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The great social and economic impact of earthquakes has madeangdbe
development of novel solutions for increasing the level of structuaBdtys and
assessment. Outdated design codes used to design many exigtihgesrbuilt years
ago, increased demand loads, nonlinearities usually neglected mifisadnin current
design procedures, aging, low-cycle fatigue loads from smabethquakes, poor
maintenance, and several other factors have also increasedk tfog a@darge portion of
existing structures. These issues make existing structurebabfe and their outcome
unpredictable without regular monitoring of the structure’s integrity.

Structural Health Monitoring (SHM) is defined as the procesowiparing the
current state of a structure’s condition relative to a hedl#sgline state to detect the
existence, location, and degree of likely damage during or after agdagminput, such
as an earthquake. Many SHM algorithms have been proposed in the literatureeHowe
a large majority of these algorithms cannot be implemented in real timaeefore, their
results would not be available during or immediately after a major ementdgent post-
event response and decision making. Further, these off-line technrguest &apable
of providing the input information required for structural control systeansglamage
mitigation. The small number of on-line or real-time SHM (RTMjHmMethods
proposed in the past, resolve these issues. However, these approachsgrikacant
computational complexity and typically do not manage nonlinear casestlyi
associated with relevant damage metrics.

In particular, many existing SHM techniques, either on-line &ird, use

linear baseline models that do not provide enough information on straaiyremics.



Therefore, more comprehensive nonlinear baseline models that wtfeerf structural
parameters to be monitored and consequently provide more useful intormatsafety
and serviceability of structures during or after an event shoulthplemented in RT-
SHM algorithms. Finally, many available SHM methods requiresflictural response
measurement, including velocities and displacements, which are ltypidécult to
measure. All these issues make implementation of many exSkih algorithms very
difficult if not impossible.

This thesis proposes simpler, more suitable algorithms utilisimgrdinear
Bouc-Wen hysteretic baseline model for RT-SHM of a largessclaf nonlinear
hysteretic structures. The RT-SHM algorithms are devised tlsat they can
accommodate different levels of the availability of design datmeasured structural
responses. The second focus of the thesis is on developing a highfsgheaesolution
seismic structural displacement measurement sensor to ehabéerhethods by using
line-scan cameras as a low-cost and powerful means of nmmasstiuctural
displacements at high sampling rates and high resolution. Analgtodies and
computer simulations are undertaken to develop novel RT-SHM algorithakjate
their robustness under different ground motions, and to investigate ehsitiaty to
small yet important amounts of damage.

Overall, the RT-SHM algorithms developed are computationallgiefft, less
dependent on the availability of design data or difficult to measwpladement
responses, and use nonlinear baseline models that can provide more beéthmg
information of the structure. These advantages over other exRlirgHM methods
enable more accurate SHM information and make the algorithms dedetpee
amenable to RT-SHM of both existing and new nonlinear hystergtictsres and

systems by the profession. The results are thus novel, crucialigmficant steps



towards developing smart, damage-free structures and providing neteble

information for post-event decision making.
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made, which are based on the work presented in this thesis. Thégtedehere for

reference:

Peer-reviewed Journal Papers:

Nayyerloo, M, Chase, JG, MacRae, GA, and Chen, XQ (2011). “LM&Haapproach to
structural health monitoring of nonlinear hysteretiructures,'Structural Health Monitoring, an
International Journal VVol. 10(4), pp. 429-444, ISSN: 1475-9217.

Nayyerloo, M, Chase, JG, MacRae, GA, Chen, XQ and Hann, CEQj20%$tructural Health
Monitoring using Adaptive LMS Filters,International Journal of Computer Applications in
Technology (IJCATNol. 39(1/2/3), pp. 130-136, ISSN: 0952-80@1vited).

Nayyerloo, M, Chase JG, Millane, A, Muller, C, Malherbe, A, Che#Q and MacRae, GA
(2011). "Seismic structural displacement measurémesing a line-scan camera: Camera
calibration and experimental validationJournal of Civil Structural Health Monitoring
(JCSHM) ISSN: 2190-545%in print).

+1 under review:

Nayyerloo, M, Chase, JG, Chen, XQ, Acho, L and Rodellar, J 120IA simple approach to
on-line identification and health monitoring of timear hysteretic structures using a fast and
slow dynamics separation techniqu&rhart Structures and Systems, an International riaur
ISSN: 1738-1584.

Conference Papers:

Nayyerloo, M, Acho, L, Rodellar, J, Chase, JG and Chen, XQ 1207 simple approach to
real-time fault detection and diagnosis in baséatsm systems,The2011 Pacific Conference
on Earthquake Engineering (PCEE 20,1A)ckland, New Zealand, April 14-16, 8 pages, ISBN
978-0-908960-58-Bpaper and poster presentation).

Nayyerloo, M, Chase, JG, Chen, XQ, Acho, L, and Rodellar, 1120"A simple approach to
on-line identification and health monitoring of tioear hysteretic structures using a fast and
slow dynamics separation techniqueThe 2011 CoDAlab-Mice Workshop on Control,
Dynamics, Monitoring and ApplicationBarcelona, Spain, Feb 7-9, ISBN: 978-84-7653-539-4.

Nayyerloo, M, Malherbe, A, Chen, XQ, Chase, JG and MacRae, BBA (). “Cost-effective
image-based seismic structural displacement measumteusing a high-speed line-scan camera:
experimental validation,TheNew Zealand Society of Earthquake Engineering ZDdiference
(NZSEE 201Q)Wellington, NZ, March 26-28, 8-pages, ISBN: 97817561-60-3.

Nayyerloo, M, Chase, JG, MacRae, GA and Chen, XQ (2009). “@fisttive computer vision
based structural health monitoring using adaptivStLfilters,” The 7" International Workshop
on Structural Health Monitoring (IWSHM$§tanford, CA, September 9-11, pp. 705-712, ISBN:
978-1-60595-007-5.



Nayyerloo, M, Chase, JG, MacRae, GA, Moghaddasi, M, and Ch&h,(2009). “Permanent
deflection identification of nonlinear structureadgrgoing seismic excitation using adaptive
LMS filters,” The New Zealand Society of Earthquake Engineering 2008ference (NZSEE
2009),Christchurch, Nz, April 3-5, 8-pages, ISBN: 978-08960-52-1.

Nayyerloo, M, Chase, JG, MacRae, GA and Chen, XQ (2008). “8trathealth monitoring
using adaptive LMS filters, The 1% International Conference on Mechatronics and Maehi
Vision in Practice (M2VIR)Auckland, New Zealand, Dec 2-4, pp. 420-425, ISBIB-0-473-
13532-4.



| " #$%# #

I would like to express my appreciation to my advisors ProfessGedffrey
Chase, Professor XiaoQi Chen, and Associate Professor GregorjRablam
Mechanical and Civil Engineering Departments at the Univeddit@anterbury (UC),
also Professor José Rodellar and Associate Professor Leonardo tAClo@Alab in
the Departament de Matematica Aplicada Il at the UniverBitditécnica de Catalunya
(Barcelona-Tech) in Spain, who gave me invaluable support and advicehibwb tige
whole journey. | am especially grateful to Geoff for introduang to the interesting
and challenging field of structural health monitoring and for hngtisupervision and
mentoring, which made the research outcomes possible.

My appreciation also goes to the technicians that | have workbdow this
research. Particular thanks go to Julian Murphy, Rodney Elliot, K8tabbs, Ken
Brown, Adam Latham, and Julian Philips from UC, and Sayuj Nath fromomd
Instruments-New Zealand for their great support as we collaaboat the experimental
aspects of this research.

| also would like to thank my friends, officemates, exchange studestsng
professors, and all my fellow postgraduates whom | had the péeasuvorking with
both at UC and Barcelona-Tech in a great friendship during the coiuitsie project. In
particular, 1 am thankful to Anthony Malherbe from Ecole Nationale Seynér
d'Ingénieurs de Limoges (ENSIL), Cécile Muller from Ecoleidtale d’Ingénieurs
Saint-Etienne (ENISE), Professor Huiping Zhang from Hebei Urityes Technology
in China, and Alex Millane for helping me with developing the line-sbased

displacement measurement. They all had great contributions tedhiés presented in



the respective chapters.

The work presented in this thesis was financially supported byrhersity of
Canterbury through the Premier and UC Doctoral Scholarships. Cordemadctravel
funds were generously provided by the College of Engineering atihersity of
Canterbury through the Strategic Research Grant, also byetveZBaland Earthquake
Commission (EQC) and CoDAlab at the Universitat Politecnic€atalunya. All these
supports are greatly appreciated.

Finally, I am profoundly grateful to my parents, who always gaeecendless
love and support during difficult times. Without your ongoing support anctaksoi, |

would not be where | am today.



A B ST RAC T -ttt ittt ittt et et e et e e e e e |
PUBLICATIONS ...t et e e e e V.
ACKNOWLEDGEMENTS ...iittiiiiieeiieeeiese et eeease e et e e et e eeeaaaeeaaeeaneeaaneaeens W
LIST OF FIGURES. ....uiitiiiitieiie et et e e e et e e et e et e e e e et e et e et eeaeaes Xl
IS ] i 7 = T =P XVI
NOMENCLATURE ...uiiiiieii e et e et e e e e e e e et e e e e e e et e e e e enanns XVII
CHAPTER 1: INTRODUCTION ...iiiiuiiieitiiteeiireestieeeantteeesnsessnsnneessseseesnssesesnssssesnssesssnsseessssessnnseeesns 1
1.1.  LITERATURE REVIEW ONSHM ALGORITHMS ....c.ttiuiiiuiisteeiteesteenteeneeaneeeneesseesnesneesneeseesseeenseenes 8
1.1.1. Parametric MEthOAS .........oooiiiiiii e e 9
1.1.2. Non-parametric MethOAS ..........oooii i e 13
1.2, FINAL STATEMENTS ON THE LITERATURE ... utittauteateeaneesteesuesseeesueesseeseesaeeseensesnneaneeaseesneens 15
1.3, OBJIECTIVES AND SCOPE- .. .uteuttaueeatteateeaueesteeseeeaseasseeseesneeaseasseaseeanseaseessessseesseesseesseeneessens 17
B ] Y o USSP 18
LT B 1Y Y S STRTROR 20
CHAPTER 2: LMS-BASED APPROACH TO RT-SHM ....uutiiiiiiiiiiiiiie e ciiiiee e eitte e e e esnrre e e e ennees 23
P2 N 1 N 12T o1 o T USSR 23
2.2, DEFINITION OF THESHM PROBLEM .....ceiuiiitiiitianteesteenteanieaneesneeaneessesseesseesneessesseeenseensesnsesnes 25
2.3, PLASTIC DISPLACEMENT. ...cuttiuttauttaneeaueeaseeaseeaseesteeseeaeaaneanseesseaneeanseanseaneeaseeaseesneesseensesnes 32
2.4.  ADAPTIVE LMS FILTERING THEORY.....cttttttteeiueesteenteesteaneeaneeaneeaseessnssessnessneessessseenseenseensesnees 34
2.5.  IDENTIFICATION OF THEBOUG-WEN PARAMETERS........utittaueeateeaueesteesieesteaeeenseseesseaneeaneeas 36
2.6.  INPUTS TO THESHM PROBLEM .....cuuiiuiiitieitienteenteeteenteenseentesseenseaneessessseesneesaeeseeesseenseenseanes 41
2.7.  SIMULATION PROOF-OF-CONCEPT STRUCTURE. ......ceuttetttametaieesteesteesneesteesseeneesneenseanseeneeannens 41
P2 T =Wy PSSR 45
2.8.1. Hysteretic model parameter identification results...............ccocoeeeccciiiviiiieeeeeeenn, 45
2.8.2. Damage identifiCation rESUILS ...............uummmmserrenrremimerererrrrrerreeeeeeeeeeesesssssrnseeeeeeeeeees 46
2.8.3. Effect of external loads on damage identificatieaults...............cccccvvviiiiiiieiinier oo 51
2.9, SUMMARY .ottt ittt ettt et e sttt et ettt e s bt Rt e R et eR et Rt e eR e e eRe ekt e et et e eneen et eneeeneeaneearee s 53



CHAPTER 3: RT-SHM USING CHANGES IN INTERNAL DYNAMICS : APPLICATION TO BASE -

ISOLATION SYSTEMS .ot e et sttt e st st et et et e s e sar e aetsetsanaan et anns 56
3.1, INTRODUGCTION ...ttt bttt e et e e e s e s s e e st e et e et e e e ae e e e e e e e e e s s snnnreneeneeeeeeees 56
3.2, SHM PROBLEM STATEMENT .....uuuttttrutrtnreeeieetttetteesesessssessssrssrssssseeteetaesaesaeseasessnssasnnnns 39
3.3, RESIDUAL SIGNAL DESIGN......uuuuuuttrrurrirreeiittittetteeesessssssssssrssssssseeetreetaesesessssssssssssssssssnnnns 61
3.4, FAULT DIAGNOSIS ....uttttritrintiieiittiteteeeae e e et st ss st ss st e et e et e et e e e e e e e s s e s sa s s rreereeaeeeeeeas 64
3.5, SIMULATED PROOFOF-CONCEPT STRUCTURE.......cccetttiiiieiiiieiirttrnnnrereeeeeiesnessssssssenennnnnnnns 67
3.6, RESULTS AND DISCUSSION....eettittiittieeteeeetisiiesiaasirsirrrrresteeaesesaasssssssasssernnrrsrrasseeeeeeeraes 68
7. SUMMARY Lottt ettt et et it et a e s 74

CHAPTER 4: PARAMETER ANALYSIS OF THE BOUC-WEN MODEL .....ccvvvieiiiiiiiieeeee et 77
4.1, INTRODUCTION ..ciiiieiiititiies ittt ettt e et e s e e e s e e et e et e e et e e ae e e e e e e s s snnnr s nnnneeeeeeees 77
4.2.  VARIATION OF HYSTERESIS LOOPS WITH THBOUC-WEN MODEL PARAMETERS.........cccvvvvrnnnne 80
4.3, CASE-STUDY STRUCTURE ....cctttttttittiitities i ittt sseaae s e s s s e s s e e e e e eeneeneeenenas 87
4.4, LOCAL SENSITIVITY ANALYSIS ....iiiueuitinrtnrneieeeieteiretteesesessssasessnrssressseeeeeetaesaeeesaessssssssassnanns 87
4.5, GLOBAL SENSITIVITY ANALY SIS ..iiiiiiiiiiiitiitrtrrerreee et ittt et te e s e e s sssssaiene s e e et et reenaeaeseeaaesnens 89
4.6, RESULTS ettt ettt et a e e e a e 90
A. 7. SUMMARY L.eoiiiiitiinitiiieetttt et te e e e e e e e e e st e st s et ettt et e e e e e e e e e e st e s ta e s r R e e ae e e e e e e e n e s n e 98

CHAPTER 5: RT-SHM USING A FAST AND SLOW DYNAMICS SEPARATION TECHN IQUE ........ 101
5.1, INTRODUCTION ...iiiiiiieiitiitrssbe ettt et e e e e e e e s s e e e et e et e et e e e e e e e e e e s se s s s anannneeeeeeeaees 101
5.2. DEFINITION OF THESHM PROBLEM.......cciiiiiiiiiiiiiittiirntrnese ettt esa e s s eee e e e 104
5.3. FAST-SLOW DYNAMICS SEPARATION......uuttutrurrurriiriitiitetteeaaaessesssssnssnsssseeeeraetaesessessassennnns 105
5.4.  SIMULATION PROOFOF-CONCEPT STRUCTURE ......ccuuuttitrirrinnieeitreiieeneeeessssssssnnnnnnsnseeeeees 109
D D RESULTS ittt e ettt e e e e 111
5.6, SUMMARY ittt a e e e e 118

CHAPTER 6: LINE-SCAN BASED SEISMIC DISPLACEMENT MEASUREMENT ....cccceeeeiiiiiiiieeeennn, 121
6.1, INTRODUCTION ...uuttittitriiiitttitttteteeeeesssssssssssssssse et it et taeaeeeeaeessassas s bbb e s reeseaasaeessesaaas 121
6.2.  LINE-SCAN DISPLACEMENT MEASUREMENT. .....ciiiiiuuittitritrrereeeeieetreeneeee s s sessssnnnnrnsneeeeeeeeee s 124

6.2.1. Method Of LimM € @l ......uuuiiiiiiiiiiiiii ettt 124
6.2.2. Software design and edge tracking .........occcccceieeeeiiiiie e 127
6.2.3. Experimental hardware desSign.........cooo oo 130
6.2.4. Measurement resolution and SPEEM ..........ccacacc i 132
6.3.  CAMERA-PATTERN CALIBRATION.....cittiiitiiiiiititrtrrrereesie e et e e tnesnes s ne e e e e e e naenaeeeeeas 134
6.3.1. Removing the out-of-plane angle ... 136
6.3.2. Removing the in-plane angle ............ooo oo 137
6.4.  EXPERIMENTAL VALIDATION ...iiiiiiiiiiiititrnnrnrsieeeieettesteeee s s sasesnn s ressesseeeennesaeseeseanessessssnnnned 813
6.4.1. ST U | o T PP PT PRSPPI 138



6.4.2. RESUILS AN AISCUSSION ....iveeieiiie et ee et e e e e e e et e e e e e s e s e s st e eeraaaaes 141
6.5. SUMMARY ettt ttt et e et e et e et e et e e et s s s ea e s ta s aa s e e e e e e e e et e e b e ea e eh e e e ea e aa e theanearnarras 143

CHAPTER 7: MONTE CARLO SIMULATION OF INACCURATE PATTERN DIMENSIONS EF FECT

ON THE METHOD OF LIM ET AL .« toteete ettt et e e e e e e e e e e e e e e e e aeeeeeeeaean 146
7.1. TR 210 518 o [ N 146
7.2. SOURCES OF ERROR ON MEASUREMENT RESULTS.....iuuiiuniitiiiietieitieetiestesnssssssneesnessnees 148
7.3. EFFECT OF INACCURATE PATTERN DIMENSIONS.....uuituiiititniitiiieiteiieeteetersnsestesnssnesnns 148

7.3.1. Error evaluation MEthOd............oivuniii et e e e e s eeeat e e saneeaees 148
7.3.2. Monte Carlo SIMUIALION ........coeeeiii e e e et e e eas 149
7.4. RESULTS AND DISCUSSION . ..uiituiitniiteitetteetettestsstesiessssssnstnetsestetterasstiereesnessnees 152
7.5. SUMMARY 1ttt et e et e et e et e et e et s s s ea e s ta e s aa s e e e e e e b e et e e b e ea et b e e h e eanreaa e th e rneeraarras 159
CHAPTER 8: CONCLUSIONS ...vuttteee ittt ettt ettt e e et e e e e e e et e e e eet et et e e e s e eeeeaeareeaas s e e e saaeaeneeas 162
CHAPTER 9: FUTURE WORK ...ctiiieittt ettt ettt et et e aeeese s e e e ae et et eeeaa e seseeeeeaeeseessarennnnnes 172



LIST OF FIGURES

Figure 1.1: Severe damage to Christchurch CBD from the Feb@@iky earthquake of
magnitude 6.3 ML: top-left) collapse of residential buildingg;right) extensive damage
to roads, bottom-left & -right) widespread liquefaction aroundcttye(Photos courtesy of

Mohammad S. ASHEIANI) .....veeeiieieeeii e e e e e e e e 3
Figure 2.1: Damage models used: a) change in stiffness amaige in the hysteretic baseline

model parameters F{); is the restoring force of StOr&y............uuvveeiiiiiiiiiiiiiiiiiieeeeeeenn, 28
Figure 2.2. Stable force-displacement hySteresis [00P ..........uvvvvriiiiiiiiiiiiiiii e 33
Figure 2.3. Adaptive LMS filtering process (BIome 2004) ..........ooevviiiiiiiiiiiiiieiiieiiiieiiiiieiieinnens 35

Figure 2.4. a) Hysteresis loop for one period of oscillation ofrmdwaic oscillator at 0.5 Hz
(T,=2.0 s) with unit amplitude, and b) velocity times hystereispldcement for the same
oscillator over the same Period. .......ooooei i 39

Figure 2.5. Flowchart of the overall adaptive LMS-based RT-S##Veloped including the
nonlinear baseline model identification. Path 2 is followed whenb#seline model is
o =T oL AL L=To N0 )i i 1T <R 40

Figure 2.6. The simulated five-storey shear-type concrete buildipdrapt view and (b) plan

Figure 2.7. Push-over analysis results of the simulated buildiimg tise Ruaumoko finite
CIEMEBNT COUR ...ttt 45

Figure 2.8. Identified hysteretic parameters for the simulagsd-study structure subjected to
the El Centro @artNQUAKE ...........uuueeiiiceee e 46

Figure 2.9. Responses of the simulated structure subjected @apeeMendocino earthquake
and 10% sudden failure at the 10 second Mark............cccceeiiiiiiiiiiiii e 47

Figure 2.10. Identified changes in the pre-yield stiffness of ithalated structure, with 10%
sudden failure at the 10 second mark, using the adaptive LMS algorithm ......................... a7

Figure 2.11. Identified changes in the pre-yield stiffness of ithalated structure, with 10%
sudden failure at the 10 second mark, using the adaptive LMS higp(i) at different
sampling rates and (b) with different tap NUMDbErS............cooviiiiiiiiiieiiiis 48

Figure 2.12. Identified plastic displacements of the simulatedtste, with 10% sudden failure
at the time of 10 second mark, using the estimated changespret&ld stiffness. The
box in panel (a) shows the area highlighted in panel (b). ........cccccovicccc, 50

Figure 2.13. Identified changes in the linear elastic stiffness of theasedwdtructure............ 51
Figure 2.14. Changes in the ratio of norm of the error in identifgiastic deflections and norm

of the plastic deflection signal for the 20 different recdrd§able 2-1 (Mean=7.31%,
Median=7.1%, antlQR=5.93%0).........ccceiiiiiiii i 52



Figure 2.15. Identified permanent deflection and permanent deflectiornficdgian error for
the 20 different records in Table 2-1 (Mean error=8.54%, Btedrror=7.46%, anQR =

TG PSR UPPRR 52
Figure 3.1. Base-isolation system (Narasimhan et al. 2006) ..............uuvuuumimmiiiiiiiiinee e, 58
Figure 3.2. Model of a base-isolation system with passive MR dampers .........cccccevvvvevvvvvvvvnnnnnns 59

Figure 3.3. A simple procedure to determine the scaling factogsyused in the real-time fault
detection and diagnosis method developed ..o 63

Figure 3.4. Flowchart of each time step in the fault detection method developed........... 64
Figure 3.5. Time variation of the fitted parametergueB ............ooooviiiiiiiiiiiiiiiiiiienes 66

Figure 3.6. Flowchart of each time step in the fault diagnosisadedeveloped using PLLSQ
180T o PP 67

Figure 3.7. a) Fault and residual signal and b) identifiedsfdoita sample stiffness fault in the
simulated base-isolation system under the Loma Prieta earthquake ................cccccoeeeieeee. 70

Figure 3.8. a) Fault and residual signal and b) identified féarta sample damping fault in the
simulated base-isolation system under the Loma Prieta earthquake ...................coeeeeeeee. 71

Figure 3.9. a) Fault and residual signal and b) identified féadta sample combined stiffness
and damping fault in the simulated base-isolation system undeotha Prieta earthquake

............................................................................................................................................. 72
Figure 3.10. a) Fault and residual signal and b) identified ferl&s sample combined stiffness
and damping fault in the simulated base-isolation system undemararground motion
of amplitude 0.2 g and frequency Of LLOHzZ..........oooooi e 73
Figure 4.1. Hysteresis loop shape for different values (of =0.5,n=2, andy=0.05) ........... 82
Figure 4.2. Hysteresis loop shape for different values(8&1, =0.1,n=2, andy=0.05) ....... 82
Figure 4.3. Hysteresis loop shape for different valueg/atl, =0.5,n=2, andy=0.05)....... 84
Figure 4.4. Hysteresis loop shape for different values(8&1l, = =0.5, andvy=0.05) ........... 84
Figure 4.5. Spider diagrams generated using the LSA reeulisef Bouc-Wen hysteretic model
for structures with different natural periodsTg¥0.5 s, b)T,=1.0 s, c)I,=1.5 s, and d) the
oYL= = Lo [ LT U] £ 91
Figure 4.6. Spider diagrams of the LSA results for the Bouc-Wen hystetiel generated for
different base values for the parameters: a) Set 1,9, $¢ Set 3, all from Table 4-2, and
d) the average rESUILS. ..o —————— 93
Figure 4.7. RMS error in the responses of the case-study s&raltte to change in the stiffness
parameter of the Bouc-Wen moda),for Case 3in Table 4-3. .......cccooioiiiiiiiiiiiiieieeeeeeeen, 95
Figure 4.8. RMS error in the responses of the case-study s&raktterto change in the bi-linear
factor of the Bouc-Wen model, for Case 3in Table 4-3 ......cooeeviieiiiiieiieeeeeeeeeeee e 95

Figure 4.9. RMS error in the responses of the case-study struktterto change in the loop
fatness parameter of the Bouc-Wen modglor Case 3 in Table 4-3.............ccoooevvvnneen. 96



Figure 4.10. RMS error in the responses of the case-study strdoit® change in the loop
pinching parameter of the Bouc-Wen modefpor Case 3in Table 4-3..............ccccvvnee. 96

Figure 4.11. RMS error in the responses of the case-study strdogite change in the power
factor of the Bouc-Wen moded, for Case 3inTable 4-3 ... 96

Figure 4.12. Spider diagram generated by median RMS errors iesphenses of the case-study
structure due to change in the Bouc-Wen model parameters for Casebbeid-Ra....... 97

Figure 5.1. Time variation of the fitted parameterqofeB.............cccceeveeii i, 107

Figure 5.2. Flowchart of one time step of the RT-SHM method dewtlé@e nonlinear
hysteretic structures using a fast and slow dynamics separatiomgtezhn.................. 109

Figure 5.3. Responses of the simulated structure subjected to the Nertaitigguake....... 111

Figure 5.4. a) Identified structural and Bouc-Wen model paramatat b) hysteresis loops of
the simulated structure subjected to the Northridge earthquake .............cccccviiiiiiiiinnnnnnnes 112

Figure 5.5. a) Identified structural and Bouc-Wen model parasatet b) hysteresis loops of
the simulated structure subjected to a harmonic excitation of amplitude 0.2 g anddyeque
OF 2,20 HZ e e e e e et aaa e s 112

Figure 5.6. Maximum error in stiffness identification using pneposed algorithm when the
case-study structure is subjected to the 20 different growtmhmrecords in Table 2-1
(Mean error = 2.67%, median error = 1.88%, and the83' inter-percentile = 6.78%). 113

Figure 5.7. Maximum error in damping factor identification ushmgygroposed algorithm when
the case-study structure is subjected to the 20 different groumohmetords in Table 2-1
(Mean error = 4.3%, median error = 4.2%, and the3" inter-percentile = 4.29%)..... 113

Figure 5.8. Identified structural and Bouc-Wen model paramefetseosimulated structure
subjected to the Northridge earthquake and damage pattern 1 in Table 5-1....... 114........

Figure 5.9. Identified structural and Bouc-Wen model paramefetiseosimulated structure
subjected to the Northridge earthquake and damage pattern 2 in Table 5-1....... 115........

Figure 5.10. Identified structural and Bouc-Wen model parameteitseafimulated structure
subjected to the Northridge earthquake and damage pattern 3 in Table 5-1....... 115........

