribution
nAs hh has a unique peak at, the asymptotic solution of the integral is then

obtained as

P N/ 2 N N AN A 4 N 6‘ % I &
hsh R ThA AR TRTe Clic %ss 3 B
where  is the MAPvalueof = computed from Eq. (25), arifis the Hessian matrix

expressed as
hAa hh 79 3 8

According toEq. (3.27),setting the derivative df ij As h b with respect to to

"E nnj

zero,the analytical solution aof is derived as

| — - G 9

In the Bayesian PCAishop proposed to treat all parameters as-detitrminedEq.

(3.29)is thusfurther simplified as

— (33D

All solutions of6 ~ , , and) in Egs.(3.15),(3.23) (3.25)and (3.30) arenutually
coupled and thushould be computed in an iterative way. The EM algorithm starts by
initializing = and and calculating , and therproceedsith computingthe posterior
statistics obin Egs. (3.15) and (3.16jollowed by updating , and» using Eqs
(23)i (3.25) and (3.30). Theteration is stopped until the convergence is achigf@d
example, 7 "Y¢ de.g. "Y€ &1 1 1°0. The number of
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underlying factors is first assumed égual the original dimensionality and is
thus initialized as af 0 matrix. As the optimization proceeds, sowfeé will

approach infinity, forcing the corresponding colufhnin = to zero. © ensure a
unique solution of th&ylvester equatioin Eq. (3.25), the zero colunih is removed
in the iterative process. converges to afi 0 matrix, whered equalsthe number
of latent factors.In this manner, theunderlying environmental factors thatre
significantly related to the variations daftructural dynamic modeare identified

automatically

The proposeddamage detection method based on the sjgagesian factor analysis

summarizeds follows:

1. Extract structuralibration propertiefrom the measurement dat@mder changing
environmental conditiahas the entire datasatand dvide the entire dataset as t|

training and test data

2. Setd O first, initialize parameters  and , and calculate thenean of

the training data aceding to Eq. (3.24);

3. Use the training data ts@mate the unknown variablesid parametsriteratively.
At thejth iteration

(1) Set M to be the number ofhonzero columns in 8Update” asan

0 0 matrix by removing the zero columfis;
(2) Given and”
UpdateMy 0 and\Mz 0 O according to Egs. (3.15) and (3.16);
Update» using Eq(3.30);
(3) Update and” according to Egs. (3.23) and (3.25), respectively;
4. Let’Q Q p, repeat Step 3 until the convergeriseachieved that is,
¥ "Yé (@.9.Y¢ a1 1 1°0

5. Giventhe estimated , and , calculated of the entire datasé according to
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Eqg. (3.15) andthen regenerate the datasaetingANj ~ 6

6. Computethe Euclidean norm of the error vecta@it®s, AA A as the damag

indicator for structural condition assessment.

The proposed method has the following advantagest, the number oénvironmental
factors that significantly affect structural dynamic responses could be determined
automatically without measurirthe environmental datéSecond, the EM algorithm can

be implemented in an online forrthat is, each data sample can be processed and

then discardebefore thdollowing datacomesn.

3.4 CaseStudies

The proposed method is applied to two experimemstalictures under varying
environmental conditions, one ig RC slab(Xia et al., 2006)and the other is fao-
storysteel framgBao et al.2012).

3.4.1The RC Slab

The entire RC slabmeasure$400 mm 800 mm 100 mmwith two equal spans of
3000 mmand200 mm overhang at each end, as shown in Figurd Belstructure was
monitoredfor almosttwo yearsfrom June 2003 to March 200A.set of hammer tests
were conducted on the slabnd theaccelerationresponses wereecorded by 12
accelerometerwith a sampling frequency of 500 HZ he positions of accelerometers
are depicted in Figure 3.Zhe modal parameterd the slab were extracted using the
Rational Fraction Polynomial methofFormenti and Richardson, 200ZJhe air

temperature and humidity were also recorded using a thermohgtgom
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Figure 3.1 RC slab
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Figure 3.2 Sensor layoubn the RC slab

A total of 136 sets of modal properties were collected over the monitoring period.
Although theenvironmental data are available, they are assumed to be unknown and not
used in this studyThe variations of the first four frequencies ased as thdatasefA,

which areplotted in Figure 3.3t is notewathy thatthe fourth frequency dflos. 39~51

data fail to be identifieth the hammer test. Thus the first 100 sets of frequencies except
the lost data are set to the training data, based on whechntknown parameters are
estimated. and are initialized and the mean of the training data is computed first.
In this study the 0 0 entries in are randomly generatedofn the uniform
distribution in the interval (0, 1). is the covariance matrixelated to the model
prediction error. is initializedasa semipositive definite matribby assuming thathe
coefficient of variation of each natural frequency is af6l the correlation coefficient

between modes is 0.9 he convergence criterias set to T

1 T 1°0n this study.
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Figure 3.3 Variations of the first four frequeres (blue dots: training data the

undamaged stat®€100); green circles: test data)

and are shown in Tabl8.1.

