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Abstract

utput-only  Time and Frequency Domain system identi cation

techniques are developed in this doctoral dissertation t@sds the

challenging assessment of current structural dynamic prepies
of buildings from earthquake-induced structural responssignals, at si-
multaneous heavy damping. Three di erent Operational ModaAnal-
ysis (OMA) techniques, namely are ned Frequency Domain Decompo-
sition (rFDD) algorithm, an improved Data-Driven Stochastic Subspace
Identi cation (SSI-DATA) procedure and a novelFull Dynamic Com-
pound Inverse Method (FDCIM)are formulated and implemented within
MATLAB, and exploited for the strong ground motion modal dyramic
identi cation of selected buildings. First, the three OMA methods are
validated by the adoption of synthetic earthquake-inducedtructural re-
sponse signals, generated from numerical integration onrmhmark lin-
ear shear-type frames. Then, real seismic response sigraks e ectively
processed, by getting even closer to real Earthquake Enganmg identi -
cation scenarios. In the end, the three OMA methods are systatically
applied and compared. The present thesis demonstrates theliability
and e ectiveness of such advanced OMA methods, as convernientput-
only modal identi cation tools for Earthquake Engineeringand Structural
Health Monitoring purposes.






Summary

n the present doctoral dissertation, research focus goes oimg and
Frequency Domain output-only system identi cation method relying
on earthquake-induced structural response signals. Themaiof such

a wave-front research investigation is that of assessingroent structural
modal properties of civil engineering buildings, by threerminal modal dy-
namic identi cation implementations within an Earthquake Engineering
and Structural Health Monitoring context.

Speci cally, the formulated Operational Modal Analysis (MA) tech-
niques are a Frequency Domaime ned Frequency Domain Decomposi-
tion (rFDD) algorithm, a Time Domain Data-Driven Stochastic Subspace
Identi cation (SSI-DATA) procedure and a new Time Domairfull Dy-
namic Compound Inverse Method (FDCIM) Such investigation scenario
appears quite challenging in the dedicated scienti ¢ and thnical litera-
ture. Indeed, by taking earthquake-induced structural rgsonses as input
signals for the identi cation process, typical OMA validity assumptions
like that of stationary white noise input no longer hold. Adadtionally,
heavy damping conditions (in terms of identi cation challege) are con-
sidered all together.

The three original OMA implementations are formulated and dvel-
oped within MATLAB. Synthetic earthquake-induced structural response
signals are generated rst from di erent linear shear-typeframes, with
variable structural features, which are taken as benchmartructures, for
necessary validation purposes. Then, real seismic resp@msgynals from a
selected building are e ectively processed, by getting evecloser to real
Earthquake Engineering identi cation scenarios.

The rFDD algorithm, a main subject of the present thesis, maype
conceived as an advanced evolution of classical FDD methpds speci -
cally devised here to deal with earthquake-induced structal response sig-
nals and heavy damping conditions. Through novel dedicatealgorithmic
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and computational strategies, the present rFDD implement&on results
in a rather robust tool, within such a challenging identi caion context.

The rFDD technique is speci cally validated by adopting a coplete seis-
mic dataset, namely by considering the twenty-two Far-Fiel multicompo-

nent (NS, WE) seismic base excitations from the FEMA P695 etliquake
database, as applied to three linear shear-type frames (adw a three-
and a six-storey frame).

Further, the rFDD technique is innovatively expanded to opeate also
under Soil-Structure Interaction conditions, in order to @al with both
exible- and xed-base conditions. The developed analysese performed
on earthquake-induced synthetic response signals, whicheacomputed
from a benchmark linear ve-storey shear-type frame, undeseveral earth-
guake excitations and at variable foundation properties. fien, rFDD
originally operates within an OMAX (Operational Modal Analysis with
eXogenous input) environment on the base-excited buildisg This aims at
detecting also the underlying xed-base condition and at qantifying the
amount of Soil-Structure Interaction to which the buildingunder analysis
may be subjected to.

The SSI-DATA identi cation algorithm, instead, is developed in an
optimized version, which aims at exploring and improving ta classical
Stochastic Subspace Identi cation performance in the preace of seismic
response signals and heavy damping. In particular, specalty developed
stabilization diagrams have been conceived, jointly withhte best setting
of the processing tool and of its computational parametersn order to
handle the present challenging Earthquake Engineering demt.

Finally, the new FDCIM technique is an innovative output-ory
element-level system identi cation and input estimation nethod, which
works ne towards the simultaneous identi cation of modal @mrameters,
input excitation time history and structural features at the element-level,
by adopting earthquake-induced structural response sigisaonly. The
method operates within a deterministic state-space form,yban original
two-stage iterative algorithm, and arrives at consistentdenti cation re-
sults in the Earthquake Engineering range.

The doctoral thesis thoroughly analyses and compares the toames
from such three implemented OMA techniques, by demonstraty their re-
liability and e ectiveness, as convenient output-only modl identi cation
tools towards innovative Earthquake Engineering and Struaral Health
Monitoring purposes.
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Chapter

Introduction

The determination of current modal dynamic properties fronearthquake-
induced structural response signals displays a key importee in the con-
texts of Earthquake Engineering and Structural Health Mortoring, with
the aim of investigating the assessment of structural dynaim properties
of civil engineering buildings in the seismic engineeringamge. Through
prompt modal parameter estimates, also structural changes pre-, cur-
rent and post-earthquake stages may be potentially detecteby speci -
cally-developed identi cation techniques, either in theihear or in the
nonlinear range. Also, heavy damping conditions may char&cize the
structural behaviour along the development of earthquakevents.

During the past years, the adoption of seismic structural sponses,
as connected to the identi cation of modal dynamic propergés of civil
buildings, has been the subject of several researches [83/50]. Various
elds of application may adopt the outcomes of these speciicenti cation
tools, as for example Structural Health Monitoring, condibn assessment,
design process, development or validation of predictive mels, evalua-
tion of retro tting procedures, damage detection, nite eement model
updating and insertion of possible active, semi-active angassive control
devices|[2,3,28,35,75,18,111,112,133].

The adopted modal identi cation techniques generally pegin to two
di erent classes, i.e. to Experimental Modal Analysis (EMA or to Oper-
ational Modal Analysis (OMA). EMA techniques rely on the knavledge
of both input excitation and output structural response, audl are the most
di used identi cation techniques since from the sixties[[8,41[75]. OMA
(or output-only) procedures, instead, are based on the adopn of struc-
tural responses signals only, which in general are induceg hbnknown
ambient excitations, such as by operating loads, wind anddrc [13,/104].

Then, the use of seismic response signals towards modal idea-
tion has been attempted in several works, especially withiBxperimental
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Chapter 1. Introduction

Modal Analysis [6]7]21,46,56], where the seismic input issumed to be
known and measured. Instead, within Operational Modal Angkis, where
the seismic input is actually unknown, fewer works attempté successfully
such a di cult task [51,68]|[74,[77[78].

This is the main subject of the present doctoral dissertatim In partic-
ular, the research focus goes here on Time and Frequency Damautput-
only system identi cation methods, by relying on earthquak-induced
structural response signals. Most OMA techniques are spegilly con-
ceived to work with free or ambient vibration recordings, ware (small-
amplitude) vibrations may be well approximated by stationay Gaussian
white noise [1%,121]. Rather, the aim of the present invegttion is that of
assessing current structural modal properties of civil emmgeering buildings,
by three original modal dynamic identi cation methods within an Earth-
quake Engineering and Structural Health Monitoring contetx(Chapter 2)).

Speci cally, the formulated Operational Modal Analysis (MA) tech-
niques are a Frequency Domain re ned Frequency Domain Decpwosi-
tion (rFDD) algorithm, a Time Domain Data-Driven Stochastic Subspace
Identi cation (SSI-DATA) procedure and a new Time Domain Ful Dy-
namic Compound Inverse Method (FDCIM). Such investigatiorscenario
appears quite challenging in the dedicated scienti ¢ and thnical litera-
ture. Indeed, by taking earthquake-induced structural rgsonses as input
signals for the identi cation process, typical OMA validity assumptions,
like that of stationary white noise input, no longer hold. Adlitionally,
heavy damping conditions (in terms of identi cation challege) are consid-
ered all together, towards getting even closer to real eahake scenarios
and applications.

The three original OMA implementations are all formulated ad de-
veloped autonomously within MATLAB (Chapters[3,[6 and V). Spthetic
earthquake-induced structural response signals are gesied rst from
two di erent linear shear-type frames (a three- and a ten-strey frame)
with variable features, which are then taken as benchmarkrsictures for
necessary validation purposes. The response signals ameegated via di-
rect Newmark's integration from a set of ten selected eartluigke records,
taken as instances of base excitation (Chaptér 4). Subseqtlg real seis-
mic response signals are e ectively processed (Chaptér BY, getting even
closer to real Earthquake Engineering identi cation scerrés.

The rFDD algorithm [91,[92], a main subject of the present thss,
may be conceived as a considerable evolution of classical -Dneth-
ods [16] 17, 125], as specically devised here to deal withrémmuake-
induced structural response signals and heavy damping catahs. FDD
methods are based on the calculation of the Power Spectral sty (PSD)
matrix of the structural response signals, and on its Singait Value De-
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composition (SVD), towards modal parameters estimation. Airough novel
dedicated algorithmic and computational strategies, thengsent rEDD im-
plementation results in a rather robust identi cation tool in such a chal-
lenging identi cation context (Chapter [3).

After the preliminary analysis with the three- and ten-stoey frames,
the rFDD technique is speci cally validated by adopting a coplete seis-
mic dataset, namely by considering the twenty-two Far-Fiel multicompo-
nent (NS, WE) seismic base excitations from the FEMA P695 etlnquake
database[|97]. These earthquake instances are applied asebaxcitation
to three linear shear-type frames (a two-, a three- and a sstorey frame),
with di erent structural features (Chapter 4).

Further, the rFDD technique is innovatively expanded hered oper-
ate also under Soil-Structure Interaction conditions, in er to deal with
both exible- and xed-base conditions [101,102]. The deleped analy-
ses are performed on earthquake-induced synthetic respesggnals, which
are computed from a benchmark linear ve-storey shear-typframe with
an underlying Sway-Rocking Soil-Structure Interaction mdel. Structural
responses are calculated by adopting the earlier set of teslected earth-
guake excitations, with ve di erent types of soils, i.e. offoundation prop-
erties, from the rigid to the very soft soil cases. Then, rFDDriginally
operates within an OMAX (Operational Modal Analysis with eXogenous
input) environment on the base-excited buildings. This aim at detecting
also the underlying xed-base conditions and to quantify tk amount of
Soil-Structure Interaction to which the building under andysis may be
subjected to (Chapter(5).

