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Abstract

The rapid devel opment of machine | earni ng
researchers with alternative approaches to
These adv-dncedn dméetwhods offer great il exibi
probl ems and have demonstr atbeals esdu preeatitoad s yi n
fields. As a result, toaerteheaese nmavc hai rga olwa axrgn
to tackle difficult probl ems physicecahcer alml
involving uncertain syYlstiemsa. mdaeever st et it atti
Machine | earning modehso bl mainsdeg, firmmaldan ae ar
i n ttrhaeidmit nag posing challenges to the gener al
the intrinsic | aws rodprpehgyentcead ety sd esnsa lalrew o
dajttahe trained ma ehisn emalye aprrnodnugc emopdhy si cal |
predictionlse thavtervnionq@tleaws of physical syst

Given the chall enegdes veexni sneitnhgo disn, tthhe sse sdt aut

the appl i caitnifoonr noefd pnhmaycshiignsei 1 eeam quii mege r( iPid gMLp hy

PI' ML i s an emerging machine | earning concep
constraints into the training of machine | e
feasibility of ther mpardrsalainza tiinmpmr oasn ch gr d thwed
thesis is on the application of PIML in str
monitoring. Several PI ML frameworks are prop

physi cal k nawelsesd gtehet odiddd cul ti esdrdamwoeaund red



traditi odrailverhymetclsods.

First, a framework named structur al dynam
forward problem of structur al dynami cs by
net work model s. Il n SDL, a novel recurrent C
i ntegrates physical I nf or m\itci oolns odne sfcorrinb eadf ats
motion equations is established to predict t
systems. Afterward, t he f occuhs ooff itnhviesr steh epsric
structur al dynamics. The first inverse prob
forces and dynamic resposandraonfeds tMau ktewr @xa,r a
MP) framework is proposed to accurately rec
responses from partial vi bration measur emen
characterization amiolwint v xft@em nrag cdmstcreudc nmipug
Mar kov par ameitreg tfloe metsicon equation of the
predict the acceleration response of the st
predicted structur al acceleration -MPspamse
| ocatreecaomdstruct the external excitation inp
response of all nodes of the structure. The
identification wi t h unknown externatlthefror ce
investigatedf oAmedyBousi er f edtFINNg r1ie@amalwon
integrates Fourier neu#faleguethwyr lch awiatch eex ze
and t he -bNeetvamasrckhneme of t he mot itanonegusatpiroens ean
achieve this research goal . The integrati ol
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brati on

sed Il earning, which can be trained

measurements -weltatoaad daetdyingbeins ar

e pihylsocmed neur al net works framewat k cawe
mul taneously identify the structural me c |
ternal excitation on the structur e, and es
is framework, two neural met whrek smodeltsrar
ternal excitation and nonlinear internal

rameters of the structure are also updated

rameter

tegrate

uati ons

fferenc

S . The phWweicdalruichiuomlamatviidmr adof on ¢
d into the proposed machine | earni
that desarirkeéathenNewmathe dynamic

e bcettenwde esnt rtuhcet uprraeldir esponse and t he

th the external excitation and the intern;:
constructed simultaneously and the exact
scede
This thesis presents several i nnovative PI
obl ems I n structur al dynami cs. Under t he
amewor ks dednromesndeanece tdife compl ex and | ar ge
efficient and accurate model training in a p
physical i nformation also gives the pred

of

physi cealt aitntoear, prout st andi ng gqe®nerealriobatsit mre sfsq

Sy

st ems i

n a variety of environments. The r
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experi ments show that t he proposed Pl ML f i
performance to accurately model -deal hphgesekeaa
i's stildl needed to apply the promising Pl M|

involving | arge structural degrees of freedo
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Chapter 1 Introduction

1.Blackground and Motivation

Il n modern society, the safety and reliabi
economic devel opgmueaniti tayn-dehipelioipféee bsii | di ngs,
transportation systems, and other structur
but also face the Iimpact of natural disaste

Due tagetamey f ati gue of the structure and th

environment, potenti al damage anddfailure
economic | osses. Therefore, srteguutaad admoni t c
status is an i mportant engineering task.
Structur al health monitoring (SHM) is a
of technical tools and methods to evaluate
structures. The main goal of SHM is to det
promptto prevent potenti al safety risks al
usually involves installing sensors on the
stress, strain, acceleration, and environm
andocperssed to identify the structural healt't
under specific |l oading and environmental c
|l t h®HM f, i esltdr uctur al analysis is wusually

provides the necessary theoretical basi s &



performance evaluation, and maintenance de

Traditional structur al analysis methods us
formul as. These met hods per f ogyrs tweahd e bmhte n ¢
often insufficient when faced with compl ex
and changing environment al conditions. Fo

el ement analysis (FEA) can accurately desc]
symfeit is computationally expensive and r
dat a. I n practicabadcawpdpatia aits oabt embdaf hi art
consumi ng.

With the advancement of sensor technol og
amount of structur al monitoring data has
foundati oedr ifvern dwetdhods such as machine |
enables @mddptstobocomplexity and wuncertain
relationships from-ddatve.n Hneweédwdars, hmpwree sdarn
suchil ask of physical interpretation, overf

dasaarce conditions.

Il n this coeinntfeoxrtme dp hnyascihcisne | earning (PI ML
has received increasing attention. Pl ML p
physi cal | aws and constraints into machine

combi nfelse xtihbei {dirti metmhbowtataal so ensures that t

the basic | aws of physics, thereby i mprovi

2



mo d e |

A major advantage of PI ML is its ability
even when data is | imited or of | ow qualit
can more effectively capture the nonlinear
changes in structur al parameters while red
training data. This feature is particul ar/l
as obtatmiadng tlyi, glcompr ehensi ve, and bal ance
pracaal applications.

Il n wemal d applications, PI ML can provide

with more advanced tools to help them make

and maintenance. With enhanced predictive
mai nt e reaarsaug e 8, thereby extending the serv
mai ntenance costs, and i mproving the safet)
structur al heal th monitoring 1increases, t

knowl edge ei tkRamaicthhgnprovi des new perspec:

addressing the | imitations of traditional
stronger theoretical basis for str-uctur al
dri ven suppeosr tt of orraisnttraatnegaind manage i nfras

I n light of these research motivations,
PI ML amewor ks for structural response predi

starts with the introduction of a novel ma c

3



and convolutional neur al net works (CNN) to

structur al systems under dynamic forces.

integrat-ingopmgdi agur al net wor ks (PI NNs) v
met hosdslt riutnct ur al dy+# amioc sned AMphkeiMEPar amet .
met hod is proposed to reconstruct force an:
of structur al vi brations. After that, t he

structur &intddmaa@e iioch from parti al response
this part, -bhasedebtwvubtratabnheal th monitor
vi br-aased structural damage identification
the fobus wérk shifts to the structlral i de
systems.-i Afphmpmedceeur al net wor ks -betamewor k
numeri cal met hod is proposed to identify s
forcesbratoimhnwimeasurements of nonlinear str

1l . Rese®bpbctives

This study is intended to develop novel f

the dynamic response and det ectastylsd edresmage

The detailed research objectives are:
1) To develop a novel PI ML framework that
i nformation and deep neur al net wor ks 1
response of | inear and nonlinear struct

2) To develop a PI ML framework for, inver s

4



which can i1dentify and reconstruct t h
structures from partial structural vibr
3)y To expand the PIML framework for inver s

to detect damage based on vibration ol

forces.
4) To devel op a novel PI ML framewor Kk ada
structural system identification

1. 3heTPus !l i ne
This thesis consists of the following se:
Chaptgirvels the research motivati on, rese:
the thesis.

Chaptpeares2zents a comprehensive review of r

by the introduction of the | atest applicat
and PI ML for structur al heal th monitoring
existindghPBId™ML froeg structur al dynamics are a

Chaptdeerved ops a novel PI ML framework call
(SDL) that integrates PI ML and convolution
response of I inear or nonlinear structur al
training,rvSsDLascaam sw®errogate model of t he

predicting the next dynamic response base

equations of structur al vi brapiioos phesi aoa

5



knowl edge for the training process.
Chaptiervedsts -thmeopmegd i Kar k oMP )p ameatnhea de rfso r(
force and structur al responsienfrercmencstmaeict a

net works and Markov par améPercsanofl ostald wuaztu

reconstruct adnkfnorwme sextes nwel | as reconst.i
responses of the structure, from partial s
Chaptenvéstigates the feasibilit-y of a

informed Fourier f erRaRNN)e fnoerursatlr uncettwroar lk sd a(
from vibration observation with unknown e;
mod el cont ai niumge d aFcur iteor rfeepa esent t he un
t he Nehwentaa kscheme of the motion eguation ¢
FFNN model I's proven to accurately i1identif"

Chaptemvéstigates a promising approach

identificat-i ohorwmed prheg/srials net wor ks. The
strueomtoti @ain are integrated as physical i nf
Fourfi eatnueruer al net wor Kk mo d e | i s utilized
external/internal forces of the structure.
predicted structur al vi bration responses
mechani cal par ameberasp ptehoea c buxpadcatt e al ues,
external/internal forces of the structure

reconstructed internal forces, a surrogat e

6



nonl i nean sstiwrsutcetmur e
Chaptprowvwides a summary of the thesis,

potential future work.



Chapter 2 Literature Review

Il n this section, the current research st
the distinctions between PI ML and traditior

research efforts to apply PI ML for struct

d scussed. Foll owing this, the applicatior
summari zed. Finally, the | i mitations and ¢
real ms of structur al response prediction

di scussed.
21 Phynsfiocrsmeah lerag ni ng

Il n the past decades, great progress has
processes in various fields by numericall
computational met hodme tsheoadds d 9 nfi it rei ted edniefnft e
Al t hough these methods can achieve satisf
informed physical systems, they still face
with missing governing eqaandiotnimsd n sgtarpesn go r
nonl i neadrdiittiieosn., Ifnora i nver se ipreaibnfeenrsr ionfg pth
parameters of t hep hsyysstceah @rri ookpbwa from
traditional numeri cal met hods wusually rely
design of new algorithms.

To overcome these difficulties, peopl e h:



data obtained from actual physical Ssyst em:
sensors and data acquisition eqgfuigeleinty in
observational data has been col |l @actieee,n pr o\
mehtods. Amidbmigvelmtmaet hods, machine | earning
role in discovering reali dehlyistiyc adb spearovwaetsis
because it can explore -dumendesngh spacebkat
man algpeosied prmbtbBmeae | earning met hods, deery
particul ardayhevwtesanandangrally extract deep
da¢( Haj afabadi et al ., 2015)

Al t hough machine | earning methods have
wi despread succesdagriinewna rmpir albedvegphmoapeehtdorsd at a
| earning models are unable to obtain inter
knowl edge from these data. | n doltahcedt obmooxr d s ,
merely characterize the mappBugkarit a&i blobh
2021) n addwettiftoani,nianfgt,ert-dhreisveemp umedglgd bmay b
consi stent with the results of the obser\
observation bi ases, t he model generalizat
predictions may be updgsvicmtciliygi nconsi stent

To overcome this shortcoming, a new machi
propos(ekarinn adaki s et Mal i s 2bG21)process of

performance of machine | earning algorithms

9



our observations, experiences, physics, or

providing machine | ear ni ngd.madterl ssn gwi tt the obrien
constraints and inductive biaseanonwteaphof
machine | earning models about physical pr o

domain kibel edgoepari son of tharapmeini ecneeh lhe da
da-tai ven ,awmed hphlyssi c al machine | ealr.ni ng met

Data

Physics
No data ( Some data r Big data
Known physics Partial physics Unknown physics
Viz=x? + y? Viz=a-x% +b-y?

e/
A
! r‘ﬁ O SOA O
vy s
OO

= TN N OO
Forward/inverse Forward/inverse
Forward problem problem problem
FEM/Analytical method Physics-informed Pure machine learning
machine learning / deep learning

Fig2aarAepl i cati on -darrievaesn @drniqgylednstimes hods

Af ter PI ML was proposed, it received wi
vigorous devel opment . Researa hleadts fdfar emtr i o
PI ML frameworks to target spawiidd cr gorhgyes i acfa

task requirements. Among these PI ML framew

10



t h ofsreamewhraks combine physical I nformati on
especially PIyNRasi pgiopefklieNlNs e R2r0il®r) knowl ed
construct the | oss function of the deep ne
error of the model and O0teachingdé the neul
informaticompl|l é&faegi ng, PI NNs can seamless
information and deep neur al net work model
consistent with physical constraints. Usin
for warob!|l em ofdarntoind |li edgiafaf (B Dogwst titadainy | abel ed
dat acaamdal s o iascccowreat etlhye da c ¢ yraataaneuw @lrise s no ft
goveremiuresf rom noi sy Mmeqperuagrearlengrsacess of Pl
t feor warod| em oRD$& oinsl isnhe@dw2r Iinn oRtihger ext endec
PI NNs can notf @mwamds alnweer ts lefe Dgkr, o bbllugting o f
application scope has aPB®&( Poaeneggn eetx teaeln.d,ed?2
i ntedgrfdlerent { dWareqatad@atbnst OR&3t i ¢ di ffere

(Yang et al., 2018, 2020)

Automatic
Differentiation
P ~

Physics information

o — o — — — — — — — —

7
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Fi ga2aGener al Pl NNsf ofrrpammedwio e as f @8 DEnonl i near

Not only -li ayermheepMLRPdeUt physicals i nforr

alswi liinzed her deep | earning methods to hanct
di mensi onal i nput data, (CiNépdiesrivabe luy i nsad
in visual it soesgiaged wit h pahysseirciaels ionff onron

PI MLr amewo3® &me {CWNMNi ¢ alamRlwor ks hay&abeeh dev
al ., 2021; Yuan et al ., 2024; | Zh#&INds et Ph
frameworks, the inputi®d It hobgsmrawmlFingt wor
2 .b2uite h a n gnewtdtiime nsi onal syst ganf tsetratneasp poirn gc ot
equation domai n. Ceimpamew«CNiN,t tRInhdaPENNKEet
representataonidmpragpvaeb i tt hd | e 8 olviegigreenc i srpele d
i np(UEang, 2021;. Lei et al ., 2025)

For ti me tshekecesrdat anBNNalGanteetdworrekcur r e n
(GRWUWand L onTge rSt oMétntoT)Mpro deth ow e xecperld seenntt at i on
ability ctohdhd@r ebdtbé c ases emottddeldes i nt o accoun
dependencies in the sequence raecatad.e di¥t eoen t h
series dat a, pchaymnd ib®a le mipatdoypemiiad i onnf or mat i o
RNN, ,GRWU LSTMFmodek(alhapnige ,etprad p q s-2N&X )P I
mod el t o chardacmeairn zree stpheen stei meZ hepgi eal aid e

202Bged -RNM mddel to predict and control t

12



systeMmMBhenn 2MhP4  modelPl NNs was replaced by

to i mprove the model's ability to characte
The proposed physical information gated rec
was shown to i mproveolptraidn c btéeeornne rapcricendnigcctyi o

resul-t STM Pmhodel s have al so been devel oped
engineeri ffasgyuctuuest al ., 2R 3pr KRkd i Zthiant
and health managemen(tMao fe te nagliTnheee2 0 éh\ | styss toe
study show thati refmbreddat omgn lpdryksSTB model c a
all eviate the noi se-dovievrefni tLtSTnMy noofd etl h ea npdu ri
robustness and genemoalleil adbsioto o ba @il Ini tmor ef a
prediction areisilmalst madet he

For dynami c processes desareiub ad oy didm & if

di fferentN@DE squatsiperci @l type of neur al ne

neur al net wor kt iamse adyoami cnwsoywsst em rat her

di setriemtee model . NODE is shownttmebeenbés da
mor e ndthuLraal leyt. al . , 202 h;ps®'clad ariyn feotr malt .i ,0 |
ut i laiszed i or information f of -NNDIDCEES tirsa itnoi nugs.
physical l aws (usvually in the form of di ff
to guide the |l earning process of the neur al

Not only in deep Il-iemfrori mgd med modpt, s padiryes i 8

with classical ker nel med thyglisd o Tmedm&au stk al

13



procRRiIGBpr(opoébddvin et al ., 2021; Tartakovsek
2010@nl i ke PI NMNg e pvbyisekcs i nf ormati on throu
functi on, t he phmpli € me nitmd-GiRlonlas oo desi gn a
kernel function to ensur e pthhyadtiastsh.e Tnoidse | maw
involve adjusting the covariance matrix ac
the dynamic behavior of the system. Howe v
' i mitations of t hGéakepinaie e § GrPc tnmeet nhRIdN htalse
di fficulithige wiitrmhg chwenlénjinregair on-di m@ndshogal spa
time differdAdndieahi bpdr aompesPr iasnan PH eNtNvee ecna nP
foundPamg & Karniadakis, 2020)

Anot her major direction ohyPIME exnfenmnb
with numeri cal met hods and machine | earni |
numeri cal met hods for solving partial di ff
met Hd&ddDnd finite €eFEMepmayv enedédeond successful
with PUMBnhng etutaliiniet@dd2@)f ferences to repl
di fferentiation in the originalgd®JyeNNisi n@ ¢cCeé
equations. The resul tPd NNsBow amhatmpfriowiet ¢ hei
accuracy of derivatives and have advant age
comput at i(Mgalt hc esdearle.l ,op2@24) neur al finite
nostationary and nonlinear simulations on

me sdn a peht s . This method has been shoewn to ¢

14



stationary and nonmesbkbasabbD&sabe webittar)
compl ex. Swensehesompari sons and discussions
met hods cafGbestsmand eh al ., RuXle:t t Re 2 se i

al so a popular numeri cal research method i
the dismeePeNNRamestshogtwhilch W®RDELD )t he out pu
net work to apprkoutitneathei didneen Rsutnegpe t o accur a
partial differential equations with | arge t
Kutta witlZhRli Met,i smh.e,r e2 PA3N)Ns are wused to

term in the equati ckut ttah emeetbhyo du stian gs alhvwe Rtuh

Il n order to i mplement PIML efficiently,
machine | earning, such as TensorFl ow and |
framewor k. Il n these I|ibraries, neur al net w

beasiimyl ement ed-i nhdfawmgh ibmisl.t On t his basi s
designed software | ibraries have also been
most famous sof(tbhwar eMeinsg,Deestin XaDB ,i 2 0Relgi gne
on the PINNs framewor k. DeepXDBreosmmddnot or
inverse problems of ordinary differential
but also fractional d Hdfi ff f ree retnita la | e geugautait d s
i 2l adapted to compl ex nonl inear probl ems
probl eims daeovel oped to accel-gperafter marec o p@R Ad

Ot her Pl ML sSoilnvNeddtenmingh ugPey DaE(nNKspr y 8g@ilm et a

15



201Néur oiF.f Eghen ,atnNeadr g( 2DIROvV) et al ., 202
I n the compal(&tibgemahodieées aobeft, a20 2 4 ;2 0Ralr;
Rezaei et iatl .i,s 2di2ussed that PI ML cannot
suchl E#Msn sol wiosgedwdlolr ward probl ems of part.|
but fpmorseidl Iprobl ems and inverse probl ems,
solving ability. @ampsaerne dmew ihtohd s plularned e dbautr ae
met hods, PolMLi altsoatteant ages iThet hersol |l swt
in the |l earning of incomplete physical mo d
robustness.PIMMLr camamdlfee,cti vely obtain accu
pr obl(eAresn g et @al . whemw2doundary condi tion
(Mahmoudabadbozché¢lSou Xet eadélaslo 20002 31 ML

reconstruct flow fields from sparse and mi:

The second advantage of PIML is that it
small amount of training data. For traditi
of balanced training data is critiCha&ln to i
et al ., 2021; PilrMMla detmoallst,r a2 ®3%2)i ts abilit
using physical information from a small a mi

The third strength of PIMLQlapabi sitygycet nce

PI ML model , the uncertainty in the predict
uncertainty of physical information, the wur
of the machine | earning mbdemat The wsecalln

16



to the uncertainty of the stochastic parti e
of the equation. Regarding the solution ¢
framewor ks have( Yaenggn ede sailg.ned2 0i1n8u;sih.g Zhan
generative adversari al net works, the spect
met hodrsespReseardkQy norsol ving stochastic PDE:
(Shin & Choi, 2023; Pom&Zhernegeantchlon ROW9I
model s under wuncertain equati(ozhecnognt& oWu,p a
2023)Bayesi(ayYanBl N ia&l .a;k m2e@/211 )f r amewor k bas
Bayesian neur al net works that can use physi
to provide predictions and quantify the st
Bayesi an framewor k. UQr easé&d bapveaeleaébopibr
framewdqrYlasnngi & Foster, 2022; Famagl By Pedde k&
inference bias of the trained model, Pl ML

predicted resul t@Rsahog hetwaasl st u2023; ih. Zt

Af ter the rapid devel opment in recent Y
advantages of &t dMtLemandgad lefudbrod et hat it has
' i mitations. The first iscahe pdwpptabdli | pt)

(Karniadaki.s Sdtncel .Pl MLOZ22)l i es on machine |
t he solPD&Ei, on®sodnuée tphysi cal proacepses, nitt n
the entir eormlrylceeasresn iunsgi nngo d e | . For exampl e,

(Wang et ianl .t,he20f2ullnleyur ad n med tsvdgck ktksh e mo d e |

17



preferentialflyedeanny ddhmpdmewmts in the da
ignore -t hequheingchy dompeneome. this i mitat
i mprovements have been developed(Jagtcapas t
& Karniadaki s, 2020; Khar az miwhetc haldeco@25
t he equation domai n i&mwmdor imaurl tn eu rea ls urbedtowmari k

Fourier featur es( Siomtgo & eWarnagl, mRedt2vBgrakvdd ng et

mu lstcial e neur al net wor k -snecad eelss f(obra utnrgaa enti girge
al ., 2022; Weng & Zhou, 2022)

PI ML al so faces the | imitat,iaonmahydé®bMLO
frameworks, the constraints are i mpl ement ec
constraints. It is difficult to ensure that

solution so that the conestdai nte® acéi pee f
satisfaction of boundary haoredibteiemn d,e ss gme d
ad heugmented Lag(adnongi ®@resmeuh oaend eait santo. |, 2 |
function that automattic@@®d gosatiafies2bdadn

2021)By comhiitrmpiung otfhd hee neural network mode

final prediction result can O6hardé satisfy

Another | imitation of PIML is the probl en
The |l oss function of many Pl ML fmamkwor ks
obser vatbioounn ddradyai, ni t i al constraints, and F

observed that the training efficiency of t

18



weights associated with different | oss tern
i mportance of each |l oss term by changing t
t he -bladsasnced training of Pl NN. The first p
noadaptive wei@Bai aetf uat ment2023,; WHhHigdhh &

determines the optimal weights through mult
that can adaptively adjust(Hbe weight, c2aeéece
Z . Rui et al ., 202AIt Xowmwgly &daptli.ve 210@2R9

techniques can i mprove the convergence of

functions remains an open probl em.

As Pi #8MLexperiencing a booming devel opment

PI ML applications are reported and publ i sh

give a detailed and comprehensive review

i mportanan agrpeascaarie | i sted as exampl es.
The first and most I mportant applied rescte

dynanfiGFsD) whi ch of t ecdi mennvil wreassl hdrghstrongl
governing equations and complex boundary c
foOFProbl ems is that a unifiedf dmwanadvor k c .
inverse problems. Compar edsavindolm et f d edixti ibdmrea
integrating data and phfylsuiicds .v ifsQiarloinzMéatnigogn
Fuest, et al ., 2a0n2dl ;r eRaoi(ndss iy wecit naoln&, SHO0 2 0)

Z. Rui et al ., ji2pd4nf 8huvuiegyg Bahe,e@O0ORBE fIl 0\
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measursemReinML has al so been appl(€@den® &ol v«
Zhang, 2021; Rao et al .i,ncd@ad ;n gWeccoshapbrse sesti ba
et al ,, froedsy (iIAr zmeadi eitneal ., ,20t2ulr; b udeenn ceet
(Hanrahan et al . ,, 2f0r2e3e, (bPoautnded a ndyi arad . et 24812 .4,
et al and2 ®B2Wanagn & Per irkoarliesns . 2 BdImMe det ai |
reports on PI ML fo€CafluMde,cath hAk.foR@G@A1lan

Amt her 1 mportant application ar(eCaiogf PI M
Wang, Wang, et al . ,. 2WnZklnao;wnJd .t hXew neatl ablo.u,n dzal
(Bowman et al ., 2023 :me@aia dte ad(l LcaourbzkQezn@e)ir g n
2021; B. Zhanmsetwedll. ,as202hzx) reconBhawmcti on
et al arael2s002 3ppepela®esh i ssu

Ph ML has also been widely studied and ap
(Huang & Wanghe 2&8R2R20N)i cations of PI NNs i n |
summari zed, specifically i fdlakdihmg nat ay &
Sthapit, & Maple, 2022; \NgdbyrdmiadMiagny2rlOiysli;, s z
et al ., 2020; ,Spioaweny féthwalcakpt@aadg) o2020;
& Chatzivasidei d2dasag ,2002patli.nHa IZ Op2olijeirk kfd tohw &
Chatzivasi,J eamdmal y 2@l ¢(cLta kosnh nmai nnda rlaoycaantai, 0 nS
Jahangir,. e3omd .ex 2lRI2és of applications ir
be fouBdee¢mt & Bi hlo, 2024; Yao et al ., 202

From the above revi ew, it can be concl

20



shortcomings of -tdriadenhi omealhogsr & ndadatea ms
i nt er praentda bpihlyistiycyal consi stency by seamless
and advanced machine | earning model s. Pl ML
mor e ac caprhaytse ciah perspective and general.
compl ex equatpomanedoarad nsparidd data probl em
l earning and representatidnivapalmelk hbides t &
t he enhancemennftorona tpihoyrs.i cGn t he ot her hand,
sol ver s, Pl MlLe coabns efrlveaxtiiboinyalu data to enhanc
factors in physical information (such as tF

avoiding the complex process of determinir

addition, fporro btl een ior v eprhsyes i ¢ a l systems, pu
complicated to use iterations to continuou
ter ms. Il n PI ML, this i sbysenmgnimarcthi apd | st

algorithms to kevensehyaemgemsabh®owmunequati o
t er msbh lasc klddbroxover, for a f uzzogmbssysssrenmn, Pl
met hods to directly discover unm&memnetphyls.i,
2021)which is impossible with traditional p
22 PIfMBsr r uc teusrpadpn 8 di ct i on

I n the previous section, the background
Pl MLrient roduced. shihif ¢ oetchd omruewd ikdt i on of t |

respofmtsreuct ur al systems.
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Prediction of structural dynamic respons

of i nfrhetauseuneafrastructure idsyniammawi t abl
fosesech as wind, hiemad hfjl@aca ¥ &, Bndorder t o
analyze these structur al dynamic responses

asDMnNnEEMave undetrgromedé vwelgo p mme mparrodoH cermst h e
of |weHelmgsetdr uctural systems, these numeri ca
them by directly sol vi nggovtéehhsey d ive floe rae¢ n toina |
However, for-poceldi mgarnt ems, i land st nuet sie apr c
system, t hese tr addintei oinnaplr omeeetnhemtd sso fr e gfiuMmu ke a
anal ysi s.

Il n ryeedma,expl osi ve devel opment be&edmachin
toevolutionary changdseairicthimeasyi einhdusftr ises
dynambae so made a UODitmadleiartd elmparsnitmg met hc
such structur al response prediction proble
DNN modkKilm et al ., 2019CNBNt nbHeksenl al. 2020
& Jahanshamd ,L2DMMXwa e& sOu, 2021; hRR.veZhang
become popul ar sol uti @ofmso nfl @ m e p rseydsitt gcetuncsrt ¢ r B |
However, it should be noted tdhawvenheodse$ani
topeprteientel ati onship i nddtarcndoddBdad ausxees pons
of this inhehest MmModedast admways | ack physic

model ' s predictions makyn dpehy dnigawsisn sa deditt iwa n
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the performance of such models is highly
t rai niMagc hdiantea .l ear ni ng model s tend to have
noi sy | eddrormieverdatod.t ai ni ng-gaal argel ameuad
fromnl i near systems is also a challenging

After the publicationi Kathea®aRNNs eeseah

Rai ssi et dalesepear2z®idns foundshtohwat ptrloeni il M
applicati ofnorc apradbbllems eisnvol vi nginnonbdenear
tover etohme reli andei eeénpmodetastoanme |raebseel aerdc hdear

tried to apply the PI ML method to the mode
systems. The earliestt satEBEWsimoldebdpplriopati

(R. Zhang .dtn 4dlh.iaph %&b/ r meLdS Trvu Inteit wor k was

succegsefsulloyedal ternative modeling of nonl i
data scarcity conditions. I n this model, t
state dependence, and hysteresis constituti

| oss odfelt.heBynoembeddi ng this physical const

model training, the model can accurately c:
of t hne eswesnt ewi th | i mited available training

The mai n bcitfwieleeeneb 8 E M nwhlvel ed RANNN a0 d e | i's it
special architectutermhaemploraws depandiemg i |

(Eshkevari, etthym3 PM mnRORell]) i s stated to cont

trainabl e variables, requiring ailnondiitsr air
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resebmy chr opeSMmTrg hatecture that uses neur al
exact numerical di fferential equation solwv
step ntex ttdhhee model i's shown to be able to e
and nonl| idega® emeldioimm systems given a ground
compl ete set o f responses including displ
internal forces.

|l t Fangyu Li yu netvpeldy shias20d23pegmsmemory (Pl
LSTM) net work was proposed for structur al
physical constraints into deep | earning.
accommodate the charactestsuctsar.alfTwly nteam:
numeri cal experiments de+w#m®&AM riant etdhitsh astt utdh
hi gher dalke(mliaacnyg eexpaddhe2@dp) i-lcATMotno of P
predict the nonlinear dynamic response of
response predicti or Sitet moed woa ke do fo rp hay smuclatl
Specifical-l§TMtwet wurlkk iarchiteatuie$ obmatd
weli@atroduced here, and the physical | aws of
hysteresis cowsestkc®nhust dee edelt @t icomstruct phy
enhancing the physicalgi moadaelps péeabstudy ohnf
predi ctthdeymamf ¢c response of nonl Snea&at @Rayste
2024) nspired by the explicit time domain m

Pl N fr amawerdk on ETRDIMIN.c allhiesd nko d e | can sol v
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of the traditional PI NN model due to the ¢

mechanism of nonlinear systems.