The EM algorithm took fifteenteration steps

before the anvergence criterion is satisfied. Thariations of the latent variable and

parameters are listed in Table 3.1,

and edimatedin each step are substituted

into the analytical expression of eastiry in the Hessian matriwhichis calculated by

the Symbolic Math Tolbox in MATLAB. The Hessian matrikeepspositive definiten

each stepthat is, all eigenvalues are positiu@plying that the solutions of parameters

correspond to a local maximum of

in Eg. (3.19).As the iteration progressesvo

entries in0 becomezero. The remaining two nonzero entri@s0 indicatethat two

latent factors account for the variations stiructural frequencies. This result is

consistenwith the finding inXia et al (2006) where the correlation analysis between

structural frequencies and environmental factors were conductedyarfactors,the

humidity and temperaturevere found tohave a strong correlation with h e

s |

frequenciesThis example indicates that tippoposedsparse Bayesian Fhethodcan

identify the number of environmental factors that significamtffect the structural

vibration propertiesvithout measuringhe environmental factors. This promising in

practical applications since the latent valeatare usually unknown.
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Table 3.1 Variation of the unknown variable apdrameters in the iteration process

|te|l’\|a;|.0n ~ 6 [.‘)

0.19 044 058 0.8 &0.03 002 0.06 0.07

o .04 043 059 029 . £0.02 006 0.08 0.0
€60 075 017 0.71 €0.06 008 043 026

.96 043 081 026 .07 010 026 063

1( 12 004 006 005 & 3.04 ¢0.01 0.01 0.04 0.08

1361 €013 013 013 014 | 0.461 £0.01 004 008 0.11

1 29! @77 020-070 05¢ 1-162] % &04 009 053 041
[5.81 §.55 - 009 017 01C | 2.57 €08 012 041 1.03

elnf | €020 002 001 o 001 002 0.1 0.16

to4 | %21 002 007 16(2)22} $.02 005 0.24 020

8 164 €158 - 075 0.24 10051 3 &12 025 155 113
f318] ©60 0.11-0.16 Y .16 020 1.10 2.10

ginf | €0.19  0.03 .02 002 0.11 0.

105 1 ©0.18  0.11 61.38 ( 002 006 034 027

15 00! é1.44 - 0.03 loz2{ 2 &11 034 230 150
finf €51 001 .19 027 150 2.60

Note: The number of training datd equalsl00in thisRC slab exampldn corresponding, there are
100 components i 0 B M ~a . Only the first componeri is listed heredue
to the space limitAll 100 variabled [ 8 F5  are initializedto four-dimensional vectors

and are optimized to twdimensional vect@upon convergence.

Upon convergenge converges to a full matrix wheeachdiagonal enty represerg
the variance ofthe prediction errar of each dimension, anthe off-diagonal enies

reveal the coelations between different dimensionSpecifically, the correlation

coefficient between the dimensionandj can be computed 8 ——(i,] =1, 2,

3, and4). With the estimated PYand P, the MAP values othe latent variables
corresponding to the entire dataaset¢ calculated using Eq. (15), and then the daispt
are regeneratechccording toEq. (1). TheEuclidean norm othe error vectoris then
calculated as the damage indicator, thatid, #£A Ay The damage indicatsr
of the entire datasetrethen plotted in Figur8.4. The values of the damage indicators

of the test datare comparable with those of the training dateflecting that the RC
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slab is in a health condition. This result is consistent with the reaitpy damagevas

introducedo the slalduring the monitoring period.

o

T T
Training data__Undamaged
Test data_ Undamaged

W
T

llell (Hz)

[\S)
T

20 40 60 80
Sample No.

Figure 3.4 Damage indicatoin the RC slab example

3.4.2The Steel Frame

The twostory steel frame inBao et al. (2012xhown in Figure3.5 is utilized to

demonstratéhe effectivenesef the proposed methddr damage detectiofhe frame

is 0.5 m wide and 1.0 mhigh with two equal storiesT h e

youngoskthemodul us

materialis 2.0 x 10 N/m?, and the mass densitys 7.67 x10° kg/m®. The cross
sections of the column and beam are 50.0 x4.4 @mmd 50.0 x8.8 mmf respectively.

The framein the health conditiomnvas eyosed to sunlight from morning &dternoon.

The hammer testvas conducted on the franfige timesevery 20 minutes.Fourteen

accderometers were installed on the franwe record acderation responsewith a

sampling frequency o2,048 Hz The detailed sensor locations are depicted in Figure

3.6. The modal parameters were extracted using Raéonal Fraction Polynomial

method. The temperatuveas simultaneouslgneasured by eight thermocouples {T18)
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shownin Figure 3.6.A total of 140 sets of modal data were collected throughaoait th

day.