Figure 5.11. a) Identified structural and Bouc-Wen model parametdns)aysteresis loops of
the simulated structure subjected to the Northridge eartbqaa@® damage pattern 4 in
JLIE= 0] L= T PSSR 116

Figure 6.1. Special pattern enables vertical, horizontal, andtiormh displacement
measurement using only one line-scan camera (Lim and Lim 2008). ..............coeeeeeeeennn. 125

Figure 6.2.R is the distance betwedh, andPc over the distance betwe@q, andPoy (Lim
= L o I T T2 00 1 ) 126

Figure 6.3. The new edge tracking technique proposed...........cccccceiiiiiiii 129

Figure 6.4. Position of the tracked edges, a) when the edgsesraig tracked by their pixel
position and b) when the proposed edge tracking algorithmis used .............ccceeeeeeeenn. 130

Figure 6.5. a) Line-scan camera used in this study, b) a lines-gpang-damper system with

&



a printed pattern (a black dot on a white background) posted ana$e (the red line on
the pattern shows the FOV of the camera), and c) what theclmeeamera sees over
SV Al T MBS ..o s 131

Figure 6.6. Data flowchart of the displacement measuremstgrsy(pictures and icons from
www.teledynedalsa.com, www.ni.com, and www.iconarchive.com).............................. 132

Figure 6.7. Different possible camera misalignments withe@sto the global horizontal and
vertical CoOOrdiNates SYSIEM ........vuuiiiiiiiiiiiiiei e e e e e e e e e e e e e e aaaaaaaaaaaaaaaeaeees 135

Figure 6.8. The newly designed calibration pattern and the scaat laexo out-of-plane angle
L] LU= T o P 137

Figure 6.9. FFT analysis of displacement suites derived from recordbla2a for case-study
structures with different natural Periods.............coooo i 139

Figure 6.10. Experimental set-up used for a) random (1. Line-scan camerierd, BaCart, 4.
dSPACE, 5. Light, and 6. Data acquisition computer) and b) harmonic rj&-stan
camera, 2. Pattern, 3. MTS machine, 4. Computer to control the M@ldnea5. Light, 6.
Camera and light source power supplies, 7. Target computer, 8.cétoputer, and 9.
Moving head of the MTS machine) displacement measurement tests..............cceeeeeeee.. 140

Figure 6.11. a) Absolute value of the difference between norms dictib@l and measured
displacement signals over the norm of the actual displacerugral $n percent for the
records in Table 2-1 and b) measurement results for recordT2bla 2-1, as an example,
with a 20 mm shift to show both results clearly as separate lines...........cccccceeeieiiiiiiinnnnn. 141

Figure 6.12. a) Error in peak points measurement and b) actuaieasdired displacements for

the lower head of the MTS machine, travelling £1 mm harmonically a.5.H........... 142
Figure 7.1. Changes I, andL, with pattern rotation relative to the scan line...................... 150
Figure 7.2. From (1) to (3), andL, change whildR, is constant.............ccccceeeeiieeiiiinnienieneenn. 151
Figure 7.3. From (1) to (2),, andL, are fixed whileR changes ...........cccccvvvvvvvirriiiiiviniiiinnnnn, 152

Figure 7.4. Median horizontal displacement measurement error innpetge to imprecise
pattern dimensions: a) median horizontal displacement measuremensurface and b)
median errors for fixed Values OTV...........cooociiiiiiiiiiiic e 153

Figure 7.5. Median vertical displacement measurement errordgergettue to imprecise pattern
dimensions: a) median vertical displacement measurement semfaice and b) median
errors for fixed ValUES OFW ..........uiiii e 154

Figure 7.6. Median rotational movement measurement error in pehgerio imprecise pattern
Lo 1T T L= T L UUUPRURUPRRRP 155

Figure 7.7. 8-95" inter-percentile range of the horizontal displacement measnotesn®r in
percent due to inaccurate pattern dimensions: a) inter-perceatilace and b) inter-
percentile ranges for fixed values AV (solid lines are for W> 0). .........cccvvevvniiinnnnnns 156

Figure 7.8. 8-95" inter-percentile range of the vertical displacement measemt error in
percent due to inaccurate pattern dimensions: a) inter-perceatilace and b) inter-
percentile ranges for fixed values AV (solid lines are for W>0) ..........cccvveveneiennnnnnes 157

Figure 7.9. 8-95" inter-percentile range of the rotational movement measuregrent in

&



percent due to inaccurate pattern dimensions: a) inter-perceatilace and b) inter-
percentile ranges for fixed values A (solid lines are for W>0). ..o, 158

Figure 9.1. Extension of the line-scan displacement and rotatieasurement method
developed for full 3D displacement and rotation measurement (3Dl rabdlege camera
from Www.teledynNedalSa.COM) ..........uuiiiiiiiiii s e e e e e e e e e e e e e e e e ae e 177



Table 2-1. Selected ground motions (Christopoulos et al. 2002) ............ccooeiiiiiiiiiiiiiiieeeeeees 44
Table 4-1. Evolution of hysteresis loops with changes in the ldopda () and pinching ()
parametersA=1,N=2, anNdY=0.05).......cccctttiiiiieriiee e 85
Table 4-2. Base values for the Bouc-Wen model parameters used in the LSA...........cccccvviinnns 87
Table 4-3. Different cases studied for LSA of the Bouc-Wen model ............ccccooiiiiiiiiiiciinnnns 89

Table 4-4. Results of LSA of the Bouc-Wen model for Case 1 in T&@ewith different
natural periods for the case-study StrUCTUIe ..........coooviiiiiii i 92

Table 4-5. Results of LSA of the Bouc-Wen model for Case 2 lneT4:3 with different base
values for the model Parameters..........cooooee e 94

Table 4-6. Results of LSA of the Bouc-Wen model for Case 3 lkeT4x3 with different input
excitations Of Table 2-1. ... 97

Table 4-7. Summary of the results of LSA of the Bouc-Wen maitbl mean maximum RMS

errors for Case 1 and 2, and maximum median RMS errors for Case 3...........ccccvvvvveeennn. 98
Table 5-1. Damage patterns used in the simulation ... 110
Table 6-1. Specifications of the measuremMeNnt SEt-UP.......couueiuiriiiiiiiiiiiiiiiiree e 131

Table 6-2. Peak displacements of the case-study structurefonsedperimental validation of
the line-scan displacement measurement method, under the ground motion records in Tabl
e OO PPPPPP 139



ML Local Magnitude or the Richter Scale
USGS United States Geological Survey
ASCE American Society of Civil Engineers
SHM Structural Health Monitoring

ANN Artificial Neural Networks

LMS Least Mean Squares

ERA Eigensystem Realization Algorithm
IASC International Association for Structural Control
DDLV Dynamic Damage Locating Vector
LSE Least Squares Estimation

RLS Recursive Least Squares

GPS Global Positioning System

MLP Multi-Layer Perceptron

ICA Independent Component Analysis
WPT Wavelet Packet Transform

WPS Wavelet Packet Signature

EMD Empirical Mode Decomposition
FOV Field of View

RT-SHM Real-time Structural Health Monitoring
DOF Degree of Freedom

MDOF Multiple-Degree-of-Freedom

SDOF Single-Degree-of-Freedom

MSE Mean Square Error

FEA Finite Element Analysis

PGA Peak Ground Acceleration

MR Magneto-Rheological

SA Sensitivity Analysis

LSA Local Sensitivity Analysis

GSA Global Sensitivity Analysis

RMS Root Mean Square

FAST Fourier Amplitude Sensitivity Test
PLLSQ Piecewise Linear Least Squares

LVDT Linear Variable Differential Transducer



PZT
LDV
3D
CCD
RTOS
HDD
FFT
DPI
MCS

IQR

Piezoelectric

Laser Doppler Vibrometer
Three-Dimensional
Charge-Coupled Device
Real-Time Operating System
Hard Disk Drive

Fast Fourier Transform

Dots per Inch

Monte Carlo Simulation

Inter-Quartile Range



The whole of science is nothing more than
a refinement of everyday thinking.

Albert Einstein
German-American Physicist, 1879-1955
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Every year hundreds of people across the world lose their lives alue t
catastrophic earthquakes. The deadliest earthquake of the lagdletades with a
magnitude of 9.1 ML happened in the Northern Sumatra region of Indone2@04
and claimed 227,898 lives, from the earthquake and resulting tsunami.r Aaftea
another massive earthquake of 7.6 ML hit Kashmir in Pakistan and 80,8plk pest
their lives. In 2008, another large, deadly earthquake of 7.9 ML occurrEdsiern
Sichuan in China, and 87,587 people died. Finally in 2010, the 7.0 ML Haiti earthquake
claimed 222,570 lives (USGS 2011).

Apart from loss of life, earthquakes damage residential, conmheand
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industrial buildings, and equally importantly, infrastructure such as pphasts, roads,
and pipelines. The resulting damage can cost billions of dollars depeodinige
severity of the earthquake, and significantly delay economical aoidl seturn to
normal activity.

The 1989 Loma Prieta earthquake in California struck Monterey to Sa
Francisco with a magnitude of 6.9 ML and caused US$6 to US$10 ainbiloperty
loss (Page et al. 1999). In 1995, a magnitude 6.9 quake killed more than &p0 pe
and caused US$100 billion in damage in Kobe-Japan (Michael et al. 199&ntlRe
in February 2011, a large earthquake of magnitude 6.3 ML struck Chridtchnea in
New Zealand and claimed 181 lives (NZ Police 2011) and up to NZ$1®nbilli
(approximately US$11.9 billion) damage (Villamor and the Sciencgpdtese teams
2010; GNS 2011; NZ Government 2011; NZ Parliament 2011). Figure 1.1 shows some
examples of the widespread damage to buildings and infrastruct@teristchurch. In
this latter case, the figure was worsened by another vea88 ML aftershock in June
2011. Finally, the down-time cost of infrastructure and main busineggityac
sometimes exceeds the direct cost of damage to the property or theuofuastitself.

Earthquakes may also trigger extremely destructive tsunanvieswvdhat
significantly increase the negative impact of the quakes. An @earaof such
catastrophic events recently occurred in Tohoku-Japan in March 2011mfrredliate
economic effects and casualties for this event are still undieEavever, the costs are
estimated to be as high as US$200 billion (2.5% of the country’s GiaR)\eer 10,000
people may have lost their lives (The World Bank 2011).

Such huge earthquakes can occur in many regions around the worldagnd m
even cause more damage, as the existing structures become ekkardR conducted

by the US Geological Survey (USGS) and other researchers ghevesis a 70%



probability of at least one magnitude 6.7 or greater earthquakengtthe rapidly
growing San Francisco Bay region before 2030 (Michael et al. 1999h an
earthquake would cause widespread damage and consequently have a hagenmpa

the US economy.

Figure 1.1: Severe damage to Christchurch CBD from the Febr2@iy earthquake of magnitude 6.3
ML.: top-left) collapse of residential buildings pteight) extensive damage to roads, bottom-leftight)
widespread liquefaction around the city (Photostasy of Mohammad S. Ashtiani)

The great social and economical impact of earthquakes has eattnaeny
researchers from different disciplines, such as geotechnicattwstal and control
engineering to the broad field of earthquake engineering toafewelvel solutions for
mitigating the catastrophic effect of earthquakes. Advancemenggatechnical and
structural engineering help to have better understanding of gnmations and how
structures behave against such motions, and thus enable moentesiluctures in
areas with high seismic risks, resulting in a safer and more resiliestysoc

The problem of increasing the level of safety of structueesimes complicated



when it comes to existing structures built years ago accotdingtdated design codes
that did not have the knowledge or understanding that we have now. On theawitier
demand loads on some infrastructure, such as bridges and roads hawverabssed.
The combination of increasing demand, outdated design, and, in sop® pasr
maintenance has increased the risk for a large portion of oustmfteure, which may
have an inadequate level of safety compared to current design codes.

Other complexities come into the problem when existing strucaxpsrience
several minor or moderate earthquakes during their life time or become agegl aAdi
being subject to relatively low-cycle fatigue loads, resultmognfsmaller earthquakes,
ensure the structure performs differently from what it wagirally designed to do.
Such fatigue loads may be lower than design levels and caussiltle damage in the
structure, but significantly shorten the remaining life of tinecstire (Vayas et al. 2003;
Erberik and Sucuoglu 2004; Sucuoglu and Erberik 2004; Teran-Gilmore aa®007;
Nastar et al. 2010). Moreover, nonlinearities, usually neglectedmplified in the
design procedures, affect the structure’s performance against earthopdgeuring its
service life. Overall, these issues make existing strigtumeeliable and their outcome
unpredictable without regular monitoring of the structure’s intgegtitis particularly
important for critical infrastructure, such as hospitals and mdgimes, which are
most needed after catastrophic events.

Replacement of old existing structures may seem the sihggéen to increase
the safety level of such structures and to remove the need fonwmumsi monitoring.
However, this option is expensive and thus rarely possible. For instdmecdotal
investment needed to bring bridge infrastructure in the US up to ceeea five-year
period, is estimated by The American Society of Civil Engmé_ECE) to be US$930

billion. However, only US$549.5 billion is planned to be spent over this period



(Ahlborn et al. 2010). Monitoring of existing structures can be usethpoove such
funding allocations by improving the information that these decisions are based on.

Structural Health Monitoring (SHM) is defined as the procesowiparing the
current state of a structure’s condition relative to a hedl#sgline state to detect the
existence, location, and degree of likely damage after a daghagnt, such as an
earthquake. SHM can simplify and improve typical visual or loedlizxperimental
approaches, as it does not require subjective visual inspection sifubture (Doherty
1993). It can thus provide valuable data for post-event safetysassats to help
optimize recovery planning.

Sohn et al. (2004) describe SHM as a four-part process:

1. Operational Evaluation

2. Data Acquisition, Fusion, and Cleansing

3. Feature Extraction and Information Condensation, and

4. Statistical Model Development for Feature Discrimination.

Operational evaluation determines economic and/or life safetyvatiotis,
damage definitions, conditions both operational and environmental under which the
system functions, and, finally, limitations on data acquisition in dperational
environment. Data acquisition covers topics such as determination qtidméities to
be measured, the sensors type, location, number, resolution, and bantvedihta
acquisition/storage/transmittal hardware, and how often the datadsheutollected.
The third step in the process is feature extraction, whicheigtocess of identifying
damage-sensitive properties from measured vibration responsesrtoidetexistence,
location, type, and the extent of damage. Finally, statismcatlels are used to
determine whether the changes observed in the selected feat@@sto identify

damage are statistically significant (diagnosis). Sinmladels are also used to estimate



the remaining useful life of the structure (prognosis).

The main focus of this thesis is on the third part of the SHMeqss, developing
novel feature extraction techniques, with the aim of resolving probteEnexisting
feature extraction algorithms to provide better resolution, accuaadyrelevance. A
major drawback of many existing approaches, which will be weaden this chapter, is
their inability to be implemented in real-time, on a sample-togda basis as the event
occurs. Hence, these methods are not suitable for real-time structural tmmiamage
mitigation purposes, and their results would not be immediately availableaft:ent.

Among many proposed SHM techniques in the literature, only a verysiesi
as adaptive fading Kalman filters (Sato and Takei 1997; Loh 20@aD), adaptiveéd
filter techniques (Sato and Qi 1998), bootstrap filtering approadhest @l. 2004a),
Artificial Neural Networks (ANNs) based methods (Masrakt2000; Zapico and et al.
2001; Zang et al. 2004), or wavelet approaches (Kim and Melhem 2004ckmve
real-time or near real-time results. However, they have esigaificant computational
cost and complexity, or are incapable of locating and quantifyingdheage detected.
Therefore, developing on-line SHM techniques with simpler and nsoitable
algorithms is still a challenging field.

This thesis proposes real-time SHM (RT-SHM) algorithms for ineaf
hysteretic structures using simpler and more suitable techniques-line SHM of
such structures than the existing methods in the literaturesed a simple adaptive
Least Mean Squares (LMS) filtering technique, a fast and digvamics separation
method, and a simple comparison between the internal dynamicaltfyhend faulty
structures to develop three SHM algorithms suitable for headthitoring of a large
class of nonlinear hysteretic structures with different leod availability of design

data. Thus, the methods proposed are suitable for on-line monitoring of l&ithgex



and new hysteretic structures and systems.

In structural systems, hysteresis appears as a natucthhmsm in the materials
used and produces restoring forces that dissipate energy. Higstasassed here, refers
to the memory nature of inelastic structural behaviour whereesttering forces depend
not only on the instantaneous deformations, but also on the history of thaebns.
The detailed analytical modelling of this behaviour results in vesynplicated,
nonlinear models that are not suitable for on-line identification aatthheonitoring
applications using existing methods. Therefore, semi-physical nmageWhich is a
combination of simplified physical analysis and black-box modellsgsually used to
represent hysteretic behaviour in structures.

One of the most common such semi-physical models proposed is-ardies
nonlinear differential equation known as the Bouc-Wen model. It wasnalligi
proposed by Bouc (1967) and later was further generalized by Wen (C%8)sing a
set of suitable parameters in the model relates input displateneeoutput restoring
forces in a broad range of hysteretic structures. The Bout+iéelel is able to capture
a range of hysteresis loop shapes that match the behaviouridé alass of hysteretic
systems including buildings, soil, base-isolation systems, and ettagmeological
(MR) dampers among others (Ismail et al. 2009). This thesis hsd&otuc-Wen model
of hysteresis to simulate nonlinear hysteretic behaviour uctsies and systems, and
develops SHM methods to directly identify changes in both the key structural and Bouc
Wen model parameters in real-time.

The methods developed require full-state structural responseseratiogls,
velocities, and displacements. However, due to a variety of practinatraints and the
high cost of implementation, direct high-speed measurement ofusaudisplacement

and velocity is typically difficult. Estimation of velocity and pligcement by



integration of measured acceleration is also subject to drifelod which needs to be
corrected using independent displacement data, particularly, wpermanent
displacements exist (Yang et al. 2006; Stiros 2008). Hence, the skmusdof the
thesis is on developing a high-speed, high-resolution structural disglatem
measurement sensor for the SHM methods developed. This latteptoan&ibutes to
the second step of the SHM process, data acquisition, by introdungagckan cameras
as a low-cost and powerful means of measuring seismic strudispédcements at high
sampling rates and high resolutions.

The following sections present a brief review of the existitegature on the
third step of the SHM process, covering a range of SHM algasithirhe existing
literature on structural displacement measurement techniquesiésved later in the

relevant chapters.

00 * 4

Existing SHM algorithms in the literature can be categorimto two main
groups: parametric and non-parametric methods. In parametric idNhathematical
model governing the structural behaviour is known and the aim idetdifiy likely
changes in the structural parameters with respect to armasebdel to detect and
locate damage. In contrast, non-parametric methods map the infwsstaucture to its
outputs without any knowledge about the internal structural model. Dammagen
detected by identifying changes in the parameters of theigemaron-physical model
created. Nevertheless, non-parametric models cannot locate thgealdetected unless
a priori knowledge from all possible damage cases and the correspondiowirsir
responses is available. However, a significant advantage of non-paca®EM

methods over the parametric approaches is their capability to edpeufull dynamics



of the structure including un-modelled or simplified dynamics.

Many current vibration-based SHM methods are based on the ideddnates
in modal parameters: frequencies, mode shapes, and modal dampiragyesult of
damage or decay (Doebling et al. 1996). The idea was first pays€hen et al.
(1977) who found longer time period, higher damping, and some mode shape
discontinuity for the damaged structure in a forced vibration test foli-scale four-
storey concrete model building. However, modal properties are not rabusie
presence of noise and are not sensitive to small amounts of dafaage ét al. 1994).
Moreover, sometimes damage at two different locations resekaatly the same shifts
in the natural frequencies, and the damage cannot be uniquely localized. Fustlads, m
based methods are typically more applicable to steel-frame @k lstructures where
vibration response is highly linear (Doebling et al. 1996; Chase et al. 2005b).

The most common method for identification of modal parameters in civil
structures is the Eigensystem Realization Algorithm (ERA)gueme domain free
vibration response data (Juang 1985). In ERA, a discrete Hankel msafopmed, the
state and output matrices determined, and a continuous time systeihcreatk. The
natural frequencies and mode shapes are then found by determiningetneakeies of
this continuous time system. Dyke et al. (2000) use cross-cavrelinctions in
conjunction with the ERA method for identification of the modal pararsetéhich are
used to identify frequency and damping parameters. Caicedo &08D)(introduce
SHM methods based on changes in the component transfer functionsttithere, or
transfer functions between the floors of a structure, and usERKeto identify the
natural frequencies of each component transfer function. They alsenfg@sERA-

based methods to identify modal parameters before using leasts@pdimization to



locate and identify damage (Caicedo et al. 2004).

Lus et al. (2004) presented ERA methods using a Kalman filtanagst to
identify a baseline model and the ERA method for modal parasne¢éore using least
squares optimization to locate and identify damage. Lus and Betti (2B3@0proposed
a damage identification method based on ERA with a Data Coorelatid Kalman
Observer. Bernal and Gunes (2000) also used ERA with a Kalmaen@bgor
identifying modal characteristics when the input is known, and wseslibspace
identification algorithm when the input cannot be measured. A novel Imoda
identification based approach was also presented by Barroso angueadi2004) who
employed a damage index method to identify changes in stiffness ratass for the
IASC-ASCE (International Association for Structural Control-Aiv@n Society of
Civil Engineers) benchmark structure.

Flexibility-based methods are generally more sensitive togdsin the first few
natural modes, which also dominate the response of many typidastoigtures, than
the modal-based techniques. Lin (1990) uses the cross-unity checkeetive
flexibility matrix obtained from measured data and the analystiffness matrix to
locate damage. Bernal and Gunes (2004) presented a flexibileg-basthod that
involved sub-matrix inverses and the full data record to perform naxdele
identification. Bernal (2007) also introduces Dynamic Damage LmgaVectors
(DDLVs) approach for structural damage detection and localizaDDLVs lie in the
null space of the change in the transfer matrix and provide Lapfansform of
dynamic loads, and thus, result in zero stress fields over the damaged region.

The problem of damage detection can also be seen as an inasnprUsing
measured input-output vibration data, analytical model of the strucinréec updated

to reproduce the measured data. Minimizing the error betweenepmeduced and
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measured responses by iteratively refining the stiffness aisd matrices yields the
damaged structure’s parameters (Lus et al. 2003a; Lus et al. 2@i8hg recently
published methods also include Bayesian statistical approachesousimg two stages
to identify modal parameters and then damage (Lam et al. 2004; Yuen et al. 2004).

The parametric SHM methods reviewed are used mainly as oftdaoieiques
because post processing of measured time history data is reduirextract the
necessary diagnostic information. However, the inability olio&#-SHM techniques to
be implemented in real-time, on a sample-to-sample basis &vehé occurs, makes
them unsuitable for real-time structural control for damage redug@urposes upon
detecting damage. Equally, their outcomes may not be availabledrately after an
event, perhaps reducing their potential, positive impact on immediatieqeake
response. In contrast, on-line/real-time methods provide all the aeg@s®rmation to
plan damage mitigation measures in advance, and thus, avoid catastadphes, as
well as aiding immediate post-event response.

Adaptive fading Kalman filters (Sato and Takei 1997; Loh et al. 2@G@@ptive
Hy filter techniques (Sato and Qi 1998), and bootstrap filteringoappes (Li et al.
2004a) can achieve real-time or near real-time results and prstvidgural parameter
identification. However, they have significant computational costcamaplexity that
makes the implementation of such methods for on-line SHM difficult.

Simpler algorithms for on-line SHM make use of adaptive Leagtiares
Estimation (LSE). Chassiakos et al. (1998) uses adaptive leasts@ygroach for on-
line identification of hysteretic systems through reliabdtineates of the hysteretic
restoring force parameters using acceleration data. Thiswaslextended by Smyth et
al. (1999) to handle the general case when no information is avaidabiee system

parameters.
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Lin et al. (2001) presented a Recursive Least Squares (RE&) baéyorithm that
upgrades the diagonal elements of the adaptation gain matrplestoysample by
comparing the values of estimated parameters between two ctivedione steps. The
method requires full-state structural response measurement. efaalg (2004) also
proposed an on-line adaptive least-square tracking technique thanlsesceleration
data to identify abrupt changes in the parameters of hystenetatuses, from which
structural damage can be determined.

MX Least Mean Squares (MX-LMS) filters, named after thmawdular cross-
coupled structure, were also used by Kaiser et al. (1999) to idevddal parameters in
the health monitoring of adaptive aerospace structures. The chdrigeseoparameters
are then related to the location and extent of damage.

Model-based methods combined with adaptive LMS filtering theory aks®@
used to identify structural stiffness changes in real-tima aomputationally efficient
and robust fashion. Adaptive LMS filters approximate gradient opdiimiz and
convergence in real-time from sample-to-sample. In contrastt $epares structural
optimization methods use the full data record and multiple computhhoad/ses to
converge to a solution.

LMS-based SHM has been used for a benchmark problem (Chas@@b%i),
and also for a highly nonlinear rocking structure (Chase et al.c200®% directly
identify changes in structural stiffness only. Similar RL®tmods have also been
applied to the same problem (Chase et al. 2005a). All these metineddy identify
changes in structural stiffness over time by comparingtiffeess matrix of a structure
with the undamaged model matrix. These model-based adaptivengliexethods are
robust with fast convergence and low computational cost. However, thayt ddentify

plastic and permanent deflections, and require full-state structiasponse
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measurement.

Hann et al. (2009) proposed a SHM method for nonlinear hysteretiendhga
identification using convex integral-based fitting methods andelkise Linear Least
Squares (PLLSQ) fitting. The method uses only acceleration ureasents and
infrequently measured displacements motivated by global positi@ysigm (GPS),
and is also capable of identifying plastic and permanent dieftscin real-time. The
identified permanent displacement is a particularly usefulag@mmeasure for the

construction of probabilistic fragility functions.

Artificial Neural Networks (ANNs) are one of the common norapagtric SHM
methods. A neural network is composed of many layers with weigtdré&aand a bias
value. Outputs of one layer are multiplied by its weights andeshify the layer’s bias
value and then used as inputs to the next layer. The weights aed lie adjusted
during the training phase of the ANN to minimize error betweemasored and
predicted outputs of the structure. When damage occurs, the weights deange
compensate changes in the outputs of the structure due to the damageekl the
non-uniqueness of the set of the network weights calculated for a partypdartform
of damage makes it difficult to relate changes in the weightise location and severity
of the damage occurred. Equally, training sets may not generalis®\aetbial damage,
or remain relevant over time.

Masri et al. (1992; 2000) proposed an ANN-based method that can detect
changes in an unknown system’s nonlinear dynamic behaviour based @vehefl
output prediction error when measured responses of a damaged systgmssed
through the network trained to predict the undamaged state responseveHatvis

difficult to relate this information to locate or quantify the damage detected.

%*



In another study, Zapico et al. (2001) proposed a procedure based on a Multi-
Layer Perceptron (MLP) for damage assessment in a two-dtaelyframe with steel-
concrete composite floors. The MLPs were trained using a siaetplffnite element
model through the error back-propagation algorithm. The two longitudhemdling
natural frequencies were used as inputs to the MLPs to detedamage at floor
levels. Nevertheless, more knowledge of the damage level atfleachfor example
through analysing the experimental frequency response functionkeoflamaged
structure, is needed to validate the results.

Zang et al. (2004) also presented an approach to detect structuesjeddased
on a combination of Independent Component Analysis (ICA) extraction efdomain
data and ANN to detect damage in a truss structure alsthieestorey bookshelf-type
model building. The ICA technique used captures the essential strudt@darge
volume of the measured vibration data to be used in the ANN training phase.