How to effectively wutilize the collected
structur al responses under future disaster:
focus on extracting structur al features (e
ad updating the model, dueluaenchmaudcels pomeaet i
(FRFBsf andiari et al,. ,Kalom®or AfSalntgeraitredqa |l al . 2

Song et ,ala.nd B®E){iRaurbiion fedr ean c. g 2018; Sun
However, t hese met hods require excessive
si mulmdadeln when the model has high fideld.@

parameters that need to be updated -and the

fidelity models are-emdéreetcoeanput at iiosnadil fyf i
accuracryeseinetddéeofp uncertainty, especially f
address this shortcoming, some studies hav
and tedetedldbservational data to predict t}

under seismic excithati phgyusiTdiesd fci ornsvto lau ttieanmpa

net work (PhyCNMN). pZrhoapmags eedt Pitaf CNN 2i02 0an al t e

mo d el for structur al response prediction
net wor k model based on @audmpaltl damasrett sofand
constraints. Known physical l aws (e.g., go
addi tional constraints on the oumpdeéel of th
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fitting problem and reducing the need for |
robustness of the trained Trhedelsuafiraoegdnioer e 1
model s can then be used to perform fragil:i
|l mecye@aar s, transformers have become 1increa
processing and time series-adatatamal yneic $ ad !
which can effectively capture tlyeemhtleati on:
i's showmnshat mer modedds stancdaddpendemqgy
without bei ngendemiAtSEdgstiBwdamegor k phymbicrsi ng
i nf ormaatiramsf or mer has @Mesmg bett.hhldsvie?20p4d
da-tai ver,caller pehysics information model t ha
based on the Generative PretrmMmaenpdogosaad f

Sei sGPmpli gwedpredi ct the dynamic behavior

seismic ftoirmes in real
I n addition, due to the |l ow frequency of
di fficult to coll ect enough training dat a

dependence on | abel ed datHau eend aihmpg ro@we @rio d
a new framework that combines swhéhpower fu
effectiventdabebingsenodadata augmentation t
structur al sei smiNi rets paplinssqgea afureadd)l witt ii @m.a l N
to reconstruct the structur al response of

t akeecscel eartata ohi mi ted number of | ocati ons
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di spl acemeanntd, avcecleolceirtayt i on (MapokRsetatl al | :
propanseewd approach to eval uat-ccedg-héee dgdami c r
( MDOF) systemsntisermgdphgsucsent neur al net
reseiasr conn evaluating the sei samidiehte end g erdse o
availability of training data

The above Pl M&teimemiho ppedpacriseon al l have
assumption that tahnethee dpaat ican @far mmet ens i |
matcesand force distri bdtfiXon nwe cetis naallar, e 2a0v2ad
type ofsi eenhsvodikfrfeidc ul mantyowaerplpd ystirnuct ur es s
premisavail ability of those dynamic par ame
system compl exi t ywoarnldd asnThoi ugcudidtrye ssf trhd asl s ho
anovpehly si cal Idy eipnfldr meodchvol uti onal neural ne
extendegpgasteat a€NNNn i( &S Ipred psors e&¢d r e s piomse mod
this.lsnt BBOYWN, an i nnovfarteev ep lpyasriacreelt econstr ai
is designed and emeed dedmanoe ibmpr cwestruct
connections of state wpricezblrepresrintad i fomo
structural response.

The researhMhsacso pal soof beenShexpandMd8| a gna
Chuqui t aytpeei, mei0@2e4 )r ocki ng -seapoinsg woifgifd ele
subjected to.TheopndpaeameivoaPhiCdalasl |ireedndt e

by addi npas eplhyoimpo-treinten oCENdiabaachi eve a
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estimation of thhetmoodlisngpfr adppadde- rigid |
driven way

I n additi on tDOFKR issycsrteetmsz,e dt heu latpipl i cati on
mechanics has also been extended to truss s
An example of wusing PedME sboOoMaudegt nahl jnea
For complex bpKamposlyseéegemaposed®0&Z3new framew
PI NNs to simulate complex structural syste
Ber noullilmoshenko beams connected with W nk
showed that PI NNs are a promingiimgedi nagt eqg)
machi ne ipmwdll wimsg biehaemns$ ypoetea@msan.g of porous
has also beBRazmadmwaietd aln. , 202@Tr iFmH | eath &l .
202p4r)opoPsleidinaal ysi s model f orwaflul necdt iboenaarisl ywic
bisymmet-shapkdl and cHanrneli ss eatda ®@dn PdnNeN gy
met hod was used to determine the vertical
Prediction-depewrdehy beéemavior of prestresse
been | earned Pusikngd RHwMLSgenc2®28pn!l Iy, this s
Pl NiNo dted | ear-depbedeémtmecoupl ing between t he
several factordepdrademtt ferehaviher tofmebeams,
and shrinkage, tendon relaxation, and chan

I n addition to seismioduecsgpgosseuptredalct v

also an i mportant research area (hithkhe for
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Zhang,i 2pPl2z2ment ed a hybrid approach to si mu
Specifically, the structur al characteri sti
turbine system were used as physical const
deep druead recurrent-RMMRurtad fmei wbak mé pRde s p

| ear ni n(gTsnaoid el .Alprpopuase d® 02 3met hodduoedi mul

structur al response with | ess training cos
data under conventional wi ndL$SOMdn etowmarn K.i o
However, by coupling physical i nformation,

wi Aaidhduced response under high and extreme
structur al monitoring.

For PI ML to predict the dynamic response
simulated structure is aunddnplnmddxy idsissuer,i beust
such as conclehsrpteld| ctamadadr deemt studi es.
apprpachob6¥.d Lin ewadeels.itfgmn2e@z4) t he partial r e
structure to estimate the arbitrarily distr
the structural respbhfsieniwaes erleecnoennstt rmiocdtee d
and analysis of mo v(i Lniga nlgo aedts Hhearse , s2 QuBddi )eRIl N
met hod i s ddfebumieelr witdansform to solve part
the frequency domain, thereby alleviating 1
when si muHateiguge nowl tfiuncti ons.

From t he aibtovies rlkewvdwn, ttthaet predicti on of
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responsteocwPdeMd more on problems that are
met hode. first iIs the modeling p(rSoubleetm aolf. ,n
2024; R. Zhangl rett had .p u R10i2s0hbed setmpd ioeyse,d me a

to enhanmvde |t repofesentaci onlal e nsoencdamde agtiudy

PI'ML is the problem of inaccurate dynamic¢c
the stlirnucthire. probl em, some nonparametric
integrated into the model training to enha

noi sy obselrnvaldadtom tdyapeas o fme p hdbdireemsst, r athee aPn
out standing abcobupletphysiacndlesbshffor mati on

accurately predict the dynamic response of

However, some di ff hoeuurl rRdi ndilse t shtoiad sl p eecxi iad tl y i
PI NNs, for predicting t he sduysnpaematcr arl e sbpioanss ¢
|l earning model s, compl ex paomuddbhaydcbodnta

const®a@ametatt empts have also been observed

by applying frequébcwpngomat oanl B IAMMEBD R4S

di fficulty I|ies in the acquisition of trai
most PI ML models are supervised maahing | eas
training data to i mprove the truersaull tssy sotfe ntst
higlal ity observational data may be diffic

anal ysi s st agéd emfr ethfeec B tINrdpcetwaosrekb e en pr oven

accurately golVeemiuaemgliiomsarwi ahgut abel gdng at
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This property hadksevreditompegetr betenr awelnlnespons
Therefore, usi ng tf loe wdalaMlLyb me s hoda tnoet a mo
' inear/ sobnbluicheaalo spyrsetde nt t structur al res
observatisormalpreoant &aiing research area.
23 PI MK rfuocrheua latbmi t or i ng

With the popularity of various sensors &
health monitoring has become increasingly :
researchers to turndtovéhemdeeksopmant aof,
srtuctur al heal th mamiitvemi meg,t htodes W& ho fasd ant
model s to explore the potential informatior
Some early publications on the overview of
hal th monitori@gBaca& b, TP028; i Worden & Mar
al . ,. 2RM@®n)g these machine | eabandirnags nkosd ealnsl,o

& Huang, Q®ARLII albTeirmaersisestand .s up2p0olr7t) Vv €

machiiteyvi k et al ., 204a%p Bben wtdealy,ugeéea
classification and regression problems 1in
directly |l earn the complex underlying rela

without the need for ubeorati cyglstamal ydHiosve
me t heordes -kwneol @i a c @mobdoedhs ,ch ref |l ect that their
aruenk novaankdl ¢ ,heir prediction results do not

|l mddi éwihodh @x model s, which are completely
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| aws, are also ugedate dEeltmstwhotthenrodlserha ghegy ,

t he
of
by
hav
( Ha

spe

and
act

upd
rep

Sch

equ
e xt
Rao

ope

mechanical characteristics of a struct:
t he (sGthrau cethibraeg h.i Ests eant.i,al2l0y2,2)t he act ual
an idealized model that connects the in
e developed many metthhofaisnifter erheadnelnitn gme
idarpour ,&hfeddaong.,e 202Gk r ané&e Ymatdheda005)
ctr a(l Kureet lhao deTh el mqg s t2 0t2y0opi cal applicatio
updating the (Al kiatye me e mmihn g medidd8 )pr oc e
ameters and properties of the model ar e
the structure. By using optimization me
t he measured responseadgfusttheed sttor ubcet ucrl eo,
ual state of the structure to detect th
ating 1is a mature method that has bee
resentative stQlerg etanalbe, T2QWh&; i @i ago
ommer elHowéver 20tlYgre are some difficuldt

uctures fromwhhéeepbofpoanmt it\he nfed i smect i v

ations and constitutive relatiensh.e The
efrodacleehi ch is difficult to mé&sawenadé&cur
, .20Flo8r) ex amprlies,e fbouri ladimigghh n operation,
r.atmmomaaukedds affect i1ts structural res
suring these extensive and chaotic | oad
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of physical models 1is the i mmeasurability
properties. Physical model s are usually ba

|l i neari zati on and mas s concentration, whi

=)

onltgeand complexity of the actual struct

structure, which deeply affect the mechani

(@]

hange with time and external forces.
Il n recent years, $Hamedr enacdhn aale draphy migc

beemnducot esdkol ve some problems in structur a

—

hese studies is to combofhhaentthemddtixndilaedry

—

echniques with more structured and insigh
strumeeghalhi cs. These melhdaoad ddmgo msehmtrse grh

driven compone-hbtog mpdetal | aAddxg omgdcedt hies ga aly

standi mgd men the field of structur al heal t
a hybrid model. After PIML was proposed, a
t he prior physical | aws described by the ¢
machinegl abgoaii thms, it i mmediately recei v

of strucmamiat.o hiemd t h

Data acquisition of structur al response
SHM. PI' ML has been applied in the acqui si
especially for compressed sensing and dat a

data réeconstarec advanced techricpmeasd rtulcat aar
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recover the original signal (URUSgelal s&aWdn ¢
2022)avelompressed sensing scheme is propos
knowl edge suahdamotfieehbyemaembi ning deep conyv
(DCAE) t hpeghtyhsi cal aoafndoalmast onoctfaudktvi bhoaddi
aut oenmwldteirpl exing (FDAM) i's proposed to m
mul tiple disjoint operating conditions on 1
studi es phtyawacteshdatDCAE compression shows su
data compression methods such as compresse
(PCA) , di screte casnidne CtAlEamwd ftchr ns t (abh@Ta)r,d |
FDAM is shown to further I mpAnové@derhéedanaq
tocomstruct t hsofglsds&farlotmueal spcoanls emeasur ement s
i Lai et . aHe roevdOlra®dnre wor k cal l ed physicall

identificationfiiesl protprosetdurfaolr Viubdrati on t

frawmor k exploits spar se i dentification to
dynamics in the assembly of a I|ibrary matr
system. The gl obal vi bration of the struct
expr ersaleydt iac al fuUnelt d omamnmemrm, fuatther than

by point asnaMi tshencsoomrvse.nt i o
Il n actual engineering, the external | oad:
to measure accur atel y.i nivheirss eibsy sa rmcorte tfheea sei

|l oads on the structure by measuwritahmgest he vi
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reconstruction algorithms. The application

has al so Haeafeni usteutd,i &d.NNs2 Of 2rdg@)ane wpr kposed t

integrate the underlying modal transfor mat.
connected neur al net wor k, which can effect]
This method can use the predicted modal (
identify modal | oads, showing the advant a

predienfiomh@nc &hang perto padmscevwe?go2iHcnaflolryme d
deep | earmn amewldl O )cons-dsitvewmfcandal at i on a
network for structural exc-i habrmeadi dant afi

autoencoder -domaerp( ETD)Y vilmeati on anal ysi :

response (Ul R)eassiugneadl safructheran i s gener a
successfully combines a deep generative ne
aniddemonstrated i n accurcattealtyi oind esnitginfaylisn ga nes
physical parameters umMderasei fsftairdegyntofd aumsa gne

met hod to identify exeternal iCGwe eSehdmrgt U
2024) n this study, the working mechanism o
the uniqgue chBRBEotgrvet gnearcofisshheance crit
criterion is then integrated into the | oss
poor interpret-dbi vVenhymefhepdseimasal ving et
Foll owing this paradigmpncadehy6PCLCAE) i nébwm

to reduce the dimensionality of FRF data w
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order FRF data is paired with cable force:

network is directly trained on these sampl
proposed method is verifi edstoany eadc tburaild gneo nair
steel tube concrete arch bridge.

There mai@ppwoaches to using PI ML for stru
The first approach to structur al damage id
mechanics parameters wusing an approach sir
partial ea@agquddteiremdg. aThi s g Hmryonoloddx a nsd earp p&d i ¢

Chat ziandRQ2Zhang. eThal fdPrl BNNB4 lasse constraint

for system identification and response pr ¢
control parameters of the syotmphekxkgdbheyer a;
conditions, egaodweemgiurag ooaoss anadnd heatraabil.

estimates from sparesde pmhay aai.c alhley |ianftemr mad vj
net work (Pl PNN)Wwhimbeerdewotrhke system's govern

associated continuttgynands egoft inseodrsatir aont

net woorsks f uncti on. PI PNN | earns to approxir
parameters by minimizing the physically ir
continuous systems, PIPNN successfully est]

which asedthenesti mate theSum®wlmpt eimepat amet e
identification methods can also be-applied

physics damp(ilhigu mo dMd isd admphy d W& ®)r med neur a
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net work method for nonl i near structur al S

proposed and is -peyn®incs rsattedat nomul where t
controlled by separate dynamic equations.
nonl sheactural system parameters by integr.

The second PI ML method for structur al (
traditional finite element model updating
and observation data to guide thAet yrpaipciad up
attempt i(Zhamgwmk iSruher ;0 Adllyesdi orsmachine | ear
i mpl emented thaodgh hEl WNsS g-baakd mbdat urag g r
extended with the damage identification re
physdsdiassed | oss function is designed to eval
of the neuraldntehevoobkt pnotdedf anhe finite el

proposed PI ML method successfulfgui dedbi ne

machine | ear-criinge nwi a-thd sdgadt yast cssct ur al healt
met hods, which can iomprpoevref odrammaangcee .i dent i f i
I n terms of specific endirmaenemwiamigeseanppl i ca

develfopedilamage detection IDOBarsiteurss ,s tbrewact
pl at es, bearings, and ctoynpP ML nfornd menvea@armr k sft
MDOFsyst ems includes aMDQHRlaywageni deeaair f is@:
algorithm bBpsemdWam®a NWNc hi & .MiTzhuitsa nail, g 02r0i2t4

was al so applied to an engi mddarviengy ecasad ua
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di fferent types of | ocal damMB@BEyshemhespie
direct physical i nformati on Madurealf aidre t, w@rOk?
analyzing the stability of truss structur e

Forammesy,gtYaema etpraesent20t2i®g results of dy

beam struct u+taese disamtgi fpihgisalcsneur al net wor k
problem of damage identification of beams
probl ems of partial differentiaprepgpaoaatedons.

physdindsoampdoach significantl-¢gr iowdmpeapgmmmaoasc

and avoids (Dbaer et apiphged®PEBENNyYye an inverse

to identify the dynamic structur al par amet
built 40 years ago. The model input data ar
under vehicle |1 oads i ntetrwoe xstteartneasl (pir.ees.t,r e
reinforcement), combined with the PDE of b
mi ni mize the |l oss function. The modal pr o|
parameters identi fied byt hRRI NMo dvadr e p rcogprep

experimentall ¢ @edge btewihfiizkadgo boynt hme ( ERA) t echi
(Tondo et alphyiOo&hogel nff or melde Ti moshenko

i's proposed. The moeaillt piust cGoPn smhroset-&ed vaas i aa |

covariance kernel s are analytically der i v
defl ections, rotationseastfarces, bandi mgp p
Stiffness identification is performed in a
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model via a Markov chain Monte Carl o metho
structural parameters.

For damage detecti omedfhopgllsatae es tmrau mtl yr esg
the perspective of wateveproppatgaettitberorVhewKi
the physical | aws of presastued ahdt as spl ac
integrated into PIML as depheysitcadlin ioff @il mad tei
A classic exampdhou s& pXweTshehst 20t uidny proposes
free plate structure damage identificatior
Ki r c hLhoovfef pl ate theory with PINNs, the | oca
bending guided wave fiel dlaft ead dGamaged ainltie
i mpl ementation of mul ti pl e ilboovuen dpalrayt ec oinsd ictri
t o copredt syt r abeeur al response of t he pl a
performanceemfforPdiNMNg time bounldatrey amnodh du gii o
sensor data at l i mited | ocations to captur
system i s(AUdULYgi &d Kirn pakAnanher2024)dy usi n
reconstruct thd ivkeev e tfrivecdduirdemrigsa pplré@etséaimtne 2
Il n t hi s s tbuadsye, d ad epehpy sliecasr ni ng fr amewor k i s
compl ete scattered spatiotekmkmposalrucbambewéayvy
of spassei esmeensor data. This recsonmnstruct
weal th of i nformati on about t he wave pr o

interactions between the prbpagdtdi hgowat e s\
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fields for detecting structur al damage, h €
detect damage in plateéKulTkhkasnidi &eSlypahowa
proposing a -novet mpthygsarcibdt WAEAl natwoe kc d @
extending sparse temper-htereé mepsesemeat s
detecting damage. The eVAERcnetveonrls swas ¢ ha
t hr oaungahl yt i c al and experiment al studies on
with various sizes and types of embedded d

el ement moeVAeEl adcactua ,atRell yf ieexIt & ntdeerdp @ rhaet drud | d i

andenitd fi ed the sizes -loifk ec rdaecfkesc,t ss.pal | i ng,
PI ML technology has also been used in de
structures. Two application casedgddiembeari

et al andRi0O2dt) .all.n, t2heeXxFE)y s woabktudf esmaphon
with deep CNN and residual nt eweetaktsu rtes au
related to damage from the observed data ¢
utilized to predict Qohnec rheetael tsht rluecvteul r eosf a rhee
object of i.6MeekstebandiPud ML 2NR,)u Ri0d. )da mage
monitoring of concrete structurey.fimTbm | oc.
former used the performance of sever al Pl MI
| ofwi del i ty i detli hyghdat a, w h i chbha suesde dd i naognnl oi snt e
techniques to |l ocate hidden cracksnew conc

framewor k, pmysgnied &I, Imyu hs¢eomd rod enedlo mai n adver sar
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(Phy MDAN) , for transferring model s |l earne
structural damage states in target buil din
of fshore wind sumabbsoe rgusthtud rLé uvwaddter @ |, . :
numerical simulations and fi el d datlar ewerhes ¢
eigensystem governed by differential equat.i

results show that the proposed framewor k c

with higher computational efficiusmrdy ftolman
intelligent monitoring and maintenance of

Af ter sever al years of exploration, t he
detection has been used in multiple engine

summary and review studiCegnstsawerals adeRddr)
overview of wvari cPMd 1 ewb oaxp pryodcelhiersg tion a B
context.madtei meatlomdr diimg b & 8 esd Gtawdsysi an pr o
regression, and how to incorporate physica
functaina@dnkernel desi g-apaaadsseétsttalkbeyde cheerree st
review (rWyoett 4dl#.i,s x2udd)y provides a compr e
PI ML techniques in the context of conditio
of methods that integrate known physical pi
and their app!l imoanditloiatsyk gt o Th pe ainfiigue adyv:
l i mitations of each appr oadcrhi vteon inmocdoerl pso raarte

detailed here, taking into account factor .
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interpretability, and generalizability to

fault detecti on.

| n summary, Pl Mdrc¢amrncaweglhepir gmiegh wi t h
confidence physical i nformation, which has
tasks. I n various mat hemati cal sédhme engi ne

demonstrated powesrofluvli nign vcearpsaehbveg ri ¢ b Ieesm t avihli &
for SHM problhiemsaisse v @arsy of system states
For continuous structures such as beams an
shows a promising prospect.
24Summar y

Due to the | imited scope of i nformati on
publ iremsedr ch r el altheed atuot h®IrMLcan only descr
structur al resngonset pr &Id i looefa loPnl hMLm oansi t doerti ani gl
possible, from which we can get a glimpse
many published research result s, PI ML has
various engineering and reseamagh dprfdlelremg,
equations. Many proposed PI ML frameworKks
devel op targeted Pl Miffrnamawasrklss for cert ai

However, behind these successful cases,
been foumesiemrRIhMILt hat need further study. |

how to sol bheashhedspept eamment ati on nofPIlbMLundar
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i's still a,n wlpiedhh qbhessolbwed in this study.

expand the unsupervised | earning capabilit
data in structural response prediction wil
the probl emeaf tft mooti stoali ng, the scarcity
are also constraints on the further appl i c:a

Al t hough the damage of nonl Boasdarudstersyctiur ei
still a difficult problem due to iIits inher

the foll owing sections as the focus of thi:
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Chapter 3 Structural dynamics learner framework for

dynamic response prediction of structural systems

. lInt roducti on

Structur al dynamics plays a vital rol e i
deshagd maintenanlkri dgredsb winlicciamgs Act ur atsel vy
predicting the response of a structure und
opti mi ze btunte adessoi genf fectively i mproves the
structure. Traditional structthiier al t d y e da mme 8

met {dGeeni komsou &nkEolmoldalP@keR)Eeysi & ,Vent ur a,

are widely udgdarmbspaoresie cdf tshteruct ures i n n
they are computationally expensive and hav:«
behaviors. In addition, numerical methods |

pr oblstm fdffZhheasnsgi n28€20Wctur al id,yenvahma rc ss celqwiart ¢

the dynamic response of certain structures

mai ntain the stability of the sol buton. Th
al so may |l ead to high demand for computing
of these methods in practical applications

With the rapid developmdntverd matchodas
gradually attracted attention in structur a

structur al response prediction, popul ar m a
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modélGar dner etswappor t202dd mg arng cddinme sRDOB )

neur al (ettwfofrkls. efThalse, m2dhod@ds can | earn t

of structures from | arge amounts of data al
on idealized model assumptions. However, |
approach is the ntel iodndabend eldardad agmews peci

l earni ngCunohlee l st ®bt ai BDAJZysalfifigi eabehedhc
of t erc othnissmemi ng and costly, which Iimits the
met hods in some practical applications.

Due to the difficulties faced-dby vtelme ab

met hods, an emer girmgneawaobrPdeN¢R d iesaginientg al . ,
has been introduced into the Bryeditdtliiaen nagf
known physical information, such as parti al
to train neur al net work model s, Pl NNs t hus
amounts of | abeled data in ttadiptrieadnalt i mac
t he model will inherent | ygoovheergmivrgdiheamssa st r ai

out standing capaMWNd ot fi hds wedabbeda®| appl
various resear ch sancdh eansgiinne efrB inigd .fm&d desg it c

2023; E. Z . Rui et a,l . he2t02@aia ShWdaemyga, eWa nal,

al ., 2021b; He et al . ,, 298@0lidZobekagidé&s Bt m
al ., 2021; Haghisg haitc t esfr Jad 6 dgy n@atm2 &l)s. , 202 3;
et al . | 202 3; Liu & Meidani , 202 3; Preet ha
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202a8nNd medi cédKidisagnesi aal ., 2.020; Sarabian

Al t hough PI NNs have achieved positive r1 e:

defects in their practica&lorapxlaimpatei,on hien s
bi as p(rFodrl eam i et al ., 2@22s Wanga edtecale.a,s
prediction accuracy of the model at differ e
accuracy. I n addition, t eCads ceftt balemb ead@2 :

Pestourie, |l emitas.theoa@apaphication of the mo
conditions and cannot effectively capture
|l oss functiofBaal anceal proBbDeth; E. Z. Rui et
makes it di fficult to optimize multiple o
resul thuenge viem performance of the model on d
To address tshameo p ceseeisameavwo tskstec att adal
dy name &as(h&DtLhat combines recurrent convol uti
and physical i nformation to accurately pr
Ssyst ems. This framework i®eshablisheddadme.
anal ysi s met Wygda mir ssath umisc ot wt dbleerer come t he |
existing PINNs by effectively integrating
| ear noidned tsms met hod can al so SsSemgmveuasuraal a
dynamics probl ems i Swyedivfiingalsltyi,f fa ergaucauri roe
established in SDL to predict the dynamic

at discrete time steps. I n eacB&NMedwerlr ent L
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i's employed to pratdhnexgttipefstomuecther @lurstat

(di spl acement and velocity) of the structu

i mplicit scheme of the governing equations
priori physical GCGNMNnodenbhti opneadaohtracuaortéaet |
from physical i nformati on, SDL is an unsup

on any | abeled dat e mberddterda icroinrsig crtaiddntt esq f G H
télCNN model I's output as the predicted dyna

Thmaicront r i butsitourdsyn olb e t $u AT 0 pehld) sa < s

i nformed recurrent convolutional neur al n €
l inear/ nonlinear struct uCraadNkdcyonlasmo nc srcehsepnoen
motiegmati ons. The key compondbasedf rebusr én

bl ock, which is designed to capt@uZldhet he nor

util iodatriecrurrent blocks gives thwh&mbd fr am
the CNN model parameters optimized in the g
sengs for the next time step. I n this way,

i mproved, all owindatshe @acopoaed|l modet et ost i

sequendllNde. | oss function is compobeeehiynger.i
equations, t hus avoiding the problem of l
functions. I n addition, the model training
| abeled training dat a, making the proposed

modahdoiadvi ng expensi ve dianduccead |ercrtarosn. amhf
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function i s conE@rtadlkcd elds dora s<=mdb woEng nt ahtei © h g

which is an implicit numeri cal i ntegration
stability from a (Mdhédemmbeddl ngrohcipl ¢.i al
conditions is carefully designed into the f

of SDirodel rigidly meet the constraints, wl
error on tNememnincalr aomt somes demonstrate t
framework in terms of mat hemati cal rationa
compamwveadc Ptl ¢80l ver s.

The r esttuady drhgani z8dc tasonnf 2 heswsafhe prob
structural dynramibce irdeastpaoinlsse o ff rtahnee worrokp oasreed
d e monsiniSadteidonnSe 8t 4 phre ef fecti veness and ad\
proposed SDL framewor k mume reiacsdstbcitébdo nt hr o u
summari zes the aooemselausihomrssul ts and
3.Probl em statement

Consi ddehegad# e eesdomuctur al syasnemxsebpatt
dynami cOof Dheiebr aftiheenr uct ur al stshgotveem nfi mlgl o w
equati on.