Figure 3.5 Experimental steel frame
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Figure 3.6 Sensor layouand damage location die steel frame
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The camage was theimtroduced to the steel fram&.saw cutwith a length of 20 mm
and a width o4.4 mmwas designed at the left colunof the first story as shown in
Figure 3.6.The depth of the cut sequentiallycreasedo 5, 10 and 15 mm, resulting in
three DS. In each DS, th&rame was exposed to sunlightone day. The hammer test
was conducted on the frame in each, Biilar to that in the health conditiob40 sets

of modal data were obtained in each DS.

The frequency variations in DBDS3 under varying environmental conditiorzse
plotted in Figure 3.7The averages ofl40 sets offrequencies of the steel frame in
undamaged and damaged states are listed in Tabl&r&dntact condition is denoted
as DS0DS1 resulted in an average frequency reduadipf.26% and DS2 and DS3
led t00.64% and 0.79% frequency changeaverage, rgectively. The entire dataset
Aincludes 560 sets of the first six frequencies which the first 140 sets in health
condition are usedsthe training data for parameters estimation, and thed&&ssets
are the tesng data.The temperaturgariations were also recorded in this examgde
plotted in Figure 3.8but they are assumed to be unknpamd only the frequencies are

used.

Frequency (Hz)

6.2 BT A e it i

> DSBS
[\'¢ LS

6 ° Id I gl 1 |
0 100 200 300 400 500
Sample No.

Figure 3.7 Variations ofstructuralfirst six frequenciegblue circles DSG, red
pentagramsDS1; carmine triangle®S2 and green squares: DS3)
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Figure 3.8 Temperature variations in each DS (Hou et al., 2020)

Table 3.2 Average of frequencies in undamaged and damaged states (unit: Hz)

Mode DSO DS1 DS2 DS3
1 6.20 6.19 0.19 6.17 0.43 6.19 0.13
2 17.57 17.49 0.49 17.48 0.52) 17.45 0.72
3 61.07 60.97 0.17) 60.83 0.39 60.74 0.55
4 77.01 76.90 0.095 76.65 047) 76.31 0.89)
5 80.83 80.73 0.13 80.14 0.83 80.0§ 0.97
6 98.09 97.58( 0.52) 96.91 1.20 96.66 1.46
Average(%) ( 0.26) ( 0.69 ( 0.79

Note: Values inthe parentheses are the frequency change ratiosaffé) damage relative to the

undamaged state.

The proposedmethod is then applied. The parameters® and © are similarly
initialized as described in Section 3.5.The method took nine iteration steps before
convergence. The variations of the latent variable and parameters are listed in3able 3.
Their values in each step are also substituted into the Hessian matiive foysitive
definiteness examinatiom the optimization process, sonentries in» get larger and
approach to infinity, enforcing the corresponding columns into zero. Upon
convergencefive columns in become zergand only one column remains nonzero,
representing that only one environmental fadgtoistrongly related to the frequency

variations.
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Table 3.3 Variations of the latent variable and parameters in the stakfexample

No. » 0 0
€0.43 067 054 018 0.08 05 @4 5 19 24 25 30
20.24 055 0.24 0.18 0.80 0.1 gs 31 54 68 71 86
€0.71 0.73 0.06 053 0.66 0.7 .. €19 54 373 235 247 30C
0 : 6 10°3¢

20.41 0.22 089 0.85 0.99 0.7 &4 68 235 593 311 37¢

g&o.so 0.61 0.32 0.82 0.14 0.3 225 71 247 311 653 39¢
g.57 0.32 046 0.81 0.67 0.6 g30 86 300 378 396 96:
€2 ¢011 067 054 018 008 05 ¢ 011 &6 2 5 5 -7 3
133 20.03 055 024 018 080 0.1 ;-0.06; 22 15 16 7-22 8
f411 €002 073 006 053 066 07 {-0.06] 104362‘4 16 66 49 - 41 94
L los! o001 022 089 085 099 07 ) 001! €6 8 49 288 17 108
%2.4} 2-0.01 061 032 082 014 03 }0.13; gﬁ-z 18 37 18 294 19
0i 002 -0.32 046 081 067 06 [ 0.02] g8 11 94 108 19 820
éinf | e185 113 93 €3 2 5 4 -8 2
1176 | € 5 .11 -10 €2 16 17 5-25
[N e &-0.32 e
finf 618 6 5 5 ! .65 17 67 49 -43 93
5 i | 10°3 ¢ i 002, 3 10°3¢
it | ¢-1 4 1 T 0.08] ¢4 5 49 203 16 118
1450 €2 1 1 : ¢8 25 43 16 302 20
1641 g1 1 o0 63 7 93 118 20 823
éinf &270 €2 3 6 5 -8 3
}798.: 218 23 17 18 6 -25
Finf j é 29 €6 18 68 49 - 43 03
o 1 10%2 ¢ {-018 1 10°%¢
pInf ; é-1 &5 6 49 299 16 120
:Inf : g 4 gﬁ-s 25 43 16 302 21
finf g 2 63 7 93 120 21 835