The SSI-DATA identi cation algorithm, instead, starting f rom seminal
works [83/84, 121], is developed in an optimized version, iat aims at
explaining and improving the classical Stochastic Subspaddenti cation
performance with seismic response signals and heavy dantpi®4/98].
The best setting of the SSI-DATA processing tool and comput@nal pa-
rameters, namely signal processing and ltering, Block Hdel matrix fea-
tures, SVD truncation order and weightings and calculatiorof the State
Space matrices aim at handling such a peculiar and challengiapplica-
tion eld. Also, specically developed stabilization diagams have been
conceived, designed as a fusion of rFDD and SSI-DATA inforation. All
these re nements are developed in order to handle the preselfemanding
Earthquake Engineering context, and are demonstrated in #ir e cacy
with the three- and ten-storey benchmark structures (Chapr[8).

Then, the new FDCIM technique is an innovative output-only &ment-
level system identi cation and input estimation method [9699], which
takes its roots from earlier seminal works [23,67,124]. Bimethod works

ne towards the simultaneous identi cation of modal paraméers, input

3



Chapter 1. Introduction

excitation time history and structural features at the so-alled element-
level , by adopting earthquake-induced structural respae signals only.
The method operates within a deterministic state-space for, by an orig-
inal two-stage iterative algorithm, and arrives at consignt identi cation
results in the Earthquake Engineering range. Speci cally eleloped pro-
cedures, such as a Statistical Average technique, a moditgan process, a
parameter projection strategy and a Rayleigh damping paraater estima-
tion method concur to this FDCIM challenging OMA identi cation. The
remarkable e ectiveness of the FDCIM algorithm is demons#ted with the
application on a three- and a ten-storey benchmark frame (@ipter [7).

Finally, the three methods are compared all together, aftahe analysis
performed with synthetic seismic response signals, in therther challeng-
ing scenario of adopting real earthquake-induced structak response sig-
nals. The adopted real signals come from a six-storey o ce ldding in San
Bruno, California, and are taken from the Center for Engingeng Strong
Motion Data (CESMD) [22]. Then, the real case-study compason of the
outcomes from such three advanced OMA techniques aims at denstrat-
ing once again their reliability and e ectiveness as convemnt output-only
modal identi cation tools towards innovative Earthquake Engineering and
Structural Health Monitoring purposes (Chapter8).

Main global conclusions of the present doctoral dissertatn are nally
reported in closing Chapter9.



|Chapter 2

Operational Modal Analysis under strong
ground motion structural response signals

In the eld of Operational Modal analysis (OMA), where ident cation
techniques are based on structural response signals onlistja few works
attempted successfully to deal with the modal estimation uwter
earthquake-induced response data. That since most of OMAd®iques
are speci cally conceived to work with free or ambient vibraon record-
ings, where (small-amplitude) vibrations may be well appsomated by
stationary Gaussian white noise [17,121]. Furthermore, rabof the times
adequately long acquisitions are required, in order to pabl/ reduce noise
and errors during the estimation procedures. Thus, seismiesponse sig-
nals are very much di erent than classically-adopted outptionly ambient
vibration signals.

Despite that, the knowledge of modal dynamic properties nainly at
the pre- and post-earthquake stages, but also during the sespces of
main seismic events, delineates a very challenging and famdental eld
of study within structural dynamics and seismic engineergn For example,
tasks like Structural Health Monitoring, conditions assesment, predictive
response modelling, damage detection and evaluation of neetting pro-
cedures may take signi cant advantages from the knowledgd ourrent
strong ground motion modal parameters.

After the preamble of the Introduction, the present sectiomnaims at
setting a state of the art in the eld. In rst Section 2.1} main contribu-
tions, explanations and details concerning the theoretithackground and
positioning of the rFDD and SSI-DATA identi cation techniques treated
in the thesis will be one main subject of discussion. In Seati[2.2, a
brief overview on the adoption of Soil-Structure Interacthn conditions
within output-only modal identi cation will be reported. T hen, in sub-
sequent Section_213, the focus will move on the main contribons and
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Chapter 2.  OMA under seismic structural response signals

the theoretical background concerning element-level andput estimation
techniques, to which the present original FDCIM algorithm éveloped in
the thesis belongs to.

2.1 Time Domain and Frequency Domain output-only modal
identi cation under earthquake-induced structural
response signals

Nowadays, several identi cation methods just rely on outptionly condi-
tions, by knowing structural response signals only [104,80 By employ-
ing these OMA procedures, only a few attempts with earthquakinduced
structural response signals (adopted as input channels ftre identi ca-
tion algorithms) have been performed in the literature. Onhat, a brief
and likely non-exhaustive literature overview on recent caributions, ei-
ther in the Time Domain or in the Frequency Domain, is reporté in the
following.

Most of the current state-of-the-art OMA techniques adoptig seismic
structural response input refer to Time-Domain methods. 112003, Smyth
et al. [114] developed a combination of linear (Least-Squer based) and
non-linear (non-parametric) system identi cation techngues, in order to
obtain a complete reduced-order, Multi-Input Multi-Output (MIMO) dy-
namic model of the Vincent Thomas Bridge, based on the dynamre-
sponse of the structure to two main earthquakes under study.

In 2004, Pridham and Wilson[[103] proposed a combination dasidard
Stochastic Subspace Identi cation (SSI) with a Maximum-Lkelihood (Ex-
pectation Maximization - EM) algorithm, in order to re ne SSl estimates.
Five ensembles of synthetic response signals, generatazhfrshear-type
frames under seismic base excitation, were employed in Mer€arlo sim-
ulations, to illustrate the applicability of the method. For certain system
characteristics, more accurate system pole estimates cae iolenti ed by
adopting the combined SSI-EM formulation, but problems sliiremain on
the damping ratio estimations.

In 2005, Lin et al. [68] developed a modied Random Decrement
method coupled with an Ibrahim Time Domain technique, by rgling only
on a few oor acceleration earthquake-response records. dlaim was
that of identifying modal parameters on asymmetric buildigs, modelled
as general torsionally coupled structures. By analyticallderiving the gen-
eral relationship between the reduced Random Decrement sggure and
the true free vibration response, they were able to identifthe structural
dominant modal parameters, even with coupled modes and theldition
of noise.

In 2009, Kun et al. [61] proposed an identi cation method whe the
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2.1. TD and FD OMA under seismic structural response signals

support excitation acting on a structure was modelled by ohtogonal poly-

nomial approximations, with the derivation of the sensitivties of struc-

tural dynamic response with respect to its physical paramets and or-
thogonal coe cients. The identi cation equation was basedon a Taylor's

rst-order approximation, and was solved by a damped iterave Least-

Squares procedure. Their method could also detect local dage and
identify the unknown support excitation from the structura responses of
the structure.

In 2013, Ghahari et al. [43] presented an OMA method based owd
steps. First, the Time-Frequency distributions of the respnse signals were
used for blind identi cation of classical mode shapes and rdal coordinate
signals. Second, the cross-relations among the modal caoates were
employed to determine the natural frequencies and the danmg ratios of
the system under analysis. All that in the premise of linear éhaviour
for the structural system. They adopted both simulated andeal seismic
response data to validate their method.

Still in 2013, Gouache et al.[[47] developed an output-onlyr@cedure
that was able to deal with harmonic and transient input forcs, instead of
classically adopted white noise. The feature was that trarent and har-
monic inputs were no longer considered as parasitic inputs dor most of
the OMA techniques (which are designed to be robust to such tmonic
contributions), but as the main force applied to the structwe under anal-
ysis. That was possible by using a phase analysis, adaptedadransient
context, to conduct OMA under harmonic transient input. They exposed
the related theoretical developments and algorithmic impimentations in
order to apply the method to a laboratory SDoF test setup andd validate
the procedure.

Finally, in 2014, Lei et al. [63] developed a Time Domain Exteled
Kalman Filter (EKF) estimator approach for the identi cati on of multi-
storey shear-type buildings under an unknown earthquakeduced ground
motion, by using partial measurements of the structural aledute accel-
eration responses. This method also allowed for estimatirige ground
motion base-excitation, by adopting LS estimation couplewith EKF.

Then, by adopting OMA techniques with earthquake-induced tauc-
tural response input in the Frequency Domain, dedicated abgithms seem
to have been less investigated than those in the Time Domaifew notable
exceptions may be listed in the following. In 2005, Venturatel. [122]
studied the dynamical behaviour of the Painter Street Overgss (Rio Dell,
California) through a series of ambient vibration tests andnore than ten
signi cant recorded strong motion data. The aim was that of amparing
the dynamic characteristics of the bridge at low levels of bration with
those measured during strong motion events. The adopted OMaAlgo-
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Chapter 2.  OMA under seismic structural response signals

rithms belongs to a commercial software version of Frequgn®omain
Decomposition[[17] (Time Domain Stochastic Subspace Idénation [84]
was adopted, too0).

In 2007, Mahmoudabadi et al.[[74], starting from a method fopara-
metric system identi cation of classically damped linear ystems in the
Frequency Domain, proposed an extension based on iterati& that was
able to deal with non-classically damped linear systems gebted to up to
six components of earthquake ground motions. The results thfe identi-
cation on synthetic and real buildings showed that the adopon of non-
classical damping and the inclusion of the multi-componesite ect of the
earthquake ground motions can improve the Least-Squares tdabetween
the Finite Fourier Transforms of the recorded and calculateacceleration
responses.

Finally, in 2010 Michel et al. [78] examined the seismic respse of
the Grenoble City Hall building (Grenoble, France), based ro ambient
vibrations and weak earthquakes, and performed OMA through clas-
sical Frequency Domain Decomposition algorithm. They conaped the
frequencies from the ambient vibrations to those from weakaghquakes
recorded by the instrumentation that was installed to monior the build-
ing.

By making reference to main OMA techniques, earthquake-inded
structural responses are adopted in the body of this work asgut channels
for are ned Frequency Domain Decomposition (rFDD)algorithm [17] and
an improved Data-Driven Stochastic Subspace Identi cation§SI-DATA)
technique [84]. Both were implemented autonomously withiMATLAB,
for rFDD in [B0/92]97] and for SSI-DATA in [82,/94/98]. The taditional
versions of these algorithms rely on the typical assumptioof (stationary)
white noise input, which no longer holds true with (non-stabnary) seismic
response input. On the contrary, the present methods have & speci -
cally developed to deal with earthquake-induced structutaesponses and
at simultaneous heavy damping (in terms of identi cation clllenge, i.e.
with modal damping ratios larger than only a few percents, ahup to
10%or even higher).

As concerning rFDD (Chapterd B[4 andl5 of the thesis), the aastor
works came from FDD developments and inspections of Bringkand co-
workers [15,1]7]. The classical FDD technique allows for estting natural
frequencies and mode shapes of the structural system; in Enhanced
EFDD formulation, also of modal damping ratios and undampedatural
frequencies[[14, 130]. A third generation of FDD, i.e. Fregucy Spatial
Domain Decomposition (FSDD), was recently developed to elinate some
disadvantages of EFDD algorithms[][15, 125, 181]. Howevehet present
rFDD algorithm re nes and rede nes classical FDD algorithns, through
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2.1. TD and FD OMA under seismic structural response signals

speci c computational strategies, allowing for the struatral identi cation
at seismic input and concomitant heavy damping.