D60 0660 0060 "Qo "00 (31)
HerMei s Qdhiemensi onal s yGd tse h hmea sy smheetarnidxa mpi ng
Ki s stth énfanteréisd ar esy ek mp | geelmerntd yaccel er at i

vecitroesspec®iveby.a nonl i neragp rieesapmytn |uisnueaal rl y
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restoring force or nonl spsdemgbhmpamegnt whi c
vel ot iOby s the external force acting on the

The gener al task of dynamic response pr
calcul ate the s aduurmder esproinceOOdynami c
The structur al syst eme geamdyrb et He nexirs toen cneo |
nonl i ne@ iter B) This studyf o rswdrriodni teend otf o
the structuyedlo sgdwemntihng equatiimen diomat e
mainly by pmasiyezahgdymami cs forwaydtemder t
par ameéliédarnsd are detrhtms neeltdadgntire domain is
while considering mainly thaeateirmeaymad ism phys.]
di scretized i nt ot insep ddapemmd istni dries csrteetpisz eadndi nt «
degrees of freedom.
3.Met hodol ogy

I n this sec<mhifom mea mplaygdhioaoe | eaRGNMg fram
i s proposed for | earning t he governing e
spati otempor al domai n. PrCeNvNi omssalreg®t urbirees h
convenient and efficient ¢(RG@NNY ulolly icnogn nte cn
dependent di f{Querti.alThe arkiénmresr y goal of t
t provheat the proposed model outperforms tra
to offer new perspectives and alternatives

ti me efficiency wiThke dnas healalt e calcceoacep
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architectur e, and i mpl ementacdii vend suset laii $ s o
section.
3. xrhiNkcol sonf smdhiteimen ocequati on

The CNiacnnkihstoimesd a finite difference method
rul e, commonly wused to numerically solve t
equa(iFoes & Singh, 20214t L9 ud &s Ha@pd 2012122 ) m
i n ti mapraonvde n -sttoabde , A whi ch can overcome t|
stiffness antdi medapst( Nuoek!l drn adgr 2019y dinar
di fferential equation

—  "Qdy (32)

The GNiacndkkl son method can discretize this
recursively solve the equation from the ini
o 6o LoQohd Qo 33)

Here, the r@3ghst chdipdmeodmfntEoqvhi ch shows that t
Ni comebhaod i mvhleirsey sat em of al gebraic equatio
obtain the mexetavlal| ueme step. |l f the ordin
nonlinear, the discsemdrleidneadrg.ebrai c equat|
To appl y-Nt b el €0 an kntohteemgen a toi (3t)eosfyasE ge m
st atiegi defi needohmsint he st at &h shpoacciegm at i on
can be written-oirdetrhadiffdremenft ialf ierqutat i on

@ 0°3) 6°02700 Q&4 "QuM00 FQd (34)
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whene, “”0 ,.Hoéandz i "MQis a frerfetrirdmg to t
entirtenrmayht ch &@FDE mhsiosi ng t-Nec €F s ok
met hmd (B3], .BBdran be discretized as

¢ & Logomfos Aoy Qo R Foo  AQa 35)

Herntehe pr ediscytsisenaitoei st henpl i ci t, which depe
the current ¢ satnridoc,t ubruatl asitesactt eosy githesam d
externddo far ceitmeep The comparison betwee
numeri cal scheme and the .8kxplliloieexptheme s
met hodssuc h afsortveertdd o d eeaxnpdl itchiketu tiReaatnlgeed , t he
Ssystsearmmt ei s predi ¢tasndbouat ng heticmerenéep witl

s mple forward calcul ati on. | NOd hanidmpl i ci
G is also required to Ipréediaditilbaasti mptl urc
met hobderati ve calcul ations axrecoeVeedeupon

t he exact
The details of the
Explicit scheme
Zn Zn+1 Znt2
System At A
state . . . )
External
force . At . At . )
T F, F, Fopo 77
Fiug3&The compari son

v arhaiehli edaar nti migs i asmqiddtpes gptreverde ¢ t

architecture wild/l be de:
Implicit scheme
Zn Zn+1 n+2 ..
System At At
state . )
External
Jorce . At At
" F, Fi Foor

bet wenElmpt hei exptheme
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3. Neamatlwarkhi tett 8Dk
Il n this sectiootnhper bpe s & d a BBt tklufrmee .

t he per sapadtiitfvwey tra8Ddl i s a type of recurrent
i s composedCbN dasedi es af recuamrrcéntt eat ahliet
di agram i s.33howmi ¢m dFémonstrates that the S
of a sreerciuebst eodifbh®. over all i nput of the SDL
syssemtaend t hef cerxdae™Omearlard out put set hessyst
Wo ofi me steps.

Z‘n, =Z Quiput

ZO _'""hc)_\

Input: F= : 17

Fiug3& Neur al framewveckure of t

As showm2itnaeraicgh ti me step, a recurrent
hi ddenQasnfmlaed het satfreuscptaure e hi dferns wedti med as
Q oh whempml| daypedpass the system state in
recurr elnhte bfliorcskt. r e durdrdeni® ssdfadied®i t lh&le ssyst e
st aitaend t he ex©OO aal ithopruftew hi dd@manst at es
out put the predicdidd Isrysitelene surar ethte bl ock

hi ddenQ stfatieghfeor meseraebhei ddemtoget her with t
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externdd ,Dorae t(he riecpiuntee mtutiplue ek wrfr antl
bl ocks are tcheaplsitsreead ei nttiome MidefE e s t he

out put of the entire SDL model

Deep CNN model with parameter: 9 —={W, b}

Input data Conv Layer FC Layers Output data
Size: 4 < d Input size: 4 < d Input size: 1 d Size: 2:<d
Quiput size: 2 % d Quitput size: 1 d
(TR A U, U
I =
| — —p
[}, [, ), [}
1 Jieisieley
a W
= il ~
= P | i \
Figr3d The CNN model in SDL framewor

Il n each rec@NNnede alsl schkod@8nat hz8dgt o updat
t he hiddeea istmute.od OhEOMDdwilt h sa ti. ze of
After normalization by the hyperutoilliicz etdang
to perform conwswohuit ih@diattTadaé rc et lwat ecooonv ol uti o
kernelescoinvoktbation | ayer -dt menm<eidaurcteivot haet ai nt
di mensions. The si zei ©fo,tthset ramooeavdodd unegi on Kk e
one $kevo convolution kernels areresadedo e
tohe structuamdr axmepdthisel ye xtracdafedef eat ur
two convolution keF@HENs madmed rpaidedheydl eil st o a

haeebhi dden | ayersOneacbhhmes omy@me mbamilgi c t angen
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seags as the acti vaaniommnd ifnermat iremrtes emrt avii e
and osuisapdu tRGINMOo d @lr € @t h Then, the outputs -
modelmerageed an Goubpuscir,e whi chhes wdt g dte
whoCNMN model . The trainable parameters of

and biases of the convolutioaalThleaymadednd

hyperparameters include the nuimbred tolie f ul
number of0O ndere®nst he pooling | ayer in the t
ad he pooli m@ghiolptterat ooh t he ¢ @méewyrre eisnfodr m
freedom in the input dat a.

Il n order to make t hrieg bndeteptu tt hoef btohuen dCaNFNy nto
const,réd awtrddde dalp enrgantoifont he boumsdar pecbdbodmedo
on €KNEnodel @utpuFo-bDORmubystems, boundary c¢
usually i mposemthy spetctiifng v adlamrdof for ex
nodes on the fixed baeaemddoy aahedae®ddsuchir

embeddi ng of boundany cfontdihée i NN, modthel oius p

Q 0 20 ® (36)
Her@ i s ptrrleedhctdddont ieatr ecunndnitaBmlod ceka n
mask matrickQ of Fbemater i x whenterfotlhseat i b X
constbhwenth@ngal ues of the zcecanmsdncains e d ap o ®idt

posi tioonnep earraetsort he Hadarharcdh preadiucnts a mat 1
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multiplied corré@spomdivind uel egiid ntiswhef est he
values of t hpeo suinacraemgstomaidn eéeche values of tr
posi ti oancsc carrcei lsgett o t he boundparreyd hccotinddeint i on s

std& ei sorcediddeduwpl e the boundary conditions

3.30%3s function and model training
To train the SDL model , a | oss function
weights and biases in the CNN model . Di f fe

whi chonmealbied £ d doauttap uotf pianiprust t o tr aisn t he mo
an unsupervised mo d el training t hat i nte
i nf ormatiilbpinzedhi s study. -NccoltdongstbembeoCr
equat i q3b),aln skq foudn @thikemc ublr@ecsk conags ructed
aci i A QE (37)
i Qi Q Q 2o HQ RO RQQ Qo RQ ROAQQ (38)
Hereput ®Raetof &thkeecublk eocskombi ned with the in
recublr@ck c onHdeorswsc tf cuénicit By nmi aE mhei ngsi dual
oEg35)an be gradualtlhye drdeedniCcsetdaggnes apphaki mat
the true struct urnahEeDLt e pambreacrulblrtelnkisg it an
be trained together | ike traditional RNN m
gradient expl osi on( Ranbde i groadeiteé matl avg @ m2it0$2W0Nn g ¢
numbadri nesi ntcepases, the compl exoidtey aamd ntgi me

wiadllsiogni fiincartalsye, t hedeefbfyo mmitteile acomyger genc
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Act u,ahldl yfF ossd d idir scr i bhd hiatshadtlqy a nthahgaet t he
|l oss functioneodblitdsekipnrdeevpieonudsent of T®ubseql
take advantage of t hdas,setqueenSDlalf itama warnkg .
trairreicrud r dinlk sequence accaor d$Smaec it foi aalel y,i ne
from thecdrnmrenta bdroacdkibearstedd eopdemti zer , suctk
(Kingma, ei@splldyye dni rmiémi m ¢ ihrlee | aetriffo@onver ges

tohe defriomediol.€ hmelcatrirfwies def i ned as

(39)

Tkeerror tjol esaaceommamiver genice icmplkieci onmett
andviaheaies set  GobaedRi mtzo etl mldthtei2ne04)t ep, th
optimized CNN model pta rsaeneeptee her i ned heoprewv
t heNNmodel , and itdémplogayeadninz ero a i ni Mihi e
inheritance andcetpreai midhtgi npai dxteesmp | Att e d .
each time stép, wihé benvetgped adgdytnhenigr edi
respanse

Tesequenti al training techhaguet ha®tanot
characteristic of the recterdeptenaehlitci tesct L
sequence dat acanlfhb ksl yadwtainltiazgeed i n structur
becatulse s trreuscptounrsaels at adj acent time steps a

Il n the SDL framewor k, rtehceubb@MNeMr kn @ tswiotnk ta fal til
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the optimized CNN modelr eparbd mathegreddhyel n t he
memory mechanitshtNNhiondiegdmii & ioad yit,Zheed me mor y of
previous recurrent block instead of random
the convergence process of the CNN model

The SDL framework relies on iterative ¢tr
t heer ror tolerance, which means that it is i
over explicit numer i ¢ @l wmeettthhoodd sa nsdu cehx palsi ctiht
Kutmet hodHowever, the integration of i mplic
excell ent st aMidaltsygn aschdéme Cihasnnkbeen prove
st abQe & Liambgis 2Dé&éad)paoweernibhsulsvterruyct ur al dyr
pr oblwhmnsghways i nvol vel nstcigfnftr aalg W a toin@ans .e x p
numeri cal met hods gty Dnzexttremkeeégp sthloe t s
conveirmgextti ff equations

Due to the adapNiadollsdry oDdhdrmhe tCat amdsnl i ne
convenient to I mploenewndda mearSDdy mamied sy st e
nonlinear stiffness and damping. Adaptabili
i's @il sbement tahlPel dNNtsa gne t difo d BSeD EH cawreeankosr ok
breaks through several obstacles that hind
response Tphreedfiictstoni si i he specttalneb was k,
mani fested by the phenomenon that the neur

| ofwr equency components ifnr dchwee day ac ampo n gmto
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shortcoming becomes more serious in the s
ssructur al responses often consist of multi
wi de Hawgewheirs, otbstacl|l @& hteBf oa mebvyo nger e dhi ct i ng

the structur al response in thsei nigdmee | do mai n

-

eprekenitnformation of the entire time doma
i al aowlendwn dehRIcNNsoafmewolrnk t he predicti on
response, constraints includingviitmilt ipali oador
information to ensure the uniqueness of th
constraints also brings additional errors
responsh&DIlf Irmme wolryk dinmpadithley isn idttdielad f i r st

recublreak and 0 hoatrhded beomubneddadrilynr gdlEa@ @),ithtei o n s

costr aihntrsd aermebietdhdoeudt residual, thereby el
er rAcmmro.t her tbhhdehaft d® efmbeddi ng of constraints
bal ancing multiple |l oss functions in Pl NNs:s
condi tigowve,rergauradi | oosmtae @ d & dd @ fhirmeidg hf unct i on
antdhelsoess f ansummedshe tot al | oss function.
ressih dvian PlifiNs,s difficult to maintain bal
| oss functions, which is sPiNN®amg ueatr ealol] y
2022; Xiang ¢t ram@W&dhnce the censtrain
embedded, taly® v @ rengsunagt e I&yn d u a | in the | oss f

fundamentally avoids t he instability caus
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functions.

|t i's also noted t,obat noaonmbi ciahg MENNOdRNI
Runggetta method with PIhMNsmoisikn awer dli lncheov a't
Phy CNR. Zhang endlaBTMF a2n0g2yOua )Li ioet paldj c20 2.
t he seismic r es pHomwsetyaepl] esrter uscutpuerrevsi sed | ear
reliesr oaespainse fodrs etr,vagprmd aigrcfadr mati on onl
pl ays an aunxxmplirintghy robestness and generaldi
model . This study does notthSeDh r @ meéowark s h ow
these methods but pr ovmedeishidatn dinesu preatvirseqt
training data to accurately predict the st

3. Al 4ori tcompatpdagf or m

The overall i mplementatisos hpwomnc 8hs Abfgo¥ Dl

Algorithm 3.1. The implementation of SDL framework

Input: Mass matrix0 , stiffness matrix0, damping matrix®, nonlinear function"Qofo
mask matrixd , value matrixc, initital state & , force seriesO6 , number of time step§,
time step sizéQ 0

Parameter: Learning ratetx, error tolerancé , CNN model hyoar®p a

Output: Structural system state seriés

1: Initialize hidden statéQ & , systemstate listo T~ {1 , relative errofi  p8t, randomly
initialize CNN model

2:for Q pto 0 do

3: Calculateo MQpzQOO a2Q0

4: Get external forcéO 00 ,0 00

5. Concatenate CNN model inpgé "Q RO RO
6: while T T do

7 Forward propagatiot 0 0 0w
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8: Predict hidden staté 0 20 @ with boundary conditions

9 Update the CNN moddly theoptimizer with @ Q @1 & ‘Qd "X
10: Update theelative errorf
11:  end while
12:  Predict the structural responge N ,setdQ &
13:  Update™Q "Q , resetrelative errorf  p8t
14: end for
Al l codes airceo mphiilsed tiundyPyt hon 3. 8. The ne

i's based (dPmsRkeoreahmdt.yur e 0dle9ep | eaarrnei ng | i |
runt oWi ndows pl atmfrotrerl MMA0d7e0 | GRWNVA iDd A
GeForce RTX 3080 Ti GPU.
3.Mumerical wvalidation

Il n this section, sever al numer i cal e X a my
effectiveness$ hSahide talcacBuir rasdte,g-oc et enesdyosnt e m
examprnwo hvtiendqgiati on i s calcul atedhSeL demons

me t hTondetnhe SDL met hod ishempéioymdc-sbeppedset

frame structure involving nonlimné& DL sti ffn
met haordeki scussed in this example. ofithe i mpro
recuaremitt ecture is also demonisnngoal edelaer e.

BoueWen hyst egiest icconmbudcdttendtonstrate the applic
nonlinear hysteretic systems. Howt hteo i nte
nonl i neamoldedt er ehechi kSDeln nedttshtoadss @ fex pl ai |

in this &Xxamphpdwyee aa mpdstei Itiozedde monstrate the
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embedding of boundary conditions in the SD
3.4 DDKB% st em

A | i nedaerg-ottveceedom( -PDPBEgemshowmB4i o fFigst
studi ed. The masses of thed t wiQlegr ees of
BQQ The spring ptifdah@nedEhR sonmmiAx. The
damping coebtf impifeaditid affeéxfi o o8UTAK )
The exact respomdhearrardontilci § ogyettaheand éble obt a

decompaometi t{idPehrz & Ki m, 2018)

7 ftt) ~
14 N
A Kk k2 koS
- N

\
Al a M1 c2 M2 3 NC
/ E EE - \
o ~

[~

ANV
Fi gr3etAl i ne are gtodoee eedom system

Accordi.0@, taoEgest di fferential equation
t h2-BsOF sy stuait
G 0" 6°J00 310)
The four edfg’eanrveal awaelsc udtp tp gcd® (@& 58t p @ X
COM MTuvnNo@A My uvno@QAccording to the stiff eq
(Spijker,tbhmagﬁ)—)%s—z 18|l p het differential e

for 2DOBystsmi ff.
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To demonstrateut hprnmsetahbopsttistyyd t @mi@OL a
modiedui Ftasal yze the free vibration of this
external forcddsaft tthi © sayngdt ¢ meim@hmThte al di s
eXxascttructur al doyntaami tcémdo elsyp o eec mep b e dt can
servebasc hdmelr kt iwon h a mBrlidnaenas & le p udouirt @ toino n
of 1s. The Eul er f orovadar mex hkoudiEBRHKIR ut nhgee f
met h(oldser | easriel 8060 0&mMpl oyed to <calcbbate the
compa.The oini me step simet dapi. h eTshee nSubnhe rmocdeell
wi fthi me st afpi asnddearddest ed separately. The h)
the CNN moadse |l pan® mmernr The optimi zenpl Agaem t c
tr ahDL moedeakbhrni mig MtapeThe errjoroftmé er ance
convergenceadrel t Eméd co | iasg ¢didetrsepslud cesmeorft r e s p

ofd are compa35ed in Fig

0.05 ~

0.00 A

Displacement (m)

—0.05 9 — ul-Exact S
——~ Ul-Euler N
—-- UL-ERK

--- U1-SDL-10Hz

~0-107 ___ U1-spLamz

T
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Time (s)

Fiug3d®&Thempari spnedficdibdpl acement2D@FB ponse o
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syswemh SDandodemet hodl

Fi.g5showst h&ecbino deda n oshttasbilne conwetr gbdt Bol uf
™i and®i ti mesistAépected by the error caused
errorredultthepredi ct wdahdyi ttihnee ShOle pmoise Il ar g e
SDL modeahpi ti me step. ThferaresuSblwpmehdelct ed
™itimei 8igpbly consistent Twiet e xtulinéec @ fcad t S
me t hiomdcsl B d If og vaanrdd BfRRK4h ods cannot maintain s
at a tOQmeisTleips case tdheaats aldt o at-Mihceo | Groann k
schetn&Dnet kdhhdbws out st & msdtisnygf tsetmeshi | ity

A forced vofbrahOm nLywsatseearhiyweder to verify
accur abSD lboddien predicting the structur al re
An extermal vim@r@tdcO0 is applii ed mMmake the sysHi
vi brat e f beonne hrneasrtk. sTehkestyisdare m g etshpeotntsee o bt ai
mo d a | decmepbewtt bna m8ignmen dd uae pafpibn The
ti me d¢theeplfeofr waertdhod dmdt lE®de duc m8dp t ©
i mprtohvee setabi bnty. (ThSEDotoidied <atl sm@picfet as
and the ot bé hSelpLa rneonteatite reeses ame as ¢ aeefree v
The compfaredimnsptacemenfd wietshSeDris eno d e | and

numeri calsmewrm o3bs kisg
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25 A 26.5
26.0 4
20 4 25.5
E 25.0
*:E 15 4 245
g 24.0
g
r= 095 096 087 098 093 100
2 10 A
=}
5 4 —— Ul-Exact
——- Ul-Euler
—-= Ul-ERK
04 --- U1-SDL
T T T T T T T T

T
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Time (s)

Fiug3®The compfairs ploamc e memte drioafit ppabnishe SDL

model and numeri cal met hods

Theeswlft sB6gshow that the SDL model suc
di spl acementi, rebBpohssehoWws high consistency

To quantify the errorthneelt @tthe b2nebtmar ki s«

YQda 0ogQu-Q

(311)

A A

According to theheda at elichdaritrvoern t he s plrted i ct
di spl acememnt ortehsepmogdes 0. 005 0 Girde | avthii v ee
ersoft htul feor waetdhod and ERK4 met hod are 1
respectivel y. I n thiss gmaisfei cdrmtel yYSDHi gned rh oa

t & wo eRrpmeonettdlods.
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34. 2 -tiovrey s hear structure

M;=30t
ks = 5MN/m
M,=30t
ki = 5MN/m

M;=361

ks =12MN/m

M, =36t
ks =12MN/m
ki =150MN/m?®
M, =36t

k. =12MN/m
k" =150MN/m?

AR VAN ANV A

Fiug3&A5st ory structat e fsvnreiemsghbsonl i near

The seismic -steepynser ot wrteb f@&mtelsrsgo® nhsne
shown .Bhi sFiagnwi tylhned SDL Theattteadb.ry stiffnesse
masses are ald7soThevedampnngigf the structur e
ratio of 1% for the first and se®aamd natur e
M act on the first and second | ayers. Then
vi bration can be written as

D60 0660 U0VOO ULV MO 006 0O (3112
Herwe,is the cubic otdfsneéede mabuind asedsmic

Thi-st dry structure vibrates undeCernthreo sei s
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(M) showd8 i MhEi gampling frequenéy. of seisn

0.3 4

Acceleration (g)

0 5 10 15 20 25 30
Time (s)

Fiug38 hTe sei smic accel €Een{ Mogn excitatio

The ERK4 met hod witihs aemplen@ey sd® etpdhhef vDODboOa
respans® of the structure as the bFingc.hmar k
39. The tot adurcatepdst st eohhe explicit method
iterative convergence, a small time step i s
Il n this case, the hyperparameters of the &
| ayeasd the numBoarn afheneCaNfNe mmsitedShbeci ficall
20 CNN model schema&8fardese sg§ radwnt oi caTalllaet e
response ofesphpecsTlWwettyiume st eipseotfi@itgione SDL n
An Adam optimizer withbh empbagedng tdtee SOIL
until thefilrceolnhasiroge heer reorrir oaf -#lod Ehancel ati ve
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error of thesptediwniCdNdNl meaeporssdemes to t h
sol ug ioal cul ated as the crmodel obhr af nmodet.
al so recorded to evalwuate the training eff
training time3adare shown in Tabl e
—= UL-ERK ™,
_ —— UZ-ERK ~ ;N
£ 014-- UsERK AR J’\“ AN
% :: Eg:gz ’j\\ \\‘\ ;’3}. \‘\\ \\l‘ ”/ \\‘\\
R o RN S N N RS
;E 0.0 Rt .)i\:\%\%f WA . \‘::;;a{f
0 \ W ‘\.1{’ \\:,7
© o1 . O
0] 1 2 jli 4 5
== WI1-ERK
== W2-ERK
14 —- V3-ERK
w —— V4-ERK - - ~
E —— V5.ERK ﬁi:’\:‘ ~ ~ ‘\o;\‘\\\ B ;.;;\*v: , "V‘;
R R e VAN AW R N N AN WL
% - ;,/}?« \’{ \:g;t ‘\‘\ ’y
s N/ A N
-1 ~ \\lf
0] I1 2 3 :I 5
Time (s)
Fiug @ e benchmarfkstenioes ot ¢ o h &5ssp orrsye safruct ur

Tab3le Thbmpariresbat oV e ab)@2d ecompu{ BO)fi on

(a)

(b)

di fferents CiINdNmen®» d e |
H\L 1 2 4 8 Avg
10 4.36% 4.41% 4.24% 4.37% 4.35%
20 4.29% 4.24% 4.10% 4.49% 4.28%
40 4.19% 4.24% 4.23% 4.33% 4.25%
80 4.27% 4.48% 4.10% 4.11% 4.24%
100 4.34% 4.35% 4.22% 4.16% 4.27%
Avg 4.29% 4.34% 4.18% 4.29%
H\L 1 2 4 8 Avg
10 338.51 299.91 389.22 633.46 415.27
20 270.30 283.81 411.03 682.79 411.98
40 279.84 345.71 397.29 648.81 417.91
80 247.14 300.23 383.58 618.81 387.44
100 268.27 312.13 374.83 603.89 389.78
Avg 280.81 308.36 391.19 637.55
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Unigecond

TheesulTtadb3le(na) s htohwe tShDalt ebNeNs c o€ me s
accuratest@gepsedsmic response of the struct
error9%ofand. 4he k0hatkt beat sotf oddtaetchuedcy of t h
predictiwnrmdhrfdgseuletnss CNNhhrgpesipagmiaimec amnts di f
This means that the accuracy of twietlipredi ct

error tolassrarhee convergence criterion i s no

C:

an®settingssofThealrcaud walttid3ig bthidme atse tihdealt e

=}

umber of fulllyi comemaesee,d tl me etrrsaiadismg t i me

ncrssageai fBetant bgsing the widt@hasd ntde hi

(7))

ignificant ienfpfaicei @eamc y hiengnotdley 1 mprove t he
solution. Ther efhcer & wi Chidbichiead| |ao whde tihtatethre s et t i r
SDL met hod

HertehRRI NNs met h o d( Rpariospso s eedta i aslo. ,e npd loYy)ed t
pretdhet structur al responsa fPdaNNSNHNiptalr i s on.

wo | mpuitesmpl awedpredict the didswpdfactement r

—+

struct uories. ttheer ¢ i me domain oft wih®i £ qulae¢i on,

=)

umber of the systemansgoegr Efehsemo dri dadfeed o m

ageof the neur al net work model Ois 4010.t o ¢
Theyplerbolic tamgenhaisz ttdmect a otni iasti on functi

net wor k. Using the .Bd2e¢rtnhen gl ocesqgsu aft u ot iodfn E

68



constructed as

0€i i 0Ei O0¢&i (313)

wher e

0éEi —B o o 6 T —B 6 o 6 T (314)
and

0Ei —B 06 86 0o 0 D 0o (315)
Hereg iis Itohses f umfkiéniiotni adf constrai at thendi't
numbesranopfl i nghwpoa mpadsre dt he i niti aslt raacrdirtail on
system,w wépened and are the initial di spl ac

vel oci syraoatesapedtoiswelfyl.ocitde®mitmedcdonstrain t
satisfaction of the stru6tcuorlallomggdwdrsniamge e
ful $gmpled on all 5 degreesmigf foraldomg w5 (
points. The Adammiompi $ memplrowed ht o minimi ze
0DéEii. The | o8éi fapnpowvieoges 0004 i@mied@ti ons. Tl
structur al di spl ademedt pr eachivg tvéeth @ c S DL e ;0 @ €
and PmhmeNtNlmo® s ho.8h@isn ekiagnpl es abdncbmpaked

soluti ons.
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0.2
0.04 1 = Ul-Benchmark —— U5-Benchmark
£ — — UL-PINNs E g1d— - USPINNs
T 0.024 —- Ul-SDL = — — Us-SDL
c c
g £
5 0.00 1 5 00
[¥] (¥}
o ]
& 70021 & -01
o (=]
—0.04 1
-0.2
0 1 2 3 4 5 0 1 2 3 4 5
Time (s) Time (s)
15
0.4 { — Vv1-Benchmark —— V5-Benchmark
_ — - VI-PINNs 109 —— vspinns
£ 024 == V1-5DL £ 054 —— V5-5DL
E £ -
Z 00 Z 00
8 8
=] 2 _g54
g -02 3
710 -
704 4
-1.5

T T T T T T T T
0 1 2 3 4 5 0 1 2 3 4 5
Time (s) Time (s)

Fiug ¢ 03h.e compftri sommur al di spl adoeamednt s and

predbgtede SDL nsonkdlhoalnd PI NN

Fi.10shows that the results of t he SDL
benchmark soluti on, while the resuwtts of P
error of the predicted displacementsand vel
calcul ated to quantify t hreesawxlcltswmelacy!| atfe dt h
rel abkieve or of the SDL is 4. 34%, whil e tha
indicates that SDL can achieve morndeaccur a
PI NdMet hiond t hiTe campare the fr,éedenciyerdi st
trangsf opremf ormed on theasdrvetsocabnd di spl ace

showm .Fli(g and the frequency di s3lrli bution re
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10 -

—— U5-Benchmark
— = U5-PINNs
— = U5-5DL

—— Ul-Benchmark
— = UIL-PINNs
— = U1-5DL

I
wn
.

Amplitude
-
o
|
Amplitude

=
wn
1
[=I - =] =]
| | 1 | |

T T T T T T T T
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—— V5-Benchmark
= = V5-PINNs
— — V5-5DL

20 —— V1-Benchmark
= = V1-PINNs

— — V1-5DL

—
w
L

Amplitude
Amplitude

T T T T T T T T
0 2 4 6 8 10 0 2 4 6 8 10
Frequency (Hz) Frequency (Hz)

Fiug3d The comparison of frequency distribut

vel ociOt aed pafedi cted by the SDL model anc

Fi.gllshows that even when the dynamic res
frequency Qopmoéihbkat 1 NNs met hod still | os
componefQtesOaqgf and preferentially IQearns fr
O especiall ydo andiThhee pr®d dsiaattceeds sf ul |y sol v
def eceaspeodbirtadsl i n MWWhNN$:r i s reflected in the
consi st ebetncwimah kt @ | ut i on.