The estimated parameters are then usedltulate the latent variables corresponding to
the entire dataset, and thengenerate thelataset. The damage indicators are then
calculated based on the error vectord plotted in Figure 8. The damageénduced
deviations in the damage indicators ¢@nobserved from the figure. When the damage
severity is slight(i.e. DS1), the deviation is relatively smallt still noticeable When

the damage gets sevegjiee. DS2 and DS3), the deviation gets larger significamly.
normal distribution test on theconstruction errors of each DS is conducted. The chi
squared goodnesgs-fit test methodPress et al.1992)is used. The 140 points in each
DS are ranked and divided into 15 nonoverlapped gréBpesss et al., 1992Figure
3.10 shows the probability histogram in each DS. The test results are shown in Table
3.4 when the level of significan¢ce 18t v Note that the group with observed numbers

less than 5 is merged with others, thereby the critical bounds are different for each DS.
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Table 4 shows that the ebquare statistic is less than the critical bound, indicating that
the normal distribution hypothesis is accept®dsed on the Gaussian distributidme
thresholdcan be calculatedt asignificance levebf| 18t L The threshidl is 0.89 as
shownin Figure 3.9.The probabilites of three DSan the damaged state can then
calculated Specifically, the probability of DS1 being damageaisund50%, and the
probabilities of DS2 and DS3 being damaged are largerdbn

3.5 T T T T o
©  Training data_ DS0
3 *  Testdata DSI1
> Testdata DS2 O g
o Testdata DS3 » ':n f8pgn ©
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Figure 3.9 Damage indicatoin each DS
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Figure 3.10 Chi-square goodness-fit test for four DSs
Table 3.4 Results of goodnessf-fit test for normality = 0.05)
DS No. DSO DS1 DS2 DS3
Chi-square value 6. 21 7. 84 329 3.36
Critical bound 18. 31 19. 68 8. 31 16.92

Structuralhigher frequency modes agenerallydifficult to measuren practice.ln this
connectionwe further investigate the performance of the proposed methedhigher
modes are not available. Only the first five frequencies are used as the dafdmset.
proposed method ithenapplied and the calculated damage indicators are plotted in
Figure 311 As the figure turns outhe damagendicators in DS1 have naticeable
deviation compared with those in DS@hen the sixth mode ieemoved This result

reflects that the sixth mode is more sensitiveheaminor damage.

Whenonly the firstfive modesare usedor analysis, a falseegative damage diagnosis
happens, that is, DS1 is falsegssessed as undamaged. In this situattbe,
measurement data in DS1 may be falsely used as the trainingrdatevestigate the
performance of the proposed method when the damage ddtdsatg used for model
training, the first five frequencies in DSO and DS1 aath used as the training t#a

The estimated parameters and damage indicators are shown in Taldad3Figure
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3.12. The nonzero columns in converge to one after 11 iterations, dnel number of
factors is also onesignificant deviations of the damage indicators are observdtkein

test data. The result implies thathough the minor damage was falsely recognized as
undamaged and incorporated into the training data, the proposed roathstill detect
damage correcthat the later stage as the damage gets seVaeeresults verify the
effectiveness of the proposed method for structural damage detection under varying

temperature conditions.
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Figure 3.11 Damage indicator using the first five frequencies as the dataset
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Figure 3.12 Damage indicator usg bothDSO & DS1 as training data
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Table 3.5 Variations of variables and parameters usd®p & DS1as training data

No. ) 0 0
¢€0.37 003 0.88 032 0.3 e4 5 19 24 25
.58 001 0.44 055 0.8 ©5 31 54 68 71
0 60.15 0.80 0.09 0.48 0.6 5 10°3é19 54 373 235 247
€0.10 068 063 042 05 ©4 68 235 593 311
g0.75 0.77 0.11 0.80 0.4 825 71 247 311 653
& Inf | 77 2 5 7 6 1
%15611' &23 & 30 36 18 18
11 1 Inf 10436 -6 {-01% 1 10*3¢7 36 77 51 23
Fnf g-2 $6 18 51 181 37
P Inf { g 2 g1 18 23 37 204
3.5Summary

A sparse Bayesian FBased method is developed in this chapter for struatiaralage
detectionunderchanging environmeal conditions without knowing the environment
data.By adopting the ARD prior in the SBL framework, the number of underlying
environmentfactors is automatically identified. The uncertainties are evaluated upon
convergence. The residual error matrix is then calculated as the damage indicator
according to the generative FA model.