Starting from those earlier FDD methods, the theoretical bekground
and e cacy of the present rFDD technique have been rst outlhed and
demonstrated in [92], where preliminary attempts with sinlg and multi-
ple input earthquakes have been considered. Then, in [92] @ther in-
vestigation on the theoretical aspects has been performeshere original
strategies for the correlation and Power Spectral Density?SD) matrices
were developed. There, an extended set of structures andtbguakes was
adopted, jointly with noise addition.

As a necessary validation condition, synthetic responsegaals in the
linear range have been adopted in both [91,92] works. In orde further
demonstrate the rFDD validity, the achieved estimates havéeen com-
pared to those coming from classical FDD, implemented by a mwner-
cial software. Furthermore, several trials with real eartquake-induced
structural response signals have been e ectively perforihén [93], by ad-
dressing speci ¢ computational issues related to real adgitions. Damage
scenarios in the nonlinear range, retro t stages and Soi#&cture Inter-
action e ects have been considered as well. Soil-Structutateraction
e ects have been also investigated ifn [101,102], in order éstimate xed-
and exible-base modal parameters under earthquake-inded structural
response signals.

Then, in [97] the original rFDD technique was improved with acou-
pled Chebyshev Type Il bandpass lIters procedure, in orderot obtain
even much e ective estimations of natural frequencies, medshapes and
modal damping ratios, when tough seismic input and heavy dasng con-
ditions apply. Also, the proper procedure tuning was achied by a time-
frequency Gabor Wavelet Transform (GWT) analysis/ [11]. A stematic
and comprehensive validation of the rFDD method was providethrough
the adoption of the complete Far-Field seismic record sg22 NS and
22 WE earthquake acquisitions) coming from the FEMA P695 etirquake
database [[37]. This earthquake dataset was also prelimiyaadopted
in [95], with previous rFDD instances[[91,92], while in [1Q0@urther anal-
yses with the most demanding earthquakes and structural cditions (in-
cluding heavy damping until = 13%) have been attempted, based on
work [97].

As concerning SSI-DATA (Chapter6), the ancestor works camigom
rst SSI developments by Van Overschee and De Moaor [121], wieethe
SSI-DATA theoretical background was examined in detail, byaking a gen-
eral overview on the identi cation problem. The further wok of Peeters
and co-workers[|83 85], instead, introduced the use of SBATA within
the civil engineering eld, by taking into account all the rdated issues, as
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Chapter 2.  OMA under seismic structural response signals

for example the adoption of reference channels, and so ona®ng from
the models outlined from these works, classical SSI-DATA bkaeen en-
hanced here and improved to be able to deal also with earthckexinduced
structural response signals and heavy damping.

A preliminary study on SSI-DATA e cacy within the present ch alleng-
ing eld was performed in [82], where the algorithm was rstmplemented
and validated with white noise signals and then analysed witseismic re-
sponse signals. Then, in_[94] a further study on the SSI-DATAlgorithm
application with seismic input was performed, by adopting @hree-DoFs
reference frame. There, a rst comparison of SSI-DATA outcoes with
rFDD ones was attempted.

Then, in [98] the SSI-DATA was de nitively rearranged and inproved
to deal with earthquake response signals and heavy dampingpeci cally,
the best setting of the SSI-DATA processing tool and comput@nal pa-
rameters, namely signal processing and lItering, Block H&el matrix fea-
tures, SVD truncation order and weightings and calculatiorof the State
Space matrices aim at this peculiar application eld. Alsospecically
developed stabilization diagrams have been conceived, idegd as a fu-
sion of rFDD and SSI-DATA information. In that work, SSI-DATA and
rFDD estimates were compared in detail, by adopting an incesed num-
ber of frames and seismic excitations at the base. First, tletonomously
implemented rFDD and SSI-DATA techniques were separatelydapted
to identify the modal properties of two linear heavy-dampedhear-type
frames under several strong ground motions. Then, real ehquake re-
sponse signals were considered, in order to extract geneaald specic
considerations on the e ciency and consistency of both OMA Ilgorithms
and to investigate and compare their e ectiveness in iderfiing all current
strong ground motion modal parameters.

2.2 Time Domain and Frequency Domain OMA with seismic
excitation under Soil-Structure Interaction conditions

As connected to the dynamic characterization of real engiegng struc-
tures, the determination of modal parameters via OMA takes aigni cant
role within Earthquake Engineering, especially as connext to the adop-
tion of earthquake-induced structural response signalsn this framework,
seismic Soil-Structure Interaction([59,60,127] may play@nsiderable role.
The dynamic response of a structure laying on a soft soil mayls
stantially dier, in amplitude and frequency content, from that of an
identical structure based on a sti ground [[127]. A buildingsubjected
to Soil-Structure Interaction displays a coupling betweenhe foundation
and the superstructure motions. The recorded dominant fregncy is al-
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2.2. TD and FD OMA under seismic Soil-Structure Interaction conditions

ways smaller than that of the corresponding xed-base buildg, and of
the foundation itself, when no building is present [108].

If local Soil-Structure Interaction e ects are small, the ecorded re-
sponses at the foundation level are not in uenced by the matns of the
upper stories, and the building may be assumed as laying on xed
base [5,28]. The motion at the foundation level may be takeas a base
excitation for the adopted structural model. Otherwise, ifthe interaction
becomes signi cant, this assumption is no longer valid, sie the foun-
dation input motion and the output response of the structureturn out
to be coupled to each other [60]. Then, the response of the loling is
characterized by a exible-base Soil-Structure Interatton condition.

By knowing the building structural recordings, the identi cation of
Soil-Structure Interaction e ects may be possible if acgsitions would be
available also from the foundations, or from free- eld or reeby downhole
locations. During the last decades, several studies on S8iructure Inter-
action identi cation and quanti cation have been thoroughly attempted,
see e.g.[[26,72,107,108,115,117,119]. By using Operatidtodal Anal-
ysis (OMA), a few attempts have been performed, speci callin the Fre-
guency Domain context, by aiming at the detection of exiblebase condi-
tions and by accounting for Soil-Structure Interaction e e&ts on the build-
ings, as e.g. in[[43,44]. Thus, a brief overview on recent tioutions on
Soil-Structure Interaction identi cation and quanti cat ion, by focusing es-
pecially on main contributions that inspired the rFDD inspetion in this
eld (Chapter B), is reported in the following.

First attempts on Soil-Structure Interaction modelling fo buildings
likely came in 1974 from the work of Chopra and Gutierrez [28]They
developed a method, based on the Ritz concept, for the dynasranalysis
of the response of multi-storey buildings including foundeon interaction
under earthquake ground motion. The considered system wasshear
building on a rigid circular disc footing, attached to the suface of a linear
elastic halfspace.

In 1988, Luco et al.[[7R2] described an EMA series of forced ration
tests designed to isolate the e ects of Soil-Structure Intaction for a nine-
storey reinforced concrete building. They experimentallgetermined the
xed-base natural frequencies and modal damping ratios ohé super-
structure, which signi cantly di ered from the resonant frequencies and
damping ratios of the complete structure-foundation-sosgystem.

Still in 1988, Pais and Kausel[|81] proposed several appnate for-
mulas to describe the variation with frequency of the dynaroisti nesses
of rigid embedded foundations. These formulas were obtathdy tting
mathematical expressions to accurate numerical solutiorisr cylindrical
and rectangular embedded foundations, computed by assumira one-
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Chapter 2.  OMA under seismic structural response signals

dimensional wave propagation theory.

In 1995, Safak([108] studied the causality of the buildingisnpulse re-
sponse, towards the detection of the presence of Soil-Sture Interaction
e ects. That since for causal systems, the amplitudes of thenpulse re-
sponse function at negative times are zero, whereas for nansal systems
they are comparable to those at positive times. Then, he stiet also
the identi cation of Soil-Structure Interaction, in terms of extracting the
natural frequencies of the xed-base building from the reedings of the
foundation and of the upper stories. He proved that the ratiof the Fourier
amplitude spectrum of the top-story accelerations to that bthe founda-
tion accelerations allows for the identi cation of the natwal frequency of
the xed-base building.

In 1996, Celebi[|20] presented a comprehensive assessmédamping
values and other dynamic characteristics of ve buildingsusing strong-
motion and low-amplitude (ambient vibration) data. For eat building, he
found that the modal damping ratios and the corresponding fudamental
periods determined from low-amplitude data are appreciapllower than
those determined from strong-motion recordings. After a trough in-
spection, he attributed these di erences to Soil-Structue Interaction and
other non-linear behaviour a ecting the structures duringstrong shaking.

In 1997, Wolf [128] studied the behaviour of a simple springashpot-
mass model with frequency-independent coe cients for the odelling of
foundations on deformable soils. He scheduled the foundaticoe cients
for a homogeneous half-space and the homogeneous layer a¢ds base,
for varying parameters as the ratios of foundation dimensis and Pois-
son's ratio.

In 1998, Stewart and Fenves [115] developed an EMA parametsys-
tem identi cation method to evaluate seismic Soil-Structue Interaction
e ects on buildings, i.e. for the detection of both exible-and xed-
base modal parameters. They adopted the recordings of laaéfree- eld,
foundation, roof motion and foundation rocking for the evalations of the
modal parameters for both cases of base xity.

In 1999, Heredia-Zavoni et al.[[52] analysed the optimal imemen-
tation of structures on soft soils, by adopting a criterion bsed on the
stochastic response of a linear MDoF Soil-Structure Intecion system
on a exible-base. The structures were shear buildings, wituncertain
lateral stiness, subjected to random earthquake ground mimns. They
discussed the optimal location of the accelerometers, theduction of prior
uncertainty on the lateral sti ness, the e ects of the base exibility, the
relative in uence of translation and rocking of the base, ahthe in uence
of the recording noise.

In 2004, Choi et al.[[26] developed an EMA identi cation techique that
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2.2. TD and FD OMA under seismic Soil-Structure Interaction conditions

was able to identify input and Soil-Structure Interaction gstem param-
eters, by adopting earthquake response data. Identi catio was carried
out on a real test structure, i.e. a 1/4-scale reinforced carete contain-
ment building of a nuclear power plant. Identi ed quantities were the
input ground acceleration, the shear wave velocities (andvén the shear
moduli) of the near- eld soil regions and the Young's modulof the shell
sections of the structure. The Soil-Structure Interactiorsystem was mod-
elled by Finite Elements combined with an In nite Element fomulation
for the unbounded layered soil medium.

In 2013, Renzi et al.[[107] performed a parametric analysi$ geismic
Soil-Structure Interaction e ects of a large number of idelssed ordinary
shear-type buildings. They modelled the structures as geiadised SDoF
systems via the principle of virtual displacements, by assung shallow
squared foundations resting on di erent soil types. The oubmes of the
numerical analyses were used as a statistical base in ordebtain simple
analytical and non-dimensional relationships for estimatg seismic Soil-
Structure Interaction e ects in terms of modi ed period and damping.