I n this case, we also compared the runni
above by recordilmgad tiret arocheurnntionganalmeze t he
of the memory mechanism of the recurrent a
model , an abltahmee omor iy e sne sWwiantdhuscthte d. For c o mp
the most efficient QGHNN(phSapjii schelmids i int Tab

randomly initialized i n eadh dthi enemesmoerpy iofs
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the previous time step. The rest settings
testing, the trainindgneamorey ome cthhaen insomd eils W3
whil e the trt@ahme mogryt immeec hvaintilem is 247. 14 s
memory mechanism in the SDL framework can
by 12. 3% tciompsari son, the rusiniwlgi te meheofe Py
4tchr der -KRRUntgge met hod of t he berschnrarokm mehti hso
we cahaseéhe explicit algorithm that does
training has an incomparable efficiency ad
memory mechanism also has a significant ef:
3. 8BD®O®F systemWent hyBbecesi s

The BMwmc model is one of theempldeygd utse d
describe thystresryestiilebeear| at ent hysteretic d
dynamics whichla inongownemanedi byerenti al equa
sys@Geanld ocity. The hysteret iWendynbamilas equat
DOF system can be expressed as:

06 0O 66 U U 00 316)

Heyte is the stiffness bé¢tBeews mobhelr asntdort ihmec

| atent hysterdetd ci dntelpdh merewmamite hysteretic

th at obeys the following nonlinear differe
(a m which is calcul ated as:
@ 00 THORW o0s W O [O00F/ OS (317)
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M1

Bwi [47] k1 %j cl
M2
BW2 [=] k2 %j c2
M3
BW3 [47] k3 c3 ?jg

ANV AAVLNANANAN

Fiug et 233-B0OByst em whietnh hBsucer esi s

I n thi3DCmget em wiketnh hB/osatse rsehsoiwvsB12i 8 Fi ¢
anal yzed. Tshyes irpaes sdacfpsiQBe ¢8tUQH o3'QQ
Linear isgid&ne@d®ahQ ¢6FahQ offa. The damping
matri xad besdamping raffiiosbf a-dddnfre awo rach e
frequencBoeusenThyseéeresi s mopat am@rer s nst al
CcOoFahd ™A TH TWRE p. I n thisyseasae stchrd bed
asy omh in state spac@16 pAd8cld,y dsi ynsgs & evt €E q

equation can be expressed as

6 o
& o 0 00 06 86 U ; "Qaviios (31 8)
o! 066 19 s AW [0 W s

Heroe i s diff éiant hfer g mswtheasn hshteatreel ati ve vel

BouwWen moddedan be calcul ated as
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4o
o
b=

0 P p B 319)
m TP
O is htylse eretic stiffness matrix, set as
¢u T T
0 CLU CUL T (320)

T cucgu

Thi-DPOB systesimrombrase under the action o
6O pmmE D vi Qg . The ERK4 method with a tio:i
empl o ped o(BU&p Elpeenchmar k ¢ olt@at ic wchwart & toieno n
i Di.

Il n this caseis téampl&dDyphadddet t he dynamic
additional hi dden stateslinnt¢hediSDg mpsieer é

3DOF system, ttoef htihded esny ssttétm el d.&gfié ned as

CNN in the SDL model i ncl udeCNNa moarehweal ut i o
i nput of t he convolduitmeonnsailon dlayemat riisx aa
6 b fQ rQ and the-diometnpsiito@esé . Bhr ee

di menismonkerecutrpwtpect NnFENNKO dwiptuhleiidndteon a

|l ayer of .TI0® oeupowoins of the Blhhee obCRNS af
the CNN) mdadelappr oxi mat edoth eSihn del emo sh @u red a
conditions ,andeadmhadddddr ectt hpgr ealdsgd t &

hi ddenQ s.t althee | oss function of the SDL mode
t o .(BEfankElqg38).( The Adam optimizer wimph oy eldear n

t o mi nelmiszse ftuhnct i on unadanverhgee s etloa tti hvee eerrrr
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s ol

Fiug3d3The mpar i son

PQ 1. Tphreeddcspllace metniSeDireosdelhtds b@fmc hmar k
utions aB¥ shown in Fig
1.5 A
1.0
£
= 05
g
;
3 0.0+
[=}
—— Ul-Benchmark
—0.5 9 —— uz-Benchmark
—— U3-Benchmark
- - Ul-5DL
10— - u2-sbL
U3-5DL
0 i 2 3; 4 5
Time (s)

of t

benchmar k

he

predi crhoedendi spl ace

SO

l uti ons

Fi.gl3shows that the dprsediacteantk nh yarrtedse 03B le
highly consistent wi t h c & lhe urlleattrdtchewr&rokr s ol u
bet weenetdbesptacemearnd rtels@pomesec hmar k sol ut |
The restoring foraudemlycops esi st medehsearB
Fi.§l4d As can be s3dentthreolDEI gnodel al so accur
hyst ¢ oneosfiesstéh BoaWwe n model s

6 { —— Benchmark 61 —— Benchmark 7.5 4 —— Benchmark

——- sDL ——- sDL ——- sDL

44 4 - 5.0 1
5 24 24 2.5 1
E o] o 0.0
uc.’ _25_

—2 4 —24
2s]
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Fiug ddRBe.st oring foroewWemygpsefesi shmedeBs. T
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s ufbi g urreess odroed W1 ( IBaMt Y mi BW3 a(hrdi ght ) .

3. PlAAne truss structure

I n order to verify the effeetmbedai g of t
constraint conditions, the dynamic .respons
3153 analyzed. This truss conslirutss anfe mb® rrso
are consnaoaeeeldi asaX-¥pleaneeatwi tm ¢dmesi st ent
The | etntyedold path and t hsee cctrioosnse8t gy ar €fdh ei snat er i a
density sognti®B awowd the el @sitdid@himedeélk uss i s
constrained ati hhehéekKtastdiideng nhodedlat t he
1in the Y di-dececbndn fTwowoc¥d di splacement s
excitations amakhebhdestsr Gsanibe &triaddeFlfatoor ced
di splacene it SZOEE 20 m™zO0ETz0 ,0 0 T ¥
OEd“ z6 m™zOETz0.The external forces on the un
The ERK4 m&@Dhwidipwitteldi t o cal cul ate the dyne

the trusstheetemnokmarlk 6l uti on. The calcul ati

Fiug e 53lAampe truss structure
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AnSDL modehmstmsucted to calculate the vibr
input of the SDL recur®@ento i ock ainsd tthhee hi
out pudt o8 : I n each r eCcNUNmo € e 1 i o bk ,i n@ L
D AQ AQ (sitzeq einspl opeeodredi cit t(lsdczEWt.put
Then, tWe ioputopcuetssed to integr atEg(36)he bound
Il n this case, ¢tbrediet aomrs 5 tclomese ra@afi nwhi ch a
on nodes 1 and 11, and two are displ acemen
the mappiOnd amatOr iexpeormda rotf o nigdeanld Y )directi o
and of monddéys U5 ,r)e/s €Ti oa@s to fad telinexatoense T h e
el ements of twohapowalod e mmadtersiy x5d iarhedca Vi eo ns e t
according to the forced displacement, and t
theomalei ddewiltddwWeuvur omes Adam optimizer with
0. OCImpilsbped rain the CNN model suotti hetdarr or
tolefanpd 1 . The gimmke tshepSDmMrgngdeandi st he
numberi sefeps is 100.

For compari son, a PI NNs model with O0soft
predict the vibration refgpgbdmMedebfi hhBIl NNs s
dand and the output is tdhe owr érddrcg esd fnroadre
m pi, anids the degree of freedom ofThtehe str
degrees of d&-trlreemmdne oifn tthlee X cdi p, e catnido nt heaer e

degrees of freedom i ncgét h &N N imoeadsethiiodnd eanr € n
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|l ayers with 200 neurons. Thetlgpewvhol oa f

tangent function. |l nmétihios PadN&dls Tthasiess DO
as

0€ i i OEi T 0l i Deil i 0Deii 321)
Herkegi Deéi iDéEi mandéiare | os softfhuen cit niotnisa l cond
boundary conditions, dgow@remgicragneonscongspeaec

whiarhe cal cul ated as
bei 2B o "y o Py 322)
Q

Dei 2B 6" %%gp ° oM %% oM B ¢ (32 3)

U6

Oéi i UﬂB O O%p POy T oM “¥gp 1 oPONgp T (32 4)

o

and

0 & i iisg‘;aé“‘ Wy 00 %y 0ol Wy T (325)
Heresampling points of initial conditions
atdo MmO sampl i ngt ewiumtdary condiathioad® Xdr & s amp
di reatmidom)@de di X & cstainopnl)i ngfdip®sphacsement cons
are s armpoldeel Y5 di rercddddedY di r éctdfporman d
) ofpt ar e etxhaedts pldas £ metmte constraiont condi
coll opa@aitmtos ar ealuh @ mp k é€ddeagorneeeds offh ef rpeaerd o na.l
deri vatiaves cafl culhaaué d masi ag diefcfheri eggrutei aitni otn
Pl NNseamework. I n the time dof@aimstp. tThhee s ampl

Adam opti i z@&npemphdwedrain the PINNs mode
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iter dthieoms spl acement responses of nodes 5,
by the trained SDL model , PI NNs model , and
316.
0.5
U5Y_Benchmark
UBY_Benchmark
0.4 1 U7Y_Benchmark
ST — = USY_PINNs
034 ,,’/"“‘ ~ ~ - U6Y_PINNs
L N N - U7Y_PINNs
_ oy N ~ — - UsY_SDL
£ 027 /y N ™~ U6Y_SDL
= /y N ~
@ Y R e o ~_ — - w¥soL
E ol # e I ~—
u o Ay == ~——
a / \ Ssol T~
a2 oo N\ it S
\\ 7
-0.1 \\ //
—0.2 T
-0.3 T T T T T T T T T
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Time (s)
Fiug3d €€ ompar i sYdoi sopfl acheements of nodes 5, 6,
SDL model and the b&Ph NINmamloded | wti it din t he
Fi.ggléshows that benefiting from 6édhardd cor
accurately expresses the displacement cons:
to successfully satisfy these two constrai.l

t hdei spl acement

responde@ efr r8we8d% f 6Tdwa trhe aas o ne

ni

the failure of PIMNING iipd et Haosshsonw rau ligatit .a foi ng f
Fi3lL7 shows thhe opt PmMmNANer poépbéEtames mi
0¢i,i whilies not significantly reduced.
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—— LOSSpinns
0.4
—— Loss;
—— lossp
—— Llossy

Loss,
0.3 !

Loss
(=]
%]

0.1 1

s, a . -
0.0 4t et s ity
tl) 20600 40600 60600 80600 1DObOD
fteration
Fiug e&7Go.nvergence process of multiple 1| o
3.Bummar y
Il n thisnowvteddyr, r@ant convolutional neur al

t hset ructur al dynami ps opbesedet o( pDledi ct t he
' inear/ nonl i nea/A erct raureathuirtaelc t suyr £t ecnosn.s i st i n¢
recurrent blocks containing convolutional

predict the unknown strucwiutrtad gyestpeomsst atte

external foriacaep | @negpMikcso.l sDme formmoti d¢mhe sy
equoantsi i s i ncorporated into the SbDal sfoo amewo
provides excellent stiff equation stabilit
boundary <conditions is adopted to ensure
el iminate the resiSkwelr adr rnaurmse rad fc ad o rextarmgil re
to demonstrate the accuracy and stability

anal ys-DOFosyatem, the SDL framework shows b
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system involving stiff equations, compared
t he Eul er forward met Kaud t andnet hed.expPphecia
comparison bet weent hSaDef rPal nNeNwso rikeatr mo e damadit o
DOF system involving nonlinear stiffness.

SDL over the PI NNs me tbhiodds aawbda cakd dorfe sPsl NtNmse s
integrate other hidden states of the struc
into thewd®Dlk firsaml so demons-DOBRtsdsi emawi el
Bowen hysteresis. Finally, the benefits of
are also verified in an example of a plane
demonstrate the excellent ablidialyt eorfn atthiev e

simulate vibration responses of the struct:
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Chapter 4 PI-MP framework for force localization and

structural response reconstru ction

4 IIntroducti on

Accurate knowledge of the dynamic forces

for structur al vi bratioatpueducéal oheabthum
General ly, for a structur al system, predi
structur al system parameters and external

Many mature methods have fheevmrespallbil £ med

can accurately calculate the structur al

projects, It is often difficult to direct

vi brating structur e. Al t heeng hdadelaoged,

installing them on the structure or in

the properties of the system and the acti

to estimating these fadr creess piosn steo ammeda st uhreen

forces using compwlpiadintsalt omatnhddmsportant

known as force reconstructi on.

Il n recent year s, various met pooposed

which can be broadly ddin e&cdtde d aeligoudl I@arttikhoane € o

met haonddt opabi | i § Saacmetk h&dB.e nTalreo ydai, r €dtl 4cal ¢

met hod establishes a mat hemati cal or phys
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response and the external forces, then dir
mapping and the meadguwrrecd xatmpu et, urdaaic qrueed p on
(Jacquelin &sHawmekiafi cluR Q@ ) t heabaxt erynal f
establishing a relationship between the fo
measuri ngditmeen stilomaé strain of the bar. Ot

have al so been d&wueé¢leo p(ddaavmeert .BAHn. d, @ulldi9r7g ct

calcul ation methods are computatitmal |y ef
me as wroiimsge, which i svouhaveidalldhte oinndraeal due
or environment al influences.

To address the sensitivity to noi se i n

regul ari zation approaches have been devel o
mat hemati cal or physical const(rQaiamnt sett oal s uy
2020; Wang.Tehte aro.s,t 20 1d%)l y used regul ari zat
are the truncated singu(lSahi vetl ueael .d,e cO0Ppd;s i’
and the Tikhonlovi rWaguwl aemie tahl.id,o m2a0s2e0d)m o n

penalty. (FRenietsemplcey201an i mproved Ti khon
met hod to identify dynamic foealms bPet Wean
et al .ccombdhe)d the transmissphbeceéi dgmaiomcwp
Ti khonov regul arization to find(C€Chenu&know
Chan, p2@0pdsed a truncated generalized sing

met taowd obt ain a mor e -psotsaebd ep rsoobl luetm oinn tloo atdh ei
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making the results | ess sensitive to noise

Among the probabilistic methods, t he mo
met hod, which assumes that the external f
Gaussian distribution, obhnhtdheamseas tBaryiesn amr o |
di stribution ofsithhge erxetsepronnasle foobrsceer vat i on
relationship between the structural respon:
on Bayesian methods to rétcon&tiLgEedafaBges
al . ,, 29€@ en et. aAno,t h2er2 )l assi ct hkealomabi | i st
filter, which wuses the <current structur al
structural state estimate to calcul ate the
t he Kal manThgan, based on the current stat
unknown input force at the current mo me nt
i mprovements of Kal man Niluweet , ,hloho edGhEelr
al ., ,(2M1i2)et ,algPktex2)n. eForl a, mabO22rompr e
review of force recongtSmamcthiean &mé&8emad Dy at, h
(Beltran Cpar bafjudret, he&r0l1®Ri)scussi ons

Wi t h t he rapi d advancement s i n machi ne
techniques have been explored for reconstr
studies have demonstrated (heupetemtii al 20R
Wang et ,alg.r,apzh0 2n0e)uC.al Huneaen gvoernkdsesh o-tetr th0 2 3 )

memo(Penkena enetanmr,kits2R0O)ng the inverse g
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reconstruct-doinmadhhierse algga maicihgs have shown
resul ts, hi ghlighting the broad applicabil
Reclemit a class of novel machi nei dfemarmedcdag f
machi ne (IKmearmniamdgp ki ©rast galned286Raghni ficant

diverse scientific and engineering discip
i nformati on, bygpfatreen ad e sdcirfifbeerde ntdiiad!If eegeuat iad
equations, with power ful dheiegph|lnegahvaneldad | a&r c |
application prospects. Promi nent exampl es
me ¢ h a(nShcasr ma et hela.t, ¢20a213))c Wapng, Wanagndet al
mat edeisa(lgZnheng et @ahe, k2922apdygvantage of Pl ML

effectively combine data and pmhysil ¢ aleamode

parti al LLor ififgpe meidonal . Malrkc®menst PdtMed hatsr
adaptabilitfpysied golowil egnsi laiInd i nverse probl
da¢&ao et al., 2022; Raissi et al., 2019)

I n ®wBhiyusywe prmplpysiadsar me d Mar«k(BiMP par amet i
framewor k t o srtaaucataitrablboddyet het eghWat komyg t he
par ameft erhe structur al vi braghysiingsovmedi ng
neur al Pé NNer kishe( st at e ismpatcht Srpaensa Wa rcka,l |
deep neur al nert evd inulzrt kinse whhuefrbnsazlft me st ructur e
Thetnmhe governing equatiamesmpd fooyos td aircit we at h e

rel at iben sveiem t he bsartrucsamals p hresfeex,t esnal
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represaematrkdvbysah@metabcul at edsavraenk e\gr pa eame
i nto the nmeoudee®Ir iprheytswocrak tioo fgd Breoadteilorm r ai ni ng
With théoexmradinatled by mbhecerddau Kkalv mpsatr wore k er
theoredictedespsemarebrealcal cul ated ahdss$ hen u
functi on by calculating the resisdAals fro
regul ari zation tesonf Ipaeadd ocreadit e aeéededat o vi
| oss f umncptrioovne tsool uti on s moodwerefsist tamdy. a
mi ni miealionsgs tfhuncti on, the gofe-MPIct eddstouobte!l
consistent wi tsipodredhmeezounrs e d U eflecerad @ 8
appr bhterhue sWiattlihe r econstfrargcdcdasheextesproalses
enti r e csatnr uacltsuor ebe d ec candsdtirtucotned f or t he ce
| ocaitailasmk ndywng onsandenrdrony t he f omater mappi ng
t he flumsdandbersiinggh speci al opt itmi zma tniiaom zeael g drei
funct hfeonl,coe aotni otnh e csatnr uacltsuor ebe di scovered.
Thest osft utdlyi edamaisz fol |l owthie IbracBgcbuad
knowl etdhgee porfo p oisse di mtertchdowdtc edSbct edbhy3, our
MP framedwsrchkhk nbdeét ai $4. alnnd e ctweonval-i date tF
MP f r amevharrekeme r i c a la rcxapseersi naemndt sagd e cctaiswed lyy .

some conclusions ar@ summari zed in Section
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42 Background
42 .1 Motion equations for structur al
For a | fimevarr,i atnitmestructur al system subj
equation of motion can be written as
0 w 0w UV w 00 41)
wherned, anare the mass, damping, and stiffn
mat Oi® the mapping mat rwhkiicfdo ra tdbi@odesxdadr n al
matricdi angomal dwietnheonuts eoxit eQvintah éxtreremsal ofr o
Ww anrdepresent the system's acceleration,
respectivel®r epgrhes evnetcst orhe exter nal forces

systBgmdef hei sgate vectorasf dbhénsthecstmale

spacdg4l)ckagn. be rewritten as

® L'®d 600 42)
wh e’r (¢ L .‘O.,,éz Nk .Threesponse @bsasefation
O 0 0 0 0
W YZo YzZo Yz (43)
wh e rYehY iY ar e diBagpd mampi ng onfadccélcersati on, vel
and di s polbasceersyeanttiesmpecti vel y. Each of t hese

el emeiht(sobserved) or 0 41n)o,t(48pgbasne rbvee de)x.p r Lessishe
as
W Yo 000 44)

wherY Y YO ORY YO é& and® YO Accorditrhgg t o
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exponential MmBa#@arndhtcaomorihbe henxpressed as
(A ow 0 00 (45)
® YO 000" "Q phgfE h (46)
wherbe AgB*Qand 0° © O .Her®,s the time step |
Ois the numbeFroldfoEwid4dhpenEqt4é)flfse sit att et i me
st ®@pan be aalcul at ed
® B 6600 O O hQ phchE M 47)
Then the ©obhsetviks snhep
w B 000 YO ®hQ phhE A) (48)
wher@, Oan® Yo 0 . FDeareeal | ed Mar lsovwhpiacha met
repr essetnrtu ctelresepahse of t he exttdarmeals FHfegprscae at
|l inear systemsamMelri jauve marrda meetparesent t he i n

of the system in respm8irtaen the extpearersale df d rne

matrix form as

O O m E m j Om Yo
0 2% ETE %a e
w0 O 0 E O 0 "O0 YO
Eq49can also be simplified as
w 00 0w 410)
wherCeand are the corresponding Toeplitz and

42 . Fprce and response reconstruction

When the external forces on tappsgathkm al

8 8



iso reconstruct the external forces by meas
| f we know téhef inhéi ayssémtand obdain som

accordi AdyyOthepoEg,t hEallxy eramalbhektboseémesdt r uct

by

O O ® 0w 411)
Her ©,i s ptsheetl ho @f@.dhi s approach,-khowavet ]| 1is
posed problem due to |Iimitations in the nu

presence of noise (aMad madasadr.e me2n0tl Oer rHo.r sP.
Anot her way to reconstruct the unknown ext
ordinary (©hE¢t m@gdiar es
4 QEOO 0O OF (412)
After obtaining the predalcsedipedioer nal f
reconstruct t he unobsldhmrvwaldgh Bghectobrsaelr vees
structurabamaesphrsendadserved, cohruddchgr alo Egq

(41D the derivat benheeamafairoenslhiispt ed as

®w OO0 0w

d 00 b W (413)

Wi tthhe ext e®©nradc ofnosrtcreuc (4é¢ @ ftrhem ubbdk.nown st r i
resporcsar &eo nesdt rausc t

@ ‘00 0 ® 414)
42 . 3 Ti khonov regularizati on

Regul ar i @wantmoon yi sasa&d techni quteo i exn oprtd mi

89



smoothness and comyeadgalidmcdi oh a.b olbno htshben asitnut d
off orrceeconsgtnrouséei om the measured data may .
accuracy of the externadlgAmreehmiecwensdct alulc
Ti khonov reGothenkzaci oe220hpplied to keep tF
and reduce the . inTHaehnoeceof remoarssetructi o
regul af Mzatetonasl .c,al2c0ullCa)t ed as

GO0 o0 we | A0 A 415)

Herlei, s the regul awhizcah i @an tpraadlasnettlreeg bal ar
goodnefsist mfdst he regul ari zation term. The ¢
opti malparndmmetseftchueg vie (mkdthroslt on & .GuBy aj ani
setvangowd aed empl oyi ngs alievged p5)( i mi zseerr ites 0
valpuaei dAD0O 00O O haté MO £ fodi fflevabud s
obt afmThneesda lpuaed r s ptabnddmnt o-shapéed curve. On o
of thitshmethwed, can fit the observed data we
smoot h, potentially indicathiamgtbeermsfoil tutt ii a
smoother, but the fitThteo otphtei nogbissevraviepde cdealt lay
chosen as the value corr-espoedi wheottd the

bet ween data fit and solution smoothness i

42 . 4 Phwésocmed neur al net wor ks
Physindsor med neur al net wor ks -ianrfeor ame gopu
machine | earning methods that aim to incor g
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net wor k( Rmidedis et Tlhéeé . kepOil®g¢a behind PI NNs
net wobdnd t hat can approxddamadbe 8Bhenasbbemat bao

goveremiurag i on.

006 oD h— Qad (416)
wheiOe s a mat hemati cal 0 p e+atwohri ccho nctarno | bl ee da
or nonlinear parti al di fferenti al operator

Pl MModfefr t he f or waprrde dpitrdedi laegh, ueichioed.i,v e n
some comstmomaiamt 4 0ss funphirde fdmaes consi sts
Deii 0&iivei i 417)
wheriegé¢iiis the | oss function that penalizes
out put from satisfyasng the governing equat
DéEii—B 06w h— QO (41 8)
Her®, s the number ofandomlml ogc staimpd emoiimt & he
governi nghequsatcioadd.of e Em7een(f orces the neur al
out put ttloe sdddinssftaedai nt s
0éii—B Mo o6 o £ (419)
wheré& i s the numbeamppfoeidna nsd conml ytohéMciobsstrai n
the exact valedeacmogndvtaBna ilmyt rsti.hmd z i nigé itithe t ot al
using an optdmopidzdr ,c atnhd eRIrfMNt o appr oxi mat e
governing equation while satisfying the gi"

Fotrhe inverse problem, where the—goal i S
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i n gtohvee remiurag i on t hr oug® wdo me Ph e deedarnt i on s
treat the unkyaswrn rmdrmarbdteervsaari abl es that a
alongside the neural Thettwotr &kl wleo ghtfsurmantdi dn
problem is defined as
Deii 0&ii0eid 420)
Herie¢iiis calbofuwlldtoenddh @) Etgo €dnf orce the neur a
to satisfy the d4pg®yver Mhag additptedbnoanlli (zteesr ni h e
deviation between theoomhuamd nhkeé¢ wobskepvedi:
O wh by
béeii —B Mmoo 6w & (421)

wheré i s the numbepo it By smeirnviamii z0ignigi t he t ot
using an optsmmidzeér catnhé eRIrMNt o apaboxi mat e
and the unknewn phe ageverfsiBQ® ) eqUhtei o mpl an-
mat hemati cal constrai-nto awi prloagcuhi diet st heex apca
best fits téoh@hhobservations
43 Met hodol ogy

Consider anihiameamttisme Rdegr abss.glfs@ eme &d 0|
relationship between the system's dynamic
expressed using ddhee cMa rbl€idwW | pMlerEagnred peas e a n
neur al net work fr-améwomkdcdMblis§¢ PMPD)p ptslratet er

combines the strengths o$t oPIrNeNso nasntdr utchte thhaer
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force and the system resMPnses. shiwledhnov err &li Ig

L Matrix  Automatic
Deep neural networks Filter  differentiation Loss Function
e \ oy PRI S S A o— — =

Total loss function
Loss,, = Lossyp+ a - Loss,, + 3 - Loss;

Loss function of Markov parameters
| Lossyp = Hy Fyrea+ An Xo = Yull 3

Loss function of regularization

2 2
Loss,., = ” a—gl’;&"

Loss function of L matrix
Loss, =Ll

Optimizer QJ

Fi g4lr eThe overal |l phfyrsamé&swo mledoMatrshev par am

| s

T Update w, b

As shown on t hdd | af td exipd en eafr aFi gn.et wor k
predict t heQaexttienrgn aln faorlcwed d direee @ti addef f r e e d o
I n thestiepttlee i pgedi ciQed erbeashammeegraogi ng
mat Odefi ned4li)n tBqgq.obt ain theOfickti @ge dne xthe
Ssystem. Thtea nmatedeiexe t hiiefn e d h kb o ¢ @ tr kcreo)wonr s
undeter mi ned, in which case it can be disc
Ne xtth,eMMPP | f r a nreempasiwkyt omati c di fferentiation o
moded cal cul at e "Owhiet hd erreisvpaetcotv étios ftdheer i ivrag u tv
information wil|l be used ntew pdadnmd tzrau d to nt ksd el

Theot aks functMPord rafmetwloe kPIconsi sts of th
part is the IMas&oiumatraemlet @effatbd as the me.
of theof eBEDQ@uaby

DeEi i OO0 0w ® 4272
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whefCe i s the external force modeadiigt i sd by t |
t hmeasstedctur.8ly cohdapgnng t WeY aetftiimgs of
Eq 43)(, we ca2atdapdi fEfger ent structur al re
vel ga&and yaccel er at iToon)p rnreevaesnur et nneeo trisal worma | net
overfitting the noise in the measured dat a
seconder deOiwvyadathi ve s@fé st | thdardoidme e d

0€i i —_— 42 3B

When Otmlae ri x i s nio,te .tdreea efpdmi wea daroen k poivnt s

foll owing the assumption that only a few d
forces, an additional term is addedd t o t he
matrix, as defined in

0ET i AA 42

Finally, the totavP Ifasasnefwonm &t ii sn tdfe twhea ghlt
threead er ms
0éi i "'0"0 00 O | O—— [ OfAE (425

wherenidare the weights of t hlemarterguxl ammrarzm,t i
respedtciovnetiryol s the balance between the goo
predfot,edwshi ch can be -cduertveer nment ehdo db yd etshcer ilb e c
42 . 83controls themaparn xijtsywhaofcbt e 01 accordi
t esst

When Otmlae ri x i s detiaarl mi@mocediest e fdmietd val u
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t hfiisx e dt esrarh uien t h,@ hleo € ® r fr @ 15 ¢ toiinsa m snejth @aesi goh.t

a gr adi ebnats edde socpetnitmi Z &Kri nsggumah &a BravpEadnd 1 4 )

mi ni mihzeltoostsal fOuénicit,i csno t hastoft Heh eo intepuutal ne.
modean appt beexiagcatt er nal force.Omdowewer,s whe
det er mhoepetdipmalbdfé éni i becomes mor.euRhabl ehgin
s parasnitdhye di s c ¢ mdeii aagio rt ail hchbeanlau & § x it is dif
directly use -baasgerda doipenimidiegesnd e efTo address t

pr obhil emeMRPIfr ameweeka greedy algorithm comb

optimizer, as oddt | itmoedniinn mAlzgo rtliktéhim ot al | o
After training the model usvMiPn g rtamiesvoo gt icmil
accur ately | octaheex t €f hoaracpporsai dt decath etohhe®l f or c e

from the nmadalThneestewoprrkedi cted forces can t

all unknown structur ad4l@responses by foll ow

Al gord4ltGhmedy al gorithm with Aldéaim o
1. I nbasakhi zero matri x
2. Repeat
Use Adam t@é imi,nirmeiczoer d t he O®,mi hi mum
Seto N QOO WRai Q
For each inacti viati eiddmalti raigém n(ai . e.l ,e me
Acti v abtye sedt tpngsul ting in matr
Use Adam t®¢ imii,nirneicroe tdo itame&l mi n i
D& i
| fa QD i i D€ i:
Updatmatri x hat ekt nrdg QaiE( i
Seton Qo YNRS6Q
3. Unint‘Qado WHai Q
4. Ret Wrmatfrii xal

Il n dahbheRIBIP fr ameworde s cavietbeh aperdoac elsscat e t he
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positions of external forces, reconstruct

reconstuanobs darhwed structur al responses us
observations. However, there i sAsb#®ilzle a ch:
of Ttoheep | i tdze frmiamer(E i ncreases | inearly with t

steps and the degreeobfii®emgmedempohsehebser:
structures with | arge degreewi odnsfunme daoo m,
significant amount of covnp @tde rcceomepiuerayt iroers o
ef fi cTioermdy.r e sish it éMPsIfiragweavmpkoy a moving wi
t echnioepwdo mpose the entire l ong ti me seri
Speci ficatldrym gthreud¢ totmagail s rckiswiothesce idmmt o wi nd
or thousands of timezevepbkabldepeampugenopnmedt
a certain overlap between adjaceMP wi ndo\
framewompkl dysed econstruct the corresponding
responses. Finally, the external forces an
together to obtain theThiesumosi morwitheéownt e
avoids the need to coxmpat eondhe, ewhiclke Helkp:!
computer memory resources awRl frmaa mmetwaoirnk .t h e
44Numerc asd

To asdesaccuracy and capMbiflndmewo rok, tthte
numeri cal exampl es arWefprceeshesn tddeerg-oaedt hi s

freedom system and compaPe ftrlaeaegpae rnksotr mamec €
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ordinary | east squares 4B8et2hodan(ddetsice | e & F
regul arization met A2d3 ) .deBlte i bmpacdctn Gfectt a ©
number amdf psessrucboar al response measur emen
l evel in the response data,al smvedti gatceod.:
Addi ti ocabkekiylall s®i satesr howl y il bemithidon t he f
itgenkndwe. seaommwdol ves reconstructing the ex
resmpses of a cantil ever bpatmhiéadé& hHhousyg me
system;MPt fag afhMewor k is wused tdodaadmobwner t h
reconstruct thetexcéeésepahskesreosmamdr sy mea
all three numerical eapgdwitti metnws ,hiadhemnrlady a
neurons and a sinkuilectt appto®nmatuect henunkn
f or,cersespeclthieveldyam optimizer with a | earnirt

mini mize the total |l oss function.
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44 4AAdegioodfaeedom system

.