The proposed method is applied to tvexperimental examples under varying
environmental conditions. The RC slab example demonstrates that the sparse Bayesian
FA-based method can automatically identify the number of environmental factors that
influence tke structural vibration properties without measuring the corresponding
varying factors. The steel frame example verifies that the method can successfully

detect the existence of damage under varying environmental conditions.
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CHAPTER 4

STRUCTURAL DAMAGE DETECTION CONSIDERING
NONLINEA R ENVIRONMENT EFFECTS BY
PROBABILISTIC KERNEL IZED METHOD

4.1 Introduction

The Bayesian FAproposedn Chapter3 is a linear modelwhichis limited to thecases
wherethe environmental influence is linear or weakly nonlinear. In sapglications
nonlinearities may arissince themultiple materialsin bridges may havevaried
temperaturesensitive mechanical propertigfeetersand De Roeck 2001). The

bri dgeds ndittoosmyaatsy change duette expansion and contraction of
joints, leading to nonlinear correlation® e et e r ,s2 0HtFor dhle .nonlinear
applications,the kernel PCA has been developed, which maps the measurement data
onto ahigh-dimensional feature space wherein a hyperplane could separate s@dples

et al., 2019Reynders et al., 20)4The dimension reduction ithenperformed on the
high-dimensional feature space. Howevéte nonprobabilistic kernel PCA suffes

from limitations. First, the covariance matrix needs to be computed as an intermediate
variable, followed by the eigenvalue decomposition. Secdahd, optimal kernel
parametes need to be determinad advance, whichequires high computational costs

for high-dimensional problemgiventhat thekernel PCAinvolvesthe data projection

to a highdimensional space.

This chaper developsan improved probabilistic kerneéd modelto eliminate the
nonlinear environmental influence. The Gaussian kernel is employed to introduce
nonlinearity. The unknown kernel parameters and the latent variables are estimated

automatically in the Bayesian probabilistic framework. The proposed method is applied
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to thebenchmark Z24 bridge for damage detection. Comparisetvgeerthe proposed

method and noprobabilistic kernel PCA are presented.

4.2 Background of Z24 bridge

The Z24 bridge is an example wherein the environment factor has a nonlinear effect on
the vibration propertiedt provides the rare loaterm monitoring data of a fuicale

bridge under the undamaged and realistic damaged states. The datiasetidfehas
served as the benchmark in numerous studies, including vibizeed system
identification (PeeterandDe Roeck 2001) damage detectiofKullaa, 2003, and data
normalization to remove environmental effects on structwihlation properties
(Peeerset al., 2001Kullaa, 2017).

4.2.1Degription of the Bridge

TheZ24 bridge is gosttensioned concrete bagirder bridgeconsising of a 30 m long

main span and two 14 m side spassdepicted in Figure 4.The bridgeis located in
Switzerlandandwasmonitored from 11 November 1997 to 11 September {P@88ters

andDe Roeck 2001) A total of 49 sensors were installed on the bridge to record the
variations of environmental conditionacluding the temperature, wind, humidity, etc.
Another 16 accelerometers were installed to record acceleration responses. In the later
monitoring period progressive damages were actdlly introduced to the bridge in a
controlled manner. The first dage was introduced by lowing the pier on 10 August
1998, followed by several othesequentialDSs including foundation inclination,
concrete spalling, anchor head failuemd tendon rupture. More specific information

about the experiment can be foundPeeters and De Roe(k001)
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Figure 4.1 Side view of the Z24 bridgeugit: meter)(Peeters and De Roeck, 2001)

The bridgeds r espons e sweenedodedand the stoehastid e n t
subspace identification methaths used to extracthe modal parametefPeetersaand

De Roeck 2001).5624 sets othe first fourfrequenciesvereobtained during the entire

304 monitoring daysThe variations of the firdiour frequencies of the bridgend the
temperatureover time are plotted in Figure 4.Zhe first damage was artificially
introduced around day 266, whicbrrespondso No. 4789 dta The relation between

thetemperature and natural frequencies is plotted in Figure 4.3.
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Figure 4.3reflects that the natural frequencieBave anonlinear relationwith the
temperatureThe nonlinearity is attributed tthe asphaltlayeo n t he br i dgeos
which froze on cold days (lower than 0°C) and significantly increaskthe stiffness of

the structuréPeeterandDe Roeck 2001)

4.2.2The Application of the Linear Model

Thelinear BayesiarFA methodproposed in Chapter 3 is first appliedthe Z24 bridge
for damage detectiorAs mentioned, the first 4788 data points ar¢h@health state
and the rest 836 are thedamaged state. To investigate the influence of training, dat
the first 3000data pointsare setsthe training datawhichaccountsaround 50% of the
entire data setind the rest 1788 data poimdhe health statand836 data points the
damaged statare set as the validation data antest data, respectivelyas shown in
Figure 4.4.
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Figure 4.4 Dataset division

(blue dots: training data; green dots: dalion data; red dots: test data)

The mrameterdn the Bayesian FA modelre initialized as follows:M is set to the
69



dimension ofthe original measurement data, thatlis 0

1; The factor loading

matrix 9 is randomly initializedrom the uniform distribution Tip ;

initialized asdescribed in Chapter 3, that the entries are indlized byassuming that
the coefficient of variation of each natural frequency is 1% and the correlation

coefficient between modes is 0.&nd the convergence criterion is set to

The EM algorithmis applied and the convergence &hievel after 23 iterations. The
variations ofthe parameters are listed in Taklel Upon convergenceyo columns in

are penalized to zerand the rest two keep nonzero.