Still in 2013, Ghahari et al., in two di erent works [43[44],developed an
OMA procedure that was able to deal with Soil-Structure Inteaction con-
ditions. In [43] (presented in previous Section 2.1) they @fied a two-step
parametric Time Domain method also in case of Soil-Structarinterac-
tion, both with synthetic and real earthquake-induced stratural response
signals. In [44], instead, they studied an OMA procedure thavas able to
deal with non-classically damped Soil-Structure Intera@in systems. That
since in most cases the soil provides additional damping dte material
hysteresis and radiation, which cannot be represented inasksical form,
rendering complex-valued mode shapes. In this way, the resse of the
soil-foundation system can be represented through frequsndependent
real and imaginary impedance functions, representing thei sess and
damping of the system, respectively. Thus, they developedsacond-order
blind identi cation method that was able to extract complexvalued mode
shapes from free or ambient vibration recordings, and alsbé frequency-
dependent soil-foundation impedance functions.

Within an OMA eld, the analyses presented later in Chaptef bvastly
investigate the novel application of the rFDD algorithm uner seismic Soil-
Structure Interaction conditions, in order to identify exible-base modal
parameters of linear frame structures with earthquake basexcitation.
This inspection is rooted on preliminary trials sketched inworks [101,
[102]. Within this seismic and Soil-Structure Interaction esearch main-
stream, this study is connected to that on papers$ [109, 11@yhere a com-
plementary study investigated the e ectiveness of passivéuned Mass
Dampers (TMDs) as possible vibration reduction devices ured seismic
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Soil-Structure Interaction conditions.

Innovatively, the rFDD algorithm is expanded to operate als in an
OMAX (OMA with eXogenous input) environment [48]. This conept
takes benet from the advantages of both OMA and EMA techniges:
operational (unknown) forces (causing the earthquake respse of the
superstructure) as well as arti cial (known) forces (foundtion and/or
free- eld recordings in this case) are processed simultanesly by the
rFDD-OMAX algorithm, towards achieving a correct detectimm of po-
tential Soil-Structure Interaction e ects and an e ective estimation of
xed-base modal parameters too. Foundation and/or free- kel record-
ings are adopted as (exogenous) input for the algorithm, wih develops
in a self-contained framework some tools for Soil-Structerinteraction
detection and quanti cation, taken and re-elaborated fronprevious con-
tributions [107,108].

2.3 Output-only element-level system identi cation and
input estimation under earthquake base excitation

The eld of Earthquake Engineering is considered here as a maarget

of interest of structural dynamics identi cation, speci cally as connected
to potential Structural Health Monitoring approaches, whch are devoted
to the assessment of current structural properties and to thevaluation of
potential damages that may occur in civil structures, due tdhe action of
strong ground motion excitations.

Most of the works here inspected the identi cation of struatral dy-
namics properties at seismic input, either within EMAI[6,721/33] 46, 56],
where the excitation input is known and/or controlled, or wihin OMA [43]
51/68, 77,103,113], where the input action is unknown (outponly tech-
niques). In these works, speci cally-developed strategdiave been devel-
oped to identify the modal parameters from earthquake-indwed structural
response signals.

Indeed, even though modal parameters shall be consideredrapre-
sentative of the global dynamic properties of a given struate, referring
to its mass, damping and sti ness characteristics, their w$ulness may be
insu cient in practical cases, in order to quantify the amouwunt of dam-
age that may have occurred within individual structural elenents [49]. In
fact, structural degradations will be re ected in modi cations of the global
structural behaviour. As a consequence, these damages aepehdent on
changes that may be detected in individual structural elenmgs, i.e. at the
so-called element-level, speci cally in terms of time variations of sti ness
and damping structural characteristics (assuming time-wariant systems
in terms of mass). Also, nearly all of the available technigs for modal
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dynamic identi cation and damage detection at seismic inpupertain to
EMA methods, i.e. they need the knowledge (or the acquisitip of the
input ground motion (i.e. the knowledge of the external actin), too.

At this stage, current OMA (output-only) methods may be vieved on
di erent levels of sophistication. The rst level appears b be the lower
one: it leads to the estimation of structural modal propergs only, i.e.
of natural frequencies, mode shapes and modal damping rati¢and, in
case of parametric algorithms, also ofrealizations, in terms of a set
of State-Space structural matrices referred to a given inpwutput be-
haviour [34]). The second level of detail pertains to the ftiner re nement
of mass, damping and sti ness matrix estimation. The aim isd target
each of their characteristic parameters, i.e. to achieve ¢hso-called iden-
ti cation at the element-level. The third level of focus, nally, refers to
the estimation of the input excitation acting on the system, speci cally
here of the shaking ground motion, which induces the structal response
recorded from the available instrumentation.

Thus, the simultaneous identi cation of modal parametersstructural
features at the element-level and excitation input still apears to be rather
challenging in the present dedicated OMA literature[[30, 67124], and
speci cally in the Earthquake Engineering context, a main arget of the
present doctoral dissertation.

By using output-only acquisitions of the structural respose, during the
past years several identi cation techniques have been proged to jointly
estimate the structural parameters and the unknown seismiaput at the
base. On that, a literature overview on fundamental contribtions is re-
ported in the following, as an underlying framework for thernnovative
steps and approaches presented by the ndwll Dynamic Compound In-
verse Method (FDCIM), later outlined in Chapter [4.

In 1989, Toki et al. [118] proposed that the coda of the regmse time
history (i.e. the tail, namely the last seconds of the acquison following
the end of the earthquake excitation) may be representativef the free
vibration response of the structural system. Their assumn was that
the coda is not a ected by the input ground motion, and then tle ratio
between mass and sti ness or damping coe cients shall be cetant from
this part of the record on. So, modal parameters may be iderg¢d by
Extended Kalman Filtering (EKF) [53]. Also, they improved the method
to estimate the input ground motion by the Kalman Filter estmation
error [80].

In 1994, Benedetti and Gentile[]10] suggested a Frequency rbain
algorithm, which worked in two stages, to identify the propdies of struc-
tures subjected to input ground motion. With this method, the responses
at two di erent locations of the structure were assumed to bevailable,
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while the requirements for the input excitation were avoid#, by using the
ratio between the Fourier amplitude transforms of the two aguired re-
sponse signals. However, the input time history could not badetermined
by that identi cation procedure.

Still in 1994, Wang and Haldar [[124] proposed an iterative Rite
Element-based procedure in the Time Domain to evaluate botsii ness
and damping matrices at the element-level, jointly with thanput force ex-
citation (which could be a generic force or seismic loadingPnly a small
number of observation time points was required for the dexaghment of the
algorithm, where the solicitations were assumed to be indily zero for the
starting of the iterative Least-Squares procedure, and tinewere updated
step by step, until convergence was reached. Finally, the roplete in-
put time history could be evaluated by using the estimated shess and
damping parameters and the full-length measured structuraesponses.

In 1995, Hoshiya and Sutoh[[54] suggested a method to identifoth
the input and the sti ness and damping matrix coe cients for shear-type
frames. A combination of a smoothing algorithm on the inputigound exci-
tation and of an Extended Kalman Filtering was formulated, lg adopting
the coda of the system responses. They used a Weighted Glohlata-
tion (WGI) procedure to obtain a fast convergence to the opthum so-
lution and to achieve stability, as previously outlined inb3]. A problem
related to these methods concerned how to choose the codahaf tesponse
time history, i.e. the exact start of the free response partféhe acquisition,
without a prior knowledge of the input ground motion excitaton.

Afterwards, in 1997, Haldar et al.[[49] expanded their presus work to
cases with limited response measurements (or limited obgations), i.e.
when the structure was monitored only at a few dynamic degref free-
dom. They combined their former iterative Least-Squares gbrithm with
a Weighted Global Iteration procedure applied to an Extendd Kalman
Filter technique.

In 2000, Li and Chenl[66] proposed an iterative Time Domain rtieod
for solving hybrid inverse problems. Structural parameter and inverse
time history of input excitation were simultaneously estimted, by relying
on structural response signals only. In that work, additioal conditions
were set on the input force, by relying on its mechanical chacteristics.
Then, a Statistical Average algorithm (SA) was developedniterms of
a properly-de ned transfer coe cient. The computational geps of the
algorithm relied on their previous work, Li and Chen[[65].

Still in 2000, Cho and Paik [25] re ned the algorithm by Wang ad
Haldar [124], by proposing an improved Least-Squares methbased on a
Multiple models QR Decomposition (MQRD). This method enhaced the
Least-Squares convergence and allowed for a more accuratnti cation
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of structural element properties and potential damages.

In 2002, Chen et al.[|24] took the element-level Time Domainethod
developed by Wang and Haldaf [124] and implemented a re nemtg which
looked at identifying both the earthquake excitation and tle structural
parameters (at the element-level), by using a combinationf @n iterative
Least-Squares technique and of a speci cally-developedaS8stical Aver-
age method. They named the algorithm a®ynamic Compound Inverse
Method (DCIM), label which has been kept here as a base for the subse-
quent developments put forward by the present FDCIM algortim.

Along the same line, in 2003, Li and Chen [67] published an imgved
version of their previous work([[66], by improving the Statiscal Average
algorithm for the DCIM solution. The adopted solicitationsspread from
ambient recordings to seismic ground motions, acting on dérent struc-
tures.

In 2004, Chen and Li[[2B] proposed a further implementationyhich
took into account the use of Rayleigh dampingc = M + K, instead
of general viscous damping used until then. Unknown Rayléigdamp-
ing coecients and and the stiness parameters of matrixK were
coupled to each other, leading the classical MDoF equatiors motion
to a set of non-linear identi cation equations in terms of te unknown
structural parameters. Then, by relying on their previous lgorithm, they
developed a two-stage iterative method to avoid such a noméar identi -
cation problem. An inner modi cation process was applied tieeen each
iterative step, to convert the spatial information of the exernal excitation
into mathematical conditions for the iterative algorithm. In that work,
the focus was on possible forced vibration surveys of the &, i.e. on
cases where the structure was excited by actuators installet several
locations of the building. No ground motions or ambient vilations were
considered at that stage. The present FDCIM procedure refemuch on
the two contributions above, and attempts to provide a more gneral and
robust analysis, towards achieving a full identi cation aproach.

Still in 2004, Ling and Haldar [69] developed a further appexh to
take into account the possible use of Rayleigh proportiongldamped sys-
tems. They proposed a modied Iterative Least-Squares metla with
Unknown Input (ILS-UI), to identify such types of systems atthe element-
level. They used Taylor series approximations to transforre non-linear
set of identi cation equations (arising from the equationsof motion with
Rayleigh damping) into a set of linear equations. Again, norgund mo-
tions or ambient vibrations were considered.