Discrete and continuous wavelet analyses have also been used inASktidd
review of the research on damage detection using wavelet analysisfocand& (Kim
and Melhem 2004). One example of wavelet-based approaches isstécatgtattern
classification method, developed by Sun and Chang (2004), based on Wracket
Transform (WPT). This method uses acceleration responses oktherfd of a steel
cantilever I-beam excited by a pulse load to detect induced @amage beam in the
form of line cuts of different severities in the flange. The responses ammpesed into
wavelet packet components, and dominant signal energies of the wpaelett
components are then used as the Wavelet Packet Signature (WPS) for damaga.detect
Two damage indicators were formulated by Sun and Chang to lungisttréaminate
information from the extracted WPS with thresholds set based orstétistical

properties and successive measurements.
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Wavelet-based methods determine the time at which damage odgdoredt al.
2000; Hera and Hou 2004). Damage, and the moment when the damage ocdoes, can
detected by a spike or an impulse in the plots of higher resoluttaisdeom wavelet
decomposition of the acceleration response data. Hera and Hou (2004)sedsthe
spatial distribution pattern of the observed spikes to determinedlos @ which the
damage occurred.

Empirical Mode Decomposition (EMD) has also been used for dadetgetion.
Yang et al. (2004) used EMD to extract sudden stiffness damageiristants and
locations over the full measured record. They also used EMD andtHhhmng linear
transforms to identify damage time instants, as well as ndtaplencies and damping
ratios of the structure before and after damage using measusedHdavever, these
methods are complex, and require the full record and sometimescopepait to arrive

at a final diagnosis, therefore they are neither on-line nor automated.
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The SHM field is too large to present a complete literatereew. Similar
approaches can be found in excellent reviews by Doebling e1288), Sohn et al.
(2004), Carden and Fenning (2004), Montalvao et al. (2006), and Dharap (2006).
Overall, despite the extensive efforts made by the SHM aomty it can be seen that
there is still a great need for further developments in the following areas:

Many existing SHM algorithms cannot be implemented in reak.tim
Therefore, their results would not be available during or immediately aft
an event for urgent post-event response. Further, these off-linegieetni

are not capable of providing the input information required for straict

control systems for damage mitigation. On-line SHM methods resolve

%:
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these issues. However, existing on-line SHM approaches havécsighi
computational complexity. Therefore, developing computationally-
efficient and more suitable algorithms for RT-SHM is crucial
developing damage-free structures, providing more reliable infarmati
for post-event decision making and consequently more resilient
communities to devastating earthquakes.

Many existing off-line or on-line SHM methods require full stuual
response measurement, including velocities and displacements ¢hat ar
typically difficult to measure. Novel displacement and velocagpsers
would provide the inputs required for many SHM algorithms and make
their implementation by the profession possible.

Parametric SHM methods are generally more suitable for SHiduise

of their ability to determine type and location of damage over the non
parametric approaches. However, many parametric SHM technigees us
linear baseline models that do not provide enough information about the
structure. More comprehensive nonlinear baseline models offer further
structural parameters to be monitored and consequently more useful

information on safety and serviceability of structures after an event.
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The main objective of this study is to develop simple RT-SHiybrahms,
capable of on-line tracking of the key structural parametectudmg stiffness,
damping, and the governing nonlinear baseline model parameters, fgealass of
Bouc-Wen-type hysteretic structures. The RT-SHM informati@aenavailable by the
algorithms developed will then provide the necessary input dgiared by many
structural control methods for damage mitigation or avoidance pwpbsether, the
identified nonlinear baseline model with measured displacementpdatales a very
useful measure for safety and serviceability of structuresstipl and permanent
deformations.

Analytical studies and computer simulations are undertaken to devetop t
algorithms, evaluate their robustness under different ground motions) anestigate
their sensitivity to small yet important amounts of damage. Aldily of the required
input data by the algorithms is investigated as one of the mmglementation issues.
The study focuses on several main areas:

Development and proof-of-concept computer simulations of RT-SHM
algorithms for new structures or where limitgbriori knowledge of the

structure is typically available.

Development andn silico validation of RT-SHM algorithms for old

structures or where usually no design data is available.

Robustness evaluation of the developed algorithms under different ground
excitations and assessment of their sensitivity to small amounts of damage

that may lead to larger damage and eventually failure of the structure.

Investigation of emerging line-scan cameras as a new means

%.



measuring structural displacements at high sampling rates a&md hi
resolution to provide the displacement inputs required for on-line SHM
methods. This investigation is conducted through several random and
sinusoidal experimental tests simulating the range of possibiaala

structural displacement data.

Study of the implementation issues of the proposed line-scan based
displacement measurement method, such as camera-patterntioalibra
high resolution measurement of seismic motions with different scales over
a fixed field of view (FOV), and others is also presented to defiee

range and capability of the approach.

01)

o , presents the development and simulation results of a modified \adapti
LMS-based SHM method using the nonlinear Bouc-Wen structural basetidel to
directly identify both changes in stiffness and plastic deflastin real-time. A novel
computationally-efficient structural identification method wittotsteps is presented
that assumes limitea priori knowledge of the structure’s potential nonlinear behaviour
based on readily available design information. The effect of the speceicakioad on
performance of the proposed SHM method is also evaluated using afs2@ different

ground motions to test robustness of the results.

0o - presents a novel real-time health monitoring technique based on a
comparison between known internal dynamics of the healthy steuetith measured
dynamics of the faulty system. The method is developed in the cafitextlt detection

and diagnosis in seismic base-isolation systems as it is @asntgly applied structural
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design technique in highly seismic areas (Martelli 2009). The gogemonlinear
hysteretic model of the base-isolation system is assumed tamdsen prior to the

damage detection based on available design data.

0 1 presents a sensitivity analysis on the Bouc-Wen model paranteter
investigate how changes in the hysteretic baseline modempsers affect the
hysteresis loops shape, representing the nonlinear behaviour ofutkeirstr and the
overall structural responses. Outcomes of the analysis provide gfoundaking
decisions on the possibility of reducing the number of baseline npadameters to
broaden the application of the proposed SHM methods to cases wheted lim
knowledge of the structure is available for identification of alihef nonlinear baseline

model parameters.

0 2 introduces a new real-time algorithm for structural identioca and
health monitoring of nonlinear Bouc-Wen type hysteretic structuigsout a priori
knowledge of the structure. The method proposed uses a fast and yslamick
separation technique to identify and track the structural pagasneiver time.
Robustness of the method under different ground motions and different possible damage

scenarios is assessed.

0 3 explores the idea of using high-speed line-scan cameras as #gubowe
means of measuring seismic structural displacements at &igpliag rates and high
resolutions. The original method proposed by Lim et al. (2008) for fowmdaile
movements measurement is modified and evaluated for seismic cdisglat
measurement through different tests with harmonic and random tispktcements. A
new edge tracking algorithm is proposed for the method that milkesenable to
systems where displacements occur across a range of scalks,nvalimtaining or

improving resolution. Moreover, a simple camera-pattern calibratiocegure is
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developed that guarantees fulfilment of all the basic assumphads in the original

work and thus significantly increases the measurement results accuracy.

0 4 uses a Monte Carlo simulation of 100k randomly selected possible
displacement measurement cases uniformly distributed over thdiegpaeanges of
different parameters involved in the proposed displacement meanrenethod to
evaluate the effect of incorrectness in the dimensions of theegrpattern used on the
accuracy of the output displacement results. It thus quantifiegatiemtial sources of

error in terms of quantifiable errors in the pattern used.

0 5 "6 present the overall conclusions to the research and discuss

possible extensions and future work.

02)

This chapter presented the motivations for this thesis followechbyarview
from the health monitoring algorithms and required sensors and reessur
techniques developed within this thesis. Overall, the development oHRTHethods
and the required instruments provides the necessary input datadtursi control
methods with damage mitigation purposes, and thus is crucial in dewgldpmage-
free structures and consequently more resilient communitievéstdéing earthquakes.
Equally, they provide diagnostic data to inform decision making botbrdeind after
an event.

The key issue with the existing health monitoring methods is theansive
complexity to be implemented in real-time. Further, providing the dispiant data
required by these algorithms is a challenging task. The lgmwent of more

computationally-efficient algorithms and novel displacement sensordd enable
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implementation of real-time health monitoring algorithms by thefgssion, and
constitute a significant step forward toward damage-freetatescbecoming a realistic
design alternative, as well as providing better information tosmecimakers at all

levels of disaster planning and management.
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Simplicity is the ultimate sophistication.

Leonardo da Vinci
Italian Polymath, 1452-1519
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A major drawback of many SHM approaches reviewed in the previous clsapter
their inability to be implemented in real time, on a sample-topsa basis, as the event
occurs. Therefore, these methods are not suitable for real-ttoetusaél control for
damage reduction purposes. Further, their results would not blabdeailuring or
immediately after an event for immediate post-event response.

Adaptive fading Kalman filters (Sato and Takei 1997; Loh et al. 20@@ptve
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Hy filter techniques (Sato and Qi 1998), Monte Carlo filter based meth\mshida
2001), and bootstrap filtering approaches (Li et al. 2004a) can ackevime or near
real-time results. However, they have significant computatioost ahnd complexity.
Simpler and more suitable algorithms for RT-SHM make use of W&k different
stochastic gradient estimation approaches (Chassiakos et al. 19¢38; &nal. 1999;
Lin et al. 2001; Yang and Lin 2004; Chase et al. 2005a; Chase et al. ZDGi® et al.
2005c).

The last two LSE-based algorithms referenced use model-basdiibds
combined with adaptive LMS filtering theory and offer even @arncomputationally-
efficient and robust method for RT-SHM. LMS-based SHM has been fased
benchmark problem (Chase et al. 2005b), and also for a highly nontmekdng
structure (Chase et al. 2005c), to directly identify changesuctstal stiffness only.
The model-based adaptive filtering approach is robust with fast gemee and low
computational cost. However, the baseline model used is linear, aefbtke cannot
fully represent nonlinear structural dynamics. Further, the methoqres full-state
structural response measurement, which, as discussed in the previpisr,clsa
typically very difficult. The former issue is addressed in ttiapter and the latter in
Chapters 6 and 7.

This chapter develops a modified adaptive LMS-based SHM method bsing t
nonlinear Bouc-Wen structural baseline model to directly identifin lmbtanges in
stiffnress and the nonlinear baseline model parameters in real #mn novel
computationally-efficient structural identification method wittotsteps is presented
that assumes limitea priori knowledge of the structure’s potential nonlinear behaviour
based on readily available design information. Further, the effespecific external

loads on performance of the proposed SHM method is evaluated using afs2@e
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different actual ground motion acceleration records to test robustness cfuhe re
Overall, the method thus provides more health monitoring information of the
structure. In particular, the algorithm offers very useful messfor determining the
safety and serviceability of structures after a major seiswent, plastic and permanent
displacements. It thus provides unique nonlinear information that hasréiance to

structural damage and serviceability.

))) $ 0.

A seismically excited nonlinear structure can be modelledaah time step
using incremental equations of motion:
M{ D} € KB K() {xJD M- x (2.1)

whereM, C, andK are the mass, damping, and tangent stiffness matrices of the model,
respectively,{D/}, {DJ} and{DJ} are the changes in displacement, velocity, and
acceleration vectors, respectively, ang is the change in the ground motion

acceleration over the time step.

The tangent stiffness matrix of a hysteretic structure can be eepedusing the
Bouc-Wen model (Bouc 1967; Wen 1976). For instance, the tangent stiffa&ss on
a four-degree-of-freedom (4-DOF) four-storey shear-type steicag an example for
the tangent stiffness matrix of a hysteretic structure intifdabree-of-freedom

(MDOF) case, can be written:



(Ko)n =[a + (- 2V, %}(ko)l ra, k),

_ i Dz,
(KT)lz_ [az + (1 az)Yz D\/z](kO)z
(KT)21: - az(ko)z
(K 1)y =2, + (- @)Y, %}(koz rayky),

- . ] Dz,
(KT)zs_ [a3+(1 as)Ys D\/g](k0)3

(K T)32: - aa(ko)3

(K1)os = [a5 + (- @)Y, %31(@3 ra k),

(2.2)

- ) Dz,
(Kp)ss= -la, +@- a,)Y, Dv4](ko)4
(K1)aa= -aq(ky)s

- ] Dz,
(Ko =la, +@- ay)y, Dv4](ko)4

(K)1a = (Kp)is = (Kp)pe = (K7)a = (Kp) g = (K1), =0
where K1);j, I,j = 1,...,4 are components of the 4x4 tangent stiffness matrix;, @,
i=1,...,4,is thei™ storey bi-linear factor, which determines the change in slopeebat
elastic and plastic regimes of that storey=Q represents a fully hysteretic angl a
fully elastic structure.), and, i=1,...,4,is the dimensionless hysteretic component of
thei™ storey and is governed by the following first-order nonlinear rifféal equation

(Constantinou and Tadjbakhsh 1985; Ikhouane and Rodellar 2007):

Ar@®- 4lr®|z O z(0- grd|z(Y"

(1) =
z (1) v
A>0,b>0,-b<gf bn31 (2.3)
1=1,...N
where A, i, i, andn; are stiffness, loop fatness, loop pinching, and abruptness

parameters in the classical Bouc-Wen model, respectively. Funththe power factor,
determines the sharpness of the curve from elastic to plaste-deflection behaviour
of each storey. Finallyr, (t) is the velocity of storey relative to storey-1, Y; is the
yield displacement dif” story, andN is the number of stories in a shear-type structure.

The five dimensionless parametefs, i, i, n, and ; determine the hysteresis loop



shape. The conditions under Equation (2.1) limit the loop shape to tred lagsteretic
behaviour seen in physical systems. Hysteresis loops that daiefyt $eese conditions

do not represent a physical hysteretic behaviour (Ikhouane and R@¢li§r Detailed
information on the Bouc-Wen model can be found in an excellent review by Ismail et al
(2009).

Neither degradation nor pinching of hysteresis is accounted ftrebglassical
Bouc-Wen model. Over the years, this classical model has beenigdodifa more
contemporary version. This version accommodates changes in Bigstemps arising
from deteriorating systems (Baber and Noori 1986).

In this study, as illustrated in Figure 2.1a, the classical Boan-Wodel, in
conjunction with a variable linear structural stiffness over timas, been used to model
nonlinearities arising from both the hysteretic behaviour of thectste and
degradation of structural stiffness including model error. As shawfigure 2.1b, the
hysteretic baseline model parameters may also change oeedtiento damage to the
structure. This latter behaviour is accounted for in Section 2isttmgucing an on-line
identification method for the Bouc-Wen model parameters.

The overall approach can also detect combination of the two damageissge
nonlinear yielding damage and structural stiffness degradationalDweith morea
priori knowledge, the more detailed contemporary baseline model could be used and

more damage cases be considered.



Damage
in the form of
1 + changes in the baseline
model parameters, e.g.: —
(1) no change
(2) change in beta
(3) change in gamma

(b)

Figure 2.1: Damage models used: a) change in stiffness anlanyge in the hysteretic baseline model
parameters (H); is the restoring force of storéy

Since the Bouc-Wen model captures dominant energy dissipation due to
nonlinear behaviour, structural damage may be assessed bydtst ion stiffness and
plastic deformations over time. The potentially time-varying gguns of motion for a

damaged structure can be defined:

Mo B} € kB K Ko ){ %D M=- % (2.4)
where{DV}, {DV} and{W} are the measured changes in responses of the damaged
structure, K, is the tangent stiffness matrix of the damaged structare Equation
(2.2) using damaged structural responses, BKd(t) contains changes in the tangent
stiffness of the structure due to damage and can be a functioneofuisimg the Bouc-

Wen model of Equation (2.2K ; can be written:
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(DK, )., =la, +(L -2 )Y, 22)(Dk) ,+a (DK,
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(DK 1)z,

(DKT)33

(2.5)

-a,(DKy) 5
[, +(1- 2)Y, 2210 k)4 4Dk 4

< ). =- ] bz,
(DKT)34_ [a4+(1 a4)Y4D\74](D k()4

(DKT)43

(DK 1)4q =la, 1 a4)Y4DV4](Dk() 4

-a 4(Dko) 4

(DKT)13 :(D(T)14 :( E7T)24 :( ID7T)31 :(NST)41 #Kf)'l') 42 @

Identifying the DK, term enables the structure’s condition including any
plastic/permanent deformation to be directly monitored.

To determineDK ; using adaptive LMS methods, a new form BK, is
defined with time-varying scalar parametefs, to be identified using the LMS filter
based on (Chase et al. 2005a; Chase et al. 2005b; Chase et al. 200ac}-bBoF
four-story example shear buildin@K ; can be sub-divided into four matrices to allow

independent identification of changes in the linear elastimesff component of each

story i.e. (ko), ( ko), ( ko)s, and ( ko)a:

DK, =a,K,+4,K,+4a,K,+4,K, (2.6)
where,
a, +(1- avl)Yl%l 0 0O
K,= 0 0 0O (2.7)
0 0 0O
0 0 0O

#0



Dz
a, - [‘92+(1' az)YzDv__z] 00

2

O
K,=-a, a,+(@l-a,)Y,—=% 00 (2.8)
DVZ

0 0 00
0 0 00
0 0 0 o 0
a; - [33 +(@- aa)Y3 _3 0
K, = 8 (2.9)
D
0 -a, a,+(- a3)Y3EZz 0
0 0 0 0
00 O 0
00 O 0
D24
K,=00 a, -[a,+(1-a,)Y, . ] (2.10)

4

Dz
0O 0 - a, a, + (1' a4)Y4Dv_—4

4

and
é1 :(mo)liéz :(Dko)ziés :(Dko)3'é4 = (Dky), (2.11)

Hence, Equations (2.6)-(2.11) can be summarised:

DK, = &K, (2.12)
wheren is the number of degrees of freedom of the modhel Ka is the corresponding
time-varying matrix toi" DOF in Equations (2.6)-(2.10). Rewriting Equatith4)
using Equations (2.6)-(2.12) yields:

:1é‘K‘>{ O} =M xR M §B G {xP K-y {xiC (2.13)

where{DV}, {D7} and{D7} are measured, and; at each time step is calculated
using Equations (2.2) and (2.3). To this end, Y&z term inK, and theK; matrices

can be re-defined by introducing a hysteretic dispienth;, for each storey defined:
h=Yz,i=1..,N (2.14)

whereY; andz are the yield displacement and the hysteretic corapt of thé™ storey,
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respectively. Therefore, Equation (2.3) can be itéswr.

_ reho h) |h(t)| o
ht)=r(@t) A- b | ¥ ‘ | i=1..N (2.15)

Equation (2.15) is equivalent to:

h@)|" |r O he

h)=rt) A- ‘ : ‘ ) |h (t)| J1=1...,N (2.16)
where,
O[O _ -
rl(t) |hI (t)| _Slgn( T(t)h(t)),l—l,,N (217)
yielding,
h()=r(t) A- (fsign(r(Oh(9)+g) .i=1,....N (2.18)

Using Equation (2.18) and assumihg is constant over the small intervalt) for each

time step, the changes in hysteretic displacemérgtarey i over each time step,

Dh =YDz , are defined:

n
h(t+ D0 - (Y= 1() A‘@ (4sigr(x(d h(Y)+ ¢) D1

(2.19)
i=1,...N

Therefore,Dh, =Y,Dz , changes in damaged hysteretic displacemeif sforey over
each time step, can be determined from Equatid®)2ising measured or estimated
damaged structural respons{a@V} , {DV} : and{ W}.

The damaged structure stiffness, or effectiversgé changes due to nonlinear
behaviour, can then be determined by identifying 4h in Equation (2.13) at every

time step using a LMS-filtering approach (Chasal €2005b):

n

{he= aK &I, =M(x B, M{xD, ¢{ 3D, K{ PO (2.20)
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where (Dx,), is the change in the input ground acceleratiom a\gven time step d,

and {Dv},, {D%},, and{Dv}, are the measured changes in the acceleration,ityeloc
and displacement vectors of the damaged structwer the same time step,
respectively. MatricesK; and K; are calculated sample-to-sample using Equations

(2.2) and (2.7)-(2.10) with the measured damageuttstral responses. The elements of
the vector signalyf}x can be readily modelled in real-time using ada&plivS filters to

identify the coefficientsa, reflecting changes in linear stiffness of eachiestdChase

et al. 2005b).

)-) "0
Plastic displacements can also be calculated usiegBouc-Wen model. As

Figure 2.2 illustrates, the plastic displacememigeaof storeyi relative to storey-1

during a stable hysteresis loog{)i(t), can be written (Dowling 2007):

01,0 =00 ()0 =B) = 20 =1 @2y
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A(rp)i -1 A(re)i

| . |

Figure 2.2.Stable force-displacement hysteresis loop
where, ri(t) and (re)i(t) are the total and elastic displacement rangestafey i
relative to storey-1 during the same hysteresis loop, respectivetyredver, (F;)i(t) is
the restoring force range of the looy)(is the linear elastic stiffness i storey, and
N is the degrees of freedom of the structur@,)i(t) in Equation (2.21) can be written
using the Bouc-Wen model (Constantinou and Tadjslaki®85; Ma et al. 2006; Ismail

et al. 2009):

o)) =4 0 B @) 41 -2 )00) Th (0 =1..N (2.22)

where Ey);, Yi, and ; are the yield force, the yield displacement, amdithlinear factor

of storeyi, respectively, and hi(t) is the hysteretic displacement change during the
loop. Substituting (F)i(t) in Equation (2.21) with its equivalent from Egoat (2.22)
yields:

D(rp)i(t) :L:h(t)’i =1,...N

1+ &
1-a

(2.23)

For structures with symmetric hysteresis loops wépect to tension and compression,

this equation can be written using half of the esgr amplitudes:
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(rp)i(t):M,i =1..N

1+ 4 (2.24)
1- a4

Therefore, Xp)i(t), the absolute plastic displacement of staregn be calculated as sum

of the relative plastic displacements of the firstories:

(%) () = il_l(rp)i(t),i =1,...N (2.25)
(X0)i(t) is the deflection of the structure if the elast@mponent of displacement were
removed. It is a function of time, and is zero & elastically responding structure.
Importantly, permanent deflection is typically aefid as the final plastic deflection.
Plastic displacements over time along with matescific fatigue life curves thus

provide greater information to assess damage aeddmate the remaining life of the

structure (Vayas et al. 2003; Dowling 2007; Nastaal. 2010).

)1) 0

Adaptive filters are digital filters with coeffias that can change over time.
The general idea is to update filter coefficientsl eassess how well the existing
coefficients are performing in modelling a noisyrgil and then adapt the coefficient
values to improve performance. The LMS algorithma iwidely used adaptive filtering
techniqgue and approximates the Steepest Desceritoifletsing an estimator of the
gradient (stochastic-gradient) instead of its dctadue, considerably simplifying the
calculations for real-time applications. In thiseathe goal is to identify the individual

scalar &, elements by modelling the signa}{ of Equation (20) using the adaptive

LMS filter.
In adaptive LMS filtering, as shown in Figure 2tlBe coefficients are adjusted

from sample-to-sample to minimize the Mean SquarerEMSE) between a measured

*+



scalar signal and its modelled value from theffilte

X, Unknown System‘
System output
X, Adaptive

filter

/ e,

error signal
Figure 2.3.Adaptive LMS filtering process (Blome 2004)

€= Y- W Xe= ¥ w() %, (2.26)

whereW is the adjustable filter coefficient vector or gl vector at time, yy is the

measured scalar signal at tilkkeo be modelled or approximatex| is the input vector
to the filter, model of current and previous filteputs, x_, , SOW," X, is the vector dot

product output from the filter at timeto model a scalar signgl, andm is the number
of prior time steps or taps considered. The Wididepf LMS algorithm for updating
the weights to minimize the erra, is defined (Ifeachor and Jervis 1993):

Wiia = W +2mg X (2.27)
wherep is a user-selected positive scalar, called steg #iat controls the stability and

rate of convergence. Several similar stochastidigrda methods can be used to improve
stability and convergence at different computati@oats (Sayed 2003).
To identify DK ; at timek, using LMS adaptive filters, the One-Step method

(Chase et al. 2005b) and Equation (2.26) in mdwn can be used. Substituting

W, X, with its equivalent from Equation (2.20), yields:

(4.={ V. 4K{DW, (2.28)

j=0i=1

Minimizing the MSE with respect t@&,; using Equation (2.27) yields the following

*
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weight update formula for each coefficient in theight matrix of the SHM problem:

Wi,s = W, +2mM{ 8 [ K { DY i (2.29)
Summing 4, over j filter taps,yields the &;, change in stiffness of each story in
Equation (2.20). The subscripg in Equation (2.29) represents the contributiopradr

time step inputs in updating filter weights.

2 "0

To identify the Bouc-Wen parameters for any giveéructure, a two-step
procedure is presented. First, based on limatgdiori knowledge of the structure, such
as mass, geometrical properties, and material speadns, push-over finite element
analysis (FEA) is done to obtain estimates iofY;, and E,);, the bi-linear factor, the
yield displacement, and the yield force of storfespectively. Estimations of two other
structural parameters, linear damping ratio andhe power factor of each storey, are
also assumed to be available from the basic knaelexf the structure. The second
step, which can be done off-line or on-line as aené occurs, yields the basic Bouc-
Wen hysteresis loop parametesg (i, and ;).

To identify the basic loop parameters, EquatiotqPcan be written:

n

CohO-hEDY RO L o)

Bsign(1(Hh (9) +g - A% “Y(_t)‘

. (Dt | Y |
Therefore,
g+ 4+AQ()=P(t) r(th(t)>0
g+ AQ(t) = P(Y n(Oh () =0 (2.31)
g - 4+ AQ(= P() r(Dhi(t)<O
where,

o = O h(t+ D) |h )" (2.3
oD | Y| '




-n

Q(t) =- ‘hT(t) (2.33)

In Equations (2.31)-(2.33)s,(t), relative velocity between storieis and i-1, is
calculated using measured velocities of the stoiNess known from the push-over
analysis, and the hysteretic displaceméift), is then calculated from Equation (2.34)

assuming zero initial values for the hysteretipldisements (Baber and Wen 1981):

(1) - (1- dl Q.1 &:ﬂ' 1 , m_ 1 O rin+1__ /

r(t) - ( ')m-1+ i ( CI’) ), { %)E m @x ¢)
) (GO PPN GO

a(rrh)=¢rt)+q y re)+2-g9) v h () (2.34)

i=1..N

where g is the nonlinear hysteretic restoring forem, is mass,c is the equivalent
viscous damping,H)i is the yield forcey; is the yield displacement, angdis the bi-

linear factor, all for storey. Finally, ri(t), r.(t), andr,(t) are relative displacement,
velocity, and acceleration between storeysdi-1, respectively,x, (t) is the ground

acceleration, and; is the Kronecker delta:

Li=]
ad = .
1 0,| 1 ] (2 35)

In Equation (2.34), all of the terms are either Wnoor measured. Hence, it
yields a set of independent equations for eackegtdihese equations can be solved for
hi(t) sample-by-sample, in real time.

For the simpler case of a single-degree-of-free@@®BOF) shear-type nonlinear

hysteretic structure, the equation of motion is tent

M+ oY+t () HL-a) )=+ (236)

wherev(t), v(t), andv(t) are acceleration, velocity, and displacement ofthacture,



respectivelymis massandc is the equivalent viscous damping of the structiyeY,
and are again the yield force, the yield displacemant the bi-linear factor of the

structure. Using Equation (2.36)t) for a SDOF structure can be written:

Y

a
m +\(d)+ o) + = () (2.37)

h(t) =

Therefore, Equations (2.31)-(2.33), using Equatith84) and (2.35), or in a
SDOF case using (2.36) and (2.37), provide thrdepandent equations that yield

i, and jin less than one hysteresis loop period. This fer@od is illustrated in Figure

2.4 for a SDOF hysteretic structure oscillating0di Hz {[,=2.0 seconds) with unit

amplitude. In this figure, points where the signrgt)h.(t) changes are shown with

black dots. As the figure shows, in one quartea tdop period (0.5 seconds), the first
three points provide enough independent equation®htain the three unknown
parameters.