TLTLL AL T LA STLLTLLAT TS LA A
Fi ga24elegof e eedom system

Consi ddeerg-naft ede edom syst emd2as Tshheo wma sisn oHi ge
degree of freedom and st hper essteinftféntiees sf iogfu rteh.e
damping of ¢dt® stumBcit umdempgls. The system vib

under the eaxt e cdmalenfschrooved3i nU&Figg the Newn

met hod with a st,i nmehestsetpr uocft uOr.a0l0 1Ir esponse i S

of 1 s, which servios saismulhaet e boshkes evravt a toino nd ad

noi se |l evels, Gaussian noise is added to t|
W w zp —-z0 ¢ha 426)

whewe,i s the noi sw bDbseheedadetnlatheedr #at a
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met lamalj s the noise |evélMriangangafdom ©®urhb
matri x @&k gehragpreat ed using a st.édedé@&isd Gauss
the | ength of atihse tibhnep usty sdtaet naa dieagntde e of fr ee
Letfiusst consi dthe fphéntaoé Whece applica
oO=di ag (0, 0, 0, 1) . The calcul ated accel e
observation data, with 1m0 86iessep elddtsiieviaest ol e 0L%,
curve test, t he wei ghits oé$pert,htande gtuhearweiagh
t hematri xf inor set to 0.01. The Adam optimiz
iterations to mini iine et hdhet athgpud 0 adsag mé hrac
steps and 4 degrees of freedom, the entire
the calkEoal atompari son, the ordinanyEfbeast
41pand the Tikhonov dressgulnab(@dbarne oal snetap@l |
tpredict the. ulhlkerxowei glotr cef the regul ari za
regul ari zati ojmn.Mmattho@cionssetwct @ d tehxrteeer n a l

met hods ared4dBiwoOmwedndnybihgpaierspecti vely
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154

10 - —- Tikhonov
-~ PI-MP

Force (N)
=

Time (s)

Exact
— 0lS
- —- Tikhonov
— = PI-MP

Force (N)

0.0 0.2 0.4 0.6 0.8 1.0
Time (s)

Fi g4 eReconet redocrteogeiso p no iOst bd t, t o mno i 1s0e%

input)

Fi.§3s hotwlsat when the-firmgpyt adadt a hir® en onieg & o
accurately reconstruct the unknown externa
in the i n(pLuthetdrmdad ,andcheTi khonov regul ari zat.
the noi se MPwhmelteh otdh ec aml e f fneocibsvee e f Yd siup@r e
guantify the accuracy of the giess uclatlsc,ultahtee o
by foll A®i7hgeEgel 4ti ve L2 erwioirhspuotdfdiahe t h

di ffer epveerhamisslkeowdhl. i n Tabl e

B
YQa o OQUL-Q

42y

Tabdle Rel atisien bkZ2ceomrsdm ucted external
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Noi se | evel

Met hod 0 % 1 % 5 % 10 %
oL S 11.14 11.12 21. 78 51. 77
Ti khonov re 9.08¢ 9.3517.93 31. 24
PIMP 3.50 4.39¢« 7.41C 9. 10¢
The resuld4tls showTdhlae as the noise | evel
external forces reconstructed by MPFPe three

met tkochsi stently achieves more aclcnuroatdeerr e s
to compare the computational efficiency of
of the pMPR pwoeteldod®land benchmar k methods i nc
Ti khonov regul arization met hod-MRasert doadr dec
took 83.69 seconds to complete 20,000 itere
regul arization method took 104.64 seconds
iteratioaelsy.relspec¢tteirwms of coMPp uhas i anasll i gh
advantage over the OLS method and Tikhonov

To further analyze the impact of the numl
on the accumPaanetdfodt, he 5PIdi fferent measur em
up, | asitred T4l eThe input data for-f rteheese s
measurement of the acceleration at the posi

Tabd2e Rel ati ve L2 error of external force r

point schemes

Measuren Rel ati:’ Measuren Rel ati’
locati o error locati o error
1 79. 573 2, 4 0. 2606¢
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2 33.770 3, 4 0. 236¢
3 3.085¢ 1,2, 3 3.619¢
4 0. 250¢ 1,2, 4 0.239¢
1,2 37.8009 1, 3, 4 0.279¢
1,3 3.257¢ 2,3, 4 0.226°¢
1, 4 0. 276¢ 1,2, 3, 0.245¢
2, 3 3.502¢
From Z2ajbtlse observed that increasing the

carsi gni fiimpamtvley t h & o arceecuornascoytt iefiMP o met hod.

Wh e n t he number of measthreemendur@aaeaiyntof if:
reconstruction can al so be | mecloovseedr btyo btrhe
point of force application.

When the L matrex, ishenkooeoa@anapmgpleironatniean

PIMP daenmp | dweaedknt i f ¥ otrlloosc aetxiaotnecsdlseret, € hn a |

forares

vi bratiocsofreéedbpomssaeguct ur e

dur

M3

noi

described in

t htemattox di scover t

shown

atp@ | M2dand M4, anditshasoldadvarmarud amet I

under these exter

aits olns, with as.tiTnee sadeaelpc wifatled Oalccel er a

are usedr rameatschhecanean,s eand 1% maokitehe i s ad

i nputMRlait hwdliomr g tthtree Pdreedy al gori t hm

Sy
MPg omreit thtod B,uctclees sPIul |y i dent.i
he eIlxheec td eftoarid ee dl odd astcioovre

44n. Fi g
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(1,2)
0.02153

«

(1,2,4)
0.03145

4

(2,3)
0.02159

(2,3,4)
0.03145

«

*
(2,4)
0.02147

Fi g44Pag oceissc oV ermantgr itxhe L

(Thesettings of force positios areshown in brackets, and the numbleelow

represent theorrespondindoss value)

44 Cantil ever beam

I n thascaasiel,eveshobemmFSsgdr acohseiTdheyr ¢édngt h
wi dahdhi clheddegarTea pma , wndd, res.pelkhe vely
material of the beaynyudfh sanede lan weiltahs tai cd ermosd
¢cn@POMsitnge finite el ement imeidedtdienttiha el Oc an't
el em@&@hes be ansaeceoennseindt e r-neodd ea dEaitrlwea u Iswi t b eam
acons imatsesn tnahtbreiarmo d elllhansodes and 22 degr ee:
(vertical di spl Blte meampiamg mattiad i o)t he f i1
0.5%. The displ acearemtti lasmwde rr ot eaa m oanr e fc d rhs t
end (node 0), and a veottihealr i dyhrnanminad f(oroaode
induce vibration. Using the Newmar k met hod,
the external #6rce esabwul ane d&d WYIThites a@2ost, a l C

and the time.sfTegpsiobhsRa®@d@l omdiddtea ewitt h eve
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ofGaussi amaethdbe d et o the calcul a42%n results

0 1 2 3 4 5 6 fi 8 9 llO

L=1m

\tig b=5cm

h=5mm

Fi g eFi nite eltehoeant i medelr ObOfam

Let wusonrfdircsdr the case where the point o
t hematrix is determined. The calcul ated ver
are used as the observation Ha%aspwictth vred iys
Accordingutoethestopfthbhbeweeghbtsaertipzagst i on t e
and the ofefimpdett ri x norm i s set to 0. The Ada
rate of 0.001 is used to minimiteraheonet al
10, 000.

Since the 1 600ttdmeashaps28nd 22 degrees
directly <calcul ated @wcoanpsat rgl enemongow i cu
Therefore, the calcul at i0®M® it meersft ®rpme dvi it
overl ap rat e, resulting I sezomnadt erafyi 40 . w
the input data with different rneociosnes tlrewcetl esd
as showib .i nmirdkeiageirvreorl,s2 of t he reconsdructed
t o etxhakatt a wi t h 0 %, 1 %,n Eu%Ze 2@40.d YA % BrOcli s e

an2l3.®90r es pletctii & efassyutntde traitse | evel I n the
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error in the reconstructed ddfge -MB®o Pilncr

met hod can accurately reconstruct the ext e

Exact
= — 0% Noise
1004 = = 1% Noise
= = 5% Noise
754 - = = 10% Noise
II‘\ /’\§
50 A ] \ “
S| /
S I \ 4
o | \ /
E 0 \\ ¢/
g
\ /
—25 - \ /
\/
A
_50_
_75_
-100 T T T T T T T
0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
Time (s)
Fi g@ilGReconstructed external force with infg

Wi ttthe reconstructed ex4dber nahle fuornceeass ug tealy
responses of the canti |lbeyvefrolde@abng&or be r
exampl 4&l, skiogns t he predicted vertical displ
in the predicted values whéhs hwosibrag LT % en o
reconstructed dis-pIPamembotsafeomi ghky Ptons

exact val ues.
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1.0+

0.4
0.8 |

0.2

x(m)
o
o

0.00 0.25 0.50 0.75 1.00 1.25 1.50 175 2.00
t(s)

0.8
0.02
AO.G—
(= 0.00
% 0.4
-0.02
0.2
-0.04
0.0 T T T T T T T
0.00 0.25 0.50 0.75 1.00 1.25 1.50 1725 2.00
t(s)
Fi guirReconstructed vertical disphacrement (t
in the reconstrucft(kedtvem}i cal di spl

443PI ane truss

Consi dedri nee ntswoon al pl ane truss system con
Fi.g8 Eachhmbdnigsand mwadée mbixspwai@ and
amrl ast i cofqw@ucd uTsh es e&atoisen o5c m*¢bmT hreo dtsr ui sss
i's supported actortrdelrhse eff at emal ramgdtvertical
nodes ®Hrfeanxed4d A finite element model of t hi
and 18 degrdessef meméedas maroa ec dn niecher eed earse
t hXeYpl ane with consThke echd mpgnasg matiro cefs t he
of the truss is set to O0.5%forchhe attdosms Vvi b

|l ocati on. The Newmar k method is used to ca
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as the obsewvathi anddattai on of 1 s and a ti
acceleration data of insosdeeds a5s aonbds eor vvaitti o Nk ¢
position of the {MPraoneitia®dadnkmown lextalcel i Blc ov
Omattoxter mi neotsh & itfdmern@merdeconstruct the ti
external force.

g

5 6 7 8

0 +
R 1 2 3 7777077

Fi g48&Ae pl ane truss system

Due to computer memory | imitations, the
1000 time steps with a 50% overl ap, result
window is usedO mat rdiixs,coavred then the entir

reconshy usd qguean tciudlaltyy ng 20 wi ndowsye Aecadr d
t he weight of thei nretghfiel alca szsasdpemo,nt anedr nt h e
wei ghtOmdtrtihfeimorsmet to 0. 01.i nTta cihit ®vi aatdioavn

1MO00. The process pdsidtsisasmwetd ngn tFheg f or ce
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From 4B Dgiist shban -MFhemePtihod accurately r e«
entire time series of the external forces.
unmeasured resprach s®s acfcutrae ettt yus®construct:

di spl acement and velocity4lbf nodes 2 and 3

0.015

= U2y_exact
- = U2y rec
0 010 E = U3y_exact

= = U3y_rec

0.005 A

0.000 -

—0.005 A

Displacement (m)

—0.010 1

-0.015 T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Time (s)

1.5

—\/2y_exact
- = \2y_rec
10 E = V3y_exact
= = \3y rec

0.5 A

0.0 1

Velocity (m/s)

0.0 0.2 0.4 0.6 0.8 1.0
Time (s)

Fi galMReconstructed veéengpiamal bdeitppolod cyennfarets (

2 and 3
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A5Experi mental wvalidation

FilQ‘éi brati @abne atne st of

A vibrationistearrofdaobéamn t he&l2l aborato
Thmechani cafemb@aa&mal so shld wnl hien thitagl l engt
beam cemgai@0t he fr ee scem.t blehaenldet nhgntmhis nidBsl 1 2 6
t he thicnknme sTShei smabt er i al of twhiet Hbeemasm tiys al
meas wrsedxQ™ andn niti al elasttg D dThel us
damping of tshea®stirbctazoe , i swshamédare the

damping paramet efTlse tlme dm idset feswmetdhetdmo It the @&t

t hheef t aenndd sr.i gfhotur accel erometers are insta
vertical vi bration, and a shaker equipped
dynamic force to make the beam vibrate. Th

are showiss8 .i PAlTla accel eration and force dat a
l ogger with a sagonopl ithzg. frequency of 5

A finite eltehmerim bioywlt dnégtfitzee secti on of
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beam into 2 cmhbebawmaml e nomdes-FEaill magal 12i bean
el ement with a cbhmesimddealt hMassesmed SdIx6df Nn® 3
and 128 degrees of freedom. The vertical d
ri ght most node 63 -isgicoinsyraitnedetbwd. sGSpm
asotational springs. The weihtegbt seosender fa

al so considered as additional masses at t h

1300 mm
Ld Tr T T
,‘_,,” [_/,-" F !'_/" {_/“
' Accelerometer ] Force sensor

Fi galBdechani cal model of the test [

Tabd3&sensor positions and weights

. Wei ght
Sensolt w .
(I'ncluding m
Accel er ¢ 3@m 24. 3 ¢
Accel er ¢ 64m 24. 3 ¢
Accel er ¢ 84&m 24. 4 g
Accel er ¢ 10¢ehm 24.6 ¢
Force s 7 4&m 24. 4 ¢
We first I nput a whbeeaeammndoirsesc oerxdc itthaet | ®inr

response measukrédsdoyat éfoiumi te el eMeat mo d e
frequespyYfnrset i oot teermeasur ed iascacl eclua nagtteidon d
t heldi®z i nit®erasalt he bDenclpnmaartke t hehepdrianmeteer
el ement .MadbselowsFitdhe FRF curve calcul ated b

after the amaldetlh eu pnieaatseu r Edld Ibeemacvihamatr tke par an
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settings after the model wupdate.

107 % g
| I}
||

20 40 60 80 100 20 40 60 80 100 20 40 60 80 100 20 40 60 80 100
Frequency (Hz) Frequency (Hz) Frequency (Hz) Frequency (Hz)

Fi gaMde as FRé&Edaaldcul ated FRF from FEM m

(from Il eft to right: accelerometer

Tabdde Par ameter settings after model

Par amet er | ni il @ Scal in Updat
val uce

El astic mod 68. 5@ 0.876 60. 0B®
Damping cdef 0.005 1.618 0.008
Damping coef 0. 005 0.018 0.000C
Rot ati onal st e, i
support 1 0 @Qura 0. 065 6. 5Qfa
Rotational st ;o 0.094 9. AB¥

support

After t huep dnact deedl, niodemleimtpeutnoai se exci tati on
again andameaserapinvmse be a¢ o@lrer omet ers as s
Fi.g15. The dat a sdurtaitei srampd 000t f remgd etnlty d &t
l engt h i s Bhed sttirmec tsutreapls .\ad dealad smme 2ceorlalnedc t e
3 as t htehPeMPmet hotl tios res®adistruct the dynami
t hseshakert he structure. The f oricees eddataas ctohlel e

benchfmanfkbme@eece onstruction resul t.
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200 A — Al

—200 A

250 - —

—250

Acceleration (m/s”2)
o

200 A

—200 A

200 A — M
0 -WWWWWWWANWWMM\A
—200 A
0.00 0.02 0.04 0.06 0.08 0.10
Time (s)

Fi g#él5@easur emefnrtd mvuarl usecscel er omet er s

We divide the above 500 tliemmegtshtsdpdsd itn thoe
an overlap of 50%. I n each window,o0fa neur a
100 newrmprnsatywedpredict the unkannodwnt heex taecrtniav
funcati hmee umeat wor k srhaechel f UThet opni mi zer Adam
| earning ratempobomedd i ze the | oss functio
according to the |Lofcurle 1t eguilsatigperta twiea g htt e
Sincemahei x has been Hefert mienédipsatdetk waiog Imi

Il n each window, t Hhesrmae mreal froaet v2dr, O OModdler a

The reconstructed external f odl6.eilatn d me a
s hotwmat the reconstructed external force is
but there are stild! some numeri cal error s,
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and

measur ement

noi se. Using the

reconstr

respamsel er omeméscsoédssfulddy wheiccohn sitst uschho wn

417.

25

20 A

15 A

10 A

Force (N)

_10 .

—-15

-20

—— F-Measured
—=— F-Reconstructed

0.00

Fi g#al6Reconstructed

0.02

0.04 0.06 0.08 0.10

Time (s)

external

150 A

100 A

50

Acceleration (m/s”2)

_50 .

—100 +

—— A4-Measured
—— A4-Reconstructed

A ——

0.00

0.04 0.06 0.08 0.10
Time (s)

force

and m

Fi gaelmReconstagaelterdat i on

respoaste

accelerometer
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46Summary

Thss$ updyesents a novel-iméohmddc dblrk&dvppwgst
( PMP) for reconstructing structur al dy nami
physdsindsor med neur al net works (PINNs) and Ma
| b hPeMPf r amewarhke strong representational cap
is leveraged to predict unknown external f
function based on Markov parameterseand a
der i voadt ipvreedic,e sRl sfuoccessfully couples the
responses to reconstruct the unknown forc
avoimMoiogeei tting. Using the reconstructed f
al |l the dynamic responses ofFuamtehesntmarcd ur e
adding an L1 norm term of thef Jdmatcieo nmagrmpd |
designing an optimization strategy coupl i ng
PIMP ¢ an s ulcocceastfsefcpebhteywh @gamhsey are unknown.

Thr oug hd eag-offceuere d o m-MPias e emBhstrated to acl
accurate force reconstruction results even
as ordinary | east sqguares and Tikhonov re
response measurement poinoisntasidclmovyemgt ¢ he
application point can-MPnocrease\ddn ¢t i@acmaxlu r a
numer i soall ccaarstei | ever beam and a planar trus

on a bealmso hheeeen conducted to demonstrate t
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the proposed met hod.
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Chapter 5 PI-FFNN for vibration based structural damage

identification with unknown external forces

5. llntroducti on

|l service infrastructure inevitably suffe
factors and inherent material degradation.
decline in the mechanical performance of t
functionality. Structur al heal th ®moditorin

assess the severity of damage an amareaubky

infrastrByYtuwtrielsi zing SHM technol ogi es, damas
repaired in a timely manner, which can reddvt
failures, thereby improving the safety and

decade, -baiskerda tdiaona g Av diet ettt ab n, 2021; Das e
al ., haG23d)een extensively researched due t
capability for gl obal d abnaasgeed ddeatneacgtei odhe t eT
met hods are based on the fact t hat struct
vi bration ohataetestiratcitus e, which is refle
(Yang & WanmodgOvd&alkgdppenpanahla & nSlewe dp @adri o n.
da{88hang et Bhsed2681}) hi s, researchers hav
expl ore tfheatturbatasat EP@nbccurrence of struct

majority of existing methods can-dlbra veernoadl vy
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met hods -dand echatnmet hods.

Physdircdsven met hexpltdieti maryisli y all | aws of t
Ssyst emmostuecghn aatsi ons amadsglon ot exariace i nf orn
t hset rudiameaegeo | uti on from measur grda dtaita@ae offh e
phydgirasven structural damage i den(tFREM)cati on
updat Angr a., 120 1t1he model bp M ataitngd esppri dach
physical | aws of fhesosbvst bt poteaddIct s yt htee md yins
response owi tdhaesnsit edi ca itneprunal Ifmert deass FEMal t
mechani cal par @metneirmtigzer eli fgdkateexdc e bet ween
vi bration responsBy acnadmpaei mgasheedpdat ad n
with the parameters of the structural heal
be i denflihoicseesgsr was by adrurai eedt bvadlt.dett2e0c@ )ur al
damage isnmayadlanrd dgelsi eved satisfactory r
Jaf araknhkdasfrdaf ar khani d& vMddompied A0 klt)ochastic
algorithm to i mprove the gl obal optimizat
enhances the accur acMo doefl duapndaagtei nigd ehnatsi fail csao
i f Mousavi et wat h, the2tdpeptection results val
|l aboratory tests.

Al 't hough dAhevemysppsoach has been exten
formed a mature i mpl ement(&triear perto dadhes,, 2a0s

foundati on -dorfi vtehne apphpyrsoiaccsh r el i es on an ac:
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correctly reflect t he sHaoweveaurr,alt hviisbriag i oin

achieve due to the uncertainties and compl

Anot her | i mitadriiome o fapphreo gchhyosiitcpsti th ad aima g e

detecti ¢mwWamgt bob,dawhi,c 0mé8gns that not only

of the structure but also the external for

measur ed. -Homweivee ,enqii neering structures a

external forcses bl &nd oi itonbfit ;ari omaatjpiboent he e ext er n
orces applied. Il n addition, due to the I
oi se and uncertainty in the measurement da
f phlyrsiiveesn i d@ma g@Huwaa teto.nal ., 2012)

On the otheéeri hamdmetdlmdéds repregédhded by
ave developed rapidl ysuich mRescesmutppyeadr ¥y.ecMlo
Gui et aardeur 210 1wve t(Wwankram@de B8P O®) on measur e
ata fostwidlaghdiisggi vuctural damage identific
it as a patter nUnrleickoeg-dg it weinc smodbl sm. ML met
onger rely on preci sae&i pdioghsae rcpaolt ema d eall s rbed te
et ween the vibration characteristics of (

eature modébegenMLfyYy stmarcd ua ad updetredlgys t har

dri ven umedtehrrodtshe i nfluence ofoi syzmegapliy € me:

dattFar e x@hmpasei(fa&lh.i asi gtoo&l .a,dvahi@)ge of t hi

MLmet haordds bui It a | east sqgquare suppoert vect
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story steel sharmwcd amze |tagraadsi GalseB3& | gadi | | o &
Casas,alxZ®@2X)uccessfully discovered the degr
of the bridge structure from noise measur
i mproved compelnmneptierdi ceanls enmobdee decomposi ti on
Al t hougdhri daha met hods have made heome p I

d awbachklisat a scarcitytediliows fiedat utg, emagidnee

chall enges to their reliability. Gener al |
requires a | arge amount of training dat a,
engineering. Even i f researchers collect el

of machine | earning model s diasmaegesaHloyt ya.f f e ct

examplreengifneeériucgures that are frequently

bdige cables, vibration measurement data of
to obtain, while training daktma addmui onpl ec
from sensor s, acquisition equipment, and t

i mpact on the accur(abkiyngofetmoad b.b, p2n0elddr)t i ot
mod el predictions comes not ontthhyentfheomnmhoi s
O0bl ackdé box mechanism of machine | earning

mo d el are unknown and the préRudiead QOUP)t
Lastlhyow to sel ecir edapmpreaprieataerceasmagnaea machi
i's alopeamuaesti on wor t hdrsitvuedny i(niregt nhjoodest.d al a |, 2

Currently, this problem usually relies on
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to determine, which also pMimedethall enges
Il n order to addressexitfti rmd oMea mgradh idsigres
solution is to incorporate physical knowl e

al so cal-l edopmgd i ma ¢ il Me Blye sremimmgessl y inte

MLf ramewor k with physical i nformation desc
equatPiloiia, demonstrated strong applicabil it
engineering. ReceRt Min dyramipplineapomne ofr
structuriadlendanmagceati on in structural engine

attefLabnetenapl oi gh§yZd rrisowmermeotad i wiafrfyer ent i al
equat(i WM@BEpetfoorm |l inear/ nonli.mbressanmraltt ur
results show that the NODE mo callccierstsd qurl d tyi
l earn the highly nonlinéddeobghapyrapsselR02a8)
a noehvedint ® rme datl woboakt@egolop gy mi zZraad netwoa tk

cambtain optimized topology without | abel e
compl ex .(dP.madmasng iemnt adduyc %9 ghedyns)iimnfsnoor vimreetdi v e
mu FLtSSTM  n emmondoerokr  met amodel i ng of nonl i near
scarceExgpatra ment al results show that e mbec
overfitting problem in regular LSTM model s,
and i mprove the robustness of trained model
extr apcdpahbiolmianigeg 1. Li ua peptl iaeld.-i,an f2mh2yB®idc 4 ong

S hdretr m me Mo YM) ( Phet wor k to structur al roe
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i ncorporating physics consnSDOFM tssy sitnetno arnedg
sksxt ory buil ding -lc®TM,n dthweo rpk ogxolsieldi tPdd a m
and higher accuracy performance.