In 2006, Zhao et al.[[132] demonstrated that the structural grameters
and the earthquake ground motion could not be uniquely idenéd when
absolute structural response signals were used, insteadrefative ones.
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Then, they proposed a hybrid identi cation method to tacklethe problem.
First, that algorithm identi ed the structural parameters above the rst-
oor of a multi-storey shear-type building, by using LeastSquares. Later,
the minimum modal information was introduced to nd out the rst oor
parameters and to avoid the shortcoming of non-uniqueneséfter that,
all structural parameters were identi ed. The unknown earthquake ground
motion was estimated by solving a rst-order di erential equation.

In 2008, Perry and Koh [[86] proposed an element-level parameand
input estimation technique with a non-classical approachdsed on a Ge-
netic Algorithm (GA). They made use of a modi ed GA-based mdtod,
to adopt the strategy of the Search Space Reduction Method7B They
revised this method through a modi cation of the numerical mtegration
scheme, in order to be used also for output-only identi catin. Still in
2008, Wang and Cui[[124] suggested a two-step method, whigngralized
the work of Chen et al. [[24], apt to identify both element-le®l structural
parameters and input time history.

Concerning the intelligent monitoring of multi-storey buldings by a
wireless sensor network, in 2012, Lei et al. [63] suggestededement-level
and input ground motion identi cation algorithm based on a wo-stage
Kalman Filter estimator. That method worked with absolute @ordinates
through the use of sub-structuring methods. Still in 2012, durens et
al. [71] proposed an extension of an existing joint input-ate estimation
Kalman Filter, which was derived by using a linear minimum-ariance un-
biased estimation. The novelty consisted in the use of an aptal estimate
in place of the true value of the input for the Kalman Filter seps.

Then, in 2014, Ding et al.[[32] developed a method which coube used
to identify structural parameters and input time history, @ther for linear or
non-linear hysteretic frames, with limited observationsWith this method,
they decomposed the structural excitation by orthogonal ggoximation
and then applied an Extended Kalman Filter for the identi céion process.
Only forces acting on the oors of the frames were consideratithat stage.

Recently, Bayesian methods also started to be applied for OMin-
put and element-level identi cation. Relevant examples mabe found in
Behmanesh et al.[[8] (2015), where a probabilistic Finite Bient (FE)
model updating technique based on Hierarchical Bayesian oheling was
proposed for the identi cation of civil structural systemsunder chang-
ing ambient/environmental conditions. Further, the works of Au and
Zhang [4] and Zhang and Aul]129] (2016), suggested the adoptiof a
modi ed two-stage Bayesian identi cation approach, towads the estima-
tion of modal properties and structural parameters.

Still in 2015, Concha et al.[[30] suggested an adaptive obger which
simultaneously estimated the damping/mass and the sti negmass ra-
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tios, as well as the state of seismically-excited shear liings. Their
work started from the research of Jiménez and Icaza [57], wkethe
parametrization of a shear-type frame equipped with a MagteRhe-
ological Damper (MRD) had been considered; the assumptiomgere the
knowledge of the structural parameters (at a rst approxim&on, account-
ing for some uncertainties) and of the seismic ground acoelton, the
accelerations of each oor and the MRD damper force (direct easure-
ment). Similar assumptions were assumed in Concha et al. [3@here the
identi cation scheme relied on the knowledge (i.e. on the nasurement)
of ground and oor accelerations and of rst oor massm;. This method
achieved the estimation of a reduced-order model, if someors only may
be equipped with available instrumentation. Computationdy, the algo-
rithm relied on Least-Squares and on a Luenberger state esator for the
estimation process.

A crucial common denominator between all the aforementiodenorks
is the fact that they take the full mass matrix to be given for ganted,
both in its matrix structure and in the values of its mass pareneters.
Then, despite the output-only feature of the algorithms, tle knowledge
of structural responses only (either in terms of accelerats, velocities or
displacements) is not su cient for their functioning. A slight exception
comes from the work of Concha et all [30], where rst oor massn;
and the seismic ground acceleration had been considered &® known, to
return the element-level identi cations for all the sti ness, damping and
mass matrices.

In this framework, the present Full Dynamic Compound Inverse
Method (FDCIM) is an innovative, complete element-level system iden-
ti cation and input estimation technique that takes and detaches from
the previous contributions above. It is specically develped to oper-
ate with earthquake-induced structural response signalgpllected from
seismically-excited MDoF shear-type frames. The FDCIM mhbd re-
leases strong assumptions implied by the earlier technigjeespecially the
required knowledge of the full mass matrix (or at least of itspeci c ele-
ments), to provide an e ective identi cation of the modal parameters of
the system, i.e. natural frequencies, mode shapes and modamping
ratios, of the excitation input and of a realization of the shte matrices.

In fact, the present FDCIM algorithm requires the knowledgef struc-
tural response signals only, while mass, damping and sti B8 matrices,
and obviously the exciting earthquake input, may be complety unknown.
Accurate estimations of the input ground motion time histoy and of the
states at the element-level are provided through a two-stagterative al-
gorithm. This method works jointly with a Statistical Average technique,
a modi cation process and a parameter projection strategyvhich are
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adopted at each iteration to provide correct and stronger estraints for
the estimates, allowing for faster and much reliable convgence.

Initial hypotheses a ect only the supposed behaviour of thetructural
matrices, i.e. diagonal mass matrix and tridiagonal symmegt damping
and sti ness matrices, where the structural coe cients arecoupled to
each other. Damping behaviour is treated through two dierat ways,
i.e. as lumped (see [96]) or General damping, which contaias a spe-
cial case also the Rayleigh damping behaviour (séel[99]). the present
case, lumped damping means that the damping parameters amnsidered
as lumped between two consecutive oors, in terms of damping coe -
cientsc, wheren is the number of oors, as it is for sti ness coe cientsk;.

General damping, instead, considers an implementation thdurther
widens and generalizes the FDCIM algorithm, by adopting a nme gen-
eral damping behaviour. In this way, each single damping pameter c;
is uncoupled from the remaining ones, by allowing for the alysis and
identi cation of structures characterized by unknown Gemral damping .
Further, as a particular case, it becomes possible to e ewsly identify
Rayleigh damping (C = M + K), as it was also considered by the
earlier DCIM attempts quoted above. This actually constittes a much
challenging case, since it apparently leads to non-linealanti cation equa-
tions in terms of the unknown structural parameters (seé [289] and Sec-
tion [7.2).

The use of General and Rayleigh damping becomes possible tya-
ducing several dedicated modi cations and improvementsto the original
FDCIM formulation for lumped damping, in terms of di erent iteration
matrices and dimensions, modi ed vectors of unknown varidés, innova-
tive parameter projection technique, novel procedure for &leigh damp-
ing coe cients estimation, and so on (Sectio_7]2).

Moreover, the proposed FDCIM method (as opposed to other ntet
ods operating within the stochastic framework) appears todocompletely
deterministic and it is fully developed inState-Space form It does not
require transformations from continuous-time to discretéime and it does
not depend on the adopted initial conditions or on the state stimation,
in order to identify the modal parameters and the input groud motion.
Further, all the structural features as element-level masslamping and
sti ness matrices, may be accurately identi ed merely by kowing any
single component of one of these matrices, or even by relying an es-
timate of a global structural parameter, like for instance e total mass
of the building. Then, the adopted formulation is suitable dér integra-
tion or support to other common output-only methods workingwithin
State-Space parametric Time Domain frameworks.
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|Chapter 3

Re ned Frequency Domain Decomposition:
theoretical background

3.1 Fundamentals of the re ned Frequency Domain
Decomposition technique

Classical Frequency Domain approaches are based on the msging of a
time-correlated signal through a Discrete Fourier Transfon (DFT) pro-
cedure, with the purpose of evaluating the Power Spectral Dsity (PSD)
functions of the structural system responses$ [13,/17]. TheRrequency
Domain Decomposition methods operate a Singular Value Deuoposi-
tion (SVD) at each line of the frequency spectrum. This prockire sep-
arates noisy data from disturbances of various sourde [10#jd appears
able to pick-up close modes with better accuracy, while rdsng not ex-
cessively sensitive to ambient noise. The PSD matrix is thudecomposed
into a set of auto-spectral density functions. Each of thessorrespond to
that of a SDoF system, from which natural frequencies and medshapes
can be estimated[[16]. Typical underlying hypotheses of Feency Do-
main Decomposition (FDD) methods are: white noise input, vg low
structural modal damping ratios (belowl%) and geometrically-orthogonal
mode shapes of close modés [125].

The present re ned FDD (rFDD) technique attempts to clear these
latter limitations, in the context of earthquake responsernput. In the
present section, all crucial steps of the theoretical fram@rk of the rFDD
algorithm are exposed, by relying on theoretical works [156/91]92] (Sec-
tion B.1.1). Then, the main work ow and novelties of the presnt rFDD
algorithm are introduced in Sectiond 3.1]2 anfi 3.1.3. Furédmmore, in
Sectiond_3.2-3/4 these innovations are explained in detail
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Chapter 3. Re ned FDD: theoretical background

3.1.1 Main theoretical background of the rFDD algorithm

The classical FDD theory is based on the typical input/outptirelationship
of a general stationary random process for DoF system [9, 15, 125]:

Gy (1) = H()Gxu(NHT(!) (3.1)
whereG, (! ) 2 R" " is the PSD matrix of the input, r being the num-
ber of input channels (referenceslGyy (') 2R™ M is the PSD matrix of
the output, m being the number of output signals (responses or measure-
ments),H(! ) 2R ™ " is the Frequency Response Function (FRF) matrix;
overbar denotes complex conjugate and apex symbbltranspose. Both
G (') and Gyy(! ) matrices derive from Finite Fourier Transforms for
the PSD evaluation (see ][9] for the details). Also, the FRIH(! ) may be
written in pole/residue form [75]:

X R R
H(l)=  —% + % (3.2)
| ! k ! K
k=1
where n is the number of vibration modes, , = e +il g and _k

are the k" poles (in complex conjugate pairs) of the FFBF function [75],
being « the modal damping ratio and! y and ! ¢« = ! 1 2 the Kth
natural and damped frequency, respectively. TherRy = ¢ 1 2R™ '
is the residue matrix [15,104], which is obtained by the pragtt between
mode shape vector ( 2 R™ ! and modal participation factor vector

r 2R" 1. When all output measurements are taken as input references
(i.,e. whenm =r), H(! ) becomes a square matrix. So, Ed. (3.1), through

Eq. (3.2), can be rewritten as[|16]:
! !
XX R:(GXX‘ . ?'kax RS -.RSH‘ (3.3)

k=1 s=1 I! k S I} s

Gyw()= 5

where Hermitian apex symboH denotes complex conjugate and transpose.
This formulation is possible since PSD matrixG, (! ) is a single scalar
constant G,y for stationary zero mean white noise inpuf9]; due to this
fact and remembering the formulations of the PSD matrices bghort
Time Fourier Transforms [9], the PSD matrixGy (! ) becomes real-valued
and non-negative. Thus, by recalling the properties o6, (! ) and by
applying the Heaviside partial fraction expansion theorento Eq. (3.3),
one obtains the nal reduced pole/residue form for the outpuPSD matrix

as follows[[16,125]:

Gy (!)" A + A PA U Ay
E i! k i! _k i! _k
k=1

(3.4)
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3.1. Fundamentals of the rFDD technique

whereAy 2 R™ ™M is the residue matrix of the PSD output corresponding
to k™ pole . As for the PSD output itself, the residue matrix is an
Hermitian matrix and is given by [16]:

!