In this chapter, the proposed two-step structudaniification method is
presented as an on-line technique to first idenki/Bouc-Wen model parameters over
the first hysteresis loop time of a structural mese assuming no damage to the
structure over this short period, comprising thiiahsmall response cycle(s) before
strong motion. The identified hysteretic parameteesthen used for structural damage
detection. One may also use this method as anineff$tructural identification
technique to obtain the Bouc-Wen parameters usragadle earthquake records prior
to the damage detection in the current event. Hewenff-line identified models may
not necessarily be exact for excitations apart ftbenexcitation used for identification.
This choice would thus impose an added error onddmaage detection results when

subsequently employed.

*
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Figure 2.4.a) Hysteresis loop for one period of oscillatioradfarmonic oscillator at 0.5 HZ£2.0 s)
with unit amplitude, and b) velocity times hystératisplacement for the same oscillator over thaesa
period.

The proposed identification method is basedaopriori knowledge from the
structure. Therefore, limitations on the availabibf the design data limit the use of the
method. In such cases, there are number of mor@wationally-intensive off-line and
on-line identification techniques that can be udexamples of such methods are least
squares (Yang and Lin 2004), Kalman filtering (Ztpat al. 2002), genetic algorithm

(Ma et al. 2006), and bootstrap filtering techniguieet al. 2004a).
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EstimateM and basic
geometrical/material
properties of the structure
based on limited available
knowledge of the structure

Do pushover FEA to
identify ;,Y;, and E);

EstimateC and calculate A [l [
("] Measure\Vy, 1Vy 1V , and
hi(t) from Equation (2.34) e{ } { }{ }

|

Estimaten; and calculate
A, i, and ; from Equations
(2.31)-(2.33)

Baseline model parameter identification

Calculate andK;
from Equations (2.2) and
(2.7)-(2.10)

Calculate §} from
Equation (2.20)

Compute filter output and
then error from Equation
(2.28)

Adaptive LMS RT-SHM

Update estimates fQ!?zij
using Equation (2.29)

Calculate plastic/permanen
displacements from
Equation (2.25)

Figure 2.5.Flowchart of the overall adaptive LMS-based RT-SH&Veloped including the nonlinear
baseline model identification. Path 2 is followeldem the baseline model is identified off-line.
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Overall computational procedure of the adaptive EMSed RT-SHM,
including the nonlinear Bouc-Wen baseline modebpuater identification, developed

in Sections 2.2 to 2.5 is summarised in Figure 2.5.

)3) 0 0.

Inputs to this SHM problem are measured structteaponses: acceleration,
velocity, and displacement. Acceleration can beilyeaneasured with low cost
accelerometers at high sampling rates. Due to ipshatonstraints, direct, especially
high sampling rate measurement of displacementvatutity is not typically possible.
Estimation by integration of measured acceleratisnsubject to correctable drift and
error (Li et al. 2004b; Hann et al. 2009), and p#s&imations are available. Emerging
high speed displacement sensors allow more prezssienation of the velocity at
minimal added computational cost and enable thpgagezh (Nayyerloo et al. 2010).
Line-scan displacement measurement method, asumheesnerging approach, will be
explored later in this thesis in Chapters 6 andéhce, all necessary measurements can

be assumed available, or readily estimated.

)4) 0 0

The simulated proof-of-concept structure is a SD@&ment-resisting frame
model of a five-story concrete building, chosen lhath realism and simplicity. The
plan view of a typical floor of the building is shin in Figure 2.6. The floor system
consists of 200-series precast hollow-core floatsumaving a 65-mm topping spanning
on long direction of each floor. The seismic weigbt floor is 1692 kN for roof level
and 2067 kN for other levels. Each storey has 3.Bemght, and the frame system is

designed according to the New Zealand ConcretectBes Standard (NZS 3101 2006)

+%



using the displacememtasecdesign approach to sustain a target driftl of 2% unde

a 500year return period earquake

30

/7,9

19

N
N
3

Fmmmmm e

(b)

Figure 2.6.The simulated fivestorey sheetype concrete building, (a) front view a(b) plan viev

The proposed twestep structural identification mett of Figure 2.5 is
implemented to identify tt BourWen hysteretic model paramete To simulate
structural responses to be d for the identificatiorA=1 and = =0.5 are used, and th
structure is sybcted to the EI Centro earthqua (EQ19 in Table 2b). Nonlinear
dynamic analysis is perfmed in MATLAB® using the identified yarameters t
represent the nonlinear hyretic behaviour of the structure. The sinted structura
responses from MATLAB are used to provide prcof-concept datand quantify the

accuracy of the identified rameters, changes linear elastic stiffnessf each store)
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plastic and permanent displacements.

In simulating the structural responses, 5% constdatous damping is
considered, and the building was given an abruptoegpower factor ofi=2 to provide
realistic nonlinear structural behaviour. Furtheojse on the structural responses is
assumed to be filtered prior to the identificatpncess.

The developed SHM algorithm is implemented in MATBAfor the stiffness
identification process. Identified values were usedecalculate structural responses
using the Newmark- integration method to assess accuracy. The sindukdtecture
was subjected to the Cape Mendocino record witlk geaund acceleration (PGA) of
0.23 g, with a 10% reduction in pre-yield stiffneggplied to the structure at the 10
second mark to simulate sudden damage (10% chandg in Figure 2.1), and
simulation-derived data is recorded at 500 Hz.

Next, to assess the robustness of the proposedothetver different ground
motions, the simulated structure was subjectedstaita of 20 different ground motions
shown in Table 2-1. The same identified hysteneéitameters were used for all of the
records, and a 5% reduction in pre-yield stiffrness applied to the structure at the 10
second mark (5% changek#in Figure 2.1). This small amount of damage issemoto
show the capability of the proposed algorithm iptaaing small, more likely levels of
damage. The adaptive identification process watmeed with a fixed filter tuning
parameter or step sizg)(for all of the records in Table 2-1. This facttetermines the
speed of convergence. Simulation-derived dataamagcorded at 500 Hz.

More details about the selected records can bedfagur(Christopoulos et al.
2002). This suite has been selected since it hais Wedely used for structural dynamic

analyses in different studies and is a very popalite among earthquake engineers.
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Table 2-1.Selected ground motions (Christopoulos et al. 2002)

. R-Distance . Duration  Scaling PGA
EQ Event Year Station (km) Soil Type (s) Factor @
EQ1 . Fortuna - Fortuna Blvd. 23.6 B 44.0 3.8 0.116
EQy CapeMendocino 1992 . hall Overpass - FF 18.5 B 36.0 1.2 0.385
EQS3 Desert Hot Springs 23.2 B 50.0 2.7 0.171
EQa Landers 1992 vermo Fire Srt)ati(?n 24.9 C 44.0 22 0245
EQ5 Capitola 14.5 C 40.0 0.9 0.48
EQ6 Gilroy Array #3 14.4 C 39.0 0.7 0.367
EQ7 : Gilroy Array #4 16.1 C 40.0 1.3 0.417
EQg omaPrieta 1989 Gilroy Array #7 24.2 c 40.0 20 0323
EQ9 Hollister Diff. Array 25.8 - 39.6 1.3 0.269
EQ10 Anderson Dam 21.4 B 40.0 1.4 0.244
EQ11 Beverly Hills 14145 Mulhol 20.8 B 30.0 0.9 0.617
EQ12 Canoga Park - Topanga Can 15.8 C 25.0 1.2 0.42
EQ13 Glendale - Las Palmas 254 C 30.0 1.1 0.357
EQ14 Northridge 1994 LA - Hollywood Stor FF 25.5 C 40.0 1.9 0.358
EQ15 LA - N Faring Rd 23.9 C 30.0 2.2 0.242
EQ16 N. Hollywood - Coldwater 14.6 B 21.9 1.7 0.298
EQ17 Sunland - Mt Gleason Ave. 17.7 B 30.0 2.2 0.157
EQ18 Brawley 18.2 C 22.0 2.7 0.116
EQ19 Superstition Hills 1987 EIl Centro Imp. Co. Cent. 13.9 C 40.0 1.9 0.358
EQ20 Plaster City. 21.0 C 22.2 2.2 0.186
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Figure 2.7 shows the push-over analysis results tih@ proof-of-concept
structure from Ruaumoko (Carr 2004). It shows tialtyield force (1269.45 kN), the
bi-linear factor (0.065), and the yield displacein@®6.5 mm) of the structure. These
parameters are used for the second step of théfidaton process to identify, , and

, the basic hysteresis loop parameters of the mbobncept structure. Figure 2.8
shows that the hysteretic parametdéys ( and ) can be identified in less than a quarter

of the natural period of the structure (0.3 secandhis case).

Push-over Analysis Result
1600.00

1400.00

;ﬁ,q-o-""
1200.00 [ ——Pushover | —
/ ‘ —=— Bi-linear

1000.00

800.00 -

Shear Force (kN)

600.00 ¥

400.00 -

200.00 -

0.00
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Displacement (mm)

Figure 2.7.Push-over analysis results of the simulated bujldising the Ruaumoko finite element code
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Figure 2.8.1dentified hysteretic parameters for the simulatase-study structure subjected to the El
Centro earthquake

Figure 2.9 shows responses of the SDOF proof-of@pinstructure with a 10%
reduction in the linear elastic stiffness at thes&@ond mark for the Cape Mendocino
earthquake. As shown in Figure 2.10, in a worsecasidden failure situation,ko,
changes in the pre-yield linear elastic stiffnelthe structure, converge to within 10%
of the actual change in less than 2 seconds u$irididr taps at a 500 Hz sampling rate.
Moreover, Figure 2.11 shows that the LMS filter ig@ehes faster and smoother to the
final values of the pre-yield stiffness changesr{dge) when higher sampling rates or a

greater number of taps (or prior time steps) aeelus
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Figure 2.11.Identified changes in the pre-yield stiffness @& #imulated structure, with 10% sudden
failure at the 10 second mark, using the adaptM& lalgorithm, (a) at different sampling rates aby (
with different tap numbers

Figure 2.12 shows the nonlinear structure’s re-ktran results using Equation

(2.20) and the Newmark-integration method with the identified values ftire
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hysteretic parameters and changes in stiffnekg.(This figure clearly shows that as
the sudden change occurs, plastic deflection begitisis case. The model then tracks
the initial sampled behaviour accurately. For thére record, the ratio between the
norm of the error signal in estimating the plaskglections and the norm of the actual
plastic deflection signal is less than 2.5%, andrem identifying the permanent

deflection is less than 0.5% of the actual value.
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Figure 2.13 shows, in a worst-case sudden failiitet®n, ky converges to
within 10% of the actual value in less than 2 sesausing a fixed step size and 10 taps
at a 500 Hz sampling rate under all 20 differertitetions in Table 2-1. Once more, re-
simulating the structural responses with the ideatifvalues shows that as the filter
converges, the plastic deflection approaches ttgagalue, and the errors between the
actual and estimated values for plastic deflectlmome smaller.

For the suite used in this study, Figures 2.14 248 show the ratio between
norms of the error signals in estimating the ptadéflections and norms of the actual
plastic deflection signals is less than 12%, arel ¢iror in identifying permanent
deflections is less than 15% of the actual valuer dlie entire records. Records that
caused permanent deflections less than 0.1% olfiefght of the case-study structure
were excluded from the error summary and set to dee to their very small size and

insignificance.

400F - -—-J------- T L - T
; — Actual stiffness changes
200 T =—— Mean of results for 20 records [
[ Identified stiffness changes
O Puiia e ] - u - m
» |
|
g 2007 A R R S
& a00F-- b - JRYEE- -1 R T e Eaat
@ :
2 600 - R T L e
3
o 800F------ HENTEY- e S e
0 5
€ -1000F -~ -~ -- a- - --- oot
= .
-1200( - -----
-1400F - - - -~ -
|
| K
16001 - : |
| “ [ Y
| | [ | |
9.5 10 10.5 11 115 12 12.5
time (s)

Figure 2.13.Identified changes in the linear elastic stiffnegthe simulated structure
(10 taps withu=25,000)
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Figure 2.15.Identified permanent deflection and permanent dééia identification error for the 20
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Figures 2.13-2.15 show that performance of the ggeg SHM algorithm in

identifying changes in stiffness and plastic or np@mnent deflections changes for

different ground excitations. Thus, for fixed filtéuning parameters in the LMS

algorithm, some cases result in fairly large erras high as 14% in identified



permanent deflection. This problem can be solvedotme extent by implementing a
variable step size or self-tuning LMS-based filtgradgorithm initially tuned based on
past earthquake records and capable of self-tuniegternal load changes for the best
identification results. Different methods with \able step size can be found in the
adaptive filtering literature to improve the iderdiftion results (Sayed 2003; Abadi and
Far 2008; Costa and Bermudez 2008). However, nfosteoresults here are less than
5%, and even the largest errors are broadly aduepta

It is worth mentioning that the accuracy of anydelebased SHM algorithm
relies directly on the correctness and thoroughoésts baseline model, which is the
Bouc-Wen model in this case. Therefore, using aentomprehensive baseline model
and having more precise estimation of the basefindel parameters would yield more
accurate results. These analyses were not includéus thesis, but present a future
avenue of research that can be pursued with sind&ivation and generalised

approach.

)6)

SHM algorithms based on adaptive LMS filtering theoan directly identify
time-varying changes in structural stiffness inl-teme in a computationally efficient
fashion. However, better metrics of seismic strradtdamage and future utility after an
event are related to permanent and plastic defavngat This chapter presented a
modified LMS-based SHM method and a novel two-sstpctural identification
technique using a baseline nonlinear Bouc-Wen tstralcmodel to directly identify
changes in stiffness due to damage, as well asiqksd permanent deflections. The
algorithm designed is computationally efficienteté&fore it can work in real-time.

An in silico SDOF nonlinear shear-type structure was usedawepihe concept.



The efficiency of the proposed SHM algorithm inntging stiffness changes and
plastic/permanent deflections was assessed unifieredit ground motions using a suite
of 20 different ground acceleration records. Thsuilte showed that in a realistic
scenario with fixed filter tuning parameters, thegowsed LMS-based SHM algorithm
identifies stiffness changes to within 10% of tnesues within 2.0 seconds. Median
ratio of the norm of error signal in identifyingagtic deformations to the norm of actual
as-modelled plastic deflection signal was showrbéo7.1% for the suite of records
used. Further, permanent deformation was identtbedithin 7.46% of the actual value
using noise-free simulation-derived structural ceses. The two latter values provide

important post-event information on the future ssxability, safety, and repair cost.






Self-education is, | firmly believe,
the only kind of education there is.

Isaac Asimov
American Scientist, 1920-1992
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A novel adaptive LMS-based approach for RT-SHM ohlmear hysteretic
structures under seismic excitations was develapethe previous chapter. It was
assumed that only a limitea priori knowledge of the structure is available to idegntif
parameters of the nonlinear baseline model use¢deirSHM process. However, when

more design data is available, such as in basatignl systems, simpler and more

suitable real-time techniques can be used.



Base-isolation is an increasingly applied strudtasegssmic protection technique
in highly seismic areas in the world. Martelli (B)Qeports the number of seismically-
isolated structures until October 2008 as over M, $tructures in about 30 different
countries. The range of applications is also veoad and covers both new and existing
structures of almost all kinds, such as bridges aaducts, buildings (private and
public), important industrial installations, hegea structures, museum display cases,
etc. (Martelli 2009).

Base-isolation systems decouple structures frongtbend to protect structural
integrity and contents from severe seismic exaiteti They support the weight, damp
the response and transfer of energy to the isolstiedture, and restore the original
position of the structure after an earthquake ¢S2i07). Sliding and elastomeric
bearing systems are typically used for base-ismiafNarasimhan et al. 2006). These
systems reduce the superstructure’s response atosteof an increase in the base

displacements in near-fault motions.

The current practice is to use nonlinear passivepgas to limit bearing
displacement. However, this approach increasesfdiee at both the base and the
isolation level (Narasimhan et al. 2006). Activedasemi-active dampers, such as
magneto-rheological (MR) dampers (Spencer and Nggah 2003), provide attractive
alternatives to passive dampers by providing mieeaHility, and control of the applied
damping forces. The performance of the overall meali hysteretic system at the
isolation level, shown in Figure 3.1, directly affe the seismic behaviour of the
superstructure above the isolation level. Therefthie base-isolation system needs to be

monitored for likely faults to reliably maintain densure superstructure integrity.



Base slab

F Damper
Isolation bearing

Figure 3.1.Base-isolation system (Narasimhan et al. 2006)

In nonlinear control theory, fault detection and giasis have attracted
significant attention, particularly for highly séige systems where fault detection at
the earliest stage is required (Patton 1997; DuahPatton 1998; Edwards et al. 2000;
Saif 2002; Liberatore et al. 2006; Mhaskar et 808). The process of fault detection
and diagnosis is often referred to as SHM in theharical, aerospace, and the civil
engineering fields. Fault detection is typicallyndoby means of a residual signal
generated from available measurements (Besanc@).20nhust be a signal that is zero
or near zero in the absence of faults and condije@fected when the system is
undergoing faults to provide high resolution to thetection process (Kinnaert 1999;
Besancon 2003; Liberatore et al. 2006). In addjttbe residual signal has to return to
its original no-fault state when the faults fadeoe repaired away.

Different fault detection and diagnosis algorithiveeve been proposed in the
literature, such as Duan and Patton (1998), Edweirds. (2000), and Saif (2002), but
they all come with significant complexity. This ¢tar develops a simple fault
detection technique based on a comparison betweemternal dynamics of the base-
isolation system with a healthy baseline modeltermal dynamics to detect likely
faults. The residual signal is then used for faguantification using PLLSQ fitting
techniques (Hann et al. 2009). It is thus an exbens approach and application of the

SHM methods in the previous chapter.



Different combinations of stiffness and dampingltaare considered for proof-
of-concept simulations on a passive second-ordse-tsmlated system. The choice of
passive system is only for simplicity. It is stiatigprward to generalize the method

developed to active and semi-active base-isolatystems.

-),) 0.

A nonlinear, seismically excited base-isolation teys with passive MR
dampers, as shown in Figure 3.2, can be modelledsi@ntinou and Tadjbakhsh 1985;

Shen et al. 2005; Rodriguez et al. 2009; Tsouraskah et al. 2009):

mv(d+cd+akel+(1-a) kyg)e- mx) (3.1)

S
=

4

Bouc-Wen

Earthquake
Figure 3.2.Model of a base-isolation system with passive MRiplars

wherem, ¢, andk are the mass, damping, and the stiffness of thiesy respectivelyy
, 'V, and v are displacement, velocity, and acceleration ef llase-isolation system,

respectively, 0 1 is the bi-linear factor defined as the post-r@-yield stiffness ratio
of the system, andX, is the ground motion acceleration. Moreoveft) is the

dimensionless Bouc-Wen hysteresis component gostdogethe following first-order
differential equation from the so-called classi@&duc-Wen model, introduced in

Section 2.2 and repeated here, in brief, for covex® (Bouc 1967; Wen 1976;



Constantinou and Tadjbakhsh 1985; Ikhouane andIRo@©07):

(o= A0 - bl A 23 gy e
- Y (3.2)

A>0,b>0,-b< gE bnd 1

whereA, , , andn are stiffness, loop fatness, loop pinching, andigtiness parameters
in the classical Bouc-Wen model, respectively. Famth, the power factor, determines
the sharpness of the curve from elastic to plastice-deflection behaviour of the
system, and finallyy is the yield displacement of the system. This rhdde been
chosen only for simplicity, and more detailed modelsMR dampers (Spencer et al.
1997) could also be used.

When a fault occurs in a base-isolation systemyraggy the mass and the
internal parameters of the damper remain uncha(@ledi et al. 2001), the equations of
motion of the faulty or damaged system can be writte

() +( c+DEY) ) +a( k+DKY) (X L a)( kDK) Y)t=- 8 (3.3)
wherev, vV, andV are responses of the faulty system, afdand c respectively
denote time-varying changes in the stiffness amdpilag of the system due to the fault.
Further, Z(t) is the hysteretic component of the faulty struettrom Equation (3.2)
using velocities of the faulty base-isolation sgste

The problem is to design a fault or damage detectignal that is zero in the
absence of fault and non-zero with amplitude redato the severity of the fault when it
occurs. Such signals are called residual signal&uit detection systems (Kinnaert
1999; Besancon 2003; Liberatore et al. 2006). Iditesh to fault detection, the
designed residual signal should provide enoughrimétion for diagnosis of the fault
detected, such as enabling the identification ofetirarying k and c terms in

Equation (3.3).
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The Bouc-Wen model used to represent the interyrzumics of base-isolation

systems has only one state variable. Thereforechagge in the dynamic behaviour of

the system will appear in this single state. Thiscome suggests rearranging Equation

(3.3) by introducing a new hysteretic compongft), for the faulty or damaged

system:
mv()+ o) +a R¢Y+(1-a) kYZ)E- nx) (3.4)
where,
= Dk(t) _ abtk(t) _ D) _
Z()= 1+ . Z(t)+(1-a)kYV(t)+(]: a)kYV(D (3.5)

A simple comparison between Equations (3.1) an) hows that these two equations
are essentially the same except in the hysteretigponent. Therefore, comparing the
internal dynamics of the healthy and faulty systémgaking the difference between the

hysteretic components reveals any likely changadt§) in the system.
As Equation (3.5) shows, in the absence of a fall c¢=0 and Z(H)=z(.
Thus, Z(t) - Z(9) is zero in this case. When there is a fault instygtem,Z(t) * Z(1) and

the residual Z(t) - Z(9), is non-zero. This difference can be used as @indtion for the

existence of stiffness or damping faults in thesbiaslation system:

1t) =k, (Z(1) - Z(D) (3.6)
wherel(t) is the residual signal ani] >0 is a scaling factor.

Changes in the stiffness and damping of the sysgpioally do not result in the
same residual signals. Changes in the dampingiceestf usually have much less effect
on the structural responses and consequently ordeksgned residual signal. This

difference in the effect of the two different typelfault, with same severity on the

-%



base-isolation system, makes presentation of eedolt combined cases of fault
difficult. Therefore, two more scaling factors,, &, >0, are introduced to overcome this
problem, yielding:

k
—X k,Dk(t) Yz()+
Ky 2 (t) Yz( 1

 KDe()

(1- a)

wherel(t) is again the residual signal, and all other teragehbeen previously defined.

I(t) =

MY (3.7)

a

V(9
a

The scaling factors,:1.3, can be determined empirically or by following thecedure
outlined in Figure 3.3.

To calculate the residual signal in Equation (3®)is calculated from Equation
(3.4) using measured responses of the possiblyyfaystem and measured ground
accelerations. The internal dynamics of the heallggtem, Z, are estimated by
calculating its first time derivativez , from Equation (3.2) using measured velocities of
the faulty structure and assuming zero initialest#®ll other terms in Equations (3.2)
and (3.4), including the Bouc-Wen and structuralapeeters, are either measured or
assumed to be known prior to fault detection taesgent the healthy dynamics of the

base-isolation system in the absence of damagimgtsn Thus, if the system is fault

free, Z =72, andl(t)=0. Figure 3.4 summarises the fault detection guace developed.
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Figure 3.3.A simple procedure to determine the scaling factqrg used in the real-time fault detection
and diagnosis method developed
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Figure 3.4.Flowchart of each time step in the fault detectimethod developed
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The aim of the diagnostic part is to determine tifpe and severity of likely

faults detected by the residual signal in the bsskation system. Quantifying detected

faults, for instance in terms of initial stiffnessd/or damping values of the system, is of

great importance in structural health monitoring @novides the information required

for structural control methods with damage avoi@anc mitigation goals. Detected

faults could be of stiffness typeK 0), damping type (¢ 0), or a combination of

both ( k 0and c¢ 0). Therefore, identifying k and c in Equation (3.7) determines

the fault type, as well as its severity. To idgntik and cin real-time, Equation (3.7)

can be rewritten at each time step

and

-+

Ik :fl,kI:kk -lf 2,k Ilk (38)
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where the subscrigk denotes values at time In Equation (3.9)V, andV,, are the
measured responses of the faulty system at eacdh dbep, Z is estimated from

Equation (3.2) using measured velocities of thdtfasystem, &, ,are user selected

scaling factors, and all other parameters are asduim bea priori known. These
parameters are mainly design parameters of theibals¢ion system and are typically

available before fault detection and diagnosis.

Thus, f,, and f,, can be readily calculated at each time step. M@eas

mentioned earlierZ, is calculated from Equation (3.4) using measuesponses of the

faulty system, measured ground motion acceleratiand known parameters of the
healthy system. Therefore, from Equation (31Q)is known, and Equation (3.8) is a
linear equation in terms of the unknownk{(and c¢) at each time steptx and can be
solved using PLLSQ estimation (Hann et al. 2009).

Without loss of generality, one of the two unknown&(t) or c(t)) can be
assumed to have a faster dynamics than the otldecleanges over smaller time steps
over ty

Dk(t) = Dk, (k- 1)Dt, £ t£ kDt ,k =1,...,m¢
Dc(t) =Dg, (I-1)Dt, £t£1Dt,, 1=1,...n¢ (3.10)
Dt =pDy, p >1

where mé and n¢ are the number of intervals over which the piesewiime-varying
functions, c(t) and Kk(t), are defined. Further,tx and t, are user-selected intervals
over which piecewise constant behaviour is readen&br ease of fittingp is assumed

to be an integer value greater than one. In thig waalues of ¢ are fitted alongside



every single value ofk, as shown in Figure 3.5 for the cass8.
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Figure 3.5.Time variation of the fitted parameters fsr3

Identification of the unknown parametersgx and ¢, requires a set of linear
equations, each in the form of Equation (3.8). e example of Figure 3.5, three

values of t; could be chosen in each time interval (p¢=3). Again for ease of
fitting, p¢is assumed to be an integer value greater thanTtme choice will give nine

equations(p” p9 for each time interval ty with four unknowns:

Acih =L, (3.11)
where
fl,i f2j 0 O
fl,i—l fzi_ 1 0 0
fl,i-2 fzi, 2 0 0
fia 0 Fys O k=1,...,m¢
A P EURT R S (3.12)
fl,i-5 O f 2i- 5 O ! ! !
fiie O 0 7, 6
fii.; O 0 7, ,
fiiie O 0 7, 4
kk
_ G k=1,..m¢
03.= ¢, 1=34,..,8d¢ (3.13)



|
3 k=1,...mé¢

he= 1ee v Zg 10, .. ane (3.14)

Further,1,i =1,...,9n¢ and 7,_,,,i =1,...,90 are defined from Equations (3.6) and (3.9)

at each time steft,i =1,...,9n¢, respectively. The least squares solution of tlagrim

Equation (3.11) yields the unknown vectog{ The overall fault diagnosis procedure

presented is summarised in Figure 3.6.