Table 4.1 Variation of the unknown variable and parameters in the iteration process

T

171 1%

Is similarly

Iteration ~ o
teNa;o ) O
047 043 0.88 0.5¢ €016 011 021 0.22
€
. %3.72 gzi 821 8.24 . Lg7s 011 027 027 0.2
53 063 037 0.15 €.21 027 1.05 056
é é
.85 0.16 053 057 €0.22 029 056 1.20
62.21 ( €021 012 018 0.11 ¢0.08 0.06 0.19 0.42
1 i s
5.58 €.25 014 022 0.13 0.06 0.08 0.18 0.
10 {215{ 107 %5 031 045 028 1023%22 8(1)3 863 2(3)2
j5.28 { €0.60 031 049 0.33 .42 029 1.00 3.15
€32 | ¢0.08 0.05 .03 0.04 007 0.1
’ ilnf ’: €0.09 0.06 X 102320.03 006 0.0 0.17
1128 €0.19 0.15 €.07 0.0 0.26 0.31
finf i .27 0.04 €.12 017 031 0.7C

With theestimated and

, the latent variable§ corresponding tohe training data

validation dataand test data are estimated. The measurement data are then regenerated

from the trained Bayesian FA modd&l.h e

def

ned

as

30%

squared

7C

prediction

(4.1)
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whegdenotes the regeneratiorbe¢ weampdtewrei ch
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Figure 4.5 SPE statistic oBayesian FA

As Figure 45 turns out, the SPEs of the test datéhemdamaged condition (red points)

are not significantly larger than those of the training data and validation data, making it
difficult to timely detect the damagAn abnormality occurs in the health data around
days 80~90, where the SPEs are comparable with those in the damaged state. As
mentioned previously, the temperature in these days went belowardrexerted a
bilinear influence orthe structural frequencies. The nonlinear relation cannot be well
explained bythe linear Bayesian FA As a resulta falsepositive damage indication
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occus when the temperature goes below zelthoughthe structurgemainsintact. In
addition,the SPEs 6the validation data also exceed the thresh®lee reason is that

the training data (the first 3000 data pointsjly cover part of the environmental
variations.Thetemperaturef the validation datgoes beyond the range of the training
datg asshown in Figure 4.2(b)yesulting in the increase8PEs in the validation data
Consequently, the linear Bayesian FA cannot timely and correctly detect the damage in

the Z24 bridge example.

4.3 Nonlinear Environmental M odel

This section studies the nonlinear environmental effects using the probabilistic
kernelzed model. First, the nonlinear probabilistic PCA, also named the Gaussian
process latent variable model (GPLVKDawrence 2009, is discussedWe will then
explain how thedamagecan bedeteced Finally, the proposed method is compared

with the norprobabilistic kernezed model

4.3.1GPLVM

GPLVM provides a nonlinear probabilistic interpretation of standard PCA by
employing the Gaussian proce$be model between the data sample and latent variable
is defined agLawrence 2009

A Ho 4.3)

Wherelis thenonlinearmapping functionanddé and arethesameasthe definition
of the Bayesian FA modeh Egq. (3.1). Different from the BayesiafrA, GPLVM
marginalizs the parameters and optirei with respect to the latent variable.
Specifically, the priolis defined over , and the likelihood function is marginalized
with respect to . For simplkity, a Gaussian prior conjugate to the likelihood function

is adopted as) ~ b o s FE, whereo is theith row of . Then the

marginalizatiorwith respect to is



n A m@ﬁ n A gl AR @ ° A i o 1 & (4.4)

where A represents theith row of DN 1 . In corresponding, the objective

function of the likelihood function ithelogarithm form is obtained as

o 21 E Sl

0 074 9 08 AN
C C (4.5)

Fall o)

wherel 0 0 f £Eis the covariance matrix or kernel function. The kernel function

here is defined on the latent variakléBy replacing the inner produd@t with nonlinear

kernel functions, GPLVM achieves the nonlinear projectibrh e adv atnheage o
ker nel ifshatchreood immae@@ni ng function i s not r
expl,ycthereby eiffghcae ead mp | erxeidtuyc olfi gshear ct
di mendieanalre space. According to the Merc:
be continuouscandndymmet corresponding ker
seqiefinite. The representative kernel fun
radial basi s f tror example,nhe RBEBdinsladomeds e |

Q6 M —AQD%&‘) 6 6 6 — — (4.6)

where— is the process varian@ndinfluences the scale of the output functignss
the inverse width parameter: correspondto the prior variance—  is the white

noise term; and is the Kronecker delta function.