X R R
Ay = L+ * — GuR| (3.5)

s=1 k S k S

When the structural system is lightly dampedsmall modal damping
ratios 1), the pole can be expressed in approximate form as
K = klk+ila ' k! +ily; then, in the vicinity of the k" modal
frequency, only theRy term survives, so that the residue matrix can be
derived approximately from Eq. [3.5) as[[15]:

_ # _
R R R.G R
A= S+ o GuRp ' ok =
2( k! M) 24! 2! (3.6)
— HG o .
-k kO kg 7T

where only theR, term survives, since the? ! , denominator is dominant
with respect to the 2( ! il k) one, whiledy = HGy «=(2 (' k) is a

by substituting Eq. (8.6) into Eq. (8.3) one gets:

Goys Gk, Gk ok, okl gy
Y i k il _k il k il k .

k=1

In the narrow band with spectrum lines in the vicinity of a modl
frequency, the last two terms in Eq. [(3]7) can be ignored, sig their
denominator termsi! k= ! k' k!k t 2!y are bigger with
respect to the rst two, i! = k' k!k. Taking this into
account, the previous equation can be simpli ed as [15]:

N diag <e 2% T

' 1
Gyt i! K il K I K

k=1

(3.8)
where is the eigenvector matrix, gathering alln eigenvectors ; as
columns. Previous Eq. [(318) represents a modal decompasiti of the
output PSD matrix. The contribution to the spectral density matrix from
a single modek can be expressed as:

Gy(1)' T diag <e : (3.9)
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Chapter 3. Re ned FDD: theoretical background

The nal form of the Gy (! «) matrix in Eqg. (8.9) is then decomposed,
using a SVD technique, into a set of singular values and cosponding
singular vectors. From the former, natural frequencies aextracted; from
the latter, approximate mode shapes are obtained.

3.1.2 Re ned FDD technique for earthquake-induced
structural response signals and heavy damping

The response of the structurey(t) can be expressed in terms of modal
coordinates: o

y(t) = kKPe(t) = p (1) (3.10)
k=1
where p(t) is the vector of principal coordinatesy(t). The response sig-
nals (input signals for the algorithm, as the accelerationsonsidered here)
shall be correlated in time to obtain the matrix of the auto- ad cross-
correlations in the time domain,Ry( ), a starting point for the developed
rFEDD algorithm:
h [
Ry()=E y(t+ )y'(t) =E p(t+ )p'() " =R p() "
(3.11)

where Rpo( ) = E p(t+ )pT(t) is the auto- and cross-correlation re-
sponse matrix (in principal coordinates),E denotes the expected value
and instant spans the interval fromOto t, i.e. O <t . In the present
algorithm the m m N auto- and cross-correlation matrix (giverm the
number of measurement channeldy = t the total number of considered
time lags) is calculated numerically, for a nite signal legth, with the
following biased estimator(]9]:

1X
Ryy(t ) Ry( )’ T y(t+ )y'(t) (3.12)

t=1

In general, for a non-stationary input the correlation matix shall be stated
as a function of timet and of lag , i.e. Ryy = f (t; ). The approximation
in Eq. (3.12), ignoring the time dependence on behalf of thamn lag only,
can be explained as follows.

For some selected non-stationary input, as for the adoptedehquake
responses, it is possible, within a good approximation, tgmore the fre-
guency dependence of the input PSD matrix for a speci ¢ fregucy inter-
val, corresponding to a subset of the frequency lines of theiginal input
spectrum.

Unlike for the PSD of a white noise input (that runs-out appraimately
constant at every frequency instance of the spectrum), theSD of an
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3.1. Fundamentals of the rFDD technique

earthquake excitation shall change with time and frequencyue to the
non-stationarity nature of the signal [105]. Otherwise, irmost cases it
may change slowly over a frequency range, especially for aterval that
appears adequately wide to include all the structural moddrequencies.
Then, in a specic frequency region! sy, = Sub(!) 2 ! some seismic
signals may be considered asveakly stationary [105], i.e. the rst two
statistical moments (mean and autocorrelation) of the sigals do not sig-
ni cantly vary in time. In simple terms, in these weakly statonary cases
the spectrum may be considered su ciently at to approximate the trend
of a white noise excitation with reasonable accuracy. Theit,is possible
to ignore the frequency dependence of the input PSD matrix fehis spe-
ci ¢ frequency interval, corresponding to a subset of the éguency lines
of the original input spectrum, fsyy, = Sub(f) 2 f ) !'gw =2f g =
2 Sub(f)=Sub(!) 2!, asthe foIIowii#ng:

fn f
fswp = Sub(f)= O z—r;q = ﬁ 2f =[0; fs=2fny] (3.13)
where fyy,q = fs=2 is the Nyquist frequency,fs is the adopted sampling
frequency andm is a positive integer which delineates the subinterval of
frequencies.
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Figure 3.1: Auto-Power Spectral Density of some of the adopted structutainput
excitations with related linear interpolation in the frequency range between 0 and
15 Hz.

This assertion may be illustrated in Fig[ 3.1, where, over #hfrequency
range betweer0 Hzand 15 Hz, a sample interval which may contain the ex-
amined structural modal frequencies, a linear interpoladn is represented,
proving through its slight angular coe cient the fairness d the present
weakly-stationary assumption.
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Chapter 3. Re ned FDD: theoretical background

So, the developed rFDD algorithm considers, among other ategies,
the feature of dening G (') ) Gy = G for a frequency interval
I'suwn 2! . Therefore, remembering Eq.[(3]3), it is possible to obtain

! !
X1 X] RkGXX + RkGXX R-sr R‘:
il

Gyy(! sub) = = 0 .
k=1 s=1 K I k s il S 21y
(3.14)

Thus, all equations from Eq. [(3.4) to Eq.[(3.P) are still vali, recalling
the approximation due to the use of theSub(! ) interval. Accordingly,
over this frequency range, the PSD can be approximately regsented
as to be merely frequency-dependent, allowing to follow elsical PSD
computations [105].

As a direct consequence of that treatment, the correlation atrix of
Eq. (3.12) can be approximately expressed as a function oglanly, with-
out the need of expressing it as a function of time, too.

Further examples of the previous statements can be seen ingBi[3.2
and[3.3. In Fig.[3.2, a representation of the accelerogranhe Auto-PSD
and the Gabor Wavelet Transform related to the WE component fothe
Tabas (TA) ground motion is depicted. Then, Fig.[3.B represdgs the
instantaneous Auto-Correlation Function (ACF) of this eathquake exci-
tation, which proves again that a locally-stationary (wealy stationary)
amplitude domain of the spectra may be detected and thus usddr the
analysis.

These slight time-frequency changes may be gradual enoughniot sig-
ni cantly a ect any individual modal peak of the structure, by aiming at
using the strong ground motion responses instead of the wéihoise input
generally adopted for the OMA procedures. Additionally, irthe literature
some works justify the use of stationary models for the repentation of
the seismic signals |55, 120], based on the fact that accetmams simu-
lated as series of pulses, white noise and lItered white neigjive rise to
response spectra with damping, which are similar to those tined from
real earthquakes of great magnitude in a limited frequencyange. The
need to model seismic motion by means of non-stationary shastic pro-
cesses arises when the ground and/or the structure behawvias clearly
non-linear because, in this case, the system might undergaeterioration
with a strength loss during the major motion phase of the ednguake,
and this would result in a reduction of its natural frequenas.

Finally, concerning the possibility of extracting reliabé estimates also
at concomitant heavy damping, although theoretical deriviions belong to
the assumption of light damping, the following remarks may & expressed.
The hypothesis of lightly-damped structures has been made Eq. (3.8),
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3.1. Fundamentals of the rFDD technique

where the pole can be anyway expressed gs= ! +i! g’ Kt
i1« even with heavy damping. In fact, by assuming a modal dampingtio

« = 10%, the former equation leads to an error of abous 10 °rad=son
the ! g4« computation (with respect to5 10 °rad=s arising from , = 1%),
an acceptable value in engineering terms.

TA - Tabas Earthquake, WE comp. (1978)
10 ‘ ‘ ‘ ‘ ‘ ‘ : ‘
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Figure 3.2: Accelerogram, Auto-PSD and Gabor Wavelet Transform of Tabasearth-
quake signal, WE component.
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Figure 3.3: Instantaneous Auto Correlation Function (ACF) of Tabas earthquake
signal, WE component.

Accordingly, relations from Eq. [3.6) to Eq. [3.9) work progrly, prov-
ing the theoretical e ectiveness of the algorithm at heavy damping. With
respect to the subsequent procedures for heavy damping esdtes, the-
oretical derivations are still fully valid. Flattening of the peaks and ex-
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Chapter 3. Re ned FDD: theoretical background

tremely noisy SVs lead to critical conditions for classic&#DD procedures.
The developed algorithm, with its procedures and strategse returns well-
de ned peaks and SVs, leading to e ective modal parameter mates, as
it can be appreciated from the illustrative results reportd in Chapter [4.

3.1.3 Main novelties of the present rFDD algorithm

Main assumptions of classical FDD methods consist of (statiary) white
noise input, light damping (modal damping ratios in the ordeof 1%) and
geometrically-orthogonal mode shapes of close modes [17].

The present rFDD method, whose original theoretical backgund has
been reported in[]91, 92], conceptually derives from clasai FDD meth-
ods [17], but has been specically developed to deal with ¢hquake-
induced structural response signals and concurrent heavamping con-
ditions (in terms of FDD identi cation challenge, i.e. for realistic modal
damping ratios up to 10%.

Pioldi et al. [90 92] have discussed the theoretical valiti and e cacy
of the present rFDD technique, through the use of syntheticessmic re-
sponse signals in the linear range. Trials with real earthqle responses
and damage scenarios in the non-linear range have been eieely per-
formed as well in[[93]. In[[95, 97], further rFDD computatioal strate-
gies have been introduced, by adopting excitation data frortne complete
FEMA P695 earthquake database, towards achieving an extews val-
idation in the Earthquake Engineering range. In[[101, 102}he rFDD
technique has been also applied to frames under Soil-Strue Interac-
tion (SSI) e ects, towards obtaining the identi cation of exible- and
xed-base modal parameters from earthquake-induced strtizal response
signals (see also Chaptér 5).

For the sake of completeness, the following computationaeps (and
references quoted therein) summarize the main work ow of & present
rFDD algorithm:

Suitably-developed lItering applied to the structural regponse input
signals (earthquake-induced structural responses) bedostarting the
modal identi cation process [92].