Readl; (Equation (3.6)),Z

(Equation (3.2))k, Y, and
from Figure 3.4

e Pick suitablep¢ p, and ;5

Calculatef,; and 7,; from

Equation (3.9 —
\ : (39) / MeasureV; and V;

<

Composed, and {1} in
Equations (3.12) and (3.14)

Find least squares solution of
Equation (3.11)

g

Use Equations (3.10) and (3.1
to calculate k(t) and c(t)

~

Figure 3.6.Flowchart of each time step in the fault diagnasithod developed using PLLSQ fitting
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To evaluate the performance of this real-time faldtection and diagnosis

algorithm for SHM of nonlinear hysteretic base-&mn systems, a realistic base-



isolated system is created. Its basic definitiailides:m=156x16 kg, c=2x10" N.s/m,
k=6x10 N/m, =0.6,Y=0.6 m,A=1, = =0.5, anch=3, similar to (Ikhouane et al. 2005;
Vidal et al. 2010). The simulated structure is satgd to the Loma Prieta earthquake
with PGA of 0.27 g (EQ9 in Table 2-1). The valugs500, ,=1, and ;=50 are used
for the scaling factors, and were determined bilofahg the procedure explained in
Figure 3.3.

Nonlinear dynamic analysis is performed in MATLABo represent the
nonlinear hysteretic behaviour of the system. Sataal responses from MATLABare
used to provide proof-of-concept data for the faldtection and diagnosis algorithm
developed and are sampled at 1 kHz. The simulatstéms is subjected to three worst-
case sudden fault patterns, including stiffnessnplag, and combined stiffness and
damping faults, to evaluate the proposed SHM dlgors performance.

To assess the efficacy of the method under harmmotons, which may be the
case in marine structures, the proof-of-concepictire is subjected to a sinusoidal
excitation of amplitude 0.2 g and frequency of H®. This frequency is chosen to
match the natural frequency of the simulated stingcand maximise any instability in
the base-isolation system. Simulation-derived agateecorded at 1 kHz (=0.001 s),
and results are smoothened in real time using apkss filter to cancel erroneous

jumps occurred at sudden change time stamps idaimage patterns used.

-)3) .

Figure 3.7a shows a sample stiffness fault patter the resultant residual
signal when the simulated structure is subjecteitiéd_oma Prieta earthquake. Figures
3.8a and 3.9a show the same results for the dampimgj combined stiffness and

damping fault examples, respectively. Finally, FeguB.10a shows the calculated



residual signal for a combined case of fault whitre structure is under harmonic
excitation.

As these figures show, the residual signal desigeesknsitive to changes as
small as +5% in stiffness and damping of the systamd the residual signal
immediately goes back to its zero prior-to-fausittestonce the fault disappears. In some
special cases, the two types of stiffness and dagniaiults may have equal effects on
the system responses, but in opposite directionsuth situations, although there is a
fault in the system, the residual signal remain®.z€his result is expected given that
the residual signal relies on observing a changkdrsystem responses.

Figures 3.7b to 3.10b show the identified changestiifness and damping of
the simulated base-isolation system using the deeel diagnostic approach for each of
the different fault patterns used in the simulatiofihese figures clearly show that the
algorithm is very capable of tracking different damations of faults in real time. The
only errors are due to delay in the identificattesults. This delay is caused in the low-
pass filtering process of the erroneous jumps ocguat the sudden damage times and
can be shortened using more sophisticated filtemethods or higher sampling rates in
the fault diagnosis process. However, maximum détayhe identification results
presented is ~0.8 s, which is largely acceptable.

The total computation time for each time step & $hmulation is ~5e-5 s on a
1.60 GHz Intet dual core desktop machine. This is ~5% of the D&cond time step
(1 kHz sampling rate) used. Moreover, the propadgdrithm only relies on the prior
time step values. Therefore, the proposed algorithoomputationally quite light, and

can be readily implemented as an on-line faultatete and diagnosis method.
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In recent years, base-isolation has become anasiagly applied structural
design technique in highly seismic areas. Slidind alastomeric bearing systems are
typically used to isolate the top superstructuaenfithe shaking ground to maintain the
structure’s integrity during earthquakes. Howewuiese systems increase the base
displacements in near-fault motions. The statdiefdrt practice to also limit base
displacement is to use active or passive MR damgesamilar nonlinear devices. The
impact of faults in the overall base-isolation syston the isolated superstructure
requires that the resulting nonlinear hysteretstesy to be monitored in real time for
possible changes in the two most important strattyarameters: stiffness and
damping.

This chapter developed a simple fault detection diadnosis technique based
on comparing the internal dynamics of the baseatswl system with those of a healthy
baseline model to detect faults. It leverages tttensive design knowledge available
for such isolation systems. Three different cadestiiness, damping, and combined
stiffness and damping faults were studiedsilico, on a realistic base-isolated structure
subjected to the Loma Prieta earthquake with aiyp@94R damper. The simulation
results showed that the proposed fault detectiahdiegnosis algorithm is very capable
of detecting the existence, determining the typé, guantifying the severity of faults in
the system in real time as the faults occur. Tha-trme diagnostic information
provided can thus be used to provide the input degaired for advanced structural
control methods to compensate the faults occurnedcansequently avoid damage to
the overall structural system. Equivalently, thegvide real-time information on the
system status.

Measured system responses and input ground maticelesations used in the



fault detection and diagnosis algorithm presentedagsumed to be filtered for noise
prior to the fault detection and diagnosis procéksise impact on performance of the

RT-SHM method developed needs to be assessed etpegimental validation and

implementation of the technique in the field.






An expert is someone who knows
some of the worst mistakes,
which can be made, in a very narrow field.

Niels Bohr
Danish Physicist, 1885-1962

O+
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Structures exhibit inelastic behaviour under sewssismic, wind, or repeated
wave loads. The restoring forces caused by thenaldriction in the structure, if
plotted versus structural displacements, form hgsie loops, where the restoring
forces depend not only on the instantaneous displants, but also on the history.
Similarly, some nonlinear vibration isolation dess¢ such as elastomeric dampers

(Constantinou and Tadjbakhsh 1985), MR dampersn&peet al. 1997), and wire rope



isolators (Demetriades et al. 1993), are desigodtissipate energy through hysteretic
behaviour. Hysteresis is thus particularly impartan modelling the damping
characteristics of a broad range of nonlinear sires and systems.

One of the most widely accepted models, as destribéhe previous chapters,
is a first-order nonlinear differential equationoposed by Bouc (1967) and later
generalized by Wen (1976). The differential equaticontains five unspecified
parameters that can be chosen to generate a baogé of different hysteresis loop
shapes. Results of a parameter or sensitivity aisalfA) of the Bouc-Wen model
could enable using simpler and more suitable fosfrtie model with less unidentified
parameters for RT-SHM. In particular, less sensifparameters can be fixed on values
determined by basic engineering judgements basetinoted available information
from the structure. This approach removes the needdentify unimportant and
difficult-to-determine parameters in the SHM praggsarticularly, where very limited
knowledge of the structure is available prior te ithentification.

Some studies have been conducted to quantify therilamce of each parameter
in the Bouc-Wen model on overall responses of aiffe hysteretic structures, and to
rank the parameters, accordingly. One of the Bfftrts to analyse sensitivity of the
Bouc-Wen model parameters is the work by Ni et (4098). They used partial
derivatives of the overall hysteretic structuraldabwith respect to each parameter,
while the others were fixed, to evaluate local genty of the Bouc-Wen model to its
five parameters.

In a similar study, Xiaomin et al. (2009) evaluatedal and ‘global’ sensitivity
of the output force of a MR damper, as a Bouc-Wgpe thysteretic system, to its eight
parameters. They changed one parameter at a timide wthers were fixed, and

compared the maximum mean square error induceldeirotitput force to evaluate the



local sensitivity of the MR damper model to its graeters. To assess the sensitivity of
the MR damper model in a global sense, considentegactions and influences of all
the parameters simultaneously, Xiaomin et al. psedoa modified local sensitivity
analysis (LSA) method. Their method generates iamat output distributions required
for evaluating model and parameter uncertainties ghobal sense. Unlike the LSA, in
their global sensitivity analysis (GSA), maximum anesquare errors are compared
when one parameter is varied at a time and otmeref unrestrained.

A more detailed study on the sensitivity of the B&ien model was conducted
by Ma et al. (2004) for the extended Bouc-Wen maoué¢h 13 parameters. Local and
global sensitivity analyses were conducted usirgydhe-parameter-at-a-time method
and the Sobol indices (Sobol' 1990; Sobol' 20043pectively. Another example of
similar studies is the recent work by Worden anckge (2011), which uses a
principled Bayesian approach for parameter seitsitanalysis of the classical Bouc-
Wen model with five parameters.

In this chapter, the classical Bouc-Wen model iseftély examined for the
sensitivity of the model and consequently the dveesponses of the structure to
changes in each of the five parameters in the mdadegdarticular, the chapter aims to
show the importance of input excitation, naturaljfrency of the case-study structure,
and base values used in the SA on the output setbutiugh simple one-parameter-at-a-
time SAs. The mean LSA results for each case & wlsed to provide a ‘global’ sense
of the sensitivity.

Different forms of the Bouc-Wen model and transfations used in the
previous studies reviewed make comparison of teeltefor validation very difficult.
However, the results are significant to the fialdthe sense that they underscore the

importance of including factors, such as naturatjfiency of the case-study structure,



for more detailed SAs of the Bouc-Wen model inftitare.

1), 8 0 + "
"0

The Bouc-Wen model and its parameters were intredlulc detail, in Sections

2.2 and 3.2. Here, only a very brief explanatiorgiigen for convenience. A SDOF

shear-type nonlinear hysteretic structure can beethed:

mv(t)+cm+a%«)+(1-a)% {)=- my @.1)

wherev(t), v(t), andv(t) are acceleration, velocity, and displacement efstinucture,

respectivelym is mass, and is the equivalent viscous damping of the structiifes

parameter is the bi-linear factor. FurtheFy, andY are the yield force and the yield
displacement of the structure, respectively, axgd is the input ground motion

acceleration. Finallyh is the Bouc-Wen hysteretic displacement from Egquaf2.18)

(Bouc 1967; Wen 1976; Ikhouane and Rodellar 20@#;Mrloo et al. 2011):

n(bsigr( V)i p+ 9)

A>0,6>0,-b<gf bnd 1

_ _ |h(®)
h(t) =v(f) A ‘Y

(4.2)

whereA, , , andn are stiffness, loop fatness, loop pinching, andigiimess parameters
in the classical Bouc-Wen model, respectively. lkemmn, the power factor, determines
the sharpness of the curve from elastic to plasticce-deflection (hysteretic
displacement versus actual displacement) behavmfurthe structure. The five
dimensionless parameter&,(, , n,and ) determine the hysteresis force-deflection
loop shape, and in the case of hysteretic-actugplaitement loop, as used in this
chapter, only four parametews,(, , andn) determine the loop shape.

Figure 4.1 to Figure 4.4 and Table 4-1 show howsdrgsis loops evolve with

$



changes in each of the four parameters of the Bden-model of Equation (4.2) for a
SDOF structure subjected to a harmonic acceleraticamplitude 10.0 and frequency
of 1.0 Hz. As Figure 4.1 shows, changes in thdnst#s parameterd], as the name
suggests, change the initial slope of the loop, emasequently the rest of the loop
shape, as it essentially follows the initial slopmreover, the figure clearly shows that
greater values oA result in higher maximum hysteretic displacemertd widen the
hysteresis loops vertically with only a small chamg the loop fatness in the horizontal
direction. This latter change is basically a restithange in the initial slope.

Figure 4.2 shows how changes in the loop fatnesanpeter () change
hysteresis loop shape. Sinee< |, the nominal value for has been set low to 0.1 in
this figure to allow a wider range for changes ito be studied. As the figure shows,
higher values of expand the loop horizontally by lowering the maximhysteretic
displacement and consequently the post-yield slopehe loops, yielding fatter
hysteresis loops over a fixed range of actual dghents. Moreover, the resulting
changes in the post-yield slope shrink the loopsicadly at a greater rate than the

horizontal contractions.

1%
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The effect of changes in the loop pinching paramejéas studied in Figure 4.3.
As the figure presents, unlike increase in the loop pinching factor shrinks lbeps
vertically without any important change in the lo@pness in the horizontal direction.
The values for =-0.5 are quite extreme because in this case and no yielding
occurs. This case does not represent an actualcphgsructure, as described in Section
2.2, and only has been given to further evaluagestfect of .

Table 4-1 includes a suite of 99 different hysterésop shapes for different
values of the two loop fatness (0.1 0.9) and loop pinching parameters (-0.90.9) of
the Bouc-Wen model. In each figure in the table, dotted loop represents the loop
shape for = =0.5 and has been shown as a reference for coraparihe table
provides similar comparisons as in Figure 4.2 aigdirié 4.3 in each row or column for
various fixed values of or , respectively, and confirms the previous resuliace
again, the case of- in the table, does not represent a physical sysemaviour and
has been given for completeness and only to shewotp shape in this unrealistic limit
case.

Finally, as shown in Figure 4.4, the power factyrghanges the smoothness of
transition from elastic to plastic regions in thgsteretic versus actual displacement
curve, without any significant change in the oVeshlape of the loop. As the power
factor increases, the curve becomes sharper amdaggbhes to a bi-linear transition s

goes to infinity.

/*
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Table 4-1.Evolution of hysteresis loops with changes in thapl fatness () and pinching () parameter§A=1, n=2, andY=0.05)
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Table 4.1. Continued ...
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The simulated case-study structure for SA of thed®@&/en model is a SDOF
model of a five-story concrete building describadSection 2. Avith m=996 tonnes,
Fy=1270 kN,Y=50 mm, and 5% constant viscous damping. Threea$dtase values,
shown in Table 4-2, are chosen for the Bouc-Wemrpaters. The choice of the base
values is such that when they are varied for SA,résulting range for each parameter
satisfies the conditions under Equation (4.2) aewchains within the normal range

observed in the hysteresis loops of physical systgkhouane and Rodellar 2007).

Table 4-2.Base values for the Bouc-Wen model parametersingbe LSA

Parameter Setl Set 2 Set 3
A 0.5 1.0 1.5
0.0325 0.0650 0.0975
0.25 0.50 0.75
-0.1 0.1 0.3
n 2.0 2.5 3.0

To evaluate the effect of different input excitasoon the LSA results, the
structure is subjected to the suite of ground nmstion Table 2-1. Further, three
different natural frequencies (0.5, 1.0, and 1&ords) for the structure are considered
to evaluate the effect of structure’s natural figey on the LSA results. The simulated
structural responses from MATLABare then used for comparison with the responses
of the baseline model with the nominal parameter§able 4-2 to quantify the local
sensitivity of the overall Bouc-Wen model of Eqoas (4.1) and (4.2) to its five

parameters4, , ,n,and ).

1)1) *

The simplest way to conduct sensitivity analysia imethod referred to as one-



parameter-at-a-time approach, where one paranesetdranged at a time, while others
are fixed at chosen nominal values (Hamby 1994is ethod is local in the sense that
it only addresses sensitivity relative to the clmobase values and not for the entire
parameter range. Interactions of the parametesscaisnot be evaluated by such a local
techniqgue (Ma et al. 2004). Further, the localsgenty results are limited by the
choice of base values, input excitations, and ahtfuequency of case-study structure
used. However, the method is very capable of pmogié graphical representation of
sensitivity ranking.

To assess local sensitivity of the Bouc-Wen modeddch of its five parameters
using the one-parameter-at-a-time method, onlypamameter is changed at a time and
all other factors are fixed at their nominal valugsnilar to Ma et al. (2004), maximum
of the norm of error in structural responses causedhanges in each of the model

parameters is used to quantify the model’'s locasis@ity:

N =

RMSE, =max  ((y- ¥F+ (¥ % (A §F) N 123.  (43)

i=1
where vi, v;, andh; are respectively the displacement, velocity, amel hysteretic

displacement of the model when a parameter is dam@d vy, V,;, and hy are

respectively the displacement, velocity and theidrgsic displacement of the structure
with the nominal base values chosen for the Bouc-Wiedel parameters. Furthétjs
the number of sampling points in simulation of theponses. FinalfRMSE. is the
maximum of the norm of error in the responses,her maximum root-mean-square
(RMS) error. Each parameter of the model is vatiB@% of its base value with 5%
steps, and the data is sampled at each 0.001 seémnd total simulation time of 50
secondsN=50k). There is no bias duefbas it has the same value for all cases.

Three different cases, as outlined in Table 4-8,studied for LSA. First, the

I



analysis is carried out for three different natyratiods of the case-study structure (0.5,
1.0, and 1.5 s) with a single set of nominal vafieeshe Bouc-Wen parameters (Case 1
in Table 4-3). The structure is subjected to th€&htro ground motion (EQ19 in Table
2-1) in the three simulations to calculate the mmxn RMS error in the responses.
Second, a fixed natural period of 1.0 second fer ¢hse-study structure with
three different sets of base values for the Bouatr\Warameters are considered (Case 2
in Table 4-3), and the structure is again subjettettie EI Centro earthquake in Table
2-1. Finally, a fixed natural period of 1.0 secamith a single set of base values for the
hysteresis parameters are studied for LSA of thecB&en model under the suite of 20
different ground motions in Table 2-1 (Case 3 irbl€a4-3). Using different input
excitations in the simulation significantly redueasors in LSA results associated with

the type of excitation used.

Table 4-3.Different cases studied for LSA of the Bouc-Wen glod

Simulation parameter Case 1 Case 2 Case 3
0.5
Natural period (s) 1.0 1.0 1.0
15
A 1.0 0.5 1.0 15 1.0
0.0650 0.0325 0.0650 0.097t 0.0650
0.50 0.25 0.50 0.75 0.50
0.3 -0.1 0.1 0.3 0.3
n 15 2 25 3 15
Input excitation EQ19 EQ19 EQ1-20

(asin Table 2-1)

1)2) % . @ *

Global sensitivity analysis can account for thelattions of the parameters in a
multi-parameter model. Some of the popular metHod$5SA have been reviewed in
(Hamby 1994). There are also several techniquesedbaa conditional variances of

model output for GSA such as (Iman and Hora 19%@&nCet al. 2000). However, more
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common methods are Fourier Amplitude SensitivitgtT@EAST) (Saltelli and Bolado
1998) and the Sobol probabilistic sensitivity ireidSobol' 1990; Sobol' 2001).

The Sobol indices are generally superior to FASThat the single and multi-
parameter indices can be represented by the sanatiats and thus can be calculated
in a similar way, yielding a simpler overall procee for GSA. Homma and Saltelli
(1996) introduced the total effect sensitivity ioes, based on the work by Sobol, to
measure the mutual interactions of parametersanpy of two, three, or more. In this
chapter, the mean LSA results for the three diffecases in Table 4-3 are used only to
provide a ‘global’ sense of the sensitivity of tmedel, and the emphasis is on the fact
that the model is not equally sensitive to its fpagameters. For a more thorough GSA

of the Bouc-Wen model, any of the methods revieeaatier can be used.

1)3)

Results for LSA of the Bouc-Wen model for Case Table 4-3, with different
natural periods for the case-study structure, amva in Figure 4.5. As the figure
shows, the results generate spider-like graphs matbh RMS errors at the centre and
growing RMS errors as the change in the parameatersases. For the three different
natural periods studied, RMS errors induced insthectural responses due to change in
A, are considerably greater than errors for therotber parameters. Moreover, no
uniform pattern is observed for the remaining ptadce the ranking for the three
different natural periods studied. For instancefigure 4.5a, for the natural period of
0.5 s, changes in the power factarhas greater effects on the RMS errors compared to
the remaining three, whereas in Figure 4.5d)as the second greatest effect on the

responses.
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Maximum RMS errors for the three different natupariods in Case 1 are
summarised in Table 4-4. The average maximum RM®&rsifor the three natural
periods are also shown in the table. The averagétseyield a sensitivity ranking of the

parameters ad>n> > > .

Table 4-4.Results of LSA of the Bouc-Wen model for Case Table 4-3 with different natural
periods for the case-study structure

Natural period (s) 0.5 1.0 15 Mean
RMSE Rank RMSE Rank RMSE Rank RMSE Rank
A 28.40 1 30.60 1 28.30 1 29.10 1
0.29 5 6.02 4 5.84 3 4.05 4
3.63 3 7.58 3 6.63 2 5.95 3
2.34 4 431 5 3.90 5 3.52 5
n 6.63 2 7.76 2 5.67 4 6.69 2

Figure 4.6 shows similar LSA spider diagrams fos€2 in Table 4-3 with
different base values for the Bouc-Wen model patarse As the figure shows,
variations of the stiffness parameter again geaaratch greater errors in the responses
compared to the other parameters. The resultirgnpater rankings for each of the three
different sets of base values are shown in Talde As the table shows, based on the
average maximum RMS errors for each of the Bouc-\Warameters in the three

different sets, the overall ranking for Case 239 A>n> > > .
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Table 4-5.Results of LSA of the Bouc-Wen model for Case Zable 4-3 with different base
values for the model parameters

Set # Set 1 Set 2 Set 3 Mean
RMSE Rank RMSE Rank RMSE Rank RMSE Rank
A 41.20 1 34.20 1 30.4 1 35.30 1
1.63 5 6.68 2 7.70 2 5.34 4
8.56 2 6.23 4 3.99 4 6.26 3
2.98 4 1.18 5 1.13 5 1.76 5
n 6.83 3 6.55 3 6.44 3 6.61 2

Results for the LSA of the Bouc-Wen model for C8sa Table 4-3, under the
20 different ground motion records in Table 2-%& ahown in Figures 4.7 to 4.11 for
each model parameter individually. Results for eatbp change in the model
parameters for the 20 different records are preseintthe format of box plots, and the
median values of different boxes are compared &uate sensitivity of the model to
each parameter. In total, for each parameter, 4@2€reht cases (20 recordx21 steps)
are studied to generate median RMS error treng lioeLSA of the Bouc-Wen model
under different input excitations. Boxes in theufigs are stretched along the vertical
axis. This result clearly shows that changes initipeit excitation have a significant
effect on the RMS errors in the structural respsrnsed consequently on the LSA
results. This outcome is more evident for greatanges in the model parameters.

The median trend lines of the LSA results for Casge compared for different
model parameters in Figure 4.12. As the figure shomnce more, changes in the
stiffness parameter have significantly greaterctften the responses compared to the
other parameters in the Bouc-Wen model. Furthendtdines on the left-hand side of
the centre point in the figure, have higher slogem the trend lines for the same
parameter on the right-hand side. This result levibeat for all the Bouc-Wen model
parameters, a decrease in the parameter valuasr@swd higher error in the response

compared to the same amount of increase in thenedea value. This behaviour is also
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seen in Figures 4.5d and 4.6d for the first twaesas Table 4-3.

Parameter ranking for Case 3 is shown in Table #H& maximum median
RMS error results for the entire suite of recordediin the analysis are used to rank the
parameters in order of their effect on the resperdethe case-study structure. The
maximum median RMS errors for three earthquakerdscaith different PGAs are also
shown in the table for comparison. The maximum @edirrors for the 20 different
records used yields a parameter rankingsas> > > for Case 3. This ranking largely
agrees with the rankings for the first two casesepk for the order of the last two

parameters.

RMS error

Figure 4.7.RMS error in the responses of the case-study siticlue to change in the stiffness
parameter of the Bouc-Wen moda),for Case 3 in Table 4-3.
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Figure 4.8.RMS error in the responses of the case-studytsieidue to change in the bi-linear factor of
the Bouc-Wen model,, for Case 3 in Table 4-3
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Figure 4.12.Spider diagrangenerated by medidRMS errors in the responses of the case-studytstaic
due to change in the Bouc-Wen model parameter€dse 3 in Table 4-3

Table 4-6.Results of LSA of the Bouc-Wen model for Case Zable 4-3 with different input
excitations of Table 2-1.

Record # (PGA in g) EQ1 (0.116) EQ19 (0.358) EQ11(0.617) Median (EQ1-20)
RMSE Rank RMSE Rank RMSE Rank RMSE Rank
A 41.54 1 30.57 1 15.18 1 2541 1
3.95 5 6.02 4 0.18 5 1.74 5
8.14 2 7.58 3 2.60 3 5.28 3
4.95 4 4.30 5 1.23 4 3.08 4
n 7.70 3 7.76 2 3.19 2 5.30 2

Table 4-7 summarises the results for the threeerdifft cases considered for
LSA in Table 4-3. The overall ranking of the mogarameters, based on the maximum
mean/median RMS errors induced in the structurgholeses, due to changes in the
model parameters, shows that the Bouc-Wen modaelnsiderably more sensitive £9
followed by a large distance withh , , and finally . The ranking, includes the effect
of different input excitations (20 records), difet base values (3 sets), and different
natural periods for the case-study structure (&ds) and in a sense provides a ‘global’

sensitivity analysis results for the Bouc-Wen model



Table 4-7.Summary of the results of LSA of the Bouc-Wen mosigh mean maximum RMS
errors for Case 1 and 2, and maximum median RM8<for Case 3.

Overall

Case # as in Table 4-2 Case 1 Case 2 Case 3 Mean

RMSE Rank RMSE Rank RMSE Rank RMSE Rank

A 29.10 1 35.30 1 2541 1 29.94 1
4.05 4 5.34 4 1.74 5 3.71 4
5.95 3 6.26 3 5.28 3 5.83 3
3.52 5 1.76 5 3.08 4 2.79 5
n 6.69 2 6.61 2 5.30 2 6.20 2

1)4)

The versatile classical Bouc-Wen model is one efitiost widely used semi-
physical models of hysteresis in structural meatgnin this chapter, the classical
Bouc-Wen model was carefully examined for the eftédts parameters on the overall
hysteresis loop shape and consequently on theawstalicesponses. Results for local and
global sensitivity analyses were presented to asselstive sensitivity of overall
performance of the structure to each of the pamrmein the model. The results
presented show that some parameters of the hystaretlel have rather less effect on
structural responses, and thus could be fixed laesadetermined by basic engineering
judgements based on the limitadpriori knowledge of the structure. This approach
would enable simpler, more suitable hysteretic nwddth less number of parameters
to be identified in SHM of nonlinear hystereticustiures, particularly where RT-SHM
Is necessary or desired.

Overall, the local and ‘global’ sensitivity analysiesults showed that the five
parameters in the classical Bouc-Wen model carabked in order of their effect on
structural performance as>>n> > > . However, the results presented are limited by
hereditary problems using LSAs, and a more thord@8i is needed to further study

the mutual interactions of the parameters and ditioihs associated with the choice of
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base values, input excitations, and natural fregesrused. However, the overall result

provides a fundamental and reasonable guidelinthéouse of these models.
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Science is a wonderful thing
if one does not have to earn one's living at it.

Albert Einstein
German-American Physicist, 1879-1955

0,

2)() '

In Chapter 2, a simple, more suitable algorithm R¥F-SHM of nonlinear
hysteretic structures was developed to resolveess&di high computational cost and
complexity with existing real-time health monitagginapproaches. The parametric
algorithm developed uses adaptive LMS filteringotiyeto identify key structural and
nonlinear Bouc-Wen baseline model parameters intirea. The chapter assumes that
limited knowledge of the structure is availableoptio the SHM process to provide the

minimum healthy baseline model data required fentdication and health monitoring.
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In particular, mass, geometrical or material propsrrequired for a push-over FEA,
damping factors, and the power factor in the n@adimBouc-Wen baseline model were
assumed to be known or reasonably estimated fraic kaowledge. Similarly, the RT-
SHM method of Chapter 3 was predicated on the awitly of full internal dynamics
of the healthy Bouc-Wen baseline model prior to flealth monitoring process for
comparison with the faulty system’s dynamics tonidfg damage. However, some of
this information, particularly, the nonlinear basel model parameters, may not be
availablea priori.

The two-step identification method developed in @ba 2 can identify the
Bouc-Wen model parameters. However, the first steghe identification process
proposed is a push-over FEA that is a tedious pe®ad cannot be implemented in
real time. Therefore, any change in the off-linentified parameters using the push-
over analysis, cannot be detected by the RT-SHMoakof Chapter 2.