Al t hough these dewveolro psetdr uRIt MM ade disydndasmli y
integrate physical i nformation and machine
be trained from small amounts of observed

get rid of their depemd@rece i cresde dotrlaesaunpmkirvg

met hods. I n thesefexi damagePi leaimief hgdseiada
structur al damage | abels stotlaboeadotryg bes
whisihgni ficantly |l imits the applicability o
address these IimitphyoamdoFmeds est 6dat pr ep

net wotFkFN)Y PKf r amewor ki dteantthee yetdamay@e aarh
Vi braesponse observationandi mMbas#ariamegndama
this framewodtrelhtueaemdadur rnesrpviootyoe eips ¢ hrent
unknown external forcei ndigsutembEleesti mctire

net woordeed a trainable parametmordmpdndmet ar sed

The ipdhals i nformation described as the govel
is integrated into the framework as prior i
bet ween external forces, structural par ame:
neur al net wor k modaerkxe atnrda idmenda gley mi ni mi zi n

bet ween t sd rauxleawladtseed anab € éarev & ©4F & N.
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framewor k -orsl yand etud ptuiton met hod that does
externals nfpluyt cierst € bgeoavteirnngi ngne qqretutredn net wor K
model ,-FFMNMNr aPhewor k can complete stable tra
| abel ed dat a. The basic mechanism of Pl NN
robustnedgdFqNoframewBrk to noisy measur ement

The main contributi omseuorfaltfhmestmesarrakdly tah aet:
incorporates physics knowledge into deep
without damage | abel-cdapbhedTkrasnhkphgestaonnadni
retainsdamageve characteristics while comp
structur al system. (2) The proposed met h
measurlemead n tf roacgaten, hteh er efcrodantsd raictt @t of t he
mo d. € BT)h e eedndbi b gFecoufr i er f etahheeue al apet wonk enh
the -mueégguency f eat bReleNNcsa pnadwdhdilictmp cafme t he
model '"s reptrheeempt aki er@@efMMamerfioaodale studi es
and plane truss sttragtdue edemmms terxpteed meme a
stability oFfFfFNheapewgreksaed rRIsatPiFdiNp aav e
accurately detect structur al dnaemaasguer efmmeonmt o r
eveaemwmi se

The rest uady drhgasni zed as foll swswucltur@eéct
moti on saquatPildNiNs are briefly iintmtrromenceesd. S

propB#&dMfr amefwonr kdamage detecti on. Two nume
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carried ouatnd @b Greaitt ®s ogr @ee ht.&asihmeySwehttlieon 5
Sstudy conal scked i on 6
5.Rackground
5.201iMdn equation of structural syst

The motion equation of ¢ dedfrodersere dsotnr uccatnu r
be expressed as

Dwd O0wd ULw 0000 (1)

wheb,eo,andare the mass matndampnsaitgrfifxn eosfs tnhaet
strucQouire,the external forces vieicsotheappl.i
mapping matrix for t hBeooflepatni®s xl ewleir enh nies wh e
the foroce, ammelpr esent the acceleration, V €
responses of the Tstadud¢ fuomrea Ji Icypd s g endteigwealty.or
aruet i tiobewhher vi bration r dypcsecuoSghil)migAmbagstru
these numeri cal +etldode,t htalpe iddeantabreki t s g o c
numeri cal stability and ea$etaf measiésamdl! mnstt

adopted to calculate the vibratiomhheespons

Newmadrebnat hod, the foll owing four equations
Do 0w Lvw Q (52)
® w p [ Yoo T Yow (53)
O o Yoo - p g @ d o (54)
and
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0w ow VI Q (55)
Herme,/] pantd ¢ par e otnhter od par amet ebrest aof t he
met hBbbyd sol ving the above four weqgmat, ons, t
() ) can be recursively <cal culwawegndisi ng t
external (6 ¢e Biyn psuett tv anlguoethbf hat eamid,s of
t he Nelventaa k c a ra rebxepcl o nce t or I mpt heex gl inceitth od

centr al di ff em®einc® oargelmeci(t average accel e

¢ ™7 1m0

Vi bré#taisend structur al damage identificatd.i
damage wi l |l cause changes in structural p
damping), which in turn will change the vidtk
sudth,e stiffness reduction is considered as

var i iabwt ielsiozedpresent t he & hgeifvfenne ssst rruecd uucrtei.
damagtEidf funpedsast eids a s

R p &z (56)
Her & is the damageaf shHdfekesm®Beinstaltthee i ni ti :
stiffneTbed wap neestetmaef fsnes si nrdeediuarigiomg from O
damage) to 1 (ktompgketealdhbhmsptedr) wdtburaali oda ma
detcecmmeit hodesiisgmedi t eratively update the p

mini mizing bbewdehf e tveanbaeastd wlnatcehdar acteri st

anmdode )shamet iwnmd hxe rmeeass u rkawerveesrp,o nisne .t he ph
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dat a cmeutpitdoeag c sltatued urwvaill Ir ers@to nosnelsyt ebnet  wi t

t he measur ed dat a, ytuhg@oalesenqgunapthieorne,nt 1 lye rse
i mproving the accuracy and reliability of
5. Ph%sics informed neur al net wor ks

PI NNRaessalis 20d8®¢p | earning framewor k d
and inverse problems of I|inear and nonline
0 6 ofd ld— Q6 afp hafd (57)

Her@i,s a diffecemt balhdbe®mgaemeittddri s stoHait i on
of t he deegueantdieonnt @and ar@adl ebe sbomhee term

forwardopeaobl am di f f, e wdhetuimadla reyq uaantdi dms t i al

are i mpcoaslecdi htad solouheb ®l NNs framewor k util
network tooappwioxh mamput sA | oss function i
based on the residual of the governing equ.

fl. B 06 @ho hohonN— Q6 e (58)

Her eho are collocation points sampled from

taneasure the residual erororonoft hehegomedal

equations. Addi hiasral Ilyo,s sa famnrcgtiroami nits def

residual error of the smsdel prediction on
fl.. B 0 who o o ho (59

Her @ého are poinbd heammlnesddr aiahd sr,eparnedsent s

the exact solution obtained from these con:
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model combines both | osses as
fl fl Al 519
By empl oyi ng abagsreadd ioepntti ndieltsecretmtéo nmiumiarhi z e
net wor k model c & rhned ce@ Ut trpauitn ecda ns og rtahdauta |l | 'y s
governing equation and the defined constr al

of the equation.

Il n the PINNs framework for inverse probl e
par ameftreodm meeatstaitr@ whil e ensuring that the
are satisfied. The inverse problem can be

i ncorpor at edrbiovtehn tahpep rdoaatcahn faonrdmetdh ec omrsyt sriad s
achieve this,iodh dladata dHowasst iffuinecst t he diffe
predicted solution ofr cmd tahned ntehuer ad b sneertvweodr
6 who is defined as
fl B ¢ ® ho 6 who 511}
I n addition to the dat afl de$s hetbié@ hg&wger A

is also included to emshree efsh aaol atvse plhhgedi c

total |l oss function of theoRsNWscmedel f or
fl fl Al 172
The unknown-i ma E&Mes erni ti ali zed and trai
the neur al neat wai mambBg Ivearns&finl 2dua ;migng a
gradienbasiedceptRAInNNsenrgtanomel y | earn to app
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observed data but attsoo fadj utshte tghoev e anri annge tee
means t hat—wgdrlametpagroach the exact value.

Based on the pri ndhieplienst eignrtdrto douacneodi nasbaotvaet
with physical principles makes PINNs a pow
problems across various app(lGaciat i Mans,, @ tnc i
2021bmateri @E. asnlédygi,stanal .ot hed22f)i el ds wh
physical | aws intersect.
5.Met hodol ogy

Considerdeg-ofhaleeddDOB}) ructur al system wi
reduction damage.-baded gotad u otfu rvailb rdaad maoge i
invedsstygver the |l ocation and severity of
vi bration respoRB&. framewios ksisdpyropoRBled t ¢
by using phydiecadtdis tnrf oentmtaie @lo asainan vi br ati on
response measium@Eimenosgser al IFFiNr amewdhmnokvnofi nPIF

51.
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Fourier Vibration measurement
Seature layer Fully connected F T
) orce
neural network

L | }

Loss function

Loss of measurement:
I 1088, =% prea—Fmll 2
Newmark- ~“7d o
beta method Regularization term:

1
loss.=| z|l,

Total loss:

loss=loss,+ - loss

| Optimizer
Damage index Update Mechanical parameters
g > P

2=[21,22,23,"**, 2] M, K, C

FiugbddtThevrer al | f PdFnFdNivor k o f

| Fi.§1, isth oivsh at -RFNeN Pflr amewor k takes vibr
measur emast s nput s, and outputs the identif
0 and the reconstifOuctédeecdvoeenab-mpbiNert of
framework i s a Four(FRFNN)eamhwmbiet mMheaaiiems ethg t w
reconstruct t wietpHhexsiecalal ofi bmomabnomrmquati o
par amebgmeichachi cal —pamBmEherghysical rel ati
t FeRRN mocdaenle ber e sS@@Gdd Bs° 'O .Spect r(eClhabi ees al .
2024; Xu es akmwewr Omldercdal owkbt wbr ks, mani f es
in ndat al pred fweor&rst i atHlry gluearcry tcloemplomwe nt s
and ignofeeghenbiyglbomponent s. Because the
i s usually a mixture of multiple frequency
to represemlricskepreoxnte to the di fEFENIty of

propoé6é&dniat al ., 2024, Sallam & F¢rth, 20
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202hgs been proven to effectively eliminate
by using a Fourier feature | ayer to extrac
i nput dat a. |l nspired by thisPl&NBowmoidet f e,

t he propotsedbarearhooed t he wamiveegeecei speedhe

reducing the spectral biGas paredpeimnigormapvai nncge .t |
Speci fthiec aHoluyr,i er feature |l ayer 1s i mplement
C AT @o o
0 o OEL G o (513)

Here, the input of & hadarh@ayrwtelrt if plag ufrree d gy
featudaTse dfrai nalt dFepuanriaene t fe eneeti ugohet W haiycehr i s
is initialized as0O ™ Ouahersd santhéeé shypbupboanl
control |l idigsttmhefowtanl acuteh e pkFBNNrsamde Wd rsk

determined according to the frequency rang

Throuddl 3Bgmul t i pyl ef ef @feugiusepriet est abhés hed

these featurmd |l greonmeet e@PCNNgrdaell , n emhw occrhk
outsgthte reconstructed Gtr uh@NN amoaisIt er nal f
hi dden | ay & sne ueraocnhs .wiTthhe wi dth of the Four
w, is alhseod®bh &a&additiiomdveex tdbasmalgd i ned t o uf
the damaged mechani cal(56pa I Tdresdtioealreeesnc t eddi n
t p0O,Usdlilng these reconstructed external for
par ameter s ,-b dthee Mempad kwad ctud at e the structt

W and maintain the differentiability of 1t
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net work parametuer Biozeliiheh bawicklprimgpagati on o
The physical r el at i-boentsah i preaohfetkiphree s dle & maarsk
0Q0ad0™—°® .By calculating the residual bet
obtained frofmet e mdlewmarland the vibration
funcdaié ioins deafsi ned
aé¢i i-Bw ® 514)
Il n addition, to i mprove thegasmdrismgryowd tth
robust neBENNotf o Pioi se, afarieg uwledriinzeat iacsn t err
aéi iBgs (515)
The | oss fRUFMNCNsiedsnhassfwePilght ed sum of these t
acieiizaeii 516)
whereontrols the weight of the regulari zat
anal yzi-omgr ténceidtle i i Hansen & O0OUsedanrgy ,a 1g99a3d)i e
des dearsted opti mizer to update the parameter
i ndehbkyni nii migzeé,i it he structural r eshpeotnsse cal
wibhbel odgdveitlor ati on r es p@nlsne tnheiass bveaeymeinp st of
neural wng#wonktruct the external ifrodex of t
can <charact er i zeev etohfdtaynhaogoea tt ihen TSha dcp ec ief i C

i mpl ement at i onF NN cfersasmeowW curg kb biasle ¢l ¢t h m

Al gorS5ltThhremp | ement ad fi FINDIr amewsr k

| npinti ti al @Parmameterbci ah,stvatba ati or
®w,force mappm,inlgr antaiton xmavp pi in geomat e p
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Par ameNteeurr:al net wor k0 hipp emplaNammb ek
par amieht eergsul ari zat inambwei gHt iatnedr alte
ratie

Out pludent i f iiendd¢dxaanmadg er econstr uca ed
lilnitidabiaad zeSefQvpeRamdamliyti al i ze
2whi Qe 0 do

3: Forward pr opnaogddetdi wrbt RFMNt he ® eca

filtéd wintthoea p pmatgdi x

4: Updatmeechanicalasparmmeder s

5: Cal cwl atve NBwma@relitnat hod an dabpipiatgR
6: Cal cul @éibd étiiend saéi &asii zaéii

7: Back progpiaigacal cul af ENa raadmestid rss
8 : EmMmpl opti mi zer to upddate the F
9: Li mit t héi tvlad urea mudped %09 p 1] ,

10end whil e

11Qut puidernthief i ehd@amagerdeconstr it ec

According itmotndegutaibBdNBI a meiwoogtkabl i shed f
identifying structural damagkenowlafdgw br at i
external f or ceThoen htyhpee r o atrhdematmeevo r bf i ncl u.

par amgofrt he F,0 ides pdirha nady eni® da fh RCNeN mo d e |

and the oweitchhet reguThirs zalhowihdtthedrtsmn Der emot e

the solvability and wunigueness of
vi bration measurements must exceed
structure.

I n traditional swmahhd ns d eela eracetyedds

parameters and external force 1inpu

t

t

t

his i

h e nu

bot h

ar e

structur e. dTahneargeef oir c enre tttithfeeid c abtahseesdeme ni c a |

met hodisnpumd d hercetmeentext ernal f orce,
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in some practical projects. Other damage de
such hsesnsitiv(iHhHry MmEeatuhed w@wd udlhpeOyldiges model
oft he initial structur al parameters to recc
respaomdet hen use the reconstrucitneddeaxe g8tler nal
on another paHbweVetheacespansestructur al

external force reconEtraoacsion ateuchtueabep
|l ead to incorrect estimation of external f

structur aildepnatriafméhaettsieoc dependent mechani sm

convergence and stability of tlhresaddirtaidon,i
the noise in vibration measurement wil |l i n
forces, which will al so affect tHhENMCccur ac
framewor k, t he reconstructienda&xxt er mail nefdo
simultaneously. By wusing an opti mitzheee t 0 mi

PIFFNNr ameawom kensure the synchronous conver
force reconstruction and.Cmoanrpaametde mmotiohe nt i f
supervised machine | earning models for st
i nputtéd mg domain signal -RHANNvickamataivon dr ¢ Sigo i
on a | arge amount of meas sireyne nt udtadrag | wh
monitoring. By using physical information
relying -loanbdellama @enrs u p emmovdi BsleEINN can al so be |

i mpl emented on actuwhoeegdamagend abelsctaucx
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obtain. I n addit(GCGhegéeratateakngi B6BR2| nGuo
al . ,, 29@19¢h plays a key r ol enaicmitntee | parrfna
model s, i s ¢ onhpelreetmeployo veel itnhien aBtkebddl. of use of

5. MMumercac asaéds

Il n this section, two numeri cal exampl es
and accuracy oFF Nfreanemwoplke edli P$t I's a can
structure case, wher e t hRelFhNbrea peaarmeme t er

explained and anail gxzweldhREABNNrhaimse woa ke ,arteh eal

compared with the cl| assifoarneensunnrtee memtl ad d o

original PI NNs model ff @nrcedcaomasgter uictiteiaoeni fiinc an
and noisy dat a. I n tkhdusécangl|l aase,, ttrhessi:i
whetrree r obudtFiNeNs ¢ oofnoRPIse i n the measured d:
5.4Ladbtil ever beam

VIO 6|66 |0 ®|O® 0

y
s

Fiugh The finite elheemmenit| enoeel beam

To demonstrate t he peFFMM mamecweo rokf, tah ec apnrto
beam is anal yzed aisn at hniusmeBheactall e nagmtdhmp | vei dt

thickness of t hepbdcamitdi hed@d rleesgprecali el y.
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material of the beam Q% satnede la nwietl ha sa idce nsoid
CM@OWw The finite el emeprrte smand eld, goWw hhaehe theanm
cantilever beam is numerically model ed as
Usitnlge finite el ement medetdiernttiha sk dceamtts | ev
The beamaekoensea dte rneod ea-gEairl vear u Iswii t dioemwsm st ent

mass nlatib’® amodelllhamodes and 22 degrees of
di spl acementThandv errottiactailond)i.spl acement and
constr@athetdhe | eft end of the beam (node 0)
to the right end of the beam (node 10) to
beam i s set to a dampingprrdatri megqfue &¢ b s f o
El eméaand 8 ar e assuwietth fsbnbeodaddagred i 20%,

respecti vel-gr dn@&ahteurfail r sftr eiffgnuteancdti e s magetdhéean
arlei sitne dTs=lbTloebt ai n vi bramodet akbpogsel fort
fouontdher -KRRUNgpe MERKAH)S er | e m,t i 221000 8&cda |l cul at e t
vi bration response of the damagebB.beldarm unde

ti me step of t hesao@hdeuu ladti.ioomn iiss 1. 00001

Taboldhe natural frequencies of( Hzh)e undamas

0 0 0 0 0

Undamage« 4.1« 25.9 72.6 142. 235.
Damaged 410 25.5 69.9 139. 231.
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10.0

— F10

7.5 1

5.0 4

2.5 1

0.0

Force (N)

—2.5

—5.0

—7.5

-10.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Time (s)

Fiugh8Thext er nadt if ogc@amnt itlheever beam

I n actual engineering, it is dibfefaancul t t
compared to t hé&otyhee trictadtt inemoriasteirsoedt b laess st r u
response he tvihbsatieshhmndeehedad  ames rodcar de
the accelerometer measurement. I n order to
energy matrix rank( Opdtimguet ooet (KLEMRO201 3;
201f69r opti mal sensor placement (OSP) i's ¢
results of KEMRO, the opti mal sensor | oca

sensor s 4&raamdndde s
5. 4H¢pérparameter testing

The-FPNN model i myplevyearsaenedreals |[ionfcl udi ng
the regularization, oérmhetFouhyper pazraamete
'O ,antdhdee pd hof t he FCNN model . Before eval u:

t heFPNN model, how to Sest udhedefhypéerpamname
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par amen eRIBENN morded ld et er Ime.neTphaer amet Bes of
Newmaérek a mededtddtpdt,! pIl¢(average acceleratio
Agradi ent deAdamKti nogpnai,i2e0b8lods)en t o train t he

wi sahl earning rate ofi s<0.a0bhkd Tlhhe RAPNNMOModadle

the | osiselfssiemctednt o have converged.
(a)
30 4
— Y4 20 — Y7 — Y10
20 4 20 4
—_ 101
™~ 104 10 A
¢ H ﬂ
E 4
£
@ -10 4
N
T 10+ -104
< —20
20
—20 —30
304 T T T T T T T T —40 1 T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
(b) Time (s)
— Y4 3.0 4 — V7 — Y10
3.0 4 3.0 1
2.5 1
2.5 254
2.0 4
o 2.0 4 2.0 4
3
2
g 15 157 151
<<
1.0 1.0 A 104
0.5 0.5 m 05 4
0.0 —AA- 0.0 A 0.0 1 A

50 100 150 200 0 50 100 150 200 0 50 100 150 200
Frequency (Hz)

Fiug5 Vi bdat a oof t he { Jarnedef rtacecied readyabg mencst r u

o

Consider thdatacefet aed arivr E20nodkeswrf Yi n
54(@as itnhpwatt a oF F Nithoed ePIf. r Edpeency spectrum ane
accel edradtailoshe monsitm a 64k It i's observed the
frequency range of -ltOMeAtc horeecdi maglce| etrlae i lbynmse
, 0f the FFNN mmdelstiav |l seasth ttthhel ®d beguenpyutch:

Il n order ctoompiummtfdvwealkncy, reredvdémet i on d
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ERK4 mesdoampled to 10000 Hzue iTlhiezdd asnhi 50
daBat h fnrordeseand noi sy tr alihnei ndga tdaa tdadhleecrud act oer
ERK metilkoodhsi deffedkcenoiThe noi sy data are g

Gaussi dm ndaitsm@ebydat a

) ) -3 mh (517)
Her @, i S t he c a |-fcruel ea t—-edids antohies enande | eve
T h, represents Gaussian noise with a mea
T h, h atshsea méh aapse ., is the standar.d devi at

Il n thibheceafsepbPi added t of rtehee dnaotias et o gener at
The hyperpasametvemtoit gnaftnrmealeseand nda®g vi br at
simple FFNN) mogh®l winitsh ufitriszedst the sett.i
val ues. A t otatke sotfe dl,vavsictdle mafs -2[1 310e4] 4 e

l1&, 0. 0] i-fnr ebeo tahn dn oniosies y araéraa.wnAdld , 01040 sc he
iter,atamacon\hergiaidde idrreecorded and plotted

Fi. 5.
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0.5

0.5

0.4 1

0.3 1

L0SS;

0.2

0.1 A

(1.0e-06) 0-0)
(1.0&:05)8 1 0e-04)

(1.0e-03)

(1.0e-02)

(1.0e-01)

Loss:

0.4

0.3 1

0.2 A

0.1 1

0.0 1

(1.0e-06)

(1.0e-04)

(0.0e+00)
(1.0e-03)

(1.0e-02)

(1.0e-05)

(1.0e-01)

0.0 T T T T T T T T
—0.0020.000 0.002 0.004 0.006 0.008 0.010 0.012 0.014 0.016

Lossa

ldche@hwdsd tn-d6r s e

T T T T T T T T
—0.002 0.000 0.002 0.004 0.006 0.008 0.010 0.012
Loss,

Fiugbd a € i-a€ioaf i nrpiupimpduat a, (

data witAhe%soafbiuse gi ven. in brackets

shawse tclasfrie nwasp stehved dgra,dual | y

Fi.g5 ( a)
decreases from Geéildhowd,a tdrea diad éikgi diencr e a ¢

0¢céidecreassest hfteatgreaddakckrpases hen i mcreases

i s | es3FtHodfn dRrRows t hoet¢idmaingevs tdval ue i n
input data with 1% noise, whiSbhadpgkcosodshgws
to .F5.,9 it can be inferiried gertatt atnBehRPBndc a®

FFNN mosdeundwherie tdanngage i,s alnreghavwse d teismatt éac n

18the model iwheBiIEENN Dviemgsti mat esThtehe stru

resutlhiedemt i di absbosuppor tWhetnhiiss 0 .nlf eare n@.eQ

t he v al uies osfmal | er t hamwuhteme seX &2ct8 , 1 dlawe 1 e

sparsdtgeofeases Tshiegrneiffoircea, ntili® .$ hcsnsiader ed

the opti mal hyperparameter setting.
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0.200 4 I Exact
mmm  Noise-free

mmE Noise 1%
0.175 A

0.150 A

0.125 A

0.100 A

Stiffness reduction

0.075 4

0.050 4

0.025 4

0.000 e T T T T T T . T
1 2 3 4 5 6 7 8 9 10

Element index

Fiugb6éResult of stiffness reduction

| n schieofies 1-8 the resul ta oifs tshteo vwbbeinrt i Fii g d
The rméaowlst t hat in the vibration ob&servatio
PIFFNWNodeuccessfully identifiedTdheuaretcirfeyas e
t hoevemakluracy ofsttihfef niedsésm thieilitubcdly ieo mge err or
i s calasul at ed

- -B a o (518)

Thavereaageor of the stiffness redfurceea on i d
i nput data i0. ®ald wticlaeg etdot oobet he i nput dat
0. 836 The external force acting enFNNode 10

modepl| ashe®qd g
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— F-exact
— - F-rec (noiseless)
- — F-rec (1% noise)

Force (N)

T T T :
0.00 0.01 0.02 0.03 0.04 0.05
Time (s)

Fiugbhe/Resul t s of external force recc

Fi.§7d e mo n stthnadttbeost h -frroeieseand no heyPNNput da
moda&dcurately reconstructs tktmeoradeéerrnal gt anr
t he accuracy of the external force reconst

according to

A (519)

According t o, hteher edaltd wleatLi2onerror of the
forfaoethhe -hoésevi birsat@ B Adah afl red Mléda 6 i sy
dat 8. 33Bhe hyper paraarietoefr sSeCNRModat e al so

i nvestingdthe dWictahs dt hee nwiilsreati on measur ement

neur al n e tsweohrekmiewioré e Ta2b | &r e r £ 6 p & eathidv etl hye
average error of damage identification re
reconstruction are <calcul ated. The runni n
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efficiencys ofFhed hree anoldted5lar e shown in Tabl e

Tabbl2e Test resultsboan®y.perpar ameters

(a) average error of damage identificati on
reconstruction (%), (c) running time (unit
(a)
O /b 1 2 4 8 Av g
20 0.2¢ 0.13% 1.04 3.023 1.12
40 0.3 0.27 1.1¢ 0.9%5 0. 6¢
80 0.92 0.14 1.4t 2.18 1. 17
160 1.21 1.81 0.97 3.3¢8 1.81
Avg 0.6¢ 0.5¢ 1.1€ 2. 38
(b)
0 /b 1 2 4 8 Av g
20 0.0 0.11 0.18 0.585 0. 223
40 0.1¢& 0.1t 0.1¢ 0.123 0. 1€
80 0.41 0.1¢ 0.17 0.32 0. 27
160 0.3t 0.37 0.1t 1.0¢ 0. 4¢
Avg 0.2€ 0.2C 0.17 0.52
(c)
O /0 1 2 4 8 Av g

20 1406 1381 1385 1470 1410
40 1386 1374 1391 1457 1402
80 1373 1373 1414 1526 1422
160 1408 1401 1482 1737 1507
Avg 1393 1382 1418 1547

From JablohsersvedD tamat i ncr ease, the errol
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the i dentified damhgraman8lht®eshewdsnshaucti e
the width aFmGNMbedpetlh hoafs tahenegati ve effect ol
of -FFFINNaddi, tsiastnhe nhiimbttay@rfsncreases, t he n
training time wil/ b e dommete fsfiigomiienccyanwi 1 |
Ther edaseed, on tha seasatl|l r ECONt Inodebndsuch a

O T | s pparbemdtear setti-RGNNomodel | di ng t he

5.4CamBpar atives experi ment

Since the external force i nput of the Dbe
el ement mod el updating abdsdédemeehoyYysraspe
applicable in this case. I n addition, sin
coll ected, all supervised machine | earning

l ack of tr &iomi cgppmpédaaad s®ns Mar kovii faoamet er s
regul aut izlazd®ae Zhu eandlotihgi2roald )PI NN f or th
probl em p(rRpiosxkid atnhealal so2EMP) oyed to det e
beam str notfermedwiltd noi se i nput dat a.

Mar kov parameters wii{(Madi ehomByv ,ZR@udrrr iH

al ., aka@lcd)assi c method to detect structur al

force mealsmr ¢mentsst.ate space, byvpodef i ning

wofwo , Bd) (an be tasatnasnfdoarrnde ds tiantteo equat i ot
®o UL'wo 6°0® (5 20)

wher e, sys@zemonmuatrouloé : cont rds | D%atrix
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According to the system gsotoaitse daenfd niendp uats, t
Wwo Ywo 0O 521

where outPuty nvat vhivx YO 6 and -fferewar d matrri X

O YO Y Y , dmdrrespond to the mapping mat
velocity, and displacement, respectivel y.
matrices whose diagonal el ements are 0 (no

exponenti al matnti syasltgegor stamegbicpaedewi ng
® ow 06 00 5272
where, state 0t A@®M&IQaindin Omad rodx. H&I s,
the time step521Pgngthhe. sWistthe fi2gana(be @@l ciumat
from the @dastial state
® B 6600 o O hQ phchE A (52 B
Her®is the number of ti mew astt etpisie aldhtelme t he
calcul ated according to
©w B Yo 600 Yo & OU0ChQ phcFE Ry G2 %
Le® Oan® Yo 6 Q m, the”RAEgan( be expressed
w B 000 Yo & hQ phgFE M) 525
Her®i sl Icteilear kov par amespace omo dele, swhiiteh i s

intrinsitchagpgpopeenys the responskey srteelmat i ons

external 52&ércasn. bEgexpressed in Toeplitz m
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W T O m E m (§ On YO

wp 0 0 E m § Op A

8 § & E & & & g @ 02p
&0 0 0 E O O 06 Vb

EqQ52K can be rewritten simply as
®w 00 6 52y

whe®Dend are the corremapamdi ngraditcd gbomzof tF

initi,Atssmattehat the measured stdrmnset sr al r e
named and . Then the following mapping rel
bet ween them and the external force:

(52 8)
The firstEqb@@agi oesi hhe recoifOstarsucted ex
O O ® 0w (529)
Her ®, i s t hei npvseerusdeo Matr iTsheaim be reconstru
according to:
[ ‘00 0w O J0O ® 60w 0 (530)

BuEg. (529anHqg 53 d3ar e -kwneodwm oisleld pr obl ems. The
regul arization technigqgues are wused to add
solutions. Tikhonov regularization is the n
which ®obyeadding da@sL2 norm to

O AaQZEO O 0 wAe | e (531)
The reconstO uicd i omt diomeede by mini mi zi ng th

and regul abryi zeampdaony otpegi mi z er . Using this re
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Wwcan be reconstructed according to:
@ 00 0 532)
Now assume that the structure is damaged a
I ndveexct,orso that the Markov Parameter and tr
of the structureas®Oreacadntr.olBydmibryi mi zi ng
deviation betweeananchethecohserwv@fl edahae ac
damagnedveexct of the structur al styrssiteermo cd aim ad p [
damage and thus detect the damage of the s
1 TET® ) (533)

Mar kov parameters with Tikhonov|r,egul ari
which controls the weight of the regul ari z
curve met hod.