Coupling of the rFDD algorithm to a time-frequency Gabor Waelet
Transform (GWT), towards achieving a correct evaluation ofthe
time-frequency features of the signals and a best setup fofDD
identi cation [97].

Processing of the auto- and cross-correlation matrix enés, by aim-
ing at obtaining clearer and well-de ned SVs out of seismiesponse

signals [[91].
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3.1. Fundamentals of the rFDD technique

Integrated PSD matrix computation, implementing simultareously
both Wiener-Khinchin's approach and Welch's modi ed peridogram
method [91/92]. Wiener-Khinchin's procedure works espalty well
with short signals, allowing for a clearer peak detection,at only on
the rst SV curve, but also on the subsequent ones. Welch's rieod,
instead, implements averaging and windowing before the fr@ency-
domain convolution, allowing to achieve better mode shapedespite
for the not so good separation of the signals in the modal spgac
Then, the integrated PSD matrix computation aims at extracing
better modal estimates, by taking simultaneous advantagef doth
PSD evaluation methods.

Iterative loop and optimization algorithm towards achievhg e ec-
tive modal damping ratio estimates, especially under heaxgamping
identi cation conditions [92].

Coupled Chebyshev Type Il bandpass lters computational pce-
dure, aiming at enhancing the SDoF spectral bells towardstesation
improvement, when challenging seismic input and heavy-dammg

conditions apply [97].

Estimation of modal parameters by operating on di erent SVand on
their composition, to detect each SV contribution and to reenstruct
the original SDoF spectral bells[[92].

Inner procedure for frequency resolution enhancement, Wwaut the
need of higher frequency sampling, as rst outlined in [92].

Combined use of di erent MAC indexes towards modal validatin
purposes [[92,93]. After a preliminary peak-picking [[92]the use
of Modal Assurance Criterion (MAC) and Modal Phase Collinea
ity (MPC) indexes [91] becomes necessary to discern spursopeaks
from true (physical) modal ones. In particular, these indexs have
been used to discard spurious peaks that exhibit a compleximber
character (i.e. displaying modal de ection phases that sig cantly
deviate fromO or ).
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Chapter 3. Re ned FDD: theoretical background

3.2 Rened FDD modal dynamic identi cation of natural
frequencies and mode shapes

3.2.1 Time-Frequency signal analysis and suitably-develo ped
Itering for the rFDD technique

As explained earlier in Sectiori_3.112, for some selected Amhite noise
input, as for several earthquake response signals, over fnequency inter-
val ! syp, Which is chosen to include the structural modal frequensaunder
target (or at least some of them), the spectrum may change tagr slowly.
The selected frequency interval s, may be de ned according to the spe-
ci ¢ study being undertaken. If the target would be that of predicting the
seismic response by modal properties, as it is performed @éethe focus
would be placed on the lower-frequency global response paeters; if the
intent would be that of identifying potential structural damage, a focus
on the higher-frequency local response parameters would @@nsidered.

The previous weakly-stationary assumption may be betteappreci-
ated by looking at Fig.[3.4, where El Centro earthquake (lateadopted
in Chapter [4) has been taken as an example. Over the speci ednge
between0OHz and 10 Hz a linear interpolation of the spectrum has been
represented. The slightness of its angular coe cient and th at dis-
tribution of the regression residuals suggests that the spteum may be
approximated with reasonable accuracy as being weakly sanary (or
at least similar to a pink noise, i.e. a signal that falls o at3dB per
frequency octave in terms of power at a constant bandwidth 08]). The
Gabor Wavelet Transform (GWT) [11] of the adopted earthqua& record,
despite its global non-stationarity, con rms the assumptn of a weakly
stationary signal for narrow frequency intervals, too.

The present time-frequency distribution and spectrum atress analy-
sis is a necessary step when dealing with earthquake-inddcstructural
response signals (not only with synthetic signals, but alsweith real data),
in order to be con dent on the choice of the correct frequencinterval
(if a such kind of frequency interval exists) for a reasonablvalidity of
the at spectrum assumption. This time-frequency analysiss a manda-
tory pre-processing step that integrates the rFDD algoritm. Basically,
a frequency interval must necessarily be found where the gpeim is ap-
proximately at, which contains as much natural frequencis as possible,
pertaining to the monitored structure. This procedure, whth shall be
extended also to the output spectrum, enables for the selemt of the cor-
rect frequency range, to be adopted in the following compuianal steps.
Otherwise, it would not possible to ensure the reliability bthe achieved
estimates. After the selection of the g, interval, the remaining part of
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3.2. rFDD natural frequencies and mode shapes identi catio n

the frequency spectrum shall be discarded through an appnagte (low-,
band- or high-pass) Itering.

Power Spectral Density

Accelerogram - El Centro earthquake (1940)
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Figure 3.4:  Accelerogram, Auto-PSD with linear regression, residualsand Gabor
Wavelet Transform (GWT) of El Centro earthquake (1940).

Also, a further data Itering may be necessary before modabenti -
cation, with respect to the use of a random excitation, sincadditional
undesired frequency contents, that for civil structures goespond to the
high frequency components of the spectra, shall be left-outhis portion
of the spectra may be signi cant with earthquakes, and must & removed
(or, at least, reduced) by an adequate low-pass ltering ohie acquisitions.
Estimates take quite a signi cant advantage from this featte.

3.2.2 Auto- and cross-correlation matrix processing

In the presence of noisy or weakly-stationary data (or nortetionary data,
as earthquakes), theR,( ) matrix can be further processed to obtain an
untrended well-de ned version, as outlined in the subsequot steps (see
also [91] for more details). Practically, each of then? combinations of
channels resulting from theR,( ) matrix may be tted by the following
linear estimator:

Ry( )= A+ Xg B (3.15)

whereX . is the matrix of the time instants , described for every column
of Ryy( ), and A, B are the vectors of the parameters to be tted, withay
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Chapter 3. Re ned FDD: theoretical background

by the minimization of function R below as follows:

8 2
Xt h iy E Jak = @é‘;k) =0
R®(ay; by) = Ryy; a+ Xr; b ) 2 (3.16)
B} > _ @Ry _,
7 Jp = =
@by

where J, and Jy are the k" terms of the Jacobian matrixJ. Solving
for ax and by, it is possible to obtain the estimates of the linear trends

Iny( ) in Eq. (3.158). Finally, the de-trended correlation matrix @n be
formulated as:

RSSU( )= Ry() Ry() (3.17)
where the de-trended correlation matringf,”( ) shows the important

property of a zero mean. This processing of the correlationatnix helps
in removing possible troubles related to non-stationary oweakly non-
stationary data, leading to a re nement of the achievable ésnates, specif-
ically in the seismic response input scenario. In Fig._3.5 amparison be-
tween the SVD obtained from the application (Figi-3.6b) or nb(Fig. B.5R)
of the de-trended correlation matring)e,“( ) is presented. It can be no-
ticed that the application of this procedure may return cleeer and well-

de ned SVs, a fact which positively re ects in the achievald modal esti-
mates.
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Figure 3.5: SVD obtained by the rFDD algorithm (a) without (Ryy ( )) and (b) with

(R;’)e,"( )) processing of the correlation matrix, ten-storey frame, L'Aquila earth-
guake, NS component.

3.2.3 Integrated approach for PSD matrix computation

Output PSD matrix Gy (! sup), selected for the frequency interval sy,
shall be computed through numerical methods. The integrateapproach
for the PSD matrix computation presented in this work simulaneously
implements the Wiener-Khinchin [9] and the Welch's modi edperiodo-
gram [126] methods in a sequential way.
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3.2. rFDD natural frequencies and mode shapes identi catio n

The Wiener-Khinchin algorithm is based on the direct Fourie Trans-
form (FT) of the correlation matrix R$"( ) (see Egs.[(3.11) and (3.12)),
in order to obtain the PSD matrix of the response$ dEtr(I Sub)"

h [ h [
Gdetr(| Sub)_ F Rdetr( ) - F detr( ) T — _G! detr(| Su)

(3.18)
where G (! si) = F RG"( ) is the PSD matrix of responses (in
terms of pr|n0|pal coordlnatesp.) obtained as FT of the untrended corre-
lation matrix Rde”( ) (see([91] for more details), expressed again in prin-
cipal coordlnates This makes the close relationship betere the modal
decomposition of Eq. [[(3.B) and Eq.[(3.18) clearly visible. t&s from
Eq. (3.15) to Eq. (3.18) de ne the method that shall be calle€Correlation
Approach (Corr).

After the use of the Corr approach, the second method adoptdy the
rFDD algorithm for the estimation of the Gy (! su) matrix derives from
the Welch's modi ed periodogram, starting from [126]:

P 1 Lo P2 o
KL 1) Y(HW(t)e " T ye (HW(t)e " T
| N t=0 t=0
ny(- Sub) K

p1
k=1 W(t)z

t=0

(3.19)

whereK is the number of segments of length and overlappingr (r = 2=3
in the present work) in which the initial signaly(t) has been dividedy(t)
is the k™™ segment of the original signal andlV(t) is the considered window-
ing function, i.e. an Hanning window as in this casel[9]. The ethod re-
sumed in Eqg. [3.19) shall be calletiVelch Approach (Welch) This method
implements averaging and windowing, formerly than frequey domain
convolution; this leads to slightly better estimates, esmgally with long
recordings, despite for the appearance of noisier singulalues.

The present rFDD algorithm displays the innovative and powedul fea-
ture of the simultaneous implementation of both Corr and Weh methods,
into an integrated process, in order to take advantage of theeculiarities
of both approaches. First, a run with the Corr approach is péormed,
by applying the peak-picking procedure on the sharper and tier de ned
SVs (and then, clearer and well-de ned peaks) provided by th method.
The peak-picking technique is supported by the use of MAC, Ao-MAC,
MPC and Auto-MPC indexes (later introduced in Section_3.4)8 through
comparison of the mode shapes of each potential peak with #eof the
others in its proximity. In this way the correct peaks (i.e. he correct
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frequency lines related to the modes of vibration) may be detted. This
method works well especially with short signals, as for thesoming from
earthquake records, though it may produce slightly less ao@ate mode
shapes. Peaks may be detected not only on the rst SV curve, balso
on the remaining ones.

Then, the PSD matrix is recomputed through the Welch's apprach,
which is applied sequentially to the Corr method. This aimstaextracting
the nal modal estimates, read in correspondence of the foery-detected
frequency lined = ! arising from the Corr method. This method imple-
ments averaging and windowing, previous to the frequencythain convo-
lution, leading to slightly better estimates, especially ¥h long recordings,
despite for the appearance of noisier singular values. Withis method,
only the peaks on the rst SV are adopted, in order to avoid ldeage on
the achievable estimates.

In short, the contribution of the Corr approach detects the orrect
resonance peaks, allowing to process noisy SVs that may arisom the
Welch's procedure more e ectively, which otherwise wouldeturn merged
and doubtful peaks. According to the characteristics of theecorded struc-
tural responses, this may e ectively help in the nal modal stimates.