After the kernel function has been selected, the next step of GPLVM is to optimize the
latent variable® and parameters dhe kernel functions, including, — ,— and

— . The likelihood of the latent variablasd parameter@reestimatedy setting the
gradient of the lodikelihood in Eq. 4.6) to zero. In particular, the gradient with respect

to 0 is computed through the chain rule as

rotT o011

—a
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where— 1 AA 1 o1 ; and—:,) can be directly obtainettom Eq. @.6).

However, it is not easy teolveEq. (4.7) as the logdikelihood L hasa highly nonlinear
relationship with the latent variable and kerparameters. To solve this problem, the
scaled conjugate gradient approdchwrence 2005 is utilized for the gradierbased
optimization. Another problem is theomputationalcomplexity of GPLVM, which
makes it inefficient in dealing with a large numldérdata samples. Lawrence et al.
(2003) developed the informative vector machine as a sparsification mechanism to
improve the computati@h efficiency. The active set, denoted As is sequentially
selected from the overall training dataset and therd use optimize the kernel
parameters and latent variabl@$e informative vector machinesduces the dominant

computational costto ‘Q Q) , whered is the number of data theactive setd < N).

With the parameters of the kernel function and the latent variables of the active data set
optimized, the latent variablés of the new measured data samp#es , including

the inactive subset of the training data and the test data, are obtained frecaléue
conjugate gradientptimization. Then the likelihood X  generated frond  can

be calculated using ti@&P (Lawrence 2005:

na 9 TN H R B (4.8)
whereH, A1 YoM , T is the kernel matrix calculated from the latent
variables of the active set 0 h is a column vector with elements of kernels

between each sample ithe active set and the new data sample; and

Vo Y 6 1 Yo6m ,v 0 M s the value of the kernel
function betweerd and itself. As the likelihood of A’ follows the Gaussian
distribution, whose mean is the most probable vafjue, in Eq. @.8) can be used as

the prediction result, that i# H

GPLVM alsohas a Bayesian interpretatitmat could automatically determine the latent
dimensions by using the ARD prior. An ARD prior is definedtlos kernel function of

the latent variable
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Q@ o , Agp- L1
c (4.9)

wherepj @ is a weight parameter. Similéo the Bayesian factor analysis, soritems

of pj & will approach zero and automaticahgnalize the surplus dimensions, thereby
realize the dimensionality selectiof.full Bayesian analysis is conducted teoa the
risk of overfitting, which i mplements an
by integrating out all irrelevant variables. Then the posterior PDF of predictions

n A TN H hw is derived using the variationahference. More

detailed are presenté@dLawrence(2005.

Ther econstruction errors of both inactive
as

TpZ

m A A 41

where’A  is the measurement datmd’A”  is the predictiomesultof GPLVM. The

SPE statistic is defined as

30% w m A H A H 411}

where should be replaced by  when the Bayesian GPLVM is adopted. As the
nonlinear projection is involved in this process, Keenel density estimation (KDE)

(Silverman, 2018js applied here to compute the threshold of the SPE statistic.
4.3.2DamageDetection Results

Parameters of the kernel functions need to be inigdlirst. The RBF kernel in Eg.
(4.6) is employed.As suggested inLawrence (2009, — ,[ ,— and—  are
initialized as— [ p and— — A@Dp . The active setd in the
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informative vector machinalgorithm is set toQ 400 in this exampleThe latent

dimensionM is settad 0 4 in the beginning.

Using the Bayesia®PLVM (Damianouet al.,2011) two of fourparameterpfa (j=1,

2, 3, 4) are automatically optimized to zero. The rest two nonzero parameters indicate
that the latent dimension of the latent space iM2s then set to 2 in GPLVMand

kernel parameters are optimizéeératively using the the scaledconjugate gradient
approach Parameters of the kernel function are optimized— 1.5905
1.9598 0. 13ando 1. 1 48*%when the first 3000 data are s
thetraining dataWith the estimated parameters, the measurement datagaresrated

using the Gaussian processEq. (4.8) The SPE statistic is then calculated according to
Eq. @.11), and the corresponding threshold with 0 . & tomputed and plotted in
Figure4.6.
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Figure 4.6 SPE statistic of GPLVM

As Figure 4.6 turns out, the S®&f the damaged data are obviously larger than those of

the health data, and the phenomenon of fptsstive damage identification is

eliminated by using GPLVM. In adtn, the validation datare correctlyidentified to

be in the health statendicating that the proposed methperforms wellevenwhenthe

training datahave not covered the temperature variatiime entire process, including

the automatic dimensionality determination, parameter optimization and SPE statistic
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computation, takes around 8 minutsly in a personal d&tp computemwith Intel
Core 128700 CPUand 20 GB RAM. Consequently, the damagletection method
based on GPLVM igfficient, accurate and robust.