I n the cantilegséenpudypdamvease cal 4malcde!l er at
node 10 of the candaslectwdalro beaxamnante ucsed has
forcaeand the verticéals avcsleatbt@a@t2Zoomnetbet note
damage of t he str uectuurrvee. nRectchoordd i thesstt,o tthhee
determined to be 0.001. The observation dat
are used as input data to detect the damage

by the Markov parameters metlhaacidnevwdi58hl eri k hor

TabSl3edenti fi ed dveamakgoev rpeasrualniestTeaoksh ometvhod w

regul arizati on
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Noi se El ement

0 % 0.00.
1% 0.00

TabbFEshows t hat t he Mar k ovt hpea rkehmoentoevr s r
regul ari z & eeidbche tneedth otdhe daddmaageBdfi etemeat sl
|l ocated the demagkhtDdDltat mdnodaasmnage detect i
cal cul &8t B Ftnboeithsse a§ . B4 % noi se data). The r

external forces.58re also shown in Fig

—— F-exact
— = F-rec (noiseless)
- — F-rec (1% noise)

Force (N)

T T T T
0.00 0.01 0.02 0.03 0.04 0.05
Time (s)

Fiugb8Reconstructed external force predi

met hod with Tikhonov regul ari zat.i

As shown58i nt Fa gext er nal force predicted
met hod with Tikhonov r egwladruiez aotfi o nh ed eevxit aetre

and the relative L21e%BE0%i solidaddObiliad e d t c
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noi.se)

Physindsor med neur al net wor ks pPKIRMNSsS)siar e
et al for26b9NVving direct and inverse probl e
PI NNs asrheoowvar kabl e ability to discover unkn
equations. For a differential equation, it

O 6 dwhid)l Qo (53 4)

Where s a differential _oporasotheasametieonz
equatQdmni.s ftoteee m of the equation(B34fhe inve
i sdisesctolverunknowni pat dmetgeorver ning equatior
some measuroedov.allune st hoef Pl NNs framewor k, a
i empl ¢ pegpréoeddocwi t h danrpédut Fhe unknowins par ame
al so inivpdadt g dt agaelt her with the neural ne
t he di fferenti al operat ¢ recltrainqaudeteco maad ll eudl a
di fferéeBaydt noeotf atlh.e, n2e0ulr8afs s mettiwonm khafAed o
observed data (B3 tdefgumedi &8y Ebhe resi dual

net work output and the observed data. A | oc

i s al so d®&3)jtme dquasntEd.y t he residual of the

0 —B m™ o o 6 o £ (535)
0 —B 06 ofy RN "Q M (53 6)
Her®e is the number of O0Olmbse&rvati oandoints

6 Ohw are the predicted value and observed
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observatdobém .poiisntt he combemgaibibthiss, whi ch

arreaendomly sampled in Thesdootsagmic t o fontshevi é d u
summed as0 0O as the 1l oss function of the PI
the neur al net wor k model can gradually apprt
the unknownwphltametbdual |y approach its acc
optimizer to minimize the | oss function.

Il n t h,i st hceasRl NNs uie {thoa édckitsecal stche structu
the cantilever Dbeam. Since the external fo
modellsuialotepr edi ct tQdo exntde rt hael dfi srpd e ce ment
Ghw of stthreucespectively. The neur athonet wor k
and 20 oudpstsheHpode number from 0O to 10.
have 2 hidden | ayers of 100 neurons. Throug
network, the diédgpltcpmeadictredphbynsehe neur a
invecsékbyl ate theOvedhwantdythespeormeéerati or
predicet iddon The acceleration response predi.
observeéd odhat ao constofssntctt e as

0 —B & ol ® o £ (537)

Herle i s the number ooffo obseéeheedcaati &@&r ati on

addition, accordingohothdel omstfahcrioomdi of
conditions is constructed as
0 ::o) T 04 A mw U A& (53 8)
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The governing equations of the structur

information to train the neur al net wor k mo

0 —B 02 ohw 6D ofw O_ B o Qo (539)
Herle, s the onombepaipitismm of the acceleration
Theol | oga@itnton are generated according to th
sampling of de&gmedd yqgf tthreeddesm. function of
above threeadoss functions

0 0 0 O (54 0)

By using a ¢oraasdeide nAtd adre socpetn fmi zt eor rtead urgsieni n

the residual of the neur al net wover miumg@ ut
equation, the output of the neur al net wor k
the unknown external force and the-true re

free observation dadfa a%anudsitessEle @lss ¢ mweatoibsrer
dat &1 diIMespecti vel yetbiAmeeyr thai hbesg functio
conver gdhowisgt he convergence process of t

the hoeseobservation data is used as the i1
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le6

)

e i nall. 2 daalood

T T T T T T
0 20000 40000 60000 80000 100000
lteration

Fiug ®Cbnvergence process of |l oss funcH
After the |l oss function converges, the d:
is extractedDb54s shown in Tabl e

TabS4®amage results maeealti fied by PI N

El ement

Noi se
1 2 3 4 5 6 7 8 9 10
0 % 0.00.00.00.20.00.®& 0.9 0. 90.00.2
1% 0.00.00.®0.®0.90.00. 0.9 0.20.2
0. z

Exac 0 0 0 1 O 0 0 0.2z O 0

As shownb54) nPITAbNI €ail s to detect the damac
bet ween iresadhedt tchtei otn2 4 & O % srud it.8 8%( M¥Wwd 4

noi sejlGFows the structuralt Pk N&edal f or ces
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5.0 4

2.5 A

0.0

=257

Force (N)

—5.0 4

-7.5 4

—10.0 4

-12.5 4

—— F-exact
— = F-rec(0% noise)
- — F-rec(1% noise)

0.00

T
0.01

T T T
0.02 0.03 0.04 0.05
Time (s)

Fiug e ®t.ructural external forces predi

As showrmlDinhRFiN(Me dall 5ai |l s t o reconstruc

structur al

reconsd

xrtuecrt neadl

external forces on the canti/l

forcearlebr2d%6tl®e% tnrali@s3edpad badneds

(1% nOoveehé¢ |l compar i swerr agees udfrtrsiodcefnt i f i ed

ct

t

ev

d a

rc

€

i ndaenxd r el at4d wé EkE2cemnsor ucatrked s gismthdSenal f o
Tabi5&he results of the comparative
Met ho Noi se 3 3 |
0 % 0. P33 0. 32
PAFFNN 1% 0. 836 3. 53¢
Ti kho 0 % 8. 035 11.%3
1% 8. P4 11.%W9
0 0 0,
Pl NN 0 % 4.2 2% 152 .%6
1% 4.3 8% 18 3 .%3
Ta bd35e s htohviesh e pr ofpFoNdedt hPold can achi eve mor

resul ts

t han Mar kov parameters with Tikho
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both noi $ecEadr nait s etnhlideataaddiet i on, the Ti kh
t ook49Econds t o ictaelrcautlwdotindsel @ h@ Pl NNs t ook ¢
trai,iltOeOr.atTeFSNPN met hod successfully i den
the structure in only 1375 seconds, showi ni
5. . 2tras s s

A plane truss stbBlulcs uec @n stishdes tsmedecmansdnc & i g .
example. The trusslrodsesstShefmdiOsmagrandlinld
have a rectsa@cguiuloar wdr os$he bar material i
densixtyuQ@f and an el as¢pi)d didckull®s tafuss el el
are cons-nddeeldi asal truss el emefhe Wrtubscol
is set to -Yi bpbrramtde consheaXned in the X and
and in the Y diUnedteheocoastm@eidet d9s has a
degrees of freedom. Consi dsbr,jagl willghte t he t 1
s i ffnes o5& u0ddo0 A5 % respecti velilye fThessam
is considered to -bedn€rtu% acdf miomess & itubdneel t wo

frequenchieeaglt rodsdlahnegé ause sshowhmb. i n Tabl e

~ P~ ~ _F
1 @ 3 (® s De—7 (9 9

Fiug e S5t.r uct bpeleanoef t r uss
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Tabsl6eéi rsatuenl ntodehpebane truss (Hz)

0 0 0 0 0 0 0 0 0 0

Il nta8.(C16. 26. 46. 50. 71. 76. 81. 95. 101.
Damac7. €15. 26. 45. 48. 69. 75. 81. 93. 99.

The truss VvibratesO ftddeecthenafBhanmnda oh n
th&® (Xdirection f 0.r'©e ooinQg fi Dd ep H7Q¢ 11D
OQOO cd WD x®i QAWrd0 Q) According to the ca
results of KEMRO for the opti mal sensor poc
sensonrsder4e in the Y direction (4Y), node 5
Y direction (9Y) and node vibreabsphese idg r
cal cul ated as t hEeRK#deseérowdatwiidarh was isn gnéthled e p

observation data of t he four accelerations

(a)
150 4 100 300
— a4y 200 — 5X — oy — 10X
w100 2001
% ] 50
£ s0f 100 100
8 0 04 0 0
=]
il
L -50 —100
—100
g -50 A
£ —100 4 —200 A
—200
—1507 — ; ; ; — -100 — ; ; -300 ; —
00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10
Time (s) Time (s) Time (s) Time (s)
(b)
20 4
8 —_ Y — 5X 54 — 9 — 10X
201
6 15 44
L) 15 -
E 10 3
= 32 1
[=% 10 -
£ 4
g 2
21 ER 1] 5
0 o4 oA [T 04 m
T T T T T T T T T T T T
0 50 100 150 200 0 50 100 150 200 0 50 100 150 200 0 50 100 150 200
Frequency (Hz) Frequency (Hz) Frequency (Hz) Frequency (Hz)

Fiug €2Ac.cel erati on observation data (a) a

A FIFNN modledbi lt to reversely detect the ¢
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anF F NMNo dwil tbh ¢h™O T s employed to approxi ma:
nodal forces. According to.51he tfhree o ureengcuye nsc
of the vibratiadhgtes pladidzdotime Chyper,par amet e
of the Fourier feature |l ayer is set to 100
externali sf csre8tettoo nmMaei nt ain the akddadcetdeconyv
regul ari daililoen fgamranhket wmbdrek fa m@meseehtd dt o

pft, I pI¢.Agr adi ent deAda&imst cohpotsiemi zteor tr ain t he
wi ahl earni ngTheatkFMN shadéead@dO0fiorer ati ons, wh
| oss fiusnbcsteirovned t o hmavehicenvasgedvi bration
without noise and wiudtietstpeacnd hveedotyn mes st ampel
i's Os®dMWd 1t he input dat Afltemgt ih wias ic5u@yQa ttiionmme
schemesbsvaertvhat dohf daéeatioheonthief seveksur al d e

The specific i dentified sti.5MBness reducti o

Bl Exact

0.25 Noise-free
B Noise 1%
EEE Noise 5%

0.20 1

0.15 4

stiffness reduction

0.05 4

0.00 " I T La— T T T T — —
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
Element index

Fiug €315d.e nteisfuiletds rofedsifcit i fomes s
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From©5R3 g.it i s oSFHFdwmant maxtcuPlately identif

reduction of the plane truss fromanmdbratio

5% no

i se. The errors of the damd@dg&kildent i f

(noiepdes. 367 § 1 % ,a0d4s883)% (5% noi se) respectivel

robu

de mo

succ

514s h

accu

exte

cal c

resp

dama

me as

e

Force (kN)

tnessFFOIN mkehehadd to t he noi se i n t he
strated. The out put s of t he Fourier
ssfully reconstruct tt hisssuannk neoxwanmpel xet,e rF
ws the reconstr uctferde ee xitneprunta |d aftoar.c eTso f
acy of the force recomnfstrluetr eaopongthreu
nail &loawTelzse eeérrors of the external f
| at3e.d0 Qthhafi Bee. W3 (1 % ,ramids @) ( 5% noi se)
ctively. TthhRsF FdNaNs emeds hoovds ctamataccur at e
e of this pl ane truss eaerd T @c onnositsryu

rements.

30 1 —— F4Y-exact

—— F7X-exact
FaY-rec

209 — - F7x-rec

T T T T
0.00 0.01 0.02 0.03 0.04 0.05
Time (s)
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Fiug d4Bx.t ernal forces of t heFFpNMNene otdruss r

5. Bxperimental wverifications

A vibration tesshofwvnab®hwmidEsgmr bedmout i n
| aboratory to vFeRNifeyt htolde pPmopmseaadctPland a d:
beam wespedtnisvalhled i braThentéesstreod. of t he
al umi num desaingoveadset er mi ne t he initial stiff
damaged al umi numt d eiadne rwtais fryetdiutcet 2 otchi fbf anseesds o
i ni ti alThset infofdred s so.f tsaer da Is wirsip suhtosdid@6airm  Fi g
The total l engt h sio$ ¢ @danthhleu nfi rneuen sbeecatm on |
pcaa. The thicknessvood artthhee iwiddatehtT hbse am i s
measured mass o0506gh® whnitlactt hbee aama siss of t he
497..1 Tghe cal cul atcepdBof@BIin santd ¢ &T10OHN e
respeclthieveilnyi.ti al i sloast ide roped@udlua el eft and
rigmwwsés mdeal |l webdbamd t & tThhee swerptoirdal di sy
at both endsomnfsitdlee elledam be constr-ained t
ri giodi stghpepiogan s iwvdietrhedan i alo fpsttm@#inke® I h e
damping of the aluminum beam i ascowDsi der ed
0 @), whyearnebare also parameters to be ident
model of the al umdinwuimd é &amd e oBEarl bewlmM i beamn

el ements with coasicédEememmmalssSgmiae tiinite
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el ement mo d e | of t he allZzimé méaMmMtodea@ioé has a

degrees of freedom.

Fiug55TvHiebrationtest of an al umi nun

y
X ' Accelerometer

Fiug e6Tsh.el model of taredaswmp omutms beam

Fiagecel ewemeteadr o0 record the acceleratio
and a Wwiatwminoerrc e wastislbioz e pdty tffegpami d o gener a
vi bration. The installation positions and Vv

57 A Dewes ofatn dd d tag tlopg gdeilisgopwemg edl t o record

data of all sensors,10MMhHzm. sampling frequ
TabSl7€he installation positions and wei
Sensor Inst.al. Weight (i
posi ti magnet mc
Al ®w ¢ Tma 2 By
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A2 w T 3 Bg
A3 W QA 2996
A4 ©w Prod 35.8 g
A5 W pTGA 2995

Fiug?a acqui sition and stor age

55. 1 I nitiadeparirdmetér on

I n the tthae shetaasstpst al | ed deneértrtheemeeidal o

mechani

t hree t

coll ect

cal phbeamdatédres vaofobrtahhea on test of t
i mes to enhance the reliability o
ed by the five accel ebfl8meters 1in
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(a)

200

Acceleration (m/s”2)
o

—200

300
200

100

—100

—-200

600

400

200

—200

200

=200 -

-100

—200

T
0.1

e _
o

T
0.1

T
0.1

0.2 O.‘l 0.2 0:1 0.2 0.0 0.2 0.2
Time (s) Time (s) Time (s) Time (s) Time (s)
(b)
— A 4 — — a3 4 — A — a5
6 6 6
3 3
L]
= 2 2
H
2 1 2 1 2
] 0 0 0 0
0 1000 2000 0 1000 2000 4] 1000 2000 0 1000 2000 0 1000 2000
Frequency {Hz) Frequency (Hz) Frequency (Hz) Frequency (Hz) Frequency (Hz)
Fiug elBMe.asur ed accel eration response

(top)

At thitbkeshagm,i s assumed to be homogeneo
same mass damae <tiafsidehenodampingdacnodef fi ci en
of theanweatnhe rotatQandlofstifié néswoessuppor
considered as upgtaet eablt e ap adcanheeftfa rce rechtu p daan
of these parameth&rs are | isted in Tabl e

A FIFNN molleill t t o updatwd sthhreisve bpraarta noent er
measur ement s. According to t.b# fmaguoency ¢

di stribution of t-h600i blzatiThereésepenseéehesh
of the FFNN is sétofoth@OFFNNhenodept h s se:
wi dOhi s set t obedadh e & md eithrethdec ti,s no need to
the sparsitsygo né§ sbBe tesOQltshe input data of
time steps of the vibration meiatfhor ement s
minmtp The vibration measuremeespecbpuelcy ed
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into the model for parameter update. The f
forces onl-gypam nohdee smi-kdEh a NMewmapdk wi t h
pfc i s twetcal cul ate the vibration response of

for 5,000 iatredraanmt i omtsi muiztehr o f 0.001 Il earni

update results of thB8 three tests are | i st
TabSl8®esults of mechanical par ameter
Paramlnitiacoeffi Tes Ident_i Updat Aver a
range | D coef fi val u val u
1 1.077 7.001tE
E 6. 50E [ 0. 5, 2 1.074 6.986F 6. 988t
3 1.073 6.978tE
1 40.17 4.018tE
a 1. OOE [ 1-E, 1 2 39.57 3.957F3.821tE
3 34.87 3.487tE
1 0.406 4. 0BBI
b 1. 00 [ LE, 1 2 0.400 4. 0031 4. 9D%I
3 0.672 6. 7D6I
1 1.133 1. 133tE
ko) 1.00E-[LE, 1 2 1.407 1.407EFE1.271t¢
3 1.274 1.274E
1 13.93 1.394E¢
ko] 1.00E-[2E, 1 2 13.82 1.382F1.363tE
3 13.13 1.314tE

Tab98s hows that the results of the struct
the three tests are stabfethaeaduptiased mbe
parameters will bef asedt mscttireali ndamade viad

next section.
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5. Danage detection of damaged beams

~

| = =

| J : [8]
| =

28 iy 10 k.

|
4:_ 44
Unit: cm
Fiugbhde 9 Location and depth of damage on

I n the second phase of | aboratory testing
and tested. The damage | ocation and severi:
519The damage of the aluminum beam was si mu
aluminum beam byovde®Hnat 2 eotydd. Thi s
damage wi |l causesihendcdtd fifmetsise olh e &rh eme dh & |
40% and 20%, Theespame i Yevp. accel erometers
damaged aluminum beam to record the vibrat
at tkkeoami d o make the beam vibrate from res

A FIFNWodwilth the same parameters as in t
built beadthaniaftee el ast@andnodampisngchooef fi ci
of the model are set SH8sSitnhcee u phdea tdeadmavgael du ebse
newly installsedt men ttihghtsamipmg tforce of the
compared to the G&atshee osfrugitgesdritiomtaart aés ali ehd@m.e s s

agaantdhieni t i adrseed| t® t hesiwmpdisa8bd delldMmanvt
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damageleexc tos defi ned stiof fqrueasigs i fegd Ut chtei on of
beam el ement, and-1i 0s &sadilmemn H aigse cdesfriOn. e0dl
to updater othat isaumpalo mintdi fiftnse svsaelsue rdange i s
vectorveantdor are trained together with the
ti me steps of the fivwetialziczeddee at nput othatea v
FFNMNModel . To i mprove the sparsity and noi s
accordingutroechdewdi ght of thlei segd@®t Af do rati ol
trainiintge r5a080i0ngst he Adam opti mi zer with a |

functi o FAONfN tmobed eRlI has converged.

B Zexact

0.407 Z-idf

0.35 A

0.30

0.25 1

0.20

Stiffness reduction

0.15 A

0.10

0.05

0.00

T T T T T i T T T T
1 2 3 4 5 6 7 8 9 10 11 12
Element index

Fiugbh Resul ts of stiffness-FFRENumodeh i den

Fi.g820 s howes wdhtter wdt ur al d atnhéed-d~ Ndletteerct e d &
mo dterl a i nsihbogw st hPelir & NfiNo dsed c c e s s fdalnldy éldawma tt e

damages on the aluminum beam. Due to the i
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| oss function, the identifiThd desattedmat nf
reducti oM Ov BlewWe € mamA2 . BHC S8l emeas p 8¢t i vel vy, W
errobfDs@o®%Ad2386 ompared to the accurate val
Accor degf@g,8)tohe ov-eosfalt herdamage detection r
to B7%® Dn ad®@iFtFiN&h s o r eadome t extcefrrnoanh tfhoer c e
hamnaesr showi2l.l hhdwg t hat the forcE&FENNeconst |
mod el show a high <consi stSa meyt efiairddd et hies me
di fficult to measure accurately, it is dif
frame force sensor or the rFeocro nrsetfreurcetnecde foo

the relative L2 error bet ween the reconstr

i's ctadc utl. @8 bHe&w. 14

—— F-measured

50 4 === Freconstructed

40 -

Force (N)
{5}
(=]
\

[
o
L

10 4

04

- -
-

T T T T T T T T T
0.000 0.002 0.004 0.006 0.008 0.010 0.012 0.014 0.016 0.018 0.020
Time (s)

Fiug e2Bixt ernal foreeons$t t heRFNNabnyo denle P

S.Bummar y

This study pr-iopfosremme da Fpohuyrsiiecrs f e-at ur e ne
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FFNN) framewodhlasfedr stirncatuirah damage i dent

external forces. I n this framework, the ex:
identified simultaneously without rtahle i npu-
network is employed as the core of the fra
structure. The Fourier feature | ayer, whicl
neur al net wor k model , I S ut i I-firzeeqdy e o ac

characteristics ©oFfFNNhepghe gat ecachuapdlaetda rncoedse | Ptl |

can utilizéedettlhe sNenwewmaer lof the motion equat.i
to train the neural net work model . A regu
function to iIimprove the sparastiitoyn arneds unlotiss.e

integration of phys-FEAN tof ormani comee malledé¢

| abeled data of structural damage, making
Numerical examples of a cempilloepedrerbdam :
the performance of the proposed method. The

structures are adaurndateelnwlimde itaitéaaedi eeear
the proposed method is also compared with
Ti khonov regul ari zat.Tae aprdul hé& FoliNOgiamhht P
obtai n morrees uddtaswrecantue al daamadef edemst f uctait o
Afterdwaa | aboratory test AP$F FcNoNn dnocdted d i osn bau
to first identify the initial meccchuarna tceally p e

i denthieh mage b abbeeddme® ni denti fied initial me c h
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external forces on the beam are al so succe

with the measured values.
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Chapter 6 Structural identification from unknown input

excitationswith physicsinformed neural networks

6.1Introducti on

Structural( Aldweinn i dti calt.i,on200i3s tNoelr &v Kres
modeling process of determining the charac
by analyzing the dynamic response and behay
in the fields of engi neer iaemggiameaerisnfasasdgs
health of structures and detect potential ¢
recent year s, with the rapid devel opment C
machi ne dwiadrenirnagagéi oé -blasardnibng Wdethandi cati
met hods have been developed a(nk. alpipd ietd aln
2023; Worden & Manson, 2007)

I n theory, straan ubelcardemgtifaMk@azrzesed nps obl
di scovering the intrinsic characteristics
data of the structure. Since the vibration
di spl acement and vel ociitdentmofsitc anteitohno dasn do f
damage detection are performed by analyzin
whi ch icsaltlhee -bva sberda t(hotnhiodet al . |, 2021; Fan
After obtaining the vibration dat a, researt

met hods to process the measur ement dat a.

167



divided into twdricaéegmet aderdi svpely shileshtoa s .
for mer characterizes the physical charact
physicabf mbdel strucdaveregismgpirodd nt he el em
mo ds€ IGi r ar di .etThaln. t h20 2@ )a 3t uorz eudp ddaattea tihse p h
model so t haatc ctuhresetpeoelyeé ntc atnhe actual engi ne
decades of devel opment ,-drrievseerar cihr emotriko ni nh at
and has been successfully approed eh many @
adamped finite el ement mod el updating proc
objecti peopmaedt hes able to predich Bhe me
fixed beaamdsFHtarhapteurse ruct ur e

The -dlmitwawen met hod has developed rapidly i
growth of machine | earni-dgiaad theepotdeastnr
identification is regarded as a pattern re
wi detydied in the f{(2hangfemaB@yhiaxel® @B nhinr
characteristics of the structural vibratio
the strucgtumrest sfukihesas, the parbameeessl pf
identified by analyzing the <characteristioc
classdcidanamet hods incl gde Bhgerseanabpti
& Guo,, 20I2i2Znd soiSae hsiegar atlti.qn 2017 ; Zhou
and deep | eaf¢¥ungt adlgosr i 20in®)

Il n the research that has been carried ou
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t he

i de

di f

bas

or

usually an i mportant prior knowledge, w

dict the r esdproinvseen imme tthhoed pahnyds itcoale xt r ac't
structur al -dvriibvreant { Beatnhiofd Y th,dHo2elv®)r , i n
ctical applications, the input excitati
structure are often unkmeawmssttirwnigc tcuhr aplo s
ntification. The dynamic characteristic
ficult to accurately infer the true str

ed sosetycpepapbahse data. Especially in t

emergenci es, failure dxciacaduroant erhayy i lde

mi sjudgment of the health status of the st

and

i np

i de

Unl

t hneodednstraints t o make the model

mai ntenance decisions. Therefore, sol v
ut excitations is crucialiltoyi mpr svirnng
ntification.

n order to deal with the | imitations of
sibility of appphyyisnngdsar medv meR hidks tatl Wer

structural f dameiwshricgk artdw np ReydduilgdNse da ndde edpa t

rning method proposed to solve the direc
issi etlm@alPLNRO19physical i nformation d
ml essly integrated into the training of

i ke pdrieven dmyahiods , ii rsf carl saot icooomsi der ed

s predi
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ysical | aws and i mprove the generalizat
cellent performance obbtPaiNMNesdarays fbieelnd ss

ysics and engineeriMgo etchkaltahse ri@d2 0 ga nnad ¢y

(He et ,aland 2&thray (yIsbhsal dda .etl nslttuhdiyvgz20 2 1)

t h

r e

st

vel op-basRPRidNMpproach for structur al i dent
asurements wunder unknown input excitatic
for mattii lbinz €e® hlIarppd ;mlgat benwaep external | ¢
ructur al responsesempil aaweedalebeatuwdmio wmo d
ternal excitations. The neur al net wor k m
ructure are simultaneously wupdated to pe

rce reconstruction by mini miztirnugcttuheal de
sponse and the vibration measuaamlebm@nt s. TI
del ed by anot her preeusrdat inret eviom &l moarll i e
rces, which can al so be i denaasfureedmd motgse.t |

The proposed framework contributes to th
alth monitoring in terms of: (1) A PI NN
verning dynamic characteristics of struc:
e moadnellbarned instead of j ust establ i shi
| ati onship betdaéen(2)nhplhe amdo pausegdit met ho
ructur al i dentification under wunknown ex

sponseucofurtehe Tehtirs avoids the difficulty
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external excitations. (3) The proposed metl
Ssystems, forming a universal met hod I n S
mechani cal parameters of | inear structur al
balirectl vy discemweeadcttheyr al ues. Thecatmen!| i near
model eslt apnhgi shrr ogat e model to characteri ze

The restudsy otrhgeani zed as foll ows: Section
of the research. Section 3 presents the proc
5 verify the proposed method using numeri cé
Finaldtyydy tencl uded in Section 6.