Simpler forms of the nonlinear Bouc-Wen model, walhsmaller number of
parameters, require fewarpriori known parameters to represent nonlinear hysteretic
behaviour of the structure. These simpler formdddlus provide the opportunity of
combining the two identification and health monitgrprocesses developed in Chapter
2, into an integrated one-step RT-SHM process. @pmoach enables identifying most
or all of the structural and nonlinear baseline elgzhrameters in real time, as an event
occurs. Moreover, the RT-SHM algorithms of Chapt2rsand 3 require full-state
structural response measurement, but displacenmehtv@locity are very difficult to
measure. Therefore, RT-SHM methods that are legsendient on structural
displacement and velocity measurements are motabseiifor implementation in the
field.

The present chapter develops an on-line SHM algaritor identification and
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health monitoring of Bouc-Wen type nonlinear hystier structures using a simpler
form of the Bouc-Wen model than the version use@hapters 2 and 3. This new form
has only three parameters, all of which can betifiedh in real time with no prior
information of the structure, except for the stmuat mass and the Bouc-Wen power
factor. Mass can be estimated reasonably accurftety the design by knowing the
type and measuring geometrical dimensions of thetstre. The power factor can also
be either estimated based on limitegbriori knowledge of the structure, or, where no
such information is available, can be ignored usniinear-in-parameter form of the
Bouc-Wen model (Acho and Pozo 2009).

The novel RT-SHM algorithm proposed in this chaphters removes the need
for push-over analysis and makes the health mangoprocess significantly easier.
Moreover, the algorithm proposed does not requiteuctiral displacement
measurement, and relies only on measured accelesatind estimated velocities from
integration of the accelerations measured. Thezetbe method is also superior to the
previous algorithms developed in Chapters 2 and Be sense that it removes the need
for difficult to measure structural displacememtgtovide RT-SHM information.

The on-line parametric SHM algorithm proposed wséast and slow dynamics
separation technique and robust PLLSQ fitting &ntdfy and track key structural and
nonlinear baseline model parameters. The methatius able to uniquely identify
structural stiffness, damping, and the Bouc-Wen tdrgsic model parameters.
Importantly, all of these values are directly rethto well-recognised damage metrics.

Proof-of-method simulations of various combinati@misdamage, as modelled
by changes in these parameters, are performed wealestic nonlinear case-study
structure. Noise-free input responses are useddmae the efficacy of the proposed

algorithm in identifying structural parameters mal time. The effect of the specific
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external load on performance of the proposed SHN¥hatkis evaluated using a suite of
20 different ground motions to test robustnesshefresults across a range of realistic

inputs.

2),) $ 0.

Equations of motion for a m-DOF shear-type nonlinbgsteretic structure
under seismic loading can be written (Lin et aDP20

MAY {af Vv g} =™ £} % (5.1)

whereM, is themxm diagonal mass matrix of the structufe} , {v} , and{v} are the
mx1 displacement, velocity, and acceleration vectogspectively,x; is the ground

motion acceleration,|} is the identity column vector of orden, and finally,q is the
mx1 total restoring force vector defined as theedé#hce between the restoring forces of
(i-1)™ andi™ stories. The nonlinear hysteretic restoring farteach floor including the
damping force,q;, i=1,...,m, is governed by the following first-order nonlimea
differential equation that is a form of the Bouc-4Wenodel described in Section 2.2

(Wen 1976; Lin et al. 2001; Yang and Lin 2004; Igretal. 2009):

g=cr+kr-alrlq[" a- prlal". F 1...m (5.2)

whereg; is the equivalent viscous damping dqds the equivalent stiffness of storgy
andr, I, andr; are the relative acceleration, velocity, and dispinent between storey

i andi-1, respectively. Furtherg;, b, and n; are loop fatness, loop pinching, and

abruptness parameters (power factor) of iflestorey in the Bouc-Wen model of

hysteresis, respectively. Finallyis the number of stories in the shear-type strectu
Ground motion acceleration, as well as accelerataindifferent floors, can be

easily measured with low cost accelerometers at Bampling rates. Therefore, the
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total restoring force vector,gf, can be readily determined from Equation (5.1).
Integration of measured accelerations without (Ro3870; Trifunac 1971; Trujillo and

Carter 1982; Yang et al. 2006) or with (Hann et2809) limited displacement data for
integration drift correction also provides the \aifies, {v} or {r}. Hence, tracking

the time-varying structural and Bouc-Wen parametgrk;, a;, andb; in Equation (5.2),
determines the structure’s health in real time. pbwer factor,n;, is assumed to be
known a priori for each floor. In the case where no such inforomais available, the
equivalent linear-in-parameter modified Bouc-Wendelp with the same proposed

technique in this paper, can be used (Acho and P0@8).

2)-) & + 0

For simplicity, and due to the fact that when Eqrat5.1) is solved for the
restoring force vector,d}, Equation (5.2) can be independently solved facte DOF,
all subsequent equations will be developed for @Bnodel. Thus, the subscripuill
be omitted from the terms previously defined. Hogrewall equations and methods can
be readily generalised to MDOF cases.

From Equations (5.1) and (5.3),, the restoring force at timie and its first

derivativeg, , can be written:
G =- MO+ X,) (5.3)
O = Gl H KTy - ak| rl“chjn_l d¢ bkrkl q;Ln (5.4)

where the subscrigt denotes values at tinle To further simplify the equations by
reducing the number of unknowns to be identifiedrfrfour ¢, k, a, andb) to three ¢,
k, andd), following a similar procedure as in Equationsl®-(2.18), a new form of

Equation (5.4) is defined:
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O = Ckrk+kkrk+dkrk|qkln (5.5)
where

- Q- h(’rqu> 0
d =- asigntg)r h = -RQ ,g 0 (5.6)
a-b ,ngq<0

Similar to r,(t)h, (t) in Figure 2.4, over each period of gteicture’s motion, the term

rd, in Equation (5.6) changes sign four times. Theefm a quarter of a period, this

equation yields the two independent linear equatrequired to determireg andb.
A finite difference approximation based on a thordler corrector method is

used to relate Equations (5.3) and (5.5) (Lin e2@01; Yang and Lin 2004):

Dt
Ok - O1— l_2k(5qk+ 8q.,- 4 2) (5.7)

where tyis the time step. This equation can be rewrittea lsear equation in terms of
the unknowns using Equations (5.3) and (5.5):

FCtf ke ¥ di = Y (5.8)

where,

Yo =-MM- it Xe %)

fl =5n +8& -1,

5.9
fo =9 +8& -1, (®-9)

For =50 A" + 8l - Tl
Equation (5.8) cannot be independently solved lioee unique answers fog,

k¢, anddy at each time step. Thus, more independent eqsatioer needed over each
time step. The two stiffness and damping paramétesee much slower dynamics
compared to the Bouc-Wen parametir,As was mentioned earlietly changes sign
four times in every period of motion, while the twther parameters can reasonably be
considered fixed or to change much more slowlysTgoint suggests that, similar to
Section 3.4, over increasingly smaller time steps tg the valuesck and kg can be
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assumed constant compared to the faster dynamdigldann et al. 2009):

c(t) =g, (k- Dt £ t£ KDt k=1,...,m¢
k() =k (k- )Dt £ t€£ KDY k=1,..,m
d()=d (I- 1Dt £t£IDL,, | =1,..n¢
Dt =pky p>1

(5.10)

where m¢ and n¢ are the number of intervals over which the piesewime-varying
functions,c(t), k(t), andd(t) are defined. Further,ty and t; are user-selected intervals
over which piecewise constant behaviour is readen&#or ease of fitting, similar to
Section 3.4p is assumed to be an integer value greater thanlionkis way,p values

of d are fitted alongside every single valuecpfand kc as shown in Figure 5.1 for the

case op=3.
Aty
e ki1 ki kv o
.
dis : E i ' :
dl—4 dl-z dI-I d1+1 d1+2 dl g d1+4
‘ d; , . ]
Time

Figure 5.1.Time variation of the fitted parameters for3
Identification of the unknown parameterg, ki, andd, requires a system of
linear equations (at least three), each in the fofrequation (5.8), at each time step.
For the example of Figure 5.1, three values bf( p¢=3) could be chosen in each

time interval t. This choice will give nine equations for eachdimterval tg with

five unknowns, defined by the system:

Ad{X, ={ 4, (5.11)

where
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foo f, fq O 0
fl,i-l f2i 1 f 3 1 O O
fl,i—2 f2i—2f3-,2 O O
s Tas 075 O i =9,10,..., 9n¢
Av=Tys Foy 0 F 45, 0 k=1 . mt (5.12)
fl,i-5 f2] 5 O f 3 5 O T
fl,i—6 f2i»6 0 O f3;6
fl,i—7 f2i—7 O 0 f 3 7
fl,i—8 fzi-s 0 0 f 3 8
Ck
kk
o= d k=1,.,me (5.13)
k ' 1=3,4,...,3¢ '
d.,
dI-2
Yi
yi—l
yi—2
fs k=1, me
= e w2910 ane (5.14)
Yis
yi-6
yi—7
yi—8

Further,f,,,i=1....9¢and Y, =1...,9r are defined from Equation (5.9) at each time

step O¥,,i =1,...,91. The least squares solution of the matrix Equattohl) yields the

unknown vector X} .

The overall RT-SHM algorithm developed is summatiseFigure 5.2. The two
Bouc-Wen model parametes,andb of Equation (5.2), if needed, can then be either
calculated at smaller time steps using a similat fnd slow dynamics separation
approach, or determined using Equations (5.3) ar®) @t each quarter of a period of
the structure’s motion. The overall approach tlieniifies parameters within quarter of

a response cycle, which should be more than adedurathe application envisioned.
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( Read mass:f) and the power
factor () based on very limited
available knowledge of the
structure

ﬂ' Pick suitableptandp

Calculatey; toy, g and 1.3; to
1.3 from Equation (5.9)
\ / MeasureV; and X ;

i

ComposeéA, and {y} in
Equations (5.12) and (5.14)

N

Find least squares solution of
Equation (5.11)

Use Equations (5.10) and (5.1
to calculatek(t), c(t), andd(t)

7

~

Figure 5.2.Flowchart of one time step of the RT-SHM methodedeped for nonlinear hysteretic
structures using a fast and slow dynamics separsdithnique

2)1) 0 0

The simulation proof-of-concept structure is a SD@énlinear hysteretic
structure with the following parametric values danito (Lin et al. 2001; Yang and
Lin 2004): m=125.53 kg,c=0.07 kN.s/mk=24.2 kN/m,a=0.2,b=0.1, andn=2. The
first fundamental natural frequency is 2.21 Hz, ahd damping ratio in the same
mode is 2%. The structure is subjected to the Mddk earthquake with PGA of
0.617 g (EQ11 in Table 2-1).

Nonlinear dynamic analysis is performed in MATLARBIsing the predefined
parameters and the Newmarkntegration method to represent the nonlineardrgst
behaviour of the structure. The simulated stru¢t@sponses from MATLAB are then
used to provide proof-of-concept inputs to the radthnd to thus quantify the accuracy
of the identified parameters, stiffness, dampingd ahe combined Bouc-Wen

parameterd.
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The structural identification and health monitorialgorithm developed is also
implemented in MATLAE for the identification process under the Northridge
earthquake. Further, to evaluate the performanddeofporoposed SHM method under
harmonic single frequency excitations, the simatatproof-of-concept structure is
subjected to a harmonic excitation of amplitude @.2nd frequency of 2.21 Hz. This
frequency is chosen to match the natural frequehdtlre simulated structure and cause
instability. This harmonic excitation case is a sterase approach, but also is a good
representative of the loads seen in marine strestiinally, to assess the robustness of
the proposed method over different ground motitmes simulated structure is subjected

to the suite of 20 different ground motions in Teabi1.

Table 5-1.Damage patterns used in the simulation

Damage o
pattern # Description
1 20% reduction in stiffness at the 5 second mark
2 20% reduction in both stiffness and damping atstlsecond mark
3 20% reduction in the Bouc-Wen model parametraf the 5 second
mark
4 20% reduction in all three, stiffness, damping, dahd Bouc-Wen

model parameter at the 5 second mark

The simulated structure is also subjected to fiitferent worst-case, sudden
damage scenarios, defined in Table 5-1. The goatoisevaluate the proposed
algorithm’s performance in damage identificationeiova range of limit cases and
possibilities. The damage cases are applied tostheeture at the 5-second mark.
Simulation-derived data is recorded at 4 kHz, aesults are smoothened using a
backward moving average filter in real time to artbe effect of very ill-conditioned

coefficient matrices ol in Equation (5.11).
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Figure 5.3 shows the nonlinear response of the SPO&f-of-concept structure
undergoing the Northridge earthquake. The figuesarty shows that the case-study
structure is highly nonlinear and has a permanestdual deformation after the
earthquake. As shown in Figure 5.4a, the algorithmery capable of identifying the
structural and Bouc-Wen model parameterk, andd, in real time. In this figure, in
the third graph from the top, the actual up@eb) and lower limits {a-b) of the value

of d, are shown for easier comparison, instead ofciiseh as-modelled values.

o
o
a

Displacement (m)

Velocity (m/s)
° ¢

0 5 10 15 20 25 30
Time (s)
Y 10 \ \ \ \ \
é | | | | |
| I I I I
_g 0 | | | |
E | | I I
Q i | | | |
8 | | | | |
G -10 I I I I I
< 0 5 10 15 20 25 30
Time (s)

Figure 5.3.Responses of the simulated structure subjectdtetdlorthridge earthquake

The maximum error in the identification processtfog entire record after the 2-
second mark (t 2 s) is 3.04% of the actual as-modelled valuesfidifiness and 2.35%
for damping for the simulated structure under thatitidge earthquake. These error
values are well within modelling and constructioroes. Identification results for the
first two seconds were excluded from the error @ai@n process to ignore the effect of
incorrect initial values chosen for the parameters.

To further evaluate the accuracy of the RT-SHM atgm developed, the
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identified values were used to recalculate theorexj forces. The result is shown in
Figure 5.4b. As the figure shows, the actual amahtified restoring forces are almost
identical. Figure 5.5 shows the same results fersthusoidal excitation. The maximum
error in the identified values is 1.33% of the attas-modelled value fdeand 5.25%

for c when the simulated structure is subjected to Hrenbnic excitation. Again, these

values are quite small next to modelling errorsanstruction variability.

100 ; ; ; ; 03
= ! ! ! ! — Actual
s ‘ ‘ ‘ ‘ — Identified
2 50f----- - - - - entt
£ | I I [
© | | | |
0 1 1 1 1
0 5 10 15 20 25
Time (s)
30 T T T T g
'\é 20— ——— === - [ [ [ g’_,
Z I I I I L
S 1o ----- ———— - - - ——— =] 2
| | | | s
0 I I I I @
0 5 10 15 20 25 &

| | | |
| | | |
| | | |
I I I I I
) -0.03 -0.02 -0.01 0 0.01 0.02 0.03 0.04
Time (s)

Displacement (m)
(@) (b)

Figure 5.4.a) Identified structural and Bouc-Wen model parareand b) hysteresis loops of the
simulated structure subjected to the Northridg¢hegamake
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Figure 5.5.a) Identified structural and Bouc-Wen model parareand b) hysteresis loops of the
simulated structure subjected to a harmonic exeitaif amplitude 0.2 g and frequency of 2.21 Hz
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Figures 5.6 and 5.7 show that the proposed SHMihgo is robust to different
input excitations. The maximum error in the idaoéfion process is less than 7.12%
(mean=2.67%, median=1.88%, and tHed5™" inter-percentile=6.78%) for stiffness and
7.19% (mean= 4.3%, median= 4.2%, and t295" inter-percentile=4.29%) for
damping for all the ground motions in Table 2-1ff€&ences in the maximum error
values for the different ground motions used are thudifferences in the structural
responses. These differences affect the coeffigitdtix, Ay, in Equation (5.12) and

sometimes result in less accurate least squaresmsd for this equation.

Mean error=2.67%, median error=1.88%, and the 90‘h percentile=6.78%

Maximum error in identifying k (%)

Record no.

Figure 5.6.Maximum error in stiffness identification using theposed algorithm when the case-study
structure is subjected to the 20 different grourtdiom records in Table 2-1 (Mean error = 2.67%,
median error = 1.88%, and th8-85" inter-percentile = 6.78%)

Mean error=4.3%, median error=4.2%, and the 9o percentile=4.29%

Maximum error in identifying ¢ (%)

Record no.

Figure 5.7.Maximum error in damping factor identification ugithe proposed algorithm when the case-
study structure is subjected to the 20 differenugd motion records in Table 2-1 (Mean error = 4.3%
median error = 4.2%, and thB-85" inter-percentile = 4.29%)
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The SHM results for the four different damage patan Table 5-1 are shown
in Figures 5.8 to 5.11. As these figures showRMmeSHM approach proposed is readily
able to identify damage in all four different damagcenarios with the worst-case
abrupt change in the structural parameters. ldedtdnd actual hysteresis loops for the
last damage pattern (No. 4) are also shown in Ei§utlb. As this figure shows, even
for the worst damage pattern of the four in Table, Svith sudden changes in all the
three parameters, the identified hysteresis loopsmaa very good agreement with the

actual as-modelled loops.
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Figure 5.8.ldentified structural and Bouc-Wen model parametéthie simulated structure subjected to
the Northridge earthquake and damage pattern alieT5-1
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Figure 5.9.ldentified structural and Bouc-Wen model parametéthe simulated structure subjected to
the Northridge earthquake and damage pattern 2leT5-1
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Figure 5.10.ldentified structural and Bouc-Wen model parametéthie simulated structure subjected to
the Northridge earthquake and damage pattern alimeT5-1
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Figure 5.11.a) Identified structural and Bouc-Wen model parareand b) hysteresis loops of the

simulated structure subjected to the Northridgéheaake and damage pattern 4 in Table 5-1
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The SHM results presented in this chapter are fomally equivalent to real-
time results. Specifically, using MATLAB identification of the three stiffness,
damping and the combined Bouc-Wen model paramesdess ~1.37e-5 s for each
piecewise step of t=2.5e-4 s (4 kHz sampling rate) on a 3.16 GHz thtklal-core
desktop machine. This execution time is only ~5df%he smallest identification time
step used (t). Coding in more sophisticated programming langsaguch as C,
typically reduces computational time by 10-100xpmre, compared to MATLAR In
addition, the identification process at each tinep nly relies on the prior time step
values. Hence, the proposed algorithm can be seadéd as an on-line SHM method,
and is much more computationally-efficient than gnar its real-time competitors,
such as (Sato and Qi 1998; Loh et al. 2000; LI.e2@GD4a).

The method developed remains to be experimentadljdated and further
tested, particularly against noise-contaminateditimgsponses. However, a range of
highly-effective noise-filtering methods that arengutationally-efficient are readily
available to manage this issue (Ifeachor and Ja883; Sayed 2003). In addition, the
best nonlinear model that can represent the steistmonlinear yielding behaviour is
sometimes unknown or is not necessarily of a Bow\type. In such cases, actual and
modelled structural behaviours would not be pelyatie same. Therefore, the effect of
different baseline models on the identificationultss need to be evaluated before
implementation on a real structure. However, théhoek proposed is definitely a first
step forward and has significant potential bendfitassessing structural safety and
serviceability after major events, such as eartkgsiaand provides the input data

required for structural control methods with damagtgation or avoidance purposes.
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SHM is the process of identification, localisatioand quantification of
structural damage due to external loads, such asaghquake. SHM results simplify
and automate typical visual or localised experimkemipproaches and enable more
informed structural safety assessment and postenatrofit. On-line SHM is of
particular interest for rapid safety assessmenbwgers and civil defence authorities,
particularly in the immediate aftermath of an evédintan also be used during an event
to inform active control systems to further avoichatigate damage.

This chapter presented an on-line SHM algorithm fdentification and
monitoring of nonlinear hysteretic structures. dparates fast and slow dynamics and
uses robust PLLSQ fitting to identify key struclupmrameters including stiffness,
damping, and the Bouc-Wen hysteretic model paras@tgeal time. These parameters
are directly related to well-recognised damage icgetr

Moreover, the RT-SHM method developed does not irequtructural
displacement measurements, which are typically déficult to acquire or reasonably
estimate. Estimation of displacement by double gragon of acceleration
measurements is also subject to drift and erronichwvimeeds to be corrected using
additional displacement data. Therefore, this gradvantage of the algorithm
developed over many of its competitors makes itenanenable in the field.

Proof-of-method simulations of a realistic nonlineease-study structure,
subjected to a suite of 20 different ground motjsi®ow that the algorithm is well-
capable of identifying structural parameters tohit2.7% and 4.3% of the actual as-
modelled values for stiffness and damping, respelsti Results for various
combinations of changes (damage) in structuralmpatars also show that the algorithm

performs well in tracking the changes in real tilhbe RT-SHM approach developed
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remains to be further studied for noise effect ambrter response times before

experimental validation and implementation by thefgssion.
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The world is divided into men who have wit and no religion
and men who have religion and no wit.

Ibn Sina (Avicenna)
Persian Polymath, 980-1037

(0 -
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As discussed in Chapter 1, SHM is a multi-stagedgss that includes defining
properties of the structure that need to be magikorinstrumentation and data
acquisition, identification of damage-sensitive pedies to distinguish between
damaged and undamaged structures, and, finallgrrdetation of whether the changes
observed in the selected features used to idedtifyage are statistically significant
(Sohn et al. 2004). The data collection stage ptayey role in the SHM process by

providing the required inputs. Limitations on acg the necessary input data have

%#%



made the implementation of many existing SHM alpons difficult or impossible. In
particular, most SHM and control algorithms for @@ detection and mitigation,
including the methods developed in Chapters 2 amdddiire continuous monitoring of
dynamic responses: acceleration, velocity, andlatsment (Loh et al. 2000; Hann et
al. 2009; Nayyerloo et al. 2011). Acceleration teneasily measured using ordinary
accelerometers. However, velocity and displacermaeattypically difficult to capture,
especially at the high enough sampling rate reduiethese algorithms relative to the
structural frequencies. Velocity and displacemeatusually estimated by integration of
measured acceleration. However, the integratedtseate subject to drift and error,
which needs to be corrected using additional data fan independent, typically lower
sampling rate, displacement sensor (Li et al. 2D04b

Displacement sensors can be categorized into twie gnaups: contact and non-
contact. Contact sensors, such as Linear VarialfferBntial Transducers (LVDTS),
piezoelectric (PZT) sensors, or optical fibre semsare not always non-invasive and
require extensive sensor networking to measurectstial displacements in multiple
directions. Moreover, contact sensors may architatty interfere with light model
structures, or in the case of optical fibre sensmi@y involve expensive optical
spectrum analyzers (Lee 2003).

In the non-contact group, Laser Doppler Vibrometét®Vs), GPS-based
sensors, and computer vision based techniquesoarmon methods with a wide range
of applications. LDVs provide high bandwidth andtily accurate displacement and
velocity data, but only in one direction and atatiedely high cost (Lee et al. 2007).
GPS-based and vision-based sensors can providdéaaispent data in multiple
directions and require less networking comparedLBRVs and contact sensors.

Nonetheless, each has its own problems. GPS-bgses are low-rate and very low-
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resolution for precision applications (Li et al.02®; Kijewski-Correa et al. 2006).
Vision-based methods can be very high-resolutiahlagh-rate depending on sampling
rate and resolution of the acquired frames. Howetver increasing volume of image
data to be processed significantly increases tloeegsing time and computational
complexity, making it, at least at this time, unahle for cost-effective real-time
applications.

Visual techniques are also quite flexible and carebsily adapted to different
applications. Light-based motion tracking of binlgs subjected to earthquake motions
or equipment inside buildings proposed by Hutchingb al. (2005; 2006) is one
application. Three-dimensional (3D) structural thspment measurement with multiple
digital cameras is a second (Chang and Ji 200Her®tinclude, non-target stereo-
vision spatio-temporal response measurement oflikeestructures (Ji and Chang
2008), digital image correlation based stereovismm3D displacement measurement
(Orteu 2009), and applying edge detection techniguth sub-pixel accuracy for
structural displacement measurement (Fu and Mod32)2

Recently, Lim et al. developed a method that assisgle line-scan camera with
a printed pattern to measure foundation pile movesne multiple directions (Lim and
Lim 2008). Using line-scan cameras significantlgré@ases the size and pixel volume of
the acquired frames. It thus enables high-speqiadisment measurement without the
need for very expensive, real-time hardware. Howeite resolution is limited for
larger displacements, which is particularly a peoblwhere the expected motions cover
a wide range of scales, such as seen in seisnpgonss motions. Further, no calibration
procedure was proposed in the work by Lim et akrieure that the assumptions made
in developing the line-scan based method proposedudly met. However, if these

issues can be solved, line-scan cameras offertarbplution, high-rate displacement
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sensor platform.

This chapter extends and empirically evaluatestfieacy of the proposed line-
scan based displacement measurement method bytlamle particular, the method is
extended to improve resolution, especially for éasgismic events with a wide range of
displacement level. This change also ensures mamimasolution across a range of
displacements, as a result. Thus, both larger amallex displacements have equal
resolution, which was not the case for the origmathod.

Further, as the accuracy of the proposed measutaemethod depends directly
on the camera-pattern calibration, a simple ang-gagnplement calibration procedure
is proposed that ensures accuracy of the measuteesits. Chapter 7 addresses the
impact of the correctness or any error of the pdnpattern dimensions utilised by this
sensor and method on the measurement resultslaftes analysis thus quantifies the
level of confidence in the measured displacemesita &unction of inaccuracy in the

pattern dimensions at the heart of this approach.

3),) ‘0

Lim et al. proposed a vision-based displacemensoreanent method using one
high-speed line-scan camera with the special patbown in Figure 6.1 to capture
vertical, horizontal and rotational movements of aoint on the pattern. The pattern is
a printed array of black and white triangles angasted on a desired spot on the
structure. The camera is pointed at the array abthie scan line intersects the pattern

lines, as shown schematically in Figure 6.1.
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Scanline:y=a;x+ b;

) A Xy Vns_

Figure 6.1.Special patter enables vertical, horizontal, and rotational dispment measurement usil
only one line-scan camera (Lim and Lim 2008).