4.3.3Comparisonwith Non-probabilistic KernelizedM odel

A non-probabilistic lernelPCA isalso studied for comparisofihe data vectorsA are
mapped onto a higtimensional feature space wherein a hyperplane could separate
samples,and theneigenvalue decompositiois performed on the feature space. The

nonprobabilistic kernezedmodel is expressed as

A B (4.12)
where is a nonlinear function that maps the measurement data onto a high
dimensionalfeature space; and ,d and arethe sameasthe definition in Eq.
(3.1). The eigenvalue decomposition is performed on the covariance nvaltibh is
the dot product of A

The inner AproMuict directly defined in the
space by t he V- hA e l|The fGausstamn keonal functiprwhich
involves an infinitedimensional feature spaagsing merely a unique parametés,

adopted here andefined as

\Z2ARA AGDLL A A A A 4.13)

wherey» A AA is the element in theth row and thenth column of the kernel
matrix 17, and, is the variance parameteontrding the bandwidth ofl 1. Notably,
the kenel function in Eq. (4.13) is defined on the measurementAaather than on

the latent variablé in Eq. (4.6).
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After determining the kernel function, the eigenvalue decompositi@onsglucted on

the decentralized kernel matfix, with the entries » A hA as

Y A hA

(4.19)
V= A hA

The eigenvectorso & pfB ) corresponding to the firsM eigenvalues_ &
plB ) of Y, A WA are retained for dimensionality reductiofthe principal

component«is then obtained by projecting A onto the eigenvectar
<« ®h AO | y» ARA (4.15)

wherg s theith element of the vector , which is the normalized eigenvectorand

satisfies thaey £ p7_.

Sincethe explicit form of A is not definedit is not clear how to k@roject back to
the measurement data space. Therefore, the SPE statistic is defihedeproducing

kernel Hilbert spacas(Lee et al, 20049
30% A ©« O A <© < < (4.16)

where¢ is the number of nonzero eigenvaluestaf decentralized kernel matrix, in

Eq. @.14. However, the SPE statistic may not strictly follow the standard
distribution due to the nonlinear projection. The KDE is employed to compute the
threslold of the SPE statistic. $sune that the SPE statistic follows the unknown PDF

now:
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. .p ® 30%
Ne o 0 g (4.17)

whereQis the kernel width and O denotes the selected kernel function. The Gaussian

kernel functiorr ® M; Is generally used. The control lindt0 %s then computed

by
hoQw p | (4.18)

wherg is the significance level.

The parametey of the kernel function needs to be determinaftidjaja et al.(2012
proposed two different criteria for the optimal value selectiory of namely, the
entropy criterion and the eigenvalue criteriorerédthe second one is employed. The
range of, is se& to be from, 71 00 p 3y (Widjaja et al, 2012) where,

0 Jd AADA® . The optimal value of can be estimated by maximizing the
difference between the first eigenvalue and the sum of the remaining eigenvalues of the
kernel matrix (Widjaja et al, 2012) 0 3 0 0irD this example Therefore, the
eigenvalue decomposition is conducted on 318 0 0 T Be@n®l Omatrix 1= . In
corresponding, a total of 3000 eigenvalues and eigenvectors will be gendiated.
optimal value of, is found by trialanderrorandis determined to bg 0 . Bege.
The number ofetainedprincipal subspace®igenvectors) presers¢éhe 95% variance,
leading to a valué  1¢. The SPE statistic is then calculated according to £6)
The corresponding threshaddithe significance level 0 . & ¢omputed by the KDE
(Silverman, 2018)The result is plotteth Figure4.7.
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Figure 4.7 SPE statistic of kernel PCA

In Figure 4.7,the SPEs of the health data in cold days are much smaller than those in
the damage state, and the fghgsitive damage identification is eliminatddowever,

when the temperature variations exceed the range of those in the training data, the SPEs
increaseand the validation data is falsely identified to be in the damaged state. Besides,
the kernel PCA is at the expenseirdreaseccomputational cost. The selection of the
optimal value of, is conducted bytrial-anderror, which is timeconsuming.The

entire process, including the selection of the optimal kernel parameters, eigenvalue
decomposition of the covariance matix the reproducing kernel Hilbert space
selection of dimension to be retained and SPEsstatomputation, take$35 minutes

approximately in the same compytehich is around.7 times of that using GPLVM.

4.3.4Summary of Models

The moded of the BayesiaiirA, kernel PCA and GPLVM can be unified as

A Po (419

The modelcorresponds to the linear Bayesian FA when botand Jjare linear

functions, that is, A A andfJ6 ~ 6 ; it becomes kernel PCA hven
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