6 . Rackground
6. 2.1 eMpuabommbonuctural system
Consi de-deg-onfhaletteidom st r uc trmortaelqosaytsitoenm iwsh o
Dw 60 0w Quw "00 (61)

Herlei s t he masasndnmaarte itxhe damping matri x
matrix of Qdieistthetimeernal nonlinear res
the nonlioeraergiyi tif s eEBg6d)ti isorma -dedomaor di nar
di fferenti al equati on, which is wuswually sc
response of cotftbewi gthr utchteureext é®@ nalAmdmg ceheé ng
numer i c alNemwantdheddas ,i st wibkeebaguse of its good
stabil i t,yandf laecxciubrialciyt.lyd&S\wmd e dmie ¢ &lloildsyt, s t he

foll owing 4 equationswatanabaclhy npmétshgpt ha
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cu

an

me

rrent, osarad et he ex®anial forces
Do 6 Vo Qo O 62)
0w 0w 0w Qo o O (63)
) w YOO p I T [ W (64)
d
® ® Yoo -YoOp ¢ Tad ¢ I (65)

Herm,] ™anda [ pare the paramet-besacof t h

thod. By setting diffeamndntt te mbe mradrn lo nme tc

calmeli f ferent scheepileisgi tsucdntarsallEl@sd.f®)y ence

d the average Jacded efdafb) armi s hasaeuwahyg(e

cel eratissruwes che mehe advantages of its suyj
It is noted that the basis fon6lusoi ng the
taishrutesapahse is that GMMB,antdr a hteureaxlt ep a
rce t iQuoearsee ralelsg&kmerwanl. , themasrivucti sr ®&lasy
termine through Hweviegk#&0 aned smart e mecrets., as
observabl e parameters of t hei mveruscetluyr al
termined througnh avdidbirtatoino n itne satcitnuga l eng.i
sacfe t hesasrteg vadliwiafyescul t t o measur.e Blteur at
ternal sboneesersesebgstructed through ot het
ese studies on identifyinignexttreuaantadr dlorga

om measur ement dat a point t o a researct
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Theoretically, the purpose of structur al
parameters of the structure and identify
structur e, such asoreaattheruadkyrsg miwd nldo d dsa,d s
dynamic response of the structure.
6.2.2 Physics informed neur al net wor
Physindsor med ne(@PhNNRgitswoir kestr eala ,t y2pel 99 f
neur al net work that integrates physical i n
neur al net wor k, thereby reducing the d e me
robustness to data sparsity andg neqweaet.i drmo:r
0 dufo dwnN— "Qdw (66)
whemedis a differentialbyepeidors fpdureaanet er |
term of the equation. PloNNsgiceenptrledi par &ime
—and sufficient constraints, which is cal
Pl NNs can also useofitattoi aledebselhgateixamrs o1
val ue ofhich is call éd sbévingetbe poolwhe .
traditional deep neur al net works, the | oss
residual between the predicted value and tl
| oss functi on call cagfloatteleatqgivaesy itohne arsesi du
0eiiB Oohmohly N— QoMo 67)
Herle,s the number @hb sianmptbhueado maii mt sat

whi ch t he rgeosviedrangibnagoif o hies cal cul at ed. The
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embedded ltolsisommegh oam cal cul ated as
DéEiiB 0606hw 6 0w (68)

Herle,is the number ofd soanmptlhien ge gpuoaitnitosn con st
O i s etxhaecatl ue on the constraintempd g higons
opti mi zer Otéoi ilmd iniibrii 4,e otohvepr edi cted by Pl NN:
gradual | y satviesdmurdgoitdin tehred t he constraints
exaecquasolomt i on. With the support of physi
equaPi diNs canf crovparredot ben of t hei phagneyt c al S
t r aidmit mg

For the inverse problem, the residual of
G67will @t isleisbedrt of the | oss funeits on. Ho

unknown, -piots eids padd kldedhreewradl ue only with the

(¢

guation. For this reasemrc,otradefder measiuo € snein
0Ei as
DéEii B 00w 6 0w (69)
Herbe i s the number odf i®b stehrev aothi soenrsy,e da nvda |
observatioohw poiSitmilarly, using 0O&ani opti mi z
Déii0éi,i oW predicted by PINNs can graduall

data and satisfy the physical giowvfeo mmatgi on

D

guati ons. I n this way, Pl NNs ¢ anussiuncgc es s f i

only a smal/l a moDuret tof tdbes ecromesd rchatna.s of ¢
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rather than relying solely on observed dat
(Arzani et al ., 2021)
6.Met hodol ogy

Il n this section, we wi || develop a fran
identificati on. I n reality, structures are
di spl acement excitations rather than simpl"
such as wind | oads and water | Dpactte,t laeg e
inertia of the sensor, using the sensor di

affect the exciltmtaddi oinom het sesiugt merat ede

by the nonlinearity of the structure are a
unobservable factors will restrict the app
rely onf ameeasatements, such asnigiomittual el e m
structures. Therefore, inspired by PI NNs,

model s are designed to represent the wunkno

forces on the structure toonfucdadpyabutliiltiizees t

neur al net work model . Speci fti Wenlpluy, otfwa imee
oout put therammedt @ rmrtelr nal restaocespeftorueel pf
Their physical rel at iboln HMPI"@ sancdaln O Be expr e:

O respectively
Spectr(aNanlpgi e@g i al ak wa2WwWi2 1s)h o mteaw o rail n,gp ed fwo r k

whi ch mani f aetwus al t pelefvermakat i al-fl rye glueaarcryi ng
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components in thefdegaeang cgmpohnegthighim
external forces and internal restoring for
mi xture of mul tiple fwebpbehky ftampbomemnbs,t
Spect walennbu rassl moaedawwer kltiozedpresent these fo
featur(eNalngy en t ac hpwhRi6@®@k)has been proven to
and simple way to mitigate the spectral b i
anal yedal liam & F¢grth, 202I13n Grodgrha iNaintmp r @ 0
of 0 andl Omodsélo represent munl ttihpel er efcroengsuternt

forcea Fourier featubetihhapwedOi mo dsesltTalbd i s h e«

mat hemati cal relationship of the Fourier f
C e AT ¢ 0

Herbe i s the output of thei Fouheeinpent of
00 modevli.s the traithladelieghpgarodmettheer Fouri er
which is initializedimccpidiaghypetrpardimet
controls the ddwsttor idbeutteironmi nrea ntghee offr equency
features established by ,tcheen Fboeur d et e rl miyneerc
observing the frequency spectrum otfhd he vilt
out putt hFeowm er feature | ayer s input i nto
( FCNN©OT nonl indhe mEPPiodmddeolut put s unknowr
excitations on atdecec esltemacttiearmal whorcthe of on

degrees pofr fgrreoceudnodn accel er atd @ ni.s Tihsee dF CINN
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reconstruct the internal restori Bg@thorce ¢
FCNModelonsilsiti dodfien | ayers aBaclonkei ddigrpult ayl
i ncl ©Wheuur ons. The hyperibsolutaidliadagdevndt ifounn c
functt@ oavniodnel i near exprtes ENMDdellap aibsi | wdri tels
noting thatvatomanti mgstems, the internal re
the state ofothehsetrul@Ouren tMhiestmmeel will
bywnother neur al net work modet dt batblvemkes t
potemtilalt i onship bet ween t he structur al ¢
successfully reconstructing the internal r

Il n order fec ciutttainftefi fegs s hef the structur al
vecthoirs defined t o usptdrautceb mphasih eshtsisfufmm ensgs t dhfa
the struct 0rceo ncpoonaseitdditss | onfi t | al@ &1 iefmfesmé ss o f
M. Then t he c ocnapno nbeen tu psdtaitfefdn ebsys

Q 4 30 6.)11

Tled vector i s nabkwideiexltiorteal umdat ed sti ffne

can be constructed using thEBEhampodunesd st i ff

mat Oiixs consi der edodooe sb en catv an € eddh kteod abnep i unpgd a t

matrix of the systemhischs eits toma |Rcawll aeti egch alsa |

6 aWD a A 6.)12
Her@, g¢ht is a damping coefficient update
initi andleleestc.@oand are the initial 6damping
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is the wupdatedi amdnmirreg tmat rtirxai nabl e vecto
updated together with the neur al net wor k m

Now, the unknown external for@G®arand int
reprebgnthbhd neurallUaetimatr ki cadtdmesdiepdat ed
0O,0. Then the predicted structur a6l).response
Her e, the matur e ntbneamaitchacid isloilezsetd tmideé wmar k
predicted response of the structure to tak
Al t hough PI NNs have also been proven to be
accuracy of the solution cannootf bceo ngsutarraainntte
( X. Li eadnalun hael2dm2cdedd convergence speed of
(Wang et. aUsi,n@O0ORR¢ structur al rels@eoase ca
met hod, a |l oss function 1is constructed by
calcul ated and measured values as

0éEi i B 0 w o (6 13)

Her®,is the numberwofi sobtskee v@art e dincst ed v a
acceleration r e stphodeswem@boelinaati hoeddd di rso nt h e
measured value of the structur al -bvaiskerdat i on
optimizer, (XKunhhmatgoARdamelmni zse ftthncti on, the
the neurad wiedpyorrtklhe ht rue externalb0f orce an
will be close to thewtaméewiilnlt edpaehdd e est or i

taodi sctovertrue parameters of the system, t h
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identification and internal and external fo

proposed met ha@ll.is shown in Fig

NN " model

Fiugd 6.he overall framework of the PINNs m

I n .Bi gadeénl anmodeD are the neur al net wor |}
predicting external excitationm amd interna
aremapematgri ces of external excitation and

Itsoted that to ensure that theoprealhbl em c
the number of response observations needs
external and iTheeum&howrcekxateroas. forces a
restoring forces should not act on the seé
i nt er fAdrteerc es urceesrnsd tuhegttiimge series data o
internal restoring force, the identified s

sttctural reepmebhsesenahdépnpads. This i s because

179



us

Th

r e

P a

mo

ually depends on tdiwe s @t hedTuhtdrlaenfsoprse e m ts

cessary to establish a mapping relation:
ructur al ofeyssot etrh astt atthee i denti fi ed model

sponse of the structure under new | oads.
pping relationship bet ween i nternal res
tablishing a oeel nedowévert wohd& imnternal
ualdmnyl yhass small number of time steps, typ
e neur al net wor k model | earned based on

arge deviadli ophy s ioohhdirheee | tah @ oamd\ha pt. age
arning physical mapping relationships frc¢
hancement i sF GNMadedu tsihloiwnenwdi.n WA itdhe &t2 uct
adfte as input is established to approxi mat
ructur e, and its physic®Db0GeiatQaonship

own physical information, such as the cul
spl acement gmrv etredipguragyusttireltriisggdso vi de pri or |
formation for Qe modail ni nfgheofr eclba@astruct
storing forlcbe mbated fimsomltsloe used to dete
r ametthggh yisincfad r .nSapteicanf i cal | y,sof'®eb 0|l oss f u:
daerdceonstructed as

Déii B 0 owhnN— "Q o (6. 14)

0éii B Q o Q o (6.15)



Deii O&ii D& (6.16)

Loss function

N,

Loss,, = 9 [N(x,%:0)— £ (t)]*

Uniknown

parameters: -

Fiug eTB&aRchitecODuld emodelt he

HerGe i s the number of reconstQruict edhenter
restoring force® pmraddelt®@darnkd thee restoring
reconstructedmoddsohno winhebn i Piigg a known physi
relationshnpnoant holt eglalrea menlemown—prae amet er
al so trained and updated toAfesihmirl avi t dr d die
des ebearsted o peampri eyeedni si mi ze tke i| ose fhmacti
t h® 0 0O model can rsagrceseasrftuht gr nalaniheest or i ng
value of the -<=ionttbk phyabDemtrdibslcatvieomrd
After training, t he d—asncdo vpeh yesdi ccad nOt ir rofl o rpnaar
can be used to estimate the internal rest
strucidouAte this poeinamewbek PbNNposed has the

the structur alexrteesrpnoanls at under Bgwi nputting
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to t he Pl NNs f r ametwlod k c cawmedr e @ mpp hoyys incga | [
Ocdoh—t o predict the internal restt@ami e f or ¢

predi ctNedwnbdyrek A emet hod with the wpadad ed str

0 .

|t i's noted that our proposedphBIsNNss met
i nfor med mac b PhWdfLglre astnn mgt ur e identi ficat
frameworkstructural dynami c daemsgggen scke tpe cetdii
have been published,kmaonwmgomwdifchr thter motsar &

i s pthhyes indsor med neur al ordimMHMODH diafmfeavroe Ikt | a
(Lai et. aFor @oO@m@Aaari son, the diféadmewacks b

and-NBDE are summé&ti zed in Tabl e

Tab6lk Summary of t heprdogdsed afcrad\nGiDed rwike e n

PINODE Proposed fr

Struct rdals pd t

Mo d el "and v ed rotc & rory 3 Vi brati on
Mechani Exact val Il nitial g
par amet
Neur al n NODE FFNN FCNN
Sol ver ODE sol ve Newméorek a me
Il n structur al idenvehi machong pemendagaa

measured vibration responses of multiple d
their potemdl atli aonadgppinpmgyg sa&ndno d e | extrapol at
out ppowe,vecchanges in the initial cdodicei ons
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i nput wi ||l cause the mapping relatdonship
driven model prediction. The method we pro

out put mapping relationship fitting of mac

epl ore the intrinsic physical i nformati on
accurately reflect the fundament al dynami c
due to the intege@quawbinomf the mgooponedhgmet
tohanges in structural inputsdamidvemimetaHodg

such as finite el ementbastd hodpdatatrpgt ampad t
met hods. This means that accurate measur eme
i's requi radadwdyvshfiicchulits i n Moatewale hen glii fdarciurd d
adapting to nonliinn @ahyssdire svteonr imegt hfootirecieasl s o |
scope of wuse.

6.Ndumercgc a&asads

6. A dbgiodfea eedypsnt em

To demonstrate thdegndpecsdddm dtpdamiac 4l

system with cubic nonlinearity is studied :
i n .&#iags a -mgsrsi nngo d e | commonly wused in struci
nonlinear spring wiotnh. cubic stiffness is a
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. ped| ky, K, ko ks k4
my mso mg Yz
T« C2 C3 C4
,.,/ u(]
Fiug e4bBOBtructural dynamic system

The equation oDOFRnosttiromnc tfwrre tcham ble expr es

GO0 N Vowd Qoo & OGwd oo Qoo awo

THwo Qoo 0 VLo Qoo Do O Hwo Obo 4o 6 7)1
Do Qo 0 Qoo Voo Gno b oo Obo G oo :
i oo QOO Qbo Gbo Gbo & oo
Herd® o ware displ ac,eamart el wreehsbpceochtyi vel y. i

linear stiifdone®dsQ s@spam The cubic stiffn
nonl i neai spumnnighei smasses of the &our degr €
a ¢cdrand a p8t The dampi 6dg s materf ®oxm®dO as

0 mrpP Assume that the structure vibrates
acceleration. The g o upnfd' Qe a cat &XF‘edr at i on [
Ci Qg 0An i mpl i-ci i e s XKRidn gie (mMed ehroldisst i 26D & J

a numerical solver to calculate the vibrat
The traini Q@ tmW@ignandt ephei dal @itsi@@mn i Tohne t i me

series data and frequency spectrum of the

Fi.g. 4
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T T T T
0 2 4 6 8 10 0 2 4 6 8 10 0 2 4 6 8 10 0 2 4 6 8 10

Frequency (Hz) Frequency (Hz) Frequency (Hz) Frequency (Hz)

Fiug6e.(4&V)i br ati on (rbe)spqQqueprcphdpdet satmuct ur e

calcul ated by the numerical solywv

Assuming that the mass of the sdorfucture
the four degasehecswno fé6 fdsFeiegd o aar dPeldNNs f r amewor
structuralashewn i6fnlslibggoht di s ctolheee eacsedryat e
val uesanadfand reconstruct the restori.ng forec
The initial guess of the stifif mievsaslaoef al I I
t he dampi ngbacnodei fsf isceiterttos 0. 1 and a0afdl. Two
G are inand atliziemedilat e t he& asntdi fdfameps én gmantartirx
of the Tswo uFcRh NUN @&neesdted sl 1 shreelb e o unknown grou
acceleration and the restoring force of th
the frequency spectrum of the ofi Brhaet iIFonurrn es
l ayer in theeRFNM mddelThe number of fully

the FFNN is 2, and each | ayer contains 100
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internal restoring force predictbednthy t he
0O matrices, the response of thbedstar met hod,i
and the | oss function is constructed with
the -hoesevibraticons dAt astofconsi dered as t
gradienbtasedcepti emmpéo pyRddamiing ze t he | oss
a learning rate of 0. O0Owi.®60h B&t0erna tiarreeth §t rheeme \
convergence hlposooxefssn otfi on6.i ®Bh es heonwtni rien tHiag

process of 3Ih6e3s.eflc6d@ldst ook

102 4 — Loss

lDD 4

1072 4

Loss

10-%

T T T T T T
0 10000 20000 30000 40000 50000
Iteration

FiugebConvergence process of | oss f ul

Af ter FEr@isbhiomigper edsttadt ur al di spl acement
acceleration responses of four degrees of f
that the predictioanf-@8f39 heersy rallcd ue atl o rtelse «
which means that our framework successfull

reconstructs the velocity and displacement
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Displacement {m)

Ul_Exact
Ul_Pred
U2_Exact
U2_Pred
U3_Exact
U3_Pred
—— U4 _Exact

== U4 _Pred

T
1.00
Time (s)

Velocity (m/s)

— V1 Exact
== V1 _Pred
—— V2 Exact

V2_Pred
— V3 _Exact
== V3 _Pred
— Vv4_Exact

—=— V4 Pred

Acceleration (m/s™2)

— Al Exact
== Al Pred
—— A2 Exact

A2_Pred
—— A3 _Exact
== A3 Pred
— A4 _Exact

0.00

Fiug eS6ra@ctur al

—= A4 Pred
2.0

Time (s)

di spl acement,

velocity,

From

t

he

o0ult pmwotd ed f,

tt thee

accel

er at

on

and

resp

al

SO

reconstruct.@d7 ahe

resgsheéenmboeFi hat

successful

y

recormytorawadtesl etrhae itoinmeb asseerdi eosn

measur ements.

— Acc_exact
10 4 -—- Acc_rec
5_
~N
<m
£
s 0
Jc
2
75,
104
0.00 0.|25 0.|50 0.':’5 1.60 1.|25 1.50 1.11'5 2.00
Time (s)
Fiug eG6oidnd acceleration reconstruc
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The structadirsadofvweasirddtnhees sSPl1 NNsQ E2 aggwor k
NV pn&inQ =100Q A00. 00 sc deg weldt s show that t
framewor k dascotvlmdcedy altiee of the offQtuctur al
N,an®.The di sdaanpd meyd cohef@fumn@ nBip @re al so
consistent with theQits uvaecoctwaflaaiuenidy Théee asuad eu e
partial restoring ioglciemcolfudehde iln ntehaer fsoprrcien
by hed modtedget her with the restoring force
total restoring for Qeanod® ,t hehenmporndidnmeataerds p
restoriond pfusdniedédmodamnd ptrlreell chedr restoring
Mare summed as the total restoring force.
force r ecolnistmowetiede blyi near xaersd orheaigr foum

valars shown8in Fig.

—— F_exact

-—- F.NN

——- F_Linear

——- F_Linear + F_NN

Internal Force (N)

T T T T T T T
0.00 0.25 0.50 0.75 1.00 1.25 1.50 175 2.00
Time (s)

FiugeThe8ti me series data of the inter
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Fi.§.s8hows tluatt btehea nt er nal restotntiheg

00 modelt haendl i near r@swecrciesgffiiblfgeovr@bnstrr

internal restoring force of t

he

forc

structure

springs. I n order to make t he iP,JeNtNs pmroecil c th

the structur al responsEGCNhdeded

wéwkhexneum

structur al state 1 B@&Uesnoadbelli sth@edprtedircetpl tate

restor iTnhg sf oFrGANeN dhdeesn | ayer s, eachThensi sti

prior physical knowl edge of t

he

|l i near

an.

restoring force and the wttirlutiozaud ai ndt dpl &€

model . The |l oss function of the FCNN model

beii B —3J» —w Q o (68 1

béeii B MQ w MQ o (69 1

and

Oei i 0€ii 0Oe€ii (ep
Herbe q¢mmepresents the reconstr 2d0t0ed i nt
steps sh®&w®-. i-h—Farge unknown parameters tra
the FCNNQmbdekhe reconstructed .6n8eandl [
Q i's the restoring forceThpe eddamedptbiymitzhee
empl o ped rRGINmdcdls 10, 000 ti mes winthi la tlheerrr
|l oss functiAdn econvyamgecsagn,verge to 995. 56 a
respectivel vy, and the restoring Qorce of 1
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wwd @ w@&@@Ow, which is cl o0Qe ptnalwt h@mA rue val
.

Now, idteme i fi ed tehwgomné s ie@anesip@liongge ¢pr edi ct
the internal restoring forces according to
to predict the st-DOBystalherfessetoen s er of yt hhe
performancéeofgr BUNNS acShsel ef abiggoheese @r @as |
foramddet cal cul atGson né eBdrugt ed aé§ QGHeruane@ tr ut h
identi fied ®&hnpornelsisniecars feopre d ngo predict the
foroef t he,asntdr uuchteureedt e snabppf oedeby ground
The parameters of the structure are set ac
and damping coef f-betieniat hdiddeP NEWsiafhik ame wo |
utilized to predict the vibration ofsponse
t hi-BOHM s ysteedmcted by Pl NNs9 @ahe skBoewht sns ko
PI NBMaanccur ately predict t-h@F s®t Bwmdtelnere spon:

ground acceleration.
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—— Al _exact
=== Al_pred
—— A2_exact

A2 pred
—— A3_exact
=== A3 _pred
—— A4 _exact
——- A4 pred

Acceleration (m/s™2)

T T T T T
2.0 2.5 3.0 35 4.0 4.5 5.0
Time (s)

FiugeTBe9accel eration resnwardes predict

We further di scuss the performance of t
measur €lch ed aatbao.ve system i dent onf itchaet itorna ipnrionc
data containing 1% an6 5% o@aud dsiearnu drieonitr Sad .i e
parameters from the noise measurement. The
par ameter identification incrTda@s edsampi nlg t
coeffdisentore sensitive t®andhdamptibnagn t h
coef fdacilanrth hdemitviadl Bb n dhies eeer r or of stiffness
l ess than 0.2%, andishacdampi eg ytaddmfiinigf ¢ e
dawiabhdo noi se, the error of stiffness ident.i
errotrhdkeafmpi ng cooies f Edbh&Mwtpr oposed method de

excellent nNoi se.robustness in this case

Tab6l2e St ructur al parameters identified
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Noi se : + B

1% 100. 100. 99. ¢

0.4¢ 0.01
5% 98. € 97.1100. 0.2€¢ 0.01
Exact 100. 100. 100. 0.4%5 0.01

I n tefcasesy training data, the interna

springs are also reconst hiwmictmod.etl Bir miulgdr It yh,e
the total internal restoring forces are <cé
forces ptéo@dcmedahndy the restoring force of
spriQriipe esaf ttotal internal r esttroaidmigrag or ce
arsehown .6 nNTRegrshowlst t hat the nonlinear int
the structural system arescfucrteissy utldgi mierc
As the noise | evel i n the training data I

restoring forces increases.

—— F_exact
—-—-- F_rec (1% noise)
——- F_rec (5% noise)

Internal Force (N)

T T T T T T T
0.00 0.25 0.50 0.75 1.00 1.25 1.50 175 2.00
Time (s)

Fiug e I6n tlelrersalffooire@eg onstructed from noisy t
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Similar to the case ofnFCONIN nmodge I d aitsa ami
empl otyoed!| earn t he mahipmpt eaignadetwesthdirei ng f o
di splacément tdae noi sy¥heér dinieag datda.cubic
bet ween the restoring force and displ aceme
as prior physical informationsdfo tthei MCNNMNMI s
modansechow(QEGNITEG.)L9OAftertr 20ttt mensval ue
of the unknown parameter theta dwoafs tchoenver c
identified nonli me&@@o spr@pe¢g (4PkPe noi se) and
Q O Xe&FXw ppHIdA (5% noi sepn here that as t he
i ncreases, the error ah s obeAhglemt sticeds sft
trainindgenetkipiredsrent ofi agetozeededi ct the i
restoring force tohfPel NNe & tmanme tvorr é&dismt tthhag r
of the structure under new external- excitaf
5 issnmuwtre xt er nalt htea tacterldacred er at i onofr etsip®nse
t wo noise casef..dhe skowhtisn shioge t hat t he
can successfully and accurately predict t he

e Xt elronaadl s
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— Exact
——- 1% noise
=== 5% noise

< 09

—-10 ‘l.. : S
]
]

204 3/
- T T T T T

2.0 2.5 3.0 3.5 4.0 4.5 5.0
Time (s)
40
—— Exact
30 1 === 1% noise

——- 5% noise

T
2.0 2.5

3.0 35
Time (s)

T
4.0

T
4.5 5.0

— Exact
——- 1% noise

=== 5% noise

_20 4
—-30 T . T T
2.0 2.5 3.0 3.5 4.0 5.0
Time (s)
40 —— Exact
=== 1% noise
——=- 5% noise

T
2.0 2.5

Fiug e Téh.el1lcal cul at ed

6. 4. 2WBr y st esryesstiesm

Fi gur eD@F 12y 3t e mWewnn t hhy Btoairce s i s

A -BOF

analyzed

30 35
Time (s)

structur al

Ml
ky
M2
ks
M3
f; Bouc-Wen ks
LEELTERT iy rirrrrirriirrry

system-Went hy &woedcaess i sh o w.né . il

as

a

numer i
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degrees of0 fpORHoMQA e cQQ The stiffness of
sprin@schaf@ Q cora Q pvFa . The hysteresis f
Bouewen hysanoaliedsical cul ated according to
O Q zao ( 61 2
Her'® i s Bol#en stiffm@kKsaGsies tbe unobser v
hysteresis displacement, which obeys a no
condiatmi om as
G0 00 THDOOS a0 [00NOS (62 2
Her e, twheen Bpoaurca met ér g @jr eT@sge t¢8ta.s Thi s
structur al system vibr aotfekBe uanccpiCie fsiteeé ds mE
eart ha ket ,alas <0dBANL 3i.n Arristheead o rRdamp-¢ € c i t
Kudmet foderl es,u22608)o calcul ate the vibrat
with a time step of O0.01s and a calcul ati c

frequency distribution of the acceleration

shown .6 .n14&. g

15 + —— EkCentro

10

Acceleration (m/s™2)
o
‘ _£__'§__ I

-10

—15 -

T T T T T
0 5 10 15 20 25 30
Time (s)
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Acceleration (m/s™2)

Amplitude

Fiug6e3l Thmp!l| af-Ceendt rEDl s ei smi c
— Al 20 4 — a2 20 4 — A3
10 10 4
0 04
-10 4 -10 4
o 1 2z 3 a4 s 0 1 2 3 4 s o 1 2 3 ios
Time (s) Time (s) Time (s)
— Al — A2 — A3
0.6 1 0.6
0.4 0.4 1
0.2 0.2 1
0.0 0.0
T T T T T T T T T T T T
2 a4 6 8 10 4] 2 4 6 8 10 0 2 4 6 8 10
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accel erati omDO&s ppoyrsstee mo f  t
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k nolwandnatslse maal ¢ xl

measur edda,t ba aRPli MMs

U of
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t

he

ng

f or cBe wWeeme d.a Lt Tehde bsyt itfHen es$ s

mod el

ated

i s establ

initialmmfAedand-ed etmemeaveewcmidbias edef i ned

t nadolnesctor
modealeest ablrnesmpmreels@munknown

forceBotWethnhes ystempectively.

t he

in t

FFNN

h e
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updat e

FFESEt madell 0.

each
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internal restoring fomadselprasdiwetl é dbalsy tthlee u
mawx,rithe reS8pORseyst pmleeli cted -bet agmehbobew
and the | oss function is constructed with
the -hoésevi br atuvioins dcaotnas iodfer ed as the trair
des darsted opti memel cayde@dnm ni sni ze the | oss {1
|l earning rate of O0.001.wi BOneOiGQGetriartamthrsa me wo

convergenctehhegposscéssncoi ob. LS5 shown in Fig

—— Loss

107 3

g 1072
10-3é
10-4é
10-5é
6 50|00 lD{IJOO 15600 20600 25600 300|00
lteration
Fiugbe. 1llbe Tconver gemiden spr d wenxcd i wfn
Af ter training, t he di-BDPF acseynsetnetrma | s®s p o

reconstructedo6ad§ygshbdwmdbich aF img tttHnoed gr ound
acceleration and internal restoring force j
shows that the reconstructed dDestcehmar &spo

solutiTdhem ground accel er atti @an $ o at.sloh.r Eice n
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The results show that our proposed PI NNs al
seismic accelDOQFatg yost eoom utshiinsg 3t he measur em
vi bration response.
154 . e===== —— Ul-Exact
. -—- Ul-Rec
—— U2-Exact
1.0 4 —-—- U2-Rec
~~~~~~ U3-Exact
0.5 4 —-—- U3-Rec
E
g 009 ===
:
E*G.Sf
g71.0-
s
201
5 7 ; 3 ¥ :
Time (s)
Fiugbe. Thée e c o nsdirsuxlteeade ment -D@FK poynsteemf t he
15 1
10 4
57 \
s
_5_
_10_
_15_
0 1 2 3 2 5
Time (s)
Fiugbe. TAreconsgrrawnde da ¢ ¢ ®inte matdied n
Using the udpdattheed svteicftforess of the three
asQ ¢®ufahQ ¢®OFGhQ p@&xdfa , which is close t
value of the 0prisg secbheséessicts the inte
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gener at Bodu\e ymotdledas s h.owmr8i.n Fi g

-~ —— F_bw-Exact

10 1 K hOTY —=—- F_bw-Rec

Force (N)

—10

0 1 2 3 2 5
Time (s)
Fiug6e. IhBe& e c o n sit mtuecrt readl restori BguWermr ce gene

mod el

Fi.g. 18 shows that the i Bewdeinf iiesd cHystee it @s

calcul ated result as the ground trut h, but
to be caused by the inclusion of part of
hystereshsofdeceto make the PINNs model h
structur al response umlrd®eNr meo dreé w wdtththee ri mglu t -
structur al state {1 B@&Uesnoadbelli sthee dprtedircetpl tate
restorignge rflaor @ -Bomcmodel . TAhisd &dFeCMN NI dhyaesr s

each consistidfheof np@® oéurt dhes .0,e uaanad tnhed wo

out put i s the hyosot ef eBahuste driosdpell Soe merhte | os
function of the FCNN model i s defined as
DeEii B ao 600 —DOHOS a0 —00 N0 S (63.)2

199



0Eii B —ao, Q 0 ( 64) 2
and
Deii ODE&i i Dé&ii ( 65) 2

Herle uvmmepresents the reconstr ®Q@ed int
steps sh6l8ndoi hsFygeehesi s pdiegdplcd eemedryt t he
modeaxld. i s calculfaitneidtebyditfrfaeesixdenc—ey—m-ethod
00 is the reconse¢espicnesd tvied-odle wmarrek hod.
—hhh are unknownr eparesneentternsy { B par amet
respecti veld g aiwheidc ht oget her wiQt hi st htehe FCNN
reconstructed I nRe@l8dlher &sltaor oepnypi [Tdyweede | s
traimMCONhmebd 000 ti mes withuantlidartrhiend orsat d 1
converges.

Af ter twHcainnien@,e6083PBO9768@86)6The results she
t hatp atrhaemet et 8 Ve Brww@t e successfu®ly ident.i
p@ ooll 1| ™YW WP pXew Now the structural
been fully identified and has the ability
new | oads. A newofsethhi€mi Ce arctcled lealkabiads’® s hown
i's appl3DGE yoteame The 1 dentiigfsiead t ot rpucctdu rcd |
response of the stlr wdad tburadciaodann dlyeshtpeodassteronnadt u r

or der Rumpl atacmett h osdeats st he benchmark sol uti ot

vi bration response predicted by .6h@€0i denti-
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Fiugbe. TAeei smi c adbhieraai omguake

Figur®heé.&2®0Oructural vibration response pr e

system

The resubl.t2s0 isnhoFnw gt hat the i dentified str
accurately predicts the vibratisesaei gmisgpons

accel eFriddt.i2aln.shows the hysteresisBotrorce cal
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