The scan line i Figure 6.1 is definegt = ax+b; in the {T} coordinate systerr
which has been rotat by 45° with respect to the original coorate system, M}. It
thus intersects the naal and slanting lies of the pattern &,4 anc P,s(n=0,1,2,...),
respectively. These iersection points can be written in terms the known patter
dimensionsH andW, and the unknown scan line parameta; andb;. At each time
step or image, the Eudian distance between any two consect intersection point
can be measured in pls. Therefore, calculating the ratios of twonsecutive white t
black (or black to whit) distances leaves two independent eque in the unknownsy
andby:

o = (b LW {Loy Lt (Lot (L H(n ) H
(L= L)W+ { Ly L (Lar )(Lg D(n m} H

o = VaWH{M( 1, +3)- n( L+ 1)
(Ln- L)W+ { Ly L (Let (Li Y(n m} H

(6.1)

(6.2)

whereH andW are the height and the width @ triangle inthe pattern inFigure 6.1,
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respectively, and., (n=0,1,2,...) o, (m=0,1,2,...) are ratios between two consecutive
black and white distances in each frame of thedicen image and are assessed directly
from the image. Using ratios of the distances,e@adtof the distances themselves,
makes calibration of measurement results in pitethe FOV in meters easier. Using
Equations (6.1) and (6.2), the centre of the sitem) br in other words, the centre of the
camera’s FOV can be written in terms &fand b; using coordinates of intersection

points adjacent to the centre point:

p - -h*V2HR b+ 2aHR
“ a+l ' g+l

(6.3)
where,R;, as illustrated in Figure 6.2, is the ratio of thstance of the centre point to
the closest adjacent intersection point betwees¢ha line and the normal pattern lines

over the distance between the two consecutives@téion points between the normal

lines and the scan line that passes through theecpeoint:

D,, - D
Rt — ~1H Centre 6.4
Dy - Don (6.4)
Ry: Centerof  Fom Fos o Ry Bs Pry
CCD Array | ‘ ‘ ‘
‘B T e .
Doy _|
L |
Deenter %
Diy

Figure 6.2.R; is the distance betwe&h, andP¢ over the distance betwe®p, andPyy (Lim and Lim
2008)

Transferring the movements frormi{to a coordinate system with the scan line
as one of the axes represents a linear transf@madf the pattern. Rotational
movements of the pattern can then be calculatethedifference between inverse

tangents o&; for two consecutive captured frames:
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Dx _ sing, -cosgp (,
Dy,  cosgp singg (PCO PQ) (6:3)
Dg, =tanla, - tanla, (6.6)

where X, Vi, and ¢ are linear movements of the pattern parallel #® gban line,
linear movements perpendicular to the scan lind, ratations of the pattern about the
centre of the scan line, respectively. Moreovelr tteé parameters with subscript “0”

denote the initial values.

! # 3 %

The image processing provides the time-varying dioates of the intersection
points between the scan line and the pattern Ifaesply, it detects the edges from the
white to black and black to white regions. Thisedéibn can be done using a relative
intensity threshold level to detect location ofglarchanges in the intensity of pixels at
each acquired grayscale image from the cameraowiold) edge detection, edges in the
first frame can be tracked to detect relative @ispients of the target with respect to
its initial position. As the line-scan image acdfios is very fast (up to 20+ kHz)
compared to movements of the target, the nextiposif each edge falls within a small
distance to its previous location. Therefore, tagtmposition of each edge can be sought
in a small bounded area around its previous positiam and Lim 2008). Hence, the
new location of an edge can be found by using bisaarch algorithm (Sedgewick
1997) in the bounded area defined. This boundea streuld not be less than maximum
estimated movement of the target at each measutdimenstep on either side of the
edge.

This edge tracking algorithm requires a sufficigntide FOV depending on the
maximum likely displacements that may occur. Tragkeach edge by simply locating

the edge using pixel numbers in each frame reqtire®dges to always remain in the
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FOV of the camera. To ensure that this conditiamés, the FOV of the camera must be
expanded so that it encompasses all possible dmsathat the edges may move to.
During this process of “zooming-out”, the number pikels in the Charge-Coupled
Device (CCD) array remains constant (constant camesolution), and as a result the
number of pixels per millimetres of movement of thgget or the output measurement
resolution decreases. Hence, if the likely resp@span a range of displacement scales,
resolution at small motions is lost to enable lamgation measurement. Resolving this
issue enables using low-cost low-resolution lingrsccameras for structural
displacement measurement using the method of Lial.etas well as improving the
overall method.

The resolution problem arising from the edge tnagkalgorithm can be solved
by dynamically altering which edges are being teatclafter time zero. The new
algorithm renames edges when they cross the cpaingé of the CCD array such that
the required edges for displacement measuremerdhaeys centred around the CCD
array centre pixel. To this end, offset factorsstcged and updated with each renaming
to ensure that data is continuous. Therefore, iteecf the FOV required to capture the
motions is fixed regardless of the size of the onadj and it is a function of the pattern
dimensions only. Thus, the resolution is maximiaed also, as a result, fixed for all
displacement scales sensed.

The new edge tracking method developed is illustian Figure 6.3. Six edges,
three on the right and three on the left-hand sidine centre point of the CCD array,
should be detected in each captured image andetlamker different images to provide
the data required for displacement measuremengusm et al. method. These edges
can be simply detected using relative intensitgghold method and tracked using their

pixel values. However, when an edge crosses thieecpaint, an undesired shift in the

Yot/



edge position values recorded occurs. As a rethdtthree edges on the left or right-
hand side of the centre point will not be the saages being tracked over the previous
frames.

This shift is shown in Figure 6.3 by renaming tliges att,, when edge 3
crosses the centre point and becomes 3’ instead dherefore, at edge renaming time
steps, offset or shift valueS;(s) should be stored and added to the edge pixeesdbr
the actual position of each edge. For example ahposition of edge 3 after it crosses
the centre point of the CCD array is calculatecdgiingS; to the new position of edge
3 detected (3’) to yield 2’, the actual positioneafge 3 at,. Time steps at which such
shifting occurs can be detected by tracking thenghan the sign of the first derivative
of distances between the centre point and theddge on the right or left-hand side of
the centre point in each image. The dotted curd@gare 6.3 shows this change for the

case of using the first edge on the right-hand sfdbe centre point.

Camera’s FOV
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Figure 6.3.The new edge tracking technigue proposed.

Figure 6.4 shows the edges tracked during a limearement of a target in two
opposite directions using the direct tracking teghe by pixel position of the edges and
the new edge tracking algorithm proposed. The digcoities in Figure 6.4b show the

time step marks at which an edge renaming occurs.fiure clearly shows that the
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tracked edges span a smaller section of the CCLy #nan edges tracked by the direct
method. Hence, resolution and accuracy are maedaor improved with this novel

extension to the method.
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Figure 6.4.Position of the tracked edges, a) when the edgesiauply tracked by their pixel position and
b) when the proposed edge tracking algorithm isluse
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Main components of the image acquisition and prsingssystem are introduced
in Table 6-1. One of the main components in thpldement measurement chain is the
line-scan camera. Line-scan cameras scan a singievpdth digital imaging sensor at
very high speed. Therefore, the images are onlypixa wide. High-speed line-scan
cameras with line rates as high as 23 kHz and fodigial resolutions in the order of
12k pixels are now commercially available (TeledypA&LSA Corp. 2011). Such
cameras provide high resolution and high speetieasame time, which is critical for
real-time applications.

Consider a black dot moving against a white baalkggoon a linear path in the
FOV of the camera. The line-scan camera sees omigvéng darker pixel over a series
of images, as illustrated in Figure 6.5. Calibrgtithese pixels to the FOV in meters

offers a displacement measurement.
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Table 6-1.Specifications of the measurement set-up

Iltem Description
Teledyne DALSA P2-23-08K40 (Teledyne DALSA Corp020)
Maximum line rate (kHz) 9.3
Camera . )
Pixel size (m) 7x7
Resolution (pixel) 8192
Lens Schneider Componon-S 4.0/80 (Schneider Kreuznacp.2610)

Frame grabber board

Light source

Host and target
PCs

Image acquisition

and processing software

with focusing mount and accessories
National Instruments PCle-1430 (National Instruraedorp. 2006)

Philips MASTERLine 111 halogen reflector lamp
60W 12V 8D (Philips Corp. 2011)

Inte/® Core” 2 Duo CPU 2.66 GHz

3.24 GB RAM

100 GB HDD

LabVIEW™ real-time operating system compatible LAN card

LabVIEW™ 8.5 and LabVIEW' real-time operating system
(LabVIEW" RTOS)

@)

< Time (4,500 lines @ 1kHz=4.55)

«—— 1500 Pixels ——»|

(b) (©)

Figure 6.5.a) Line-scan camera used in this study, b) a lineess-spring-damper system with a printed
pattern (a black dot on a white background) poetethe mass (the red line on the pattern shows the
FOV of the camera), and c) what the line-scan carsees over several frames

The light intensity required to capture useful imaglepends on factors such as

the surface roughness, nature, speed, and spebtedcteristics of the target being

imaged, also on exposure time of the CCD arraph®fcamera (image acquisition rate),

light source characteristics, environmental andussiipn system specifications, and

more (Teledyne DALSA Corp. 2008a). Further, higinesige acquisition rates typically

require higher illumination intensities, becauséigh sampling rates, the CCD array is

exposed to light for a shorter period and thus #ssunt of light is captured. AC light
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sources are also typically t suitable for lin-scan displaceent meastement due t
fluctuations in the light intesity caused by the alternating nature of thplied current
Therefore, linear LED lighsources or Halogen projectors are reccended for the
application of this thesis.

Figure 6.6shows thedata flow in the displacement measuret system. Th
Image acquisition and procsing code is written in LabVIEW™ on a st PC for re«
time execution. The tget 2C runs under LabVIEW™ retime operating syster
(RTOS) to make it dedicatl to the image acquisition and processirsks, to enabl
high sampling rates. Theie-scan camera is connected to a franrabber boar
installed on the target PC. is cad enables the direct transferring of gh volume of
image data to the target P(ard disk drive (HDD). The image procesy is performer
in realtime, but results canz retrieved from the target PC for further cessing eithe
after the acquisition poss ir in realtime while it is being performed. ymmunicatior

through the server makes rote measurement possil

@€ ®

Frame jrabbel Target
boarc computer

line-scan camera server hos: compute

Figure 6.6.Data flonchart o the displacement measurement system (picturgicons from
www.teledynedilsa.cor, www.ni.com, and www.iconarchive.com)

System settings, sn as the number of active camera ps, FOV, lens
magnification, geometrical.onfigurations, and frame rate can be ngedto meet

different application requireents

_Fov (6.7)

%*#



M=__2 (6.8)

(6.9)

whereFOV is the FOV of the camerd| is the number of active pixels of the camera,
is the resolution of the measurement process,the pixel size of the camend, is the
lens magnificationf is the focal length of the lens, apds the distance between the
camera and the moving target.

For example, to measure displacements of a steuctith maximum likely
displacement of +250 mm, a 500 mm long FOV is neeflthe original edge tracking
algorithm is used. For the best resolution withdhenera used in this study (maximum
8192 active pixels), this FOV results in 64 resolution. However, using the new edge
tracking algorithm, only a 50 mm long or shorter\F3 needed because using the new
method, the length of the FOV depends only on titeepn dimensions to encompass at
least five edges at each frame. Fairly low-resotutik pixels over this FOV result in a
better resolution of 50m or less. With the 8192 pixels of the device userk over a
50 mm FOV, the resolution is 6.In, which is 10 times better for no added cost or
significant complexity.

By knowing the image sizéN&d) and FOV, magnificationyl, can be calculated
from Equation (6.8), and Equation (6.9) can themused to find a suitable lens with the
required focal length based on a desired or allogisthnce between the target and the
camera. The resolution from Equation (6.7), camtbe improved using sub-pixel
interpolation techniques if required. For this papeall camera resolution at frame rates
up to 500 frames per second is used and otheng®t#ire chosen to have less than 30

m resolution in measurements.
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If the CCD array of the camera is not perfectlyatiat to the pattern plane (out-
of-plane angled CCD) or the horizontal plane updnctv the camera is mounted (in-
plane angled CCD), the measurement results from &tmal. method will have
potentially significant error due to the distortiomduced by the non-perpendicular
perspective. An out-of-plane angled CCD array tssuh a non-unique distance
between different parts of the pattern and the cantéence, closer parts of the pattern
appear longer and further parts shorter in theuragtframes compared to the non-
angled case. This change alters the assumptions madalculating the intersection
points between the slanting and normal patterrslared the scan line in Equations (6.3)
and yields significant errors in the measuremestlts. The effect of in-plane angle
should also be accounted for because the reporeasurement results of Equations
(6.5) and (6.6) are in the camera coordinate systech any inclination makes it
different from the desired frame with horizontablarertical axes. This section analyzes
the effect of rotation about each of the three axethe assumptions made by Lim et al.
and consequently on the measurement results. Aeguoe for camera-pattern
calibration is then proposed to eliminate the rasylerrors due to camera-pattern
misalignment.

Figure 6.7a shows the reference frames for ther gtheels in the figure. The
three coordinate systems used a&, {{ C}, and {LS}, which are the ground, camera,
and the scan line coordinate systems, respectielyC}, Xc axis is parallel to the
CCD array,Yc is perpendicular tXXc, andZc is normal toXcYc plane. Further, the
dotted line on the pattern plane represents thginali FOV of the camera when
calibrated. In the ideal case, the two former coat@ systems are perfectly parallel,

and the assumptions made in (Lim and Lim 2008}katisfied.
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(@) (b)

(©) (d)

Figure 6.7.Different possible camera misalignments with resp@the global horizontal and vertical
coordinates system

Figure 6.7b shows the case where the camera haslarstation abouXc so
that the camera scans a line a bit higher or |divan the original FOV depending on
the rotation direction. Moreover, the FOV is widkre to the increase in the distance
between the camera and the pattern. However, ratidstances between the edges in
the scanned frame and the orientation loB{with respect to {5} remain unchanged.
Therefore, this type of misalignment does not aler basic assumptions made in the
original work.

In the second case, shown in Figure 6.7c, the Gamates abouYc axis. In
this case, the camera scans a line that is a fitefuto the right or to the left of the

original FOV depending on the rotation directiomeTout-of-plane angle between the

*
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CCD plane XcYc) and the pattern planeX{Ys), , causes a non-perpendicular
perspective of the pattern and alters the basiengsisons made by Lim et al. for the
normal and slanting line equations in the pattdang This occurs because, unlike
before, the closer parts of the pattern appeareloagd further parts shorter, causing
error in the measurement results even thouwg is still parallel to {G}.

The last case is where the camera rotates ahoaitis. As Figure 6.7d shows,
this in-plane rotation of the camera does not @isr of the basic assumptions, and thus
does not cause error on the measurement resultge\t¢o, camera rotation rotates the
coordinates system in which the results are regdite. {LS}). Therefore, the results
will no longer be in a desired coordinate systemmaled to {G}. In reality, a
combination of the two in-plane and out-of-planglas is usually the case. Each angle

should be carefully removed so that cancelling @oes not cause the other.

! " (

The out-of-plane angle of Figure 6.7c can be remdaw@ng a slightly different
pattern designed for calibration. The proposedocation pattern, shown in Figure 6.8,
is an array of black and white rectangles with équidths. The printed pattern is
posted on a desired spot on the structure, andirtbescan camera is pointed at the
pattern for calibration. As Figure 6.8 shows, tbarsline intersects the parallel pattern
lines, and only when there is no out-of-plane anifie following definition holds:

AB _ BC_ CD_ _
AB¢ BC ¢CD¢ ¢

(6.10)

where A ¢B @, € D¢.. are the measured edge to edge Euclidean distant®s inear
frame captured by the camera.
In the case where an out-of-plane angle existsedge to edge distances in the

linear frame, as seen by the camera, would ndtdedame due to the non-perpendicular
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perspective from the pattern. Thus, Equation (6dd@9s not hold. Moreover, as the
figure clearly shows, the likely existing in-planagle, , does not alter the condition of
Equation (6.10). Therefore, the calibration patteroposed cancels the in-plane angle
effect when the camera is calibrated for the oytahe angle. Further, Figure 6.8 also
shows that there is no need for careful placemérhe pattern with respect to the

global horizontal and vertical axes, and the angl@oes not affect the calibration

process.

Edge of the structure

Figure 6.8.The newly designed calibration pattern and the $oarat zero out-of-plane angle
situation

To remove the out-of-plane angle of Figure 6.7aigishe designed calibration
pattern, the edge to edge distances in the firptucad frame are measured and
compared. If they are not equal, the camera igedtan the plane upon which the
camera is mounted (aboMg axis in Figure 6.7c) until Equation (6.10) is sa&d to
within a desired tolerance. Direction of the raias is always toward the side with

longer distances, since same side of the cametagsr to the pattern plane.

L

The in-plane angle rotates the scan line frame.réfbee, the measurement
results would not represent horizontal and vertdigplacements of the pattern with
respect to the desired global coordinate system.ifiiplane angle, or the initial scan

line angle with respect to the global frameirf Figure 6.7d), can be calculated from
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Equation (6.6). In this equatiomy, the initial slope of the scan line i} can be
calculated using the method of Lim et al. with theasured edge to edge distances in
the first captured frame. Knowing thaKis rotated by 45 with respect tdV{} yields

the following equation for the in-plane angle pdwd that (M}, the pattern frame
shown in Figure 6.1, has been precisely postedenarget so that it is parallel to the

global frame 5}:

b=tanla, +% (6.11)
3)1) #.0 * !

& #

To assess the performance of the overall systenter(d&d method and
calibration of Sections 6.3.1 and 6.3.2) in capiiseismic structural displacements, a
SDOF case-study structure with an undamped napgabd of 0.5 seconds was
considered. Displacements of the structure unde2thdifferent earthquakes in Table
2-1 were simulated in MATLAB with 5% constant damping. Peak displacement
results for each record are shown in Table 6-2

The 0.5 second natural period was chosen to ernbergresence of higher
frequencies in the displacement data to examine Wellvthe line-scan measurement
system captures these relatively faster motionst Faurier Transform (FFT) analysis
of the derived displacement suites for simulateacstires with higher and lower natural
periods, as shown in Figure 6.9, confirms thateahemo significant frequency content
in the displacement data greater than 15 Hz. Tbexefsampling at 500 Hz is far
beyond the frequencies involved in the structumastion and guarantees that all

necessary motions and dynamics are captured.
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Table 6-2.Peak displacements of the case-study structurd,fosexperimental validation of the line-
scan displacement measurement method, under thadyrootion records in Table 2-1

Peak Peak
EQ  Displacement EQ Displacement

(cm) (cm)
EQL 1.71 EQ11 3.77
EQ2 3.78 EQ12 453
EQ3 15 EQ13 3.09
EQ4 3.39 EQ14 414
EQ5 4.85 EQ15 2.61
EQ6 3.90 EQ16 2.03
EQ7 5.26 EQ17 2.76
EQS 4.23 EQ18 0.94
EQ9 2.86 EQ19 3.83
EQ10 3.8 EQ20 3.52

4 T,=0.2(s)
T,=05(9)

m
o
T T
I

60

|

10 G
! ! Frequenc)}/ (Hz)

T

04— - -— ' . .
i T 10 .15 20 25

F N , , Frequenéy (Hz)

|
20 25

| | |
)
S, 3 _LE _ | I I
4 +
50 ::g 1 Los R B
£ £ I I I
= =3 T84 T R
E 40 g o | | |
3 ‘§2 L | | |
2 ———:—"’— |02 T A A - -7
530 - | | | |
< g FE . .
g8 ! i O0 10 15 20 25
3 20 i’ ! Frequericy (Hz
2 a | I quency (Hz)
@ "% 5 20 25
I
.
5

10 15
Frequency (Hz)
Figure 6.9.FFT analysis of displacement suites derived frooomgs in Table 2-1 for case-study
structures with different natural periods

A computer-controlled cart, controlled by a dSPAGHstem (dSPACE GmbH,
Germany), was used to generate the simulated de&plent records. Encoder
measurements of the actual position of the caréwseed to validate the results from the
imaging system. The cart movements represent neotbithe centre of mass of a real
linear structure with the same natural period sated. Figure 6.10a shows the
experimental set-up in detail.

In addition, to show the capability of the proposedthod to capture even

higher frequencies and smaller motions, a dynanaiterial testing machine (MTS 810,
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MTS Systems Corporation), shown in Figure 6.10bs waed to generate high-
frequency, low-amplitude sinusoidal motions as $raal+tl mm at 5 Hz, which is a

value well below most SHM algorithms requirements.

Figure 6.10.Experimental set-up used for a) random (1. Linarszzanera, 2. Pattern, 3. Cart, 4.
dSPACE, 5. Light, and 6. Data acquisition compug®d b) harmonic (1. Line-scan camera, 2. Pat&rn,
MTS machine, 4. Computer to control the MTS maché ight, 6. Camera and light source power
supplies, 7. Target computer, 8. Host computer,Sandoving head of the MTS machine) displacement
measurement tests

In both the random and sinusoidal tests, a 20x6Q(IH»k\V) pattern printed with
600 dpi (dots per inch) resolution was posted @nrtfoving target so that the pattern
sides H andW in Figure 6.1) were parallel to the global horirand vertical axes.
The line-scan camera was calibrated using the rdetlescribed in Section 6.3. The

pattern is visible in Figure 6.10.
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Figure 6.11a shows variations of the differencavbeth norms of the measured
and actual displacement signals over the norm @fatttual signal for the 20 different
displacement records derived from the earthquakengl accelerations described in
Table 2-1 for the case study structure. This rgtiess than 3% for the entire suite, and
the measured and actual signals are almost idérfEigaire 6.11b shows the results for

record 20 in Table 2-1 as an example.

Cart displacement measurement results for record No .20in Table 2 @ 100 (fps)
T T : T

— Actual
—— Measured with +20 mm shift
T — —

T T T
| | | | |
| | | | |

60— —F— bkt F - —F - T —
| | | | | | | | |
| | | | |
N

N I
o =] S

displacement (mm)

N
=]

difference between the norms over
norm of the actual displacement signal (%)

-40

record no. time (s)

(@) (b)

Figure 6.11.a) Absolute value of the difference between norfitb@ actual and measured displacement
signals over the norm of the actual displacemegntadiin percent for the records in Table 2-1 and b)
measurement results for record 20 in Table 2-Anasxample, with a 20 mm shift to show both results

clearly as separate lines

Since sampling rate and resolution of the displasgnmeasurement set-up is
sufficient to capture movements of the cart, thereis mainly due to inaccurate cart
position data from the encoder. These encodersam caused by the backlash in a
pinion coupled to the encoder. This pinion is moweada rack by the cart movements.
Therefore, the output from the encoder does nobhgdavhen the cart movements are
smaller than the backlash, which is approximately @m. Hence, the image-based
displacement results are within the encoder error.

Results for the harmonic test are shown in FigurE2.60nce more, error
between the actual and measured displacementalafppts is less than 3%, and the

actual and measured displacement signals are aidedical. Moreover, the norm of
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the error for the entire 25-second measuremenbgbesver the norm of the actual
displacement signal from interior LVDT of the MTSaohine is 4.64%. These values
demonstrate the capability of the proposed metlodchigh-frequency low-amplitude
vibration measurement, which is typically the mdifficult to measure without a direct

contact sensor.

Error in peak points measurement for a +/- 1 mm har  monic motion @ 5 Hz Actual and measured displacements for a harmonic mo  tion @ 5 Hz
(images captured @ 500 fps) (images captured @ 500 fps)
T T T T T

| | 1 1 | — Actual
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Figure 6.12.a) Error in peak points measurement and b) achehhzeasured displacements for the lower
head of the MTS machine, travelling +1 mm harmdhjca 5 Hz

As will be shown in the next chapter, Monte Carlawdation of 100k randomly
selected possible measurement cases uniformlytdistd over possible ranges for each
of the parameters involved in the measurementsystioat the 600 dpi resolution used
to print out the 20x60 mm pattern (0.2% erroHiand 0.07% error ikV) has almost no
effect on the results reported here. Moreover ptitéern surface is assumed to have no
bumps when printed and posted on a desired spibieostructure, and error due to these
likely surface bumps are neglected in the measurssm8uch a surface smoothness, if
required, can be easily achieved by printing thiteepa on a hard surface, such as a

wood or plastic board.
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The chapter empirically examined high-speed licesascameras as a robust and
high-speed displacement sensor for a range of seismnitoring applications. Line-
scan cameras have the additional benefit of regumb invasive mechanisms or added
processing to provide a high-resolution output rmaegs and do not interfere
architecturally. Following the method proposed b let al. for measuring foundation
pile movements, multiple displacements and motafremy structure can be determined
in real time at rates over 1 kHz using only onehksgeed line-scan camera and a
special pattern. This resolution is more than eigfit for structural monitoring and
control problems.

A novel edge tracking algorithm was also develofed enables high-resolution
measurement of large motions using relatively leastution line-scan cameras, as well
as equivalent resolution for very small motionsinaque advance that enables seismic
displacement monitoring. Further, as the accurday@ measurement results depends
directly on camera-pattern calibration and satigfyihe assumptions made by Lim et
al., an easy-to-implement calibration procedure g&asloped that ensures the accuracy
of the measurement results. Finally, the versatditthe total measurement procedure
was examined through both harmonic and random tidor@xperiments with a suite of
different input motions applied to a computer-cold cart. The impact of error in the
printed pattern dimensions on the measurementtsesubssessed in the next chapter
using Monte Carlo methods to rigorously determine tevel of confidence of the
reported measurement results.

Comparing the input and the measured motions cusfithat vision-based
structural displacement measurement utilizing ésigeed line-scan camera offers a

robust, high-resolution and low-cost means of norasively measuring structural
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vibration displacements. The line-scan displacenmeaasurement method developed,
as any other vision-based approach to structusglatement measurement, can only
measure relative displacements to the camera amdirdy meant for use in laboratory
environments, where the camera can be put on d fdese. However, it is equally
valued where measuring relative displacements, aacdhter-storey drifts, is important,

which is the situation in many practical and reeliSHM applications.
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Doubt is the key to knowledge.

Persian Proverb

Q).

4)() '

Vision-based structural displacement measuremenhads (Fu and Moosa
2002; Kanda et al. 2004; Hutchinson et al. 2005rghand Ji 2007; Lee et al. 2007; Ji
and Chang 2008; Orteu 2009) can be very high-résaland high-rate, depending on
sampling rate and resolution of the acquired imagesvever, the increasing volume of
image data to be processed, as resolution and sgng@mands increase, significantly

increases the processing time, computational cotitpleand the processing hardware
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cost. Line-scan based approaches to structuraladesment measurement, originally
proposed by Lim et al. (2008), significantly de@edhe size and pixel volume of the
acquired frames and enables high-speed displacemeasurement, as seen in the
previous chapter.

The method of Lim et al. was empirically evaluated significantly modified
for seismic structural displacement measuremetitenprevious chapter. In particular,
two extensions were made to the original methost,Fa new edge tracking algorithm
for the image processing part of the original mdtie developed that enables high-
resolution measurement of large seismic displacé&nesing low-cost low-resolution
line-scan cameras. Second, it also enables bestwimum resolution for all scales of
motion, significantly broadening the potential apglion space. Third, an easy-to-
implement camera-pattern calibration procedurercp@sed that guarantees the basic
geometrical assumptions required are fulfilled, ueimg the accuracy of the output
measurements.

However, measurement accuracy also depends diattllge correctness of the
printed pattern dimensions. This chapter evalu#ittesimpact of inaccurate pattern
dimensions on measurement results. It uses Montl® Gamulation (MCS) of 100k
randomly chosen different possible measurementscésedetermine the level of
confidence in the measured displacements as aidandf error in the pattern
dimensions. It thus quantifies the potential sosiro€ error in terms of quantifiable
errors in the pattern used. Hence, overall, theptdr together with the previous one
present and characterize a practical, high-spagt;dtcuracy, but low-cost means of

non-invasive, non-contact displacement sensing.
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As Equations (6.1)-(6.3) show, any inaccuracy ia pattern dimensiong
(height) andw (width), will lead to an error in the measured moeats in Equations
(6.5) and (6.6). Moreover, when the CCD array ef¢amera is not perfectly parallel to
the pattern plane (out-of-plane-angled CCD) or ltbheizontal plane upon which the
camera is mounted (in-plane-angled CCD), the reswitl have further error. As
discussed in the previous chapter, the error duantoout-of-plane-angled camera
induces distortion, and in-plane angled camerar ésrproduced by the inclination that
makes the line-scan frame different from the desirame with horizontal and vertical
axes. The present chapter assumes the camerébisieal prior to the measurement so
that these effects are eliminated, as describ#aeiprevious chapter. Thus, all resulting

errors are due solely to inaccurate pattern dino@ssi

4)  # o

) (

By substitutingequations (6.1) and (6.2) in Equation (6.3), changeneasured
coordinates of the centre point at titnean be written using partial derivatives Bfix

and Pag)y, components dPg in X andy directions, with respect td andW:

1(Pa)y oy, L T(PQ)y oy

D(PG), _  gH w
DPQ),  1PR), L T(PA), (1)
™
or,
J2R C+v/2AR
D(PG) 2 s W (7.2)

D(PQ), 2R o +CHYV2AR U
2 28

Similarly, using Equation (6.6), the error in radat angle measurement can be written:

%-+/



AB

“waw+ g OV W) (7:3)

DQ

whereA, B, andC are dimensionless parameters defined:

A=L,- L, (7.4)
B=Ly- Ln+(Lm+ 1)(Ln+ 1) (75)
C=-v3(L+ 1 (7.6)

and all other parameters have been previously elgfin
Using Equations (7.2) and (7.3), it is possible dssess the error on
measurements made with Lim et al. method due tocuracies in pattern dimensions

defined by Hand W.

Monte Carlo Simulation (MCS) can provide approxienablutions for a wide
class of non-deterministic problems through siaastsampling on a computer. First,
ranges of different parameters affecting the sotutiare determined. Second,
considering the probability distribution of eachthé parameters) different random
values within the specified ranges are assigne@aith parameter. Simulating the

problem for alln random cases provides an approximate solutiothioproblem. The

simulation error decreases b% as the population of the random simulated cases
n

increases (Fishman 1996).

In this case, five different variables are invalven determining the
measurement results: 1,2) the pattern dimensibhgnd W, and 3,4,5) the frame-
dependent parameters measured at each fiamey,, andR. The pattern dimensions,
H andW, can be any real positive number. To keep theepatithin the FOV of the

camera as the pattern movééshould be sufficiently wide. Accordinglif needs to be
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long enough to avoid very thin and hard to detestspoccurring at the corners of

triangles in the pattern. Therefore, ¥ 200 mm ancD.2£VﬂV£ 5is recommended for

the structural displacement measurement case s Wagies encompass a typical range
for this application space.

The frame-dependent parametdrs,and L, change each measurement time
step. Depending on the position of the patterrfeiht values may be obtained from
processing the acquired frames. For example, Figureshows three possible cases for
the scan line position on the pattern. From Ca¥éo(13), in the highlighted box on the
left, the ratio between black to white distancesrélases, and finally approaches zero,
as the black part becomes shorter. In additiomtimt in the opposite direction shows
that the ratio approaches infinity as the whitet gdwortens. Similar behaviours can
occur for the other pattern triangle elements. Hmaxein reality, the width of the
pattern is chosen according to the likely maximuatational and translational
movements of the target to keep the FOV of the carhmited to the middle of the

pattern. Therefore OLhormy 20 is suggested.

Figure 7.1.Changes i, andL,, with pattern rotation relative to the scan line

As Figure 6.2 shows)c can be either betwed?yy and P1y, or outside of this

space, depending on the pattern movement resuitolg movement of the target.
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Therefore, in Equation (6.4), as the pattern maneme directionR becomes smaller
or larger depending on the direction of the moveme&hus, upper and lower bounds
for R, can be any number. However, pattern dimensionsbeanhosen based on the
maximum likely movement of the pattern so tRgtalways falls between any set®fy
andP(+1n. In this caseR is between 0 and 1.

To evaluate the independence of the frame-depenganameters, two
illustrative examples are given. The first examiglaéllustrated in Figure 7.2. In this
figure, O is the centre of the CCD array and from labelst@1(3) as the pattern (or the

scan line) rotates aboQt R remains constant:

= = = 77
R AF BE CD (7.7)
However, it can be shown thiatr mychanges during this rotation:
AAC, BB CC
L : 1 = — 7.8
nermAC BE CD (7.8)

Figure 7.2.From (1) to (3L, andL, change whildR is constant

The second example occurs when the pattern movssimorthe horizontal
direction and is perfectly aligned with the scareliln this case, as shown in Figure 7.3,
as the pattern movek,or my is fixed while R changes. These two examples clearly
show that changes iR are independent from changeslip or L,, andR; is an

independent variable that cannot be ignored irsimeilation.
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Figure 7.3.From (1) to (2L, andL, are fixed whileR, changes

To simulate the errors in the displacement measeménesults due to inaccurate
pattern dimensions, 100k uniformly distributed ramdvalues are selected over the
specified ranges for each of the five parameteisw, L, Ln, andR. Errors in the
pattern dimensions are assumed to be within 1% efactual values selected fidr
and W over a step-wise range with 0.2% increments. Thisge is based on an
assessment of standard printer errors (resoluti@d>pi and pattern dimensions>10

mm). Thus, 11x11 different combinations are assef&sethe errors itH andW.

4)1) .

Figures 7.4 to 7.6 show variations of the mediaaren the horizontal, vertical,
and rotational movement measurement with the @nrtre pattern dimensions. Figures
7.7-7.9 show the"595" inter-percentile range for each of the medianrsrio Figures
7.4- 7.6. These inter-percentile values for eadead H and W show a range where
90% of the simulation results can be found for theaticular case. The median values
are in the middle of these ranges. Therefore,rntex-percentile value can be used as an
indication of how the simulation results are spraszlind the median value, or in other
words how well the median value represents the Isithon results set for that particular

case.
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Median horizontal motion measurement error vs. error in the pattern dimensions
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Figure 7.4.Median horizontal displacement measurement errpeicent due to imprecise pattern
dimensions: a) median horizontal displacement measent error surface and b) median errors for fixed
values of W
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Median vertical motion measurement error vs. error in the pattern dimensions

A
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Median vertical displacement measurement error vs. error in the pattern dimensions
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Figure 7.5.Median vertical displacement measurement erroensgnt due to imprecise pattern
dimensions: a) median vertical displacement measemé error surface and b) median errors for fixed

values of W
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X lOIVIedian rotational movement measurement error vs. error in the pattern dimensions
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Figure 7.6.Median rotational movement measurement error ingrgrdue to imprecise pattern
dimensions

As the simulation results confirm, measurementltedor the horizontal and
vertical displacements are considerably more geasito errors in the pattern
dimensions than the rotation measurement resultsr€as large as +1% in the pattern
dimensions, due to imprecise printing process,lresumedian errors around +£1.0%
with inter-percentile ranges of up to 1.3%% measurement results for the horizontal
direction. In the vertical direction, the result® &1.2% with §-95" inter-percentile
ranges of up to 7.4%. The same amount of inaccurapgattern dimensions does not
alter the rotational movement measurements, witianeerror near 0% and an inter-
percentile range of 1.1% in the worst case.

Figures 7.4a and 7.5a show that the median ermore@surement results for the
vertical and horizontal measurements is more seedi error inH than inW. In these
figures, both of the median error surfaces areesloplanes in H direction with
considerably less variation inW direction. This result can also be seen in Figuréb
and 7.5b, where median errors for fixeH values are close to each other across the

range of W.
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595t percentile range of horizontal motion measurement error vs. error in the pattern dimensions
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Figure 7.7.5M-95" inter-percentile range of the horizontal displaeatrmeasurement error in percent
due to inaccurate pattern dimensions: a) intergrgile surface and b) inter-percentile rangesifad
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595t percentile range of vertical motion measurement error vs. error in the pattern dimensions
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Figure 7.8.5"-95" inter-percentile range of the vertical displacetmaeasurement error in percent due
to inaccurate pattern dimensions: a) inter-pertzeatirface and b) inter-percentile ranges for fixalies
of W(solid lines are for W> 0)
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595t percentile range of rotational motion measurement error vs. error in the pattern dimensions
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Figure 7.9.5M-95" inter-percentile range of the rotational movenmaaasurement error in percent due to
inaccurate pattern dimensions: a) inter-percestiléace and b) inter-percentile ranges for fixeldes of
W (solid lines are for W> 0).
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As an example of how these results can be usedsdesa the accuracy of
measurement results, a 20x60 midx\{V) pattern printed using an ordinary 600 dpi
printer is considered. The printing resolutionthis case, is approximately 0.042 mm
per pixel. Thus, errors in the horizontéd)(and vertical {V) dimensions of the pattern
are approximately +0.2% and +0.07%, respective/FAyures 7.4-7.6 show, this error
in the pattern dimensions results in ~+0.19% an@d.23% maximum median errors in
the measurement results in the horizontal and cartlirections with 8-95" inter-
percentile ranges of up to ~0.2% and ~1%, respalgtiv

Overall, as the results confirm, for seismic stugak displacement measurement
applications, typical patterngi$10 mm, W>10 mm) printed using standard printers
with a resolution higher than 300 dpi induce vemyal amounts of error (<~+1%) in
the measurement results. Therefore, errors duenpoecise printing process can be
ignored in many seismic displacement measuremeglicapons. However, when very
high-resolution measurement is required, the ercagsed by imprecise printing

process may be high and should be evaluated usengesults developed in this chapter.

4)2)

High-speed computer vision based methods for meed-structural displacement
measurement are typically computationally-intensawel/or require costly processing
hardware. They are thus not suitable for real-t@pplications. Using line-scan cameras
significantly decreases the volume of acquiredIpigad frames, and makes high-speed
displacement measurement far more feasible usimgtively low-cost cameras,
hardware, and processing. Recently, Lim et al. gged a method that uses only one
line-scan camera with a specific printed patterrcdpture structural displacement in

multiple directions, as well as rotation. The methwas extended and modified for
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measuring seismic structural displacements in @napt However, the effect of
inaccuracy in the pattern dimensions, resultingifimprecise printing, on the accuracy
of measurement results was unknown. In particwaere precise motion measurement
is required, this inaccuracy may significantly affeneasurement quality, as the entire
method is based around this pattern.

This chapter evaluated this effect through MontelcCaimulation of 100k
randomly selected possible measurement cases f@nge of pattern dimensions
varying between 10 and 200 mm in width with aspatibs ranging from 0.2 to 5.
Results for the simulated cases show that errordar@® as +1% in the pattern
dimensions result in median errors around +1.2% ®/ft95" inter-percentile ranges of
up to 7.4% in horizontal and vertical measuremeltsreover, the same amount of
inaccuracy in the pattern dimensions does not edtational movement measurements.
Overall, as the results confirm, for seismic sttt displacement measurement
applications, typical pattern dimensions (>10 mmjl @arinting resolutions (>300 dpi)
induce negligible amounts of error (<~+1%) in theasurement results. Thus, for the

application focus of this thesis, error due to iegise printing process can be ignored.
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We build too many walls and not enough bridges.

Isaac Newton
English Mathematician, 1642-1727

O/

This thesis explored novel computationally-effitiealgorithms and cost-
effective sensors for RT-SHM of a broad range ddlisic nonlinear hysteretic
structures undergoing seismic excitation. The patammSHM methods developed can
directly identify changes in the key structural graeters including stiffness, damping,
and the nonlinear baseline model parameters, intirra. These structural parameters
are directly related to well-recognised damage ics®etind provide useful information
about the safety and serviceability of structuresnd) and immediately after an event.
Further, the algorithms developed provide the dat@ired for many structural control
methods for damage avoidance or mitigation purposes

The SHM methods developed in this thesis direicintify changes (damage)
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in stiffness, damping, and, importantly, the noa#in baseline model parameters.
Therefore, unlike modal or frequency metric basegreaches, these methods are
capable of locating damage and are highly senditivamall yet important amounts of
damage. Equally importantly, the methods develqpedide SHM information in real
time at a very low computational cost and compilexsbompared to their other
competitive real-time approaches. This great acdgebver many existing RT-SHM
approaches makes the techniques developed moreblaéo real-world applications.

The RT-SHM algorithms developed use a nonlinear cBMen hysteretic
baseline model to capture more dynamics of thectstre. These parametric methods
are thus capable of uniquely identifying likely dage to the structure by identifying
changes to the overall structural model parameterhis sense, these methods are also
superior to existing non-parametric RT-SHM methailsh as ANN-based approaches,
that can capture the full dynamics of the structarel provide real-time health
information, but are not capable of localizing araqtifying the damage that occurred.
The nonlinear Bouc-Wen baseline model was chosersifaplicity, as well as its
flexibility to model a wide range of nonlinear gsttural behaviour. More
comprehensive models that offer more structurabmeters to be monitored and
consequently more information can be developed emplemented with similar
approaches, as the methods presented are readdyafjsed.

In developing the specific RT-SHM methods preserntethis thesis, careful
attention was given to cases where only very lidhaeriori knowledge of the structure
is available prior to the monitoring and identificam process, such as in historical
structures, and appropriate methods were develapeatdingly. Cases where typically
more design data is available before the SHM pwese also considered and simpler

methods were developed to better accommodate tasss. Further, the last algorithm
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developed, in particular, does not rely on the labdity of difficult to measure
structural displacements and provides RT-SHM dataguonly measured accelerations
and velocities, which is a significant simplificai

To enable these methods, a robust and high-rgdéadeament sensor is required.
Hence, a line-scan based displacement measurenethban originally proposed by
Lim et al. (2008) for foundation pile movement m&asnent, was empirically
evaluated and significantly extended for seismiacstiral displacement measurement.
The modified method offers a novel, low-cost anghkiesolution means of measuring
seismic structural displacements in multiple dimetd, as well as rotations, without
extensive sensor networking, architectural interiee, or necessary invasive
implementation prerequisites.

Overall, the results presented showed significar@mgse and highlighted
several key recommendations to optimise the SHMhat=t developed. These methods
remain to be experimentally proven and furtheresparticularly against noise and
other operational problems prior to implementatipnthe profession. However, the
overall methods and approach are readily genebddisand create a platform for further
realistic development of SHM.

The following sections highlight the specific cobtitions from this research to
the SHM field:

Chapter 2 developed a computationally-efficient LMS-basedoathm and a
two-step structural identification method for RT48Hf nonlinear hysteretic structures.
The RT-SHM algorithm developed, utilising a baselwonlinear Bouc-Wen structural
model, can directly identify changes in stiffnessl @lastic deflections in real time.
Proof-of-concept simulation results showed thattha simulated SDOF structure and

suite of records considered, the algorithm idesgiftiffness changes to within 10% of
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true values in less than 2.0 seconds, in a realstenario with fixed filter tuning
parameters. Further, median ratio of the norm obresignal in identifying plastic
deformations to the norm of actual as-modelledtigateflection signal was shown to
be 7.1% for the suite of records used. Finallynmarent deformation was identified to
within 7.46% of the actual value using noise-fraenudation-derived structural
responses for the 20 different ground motion rezocdnsidered. The algorithm
developed is thus robust to ground motion excitatio
The chapter thus showed that:
Computationally simple adaptive filtering technigean be readily
extended by utilising a nonlinear baseline modehdourately identify
stiffness, as well as plastic and permanent défiestin real time. These
identified values can provide the data required dtyuctural control
methods. Equally, they provide important post-evefdrmation on the
future serviceability, safety, and repair costparticular, the two latter
identified values.
The two-step identification method presented théfer® significant
potential benefit in assessing structural damagea ibroad range of
nonlinear Bouc-Wen hysteretic structures.
The results presented in Chapter 2 could be reaaiproved with a more optimized
adaptive filter with a variable step size or tunpagameter, using higher sampling rates,
and greater number of taps or prior time step \&illsed in the identification.
Chapter 3 developed a real-time fault detection and diaghosthod for SHM
of nonlinear Bouc-Wen hysteretic base-isolationtesys using a simple comparison
between the internal dynamics of the system wighhtbalthy baseline model dynamics.

The chapter assumed that the healthy baseline ndydeimics are known prior to the
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SHM process, which is the case for base-isolatigstesns, and thus developed a
simpler approach to RT-SHM of such nonlinear hydterstructures compared to
Chapter 2. The designed residual signal was thed @ determining the type and
quantifying the severity of faults occurred usinglaLSQ fitting technique. Proof-of-
concept simulation results showed that for the fated base-isolation system and the
four worst-case, abrupt fault scenarios considemgeuding stiffness, damping, and
combined stiffness and damping faults, the SHM oetileveloped is very capable of
tracking sudden changes in stiffness and dampintpetbase-isolation system in real
time (maximum delay ~0.8 s) using noise-free stmadt responses. The real-time
diagnostic information provided thus offer signgiic potential benefit in assessing
base-isolation systems’ safety after a major evat can provide the information
required for advanced structural control methodsdmpensate faults occurred and
consequently maintain the overall structural sy&entegrity during large earthquakes.
Chapter 4 carefully examined the versatile classical Bouc-Wandel of

hysteresis for the effect of each of its parametershe overall hysteresis loop shape
and consequently on the structural responses. Rdsullocal and ‘global’ sensitivity
analyses, considering the effect of different ingxtitations (20 records), different base
values (3 sets), and different natural periodstlh@ case-study structure (3 periods),
were presented to assess the relative sensitivitthe overall performance of the
structure to each of the parameters in the ovstalttural model. The results presented
confirmed that some model parameters, such a®tpedinching factor {, have much
less effect on the overall responses, and cankéudsxed at values determined by basic
engineering judgements based on a limigedriori knowledge of the structure. This
outcome enables simpler and more suitable hystemstidels with a lesser number of

parameters to be identified in the RT-SHM process.
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Overall, the local and ‘global’ sensitivity analysiesults showed that the five
parameters in the classical Bouc-Wen model carabked in order of the maximum
RMS errors induced by their change on structurdlopmance a®A>>n> > > . These
results are limited by hereditary problems usingA&Sssociated with the choice of
base values, input excitations, and natural fregesrused, and a more thorough GSA
Is suggested as a future work to further studyntinéual interactions of the parameters.
However, the overall results provide a guideline tfte use of these models in future
studies.

Chapter 5 presented an on-line SHM method for nonlineardrgsic structures
using a fast and slow dynamics separation and tdPukSQ fitting techniques. The
SHM algorithm developed can directly identify chaagn stiffness, damping, as well
as the nonlinear hysteretic Bouc-Wen baseline mpdehameters, in real time, with
much lessa priori known knowledge of the structure compared to thlar RT-SHM
methods developed in Chapters 2 and 3. In partictila algorithm needs only mass (if
the linear-in-parameter Bouc-Wen model is used)jclvis easy to estimate, to provide
RT-SHM information. The method developed in thiser is also superior to the
previous SHM approaches presented in this thesiBarsense that it does not rely on
difficult to measure structural displacements.

Proof-of-concept simulation results showed that tfee simulated case-study
structure and suite of records considered, therighgo identifies stiffness and damping
values, in real time, within 2.7% and 4.3% of thetual as-modelled values,
respectively. The algorithm developed is thus roltosground motion excitation.
Moreover, simulation results for the four abrupm@ge scenarios considered showed
that the proposed SHM method is very capable aking sudden changes in the key

structural parameters of hysteretic structureffrisss, damping, and hysteretic baseline
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model parameters) in real time.

Overall, the RT-SHM method presented offers sigaift potential benefit in
assessing structural safety after a major eventisrmghpable of providing the data
required for modern structural control methodsdamage mitigation purposes without
any difficult to measure or identify structural @ynics. The algorithm is particularly
useful for SHM of historical structures, where dsuao design data is availabke
priori. The method remains to be experimentally provehfarther tested, particularly
against significant noise. However, it is a sigmfit first step forward and can be
readily generalized to other similar nonlinear msde

Chapter 6 empirically examined the efficacy of the line-scdisplacement
measurement method, originally proposed by Lim kt (2008) for measuring
foundation pile movements, for the purpose of smismtructural vibration
measurement. Two significant extensions were mad¢éhis method, to enable an
accurate and effective method:

A new edge tracking algorithm was proposed for lthe-scan based
displacement measurement that makes the size otaheera’s FOV
independent from the size of the motions to be noreas This approach
allows using low-cost, low-resolution line-scan eaas for high-speed,
high-resolution large seismic displacement measentm More

importantly, it makes the method amenable to systewhere

displacements occur across a range of scales, whmgmtaining or

improving resolution.

A simple camera-pattern calibration procedure f@ line-scan based
displacement measurement was developed that gaashilfiment of

all the basic assumptions made in the original veord thus significantly
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increases the measurement results accuracy.

Comparison of input and measured motions for thee-séudy structure
confirmed that the proposed vision-based structisgdlacement measurement offers a
high-speed, high-resolution, and low-cost meansoofinvasively measuring structural
vibrations over a range of magnitudes. The linexstiaplacement measurement method
developed, as any other vision-based approachuotstal displacement measurement,
can only measure relative displacements to the @@nktowever, this capability is of
high value in many realistic applications, suclndsr-storey drift measurement.

Chapter 7 analysed the accuracy of measurement resulttiddirte-scan based
structural displacement and rotation measuremerhadedeveloped in the previous
chapter. Error due to imprecision in the pattemmetsions due to imprecise printing
process was assessed through Monte Carlo simul&ieat of 100k randomly selected
possible measurement cases for a range of pati@ensions varying between 10 and
200 mm in width with aspect ratios ranging from @25 were considered in the
simulation, and random values for each of the smimuh parameters were uniformly
distributed over the specified ranges. Simulatesults showed that even errors as large
as +1% in the pattern dimensions induce only ~+1e2f6ér with a maximum %95"
inter-percentile range of ~7.4% for the linear moeat measurement results. Further,
results for rotation measurements remained almuostanged with median errors close
to zero with a maximum"s95™ inter-percentile range of 1.06%.

Results of this chapter can be used to determiee aitteptable range of
displacement and rotation measurement results ef lthe-scan based method
developed, particularly, where precise motion messent is required. Thus, these
results further quantify the capability of this cakkapproach and extend the range of its

potential applications. Specifically, for the applion focus of the present thesis,
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seismic structural displacement measurement, shdtsepresented confirm that typical
pattern dimensions (>10 mm) and printing resolwign300 dpi) induce negligible

amounts of error (<~x1%) in the measurement results
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Science is always wrong.
It never solves a problem without creating ten more

George Bernard Shaw
Irish Dramatist, 1856-1950

oL

Several areas of interest for future work have hdentified as a result of this

research. These areas are detailed for each chapter

Chapter 2: LMS-based approach to RT-SHM
The LMS-based RT-SHM method developed was predicaethe idea that
noise on input responses to the algorithm can berdd using readily-
available, computationally-efficient noise-filtegnmethods (Ifeachor and
Jervis 1993; Sayed 2003) prior to the identifimatand monitoring process.

However, in some cases, there is aa@riori knowledge of the noise for
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noise cancellation. Hence, the effect of noisehenhtealth monitoring results
of the algorithm developed should be assessedyugth in general, LMS-
based methods are robust to noise by design (E&tate2005b).
Performance of the LMS-based RT-SHM algorithm depetl depends
directly on the choice of the step size or filtenihg parameter § used in
the weight updating formula of Equation (2.29). Thetimum step size
value can be identified for a suite of records bgimising the error between
identified and actual as-modelled health monitoiimigrmation. However,
the step size identified in this way may not perfowell in identifying
structural parameters under different excitatidrasmtthe ones tuned for. This
problem can be resolved by implementing a variab#e size or self-tuning
LMS-based filtering algorithm initially tuned basemh past earthquake
records and capable of self-tuning to external lochdnges for the best
identification results (Sayed 2003; Abadi and F20& Costa and Bermudez
2008).

A more thorough analysis of the sensitivity of thelS-based RT-SHM
approach developed to relatively small amounts ashae is required to
determine the damage detection resolution of tgerd@hm. This analysis
quantifies the level of confidence in the healthnitmring information
reported.

More complex stochastic gradient estimation meth@&@#syed 2003) could
also be used at an additional computational codtarL MS-based RT-SHM
method developed. A detailed study of the effectddferent gradient
estimation techniques on the accuracy of the dlyofs results provides

useful information on the optimum gradient estimatmethod required for a
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desired level of accuracy of the output RT-SHM Hssu

Evaluating the performance of the LMS-based RT-SHigorithm
developed in identification and health monitoriny @n-Bouc-Wen type
nonlinear hysteretic structures that initially assal to be Bouc-Wen type is
also recommended as a future avenue of researebultR of this study, if
successful, would broaden the potential applicapace of the algorithm
developed to other types of nonlinear hysteretstesyis and structures.
Finally, the overall LMS-based RT-SHM algorithmg¢limding the two-step
identification procedure, remains to be experimigntalidated and further
tested before implementation in the field for firmdrformance evaluation

against operational issues.

Chapter 3: RT-SHM using changes in internal dynamis

%.+

Noise-contaminated input structural responses & RA-SHM algorithm
developed in Chapter 3 might affect sensitivitytbé& algorithm in both
detection and diagnosis phases to small, yet impbamounts of damage.
Thus, further studies are required to assess haivtiee algorithm would
perform under noisy conditions.

Experimental validation of the fault detection amidgnosis developed is
also a key step that should be taken before impitatien of the algorithm
in the field. To simulate sudden or gradual damgagdts in a base-isolated
model building with a MR damper, sudden and gradhahges in the input
voltage to the damper is suggested. StiffnessSaalh also be induced in the
model by opening bracings or changing the thickre@fssolumns in the
model.

Stiffness and damping faults may have equal effentshe base-isolation



system responses, but in opposite directions. bi S|ituations, although
there is a fault in the system, the residual sigiesigned remains zero. This
result is expected given that the residual sigehés only on observing a
change in the system responses. However, thesgehamay lead to larger
damage and eventually failure in the system if aetected at early stages.
Therefore, further research and development ofntie¢hod is required to

account for such exceptional cases.

Chapter 4: Parameter analysis of the Bouc-Wen model
The results presented in this chapter provide anlgense of ‘global’
sensitivity of Bouc-Wen type hysteretic structuteshe Bouc-Wen model
parameters. A more thorough global sensitivity gsialusing FAST method
(Saltelli and Bolado 1998) or Sobol indices (Sold®90; Sobol' 2001),
considering different natural frequencies for thlesesstudy structure and
different input ground motions, would provide masdiable results, and

could be followed as future research avenue.

Chapter 5: RT-SHM using a fast and slow dynamics garation technique

Issues such as the effect of noise on input straictasponses on sensitivity
of the method developed to small amounts of damagd, algorithm’s
response speed to sudden damage to the structukl dbe assessed. The
latter assessment would be particularly relevathefalgorithm’s RT-SHM
results are used as inputs to real-time structatrol methods.
Implementation of the liner-in-parameter Bouc-Weodel (Acho and Pozo
2009) in the RT-SHM method developed removes tleel ier estimation of
the power factor prior to the SHM process and mlesithe opportunity of

identifying all of the nonlinear hysteretic modarameters in real time. This
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modification is particularly useful where therens design data to accurately

estimate the power factor, such as in historicakstres.

Chapter 6 and 7: Line-scan based seismic displacentaneasurement

%.-

In Figure 9.1, movements in th€Y plane, as well as rotations about the
axis, can be captured using the modified line-sadisplacement
measurement method, described in Chapters 6 aaald7only one line-scan
camera positioned &. An additional line-scan camera at positBrcould
provide movements and rotations of the joint in Yagplane and makes full
3D movements and rotations of the joint availaMedifying the line-scan
based method developed to account for the effegra@ction at an angle
provides the opportunity of using only one linersaamera for full 3D
displacement and rotation measurement. As Figurstgows, only one line-
scan camera could be placed at an angle to batk sida joint (positioit),
and the camera’'s FOV could be divided into two pdd be processed
individually based on an extended method. This howadification makes
the method even more cost-effective and enablesmasively measuring
3D structural displacement and rotation measuremehigh sampling rates
and high resolutions using only one line-scan carrtdowever, it remains to

be fully analysed and validated in future work.



Figure 9.1.Extension of the line-scan displacement and ratatieasurement method developed for full
3D displacement and rotation measurement (3D nwfdélke camera from www.teledynedalsa.com)
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