This original integrated procedure leads to a substantiaimprovement
of the seismic modal estimates, not only in case of synthetiesponse sig-
nals, but also and speci cally in case of real earthquakeesponse input.
This potential feature can be appreciated in Fid. 316, wherthe two meth-
ods for the computation of the PSD matrix are displayed, fo@ing on the
results (i.e. on the detected frequency lines) provided byhé subsequent
SVD computation.

Singular Value Decomposition - Correlation Approach

SVs [Log((m=s*)?=Hz)]

A i

A A/

SVs [Log((m=s*)2=Hz)]

. . .
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@) Frequency [Hz] (b) Frequency [Hz]

Figure 3.6: Singular Value Decomposition obtained from integrated corputation of
the PSD matrix: (a) Corr Approach; (b) Welch Approach; response to Encino earth-
quake (2014), NS component. The peak frequency lines detabte by the Corr Ap-
proach (a) are transferred to the Welch Approach (b), where tke modal peaks are
hardly visible for direct peak-picking.
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3.2.4 Strategies for natural frequency and mode shape modal
dynamic identi cation

Now, as it is common in stochastic dynamics, it is possible &ssume that
the modal coordinates are uncorrelated; whenever this assption is valid,
or whenever the inputis at [17/75], the PSD matrix can be demmposed as
seen in previous Eqs.[(318) and (3.9). For classical FDD, the/pothesis
of light damping [17] becomes necessary for this step. Anywdor the
rFDD algorithm this last assumption shall be overcome, by &ving room
also for highly damped cases, with still a reliable approxiation.

Accordingly, the input cross-correlation functions vanis, so that ma-
trices Rpp( ) and G (! ) are assumed diagonal. Then, if the mode shapes
(the columns of matrix ) are orthogonal to each other, Eq.[(3.18) repre-
sents a spectral decomposition. Th&,, (! ) matrix can be represented as
the summation ofn Gy(! ) , [ terms, whereG(! ) is the auto-spectral
density function of the k™ modal coordinate. Although the SVD forces
the singular vectors to be orthogonal, notice that in genefr@xperimental
mode shapes are not orthogonel [13]. This will introduce ads error in
the mode shape estimation, towards the orthogonality betwea adjacent
eigenvectors, which directly depends on the distance be®veadjacent sin-
gular values (the larger the di erence, the smaller the errp [13]. Then,
this hypothesis (or at least mode shapes orthogonality folase modes)
IS a requirement, inter alia (the others are white noise inguand light
damping), to achieve an accurate SVD of the spectral matrixIf these
assumptions are not satis ed (as in this seismic heavy-darag case), the
decomposition becomes approximate, but may still be accuea|9], justi-
fying then the adoption of the current rFDD technique.

Then, remembering Eqgs.[(318) and(3.18), it is possible to wsider a
SVD of the transpose of the response PSD matrix:

20
i!

Gy (1) diag <e H=ysuH (3.20)

k

where U is a unitary complex matrix (i.,e. UUH = U"U = 1) holding

the singular vectors (i.e. the eigenvectors) an8 is a real diagonal matrix
holding the singular values (i.e. the eigenvalues). In gera¢, the SVD of an
arbitrary matrix A is given byA = USV " (see e.g[]36,75]), where and

V are unitary matrices holding the left and right singular vetors and S is

a rectangular matrix holding the non-zero singular valuesRemembering
that G,y (! ) is Hermitian and positive de nite [9] (since all PSD matrice

embed energy content), this bringdJ = V; thus, the SVD of a PSD
matrix can always be expressed by Eq._(3.20), factorizaticaalso known as
spectral theorem[[9, 15].
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The above-mentioned SVD technique is performed at each fresncy
line! = 1,;. Starting from the SVD of Eq. (3.20), modal identi cation
can be made around a modal peak in the frequency domain, thedrcbe
located by a peak-picking procedure on the singular valuespresentation.
The previous peak-picking can be applied also to the SV produplot,
supporting the procedure in case of very high damping or ngislata and
further improving the modal estimates. Especially, when dy the k"
principal value is dominant, i.e. it reaches the maximum neaa modal
frequency! , the response PSD matrix can be approximated by a unitary
rank matrix [14]:

Gy(li=1)" Sl (3.21)

where the rst singular value s, at the k' resonance frequency leads
to an estimate, with unitary normalization, of the related node shape
Ak = Uk;. The identied mode shape is then compared to the others in
its proximity [L3], by making basic reference to the clasat MAC (Modal
Assurance Criterion) index[[1]:

H 2
MAC( i o= ——— (3.22)
r r S S
The MAC index represents the square of the correlation betwa two
modal vectors ,, . If the MAC index is 1, the two compared vectors

can be considered as identical; O, clearly distinct (orthogonal). As long
as a principal vector related to a frequency around the modpkak displays
a high MAC value (nearl, say larger than for exampled:8 0:9), related

to the estimated mode shape, the corresponding principal lue locates a
subset of SV that belongs to the SDoF density function [14, L.5Further

indices based on MAC EQ.[(3.22) are also used later in the atgbhm (see
Section[3.4.8), with the purpose to assess the validity of ¢hestimated
modal parameters.

3.3 Modal damping ratio estimates by re ned FDD

After the evaluation of the natural damped frequencies and ade shapes
estimates, as delineated in previous Section 3.2.4, the rBDalgorithm
is further extended, by accounting for consistent estimaseof the modal
damping ratios and of the undamped natural frequencies, tbugh a devel-
opment of the classical Enhanced FDD algorithm. Followingegtion[3.3.1
presents the classical FDD method, while Sectidn 3.8.2 outs in detail
the original procedure developed in the rFDD algorithm, an®ection3.3.3
nally develops the coupled Chebyshev Type Il Iters procedre for the
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3.3. Modal damping ratio estimates by rFDD

estimate improvements, especially as concerning the modimping ra-
tios.

3.3.1 Classical Enhanced FDD algorithm

With the classical EFDD algorithm [14/42] modal damping rabs and
undamped natural frequencies can be estimated. The main feees of
this procedure are reported below. The SDoF power spectrakmsity
function associated to thek™ mode is identi ed around the corresponding
resonance peak, by comparing the associate estimated mollepe to those
at the frequency lines in its proximity, in terms of MAC Iter ing [42[130].
This phase is usually referred to as spectral bell identi deon. As a sample
of the procedure, in Fig[3.I7a the peak picking technique ohé rst SV is
represented, while in Fig[.3J7b the spectral bell identi caon of the rst
mode is depicted.

The located subset of singular values in the spectral bell tiaken back
to the time domain by Inverse Discrete Fourier Transform (IBT), by
obtaining an estimate of the SDoF auto-correlation functio related to the
resonance peak. In this process, remaining parts of the PSihttion that
lay outside the frequency window of the spectral bell are s&t zero [14].

- First Singular Value " Spectral Bell Identi- cation on | SV
1 - - - - - 1 - - - -

100+
101

f\
1024 N Vi Rl W
o 7 W‘ |H‘ .IMIM W H‘ f"ywl V Vwm]f AY\“M ’””\“r”'m

Singular Value [(m=s?)2=Hz]
Singular Value [(m=s?)?=Hz]

0 25 5 75 10 125 15 0 25 5 75 10 125 15
(@) Frequency [Hz] (b) Frequency [Hz]

Figure 3.7: Display of the peak-picking technique on the rst singular vaue and of the
spectral bell identi cation of the rst mode; six-storey fra me, L'Aquila earthquake.

All extrema, i.e. peaks and valleys, that shall represent thfree decay of
a damped SDoF system, are identi ed within an appropriate the window,
as it can be seen in Fig.318a. Through a peak-picking of peaksd valleys
in the selected time window, it is possible to evaluate the d@rithmic
decrement as:

2 r
=ZIn -2 (3.23)
k Tk}
wherek is an integer index counter of thek! extreme of the auto-corre-
lation function, k = 1;2;:::, while ry and ry are the initial and the k™
extreme value of the auto-correlation function, respectely. Then, a linear
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relation can be obtained in terms of countek [12]:
2in(rej)) =In(rg) k (3.24)

which can be plotted and tted with a straight line (see a samfe in
Fig. [3.8b). Its slope provides an estimate of the logarithraidecrement ,
through a linear regression ok and 2In (jrj). Finally, from the estimated
logarithmic decrement =  of modeq the corresponding modal damping
ratio 4 can be classically evaluated as [14]:

q= 942‘1:4_3 (3.25)
Then, knowing the estimated modal damping ratio, and the estimated
damped frequency, the undamped natural frequency can be abied [14].
Summarizing, the standard EFDD algorithm sets xed valuesdr the MAC
index (for example 0:6) used to perform the spectral bell identi cation
and the peaks of the auto-correlation withir0%to 20% of the maximum
amplitude are selected to perform the subsequent regressioperations.
More details on the standard procedure can be found in |12, 74].

Normalized Correlation Function of SV Spectral Bell Linear Regression Technique on the 2Irjyj) Function
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Figure 3.8: Selected time window of the normalized IDFT and linear regreden tech-
nique for the estimate of the modal damping ratio; rst mode, #-storey frame,
L'Aquila earthquake.

3.3.2 Damping estimates by re ned FDD: iterative loop and
optimization algorithm

The re ned FDD technique evaluates the modal damping ratioby an ad-
vanced optimization algorithm, in order to achieve reliald estimates, es-
pecially in the case of seismic input and heavy damping, whiciegatively
a ect the results achievable from classical EFDD algorithrs. Mainly, the
adoption of preselected xed parameters (i.e. MAC value fdhe bell iden-
ti cation and selected range of amplitudes for the ACF, as glained in
Section[3.3.1), as usually done in standard EFDD, su ers fdhese tough
conditions [12[73]. Also, the present use of seismic inputakes it harder
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3.3. Modal damping ratio estimates by rFDD

for the correct detection of the SDoF system associated toahdenti ed
mode. Besides, the use of the following procedure automatbée estima-
tion of the modal damping ratios and does not require the intaction with
an expert operator. The selection of the correct time windown the SDoF
Auto-Correlation Function (ACF) represents the most di cu It part of the
algorithm, which, jointly with the spectral bell identi ca tion, derive from
truncated data, introducing errors in the damping estimate [125]. This
disadvantage must be taken into account, especially with asely spaced
modes[[130]. An inspection about contents, decimation ancefiuency res-
olution of adopted signals must be necessary to achieve wadl ned time
window representations. Besides, the correct outcome ofetraforemen-
tioned linear regression is directly connected to the adegey of the time
window selection. These two steps, jointly with the choicefdhe spectral
bell, shall be performed by anterative operation of advanced optimization
according to the following procedure:

1. The spectral bell identi cation of the " mode of vibration is per-
formed rst with a 0:9 MAC index, selecting theSy subset of SVs

directly from Eq. (3.18):

So(')=So(!i=!g9= 05 :iig:::50 T

(3.26)

wheres and s, are the lower and upper values of the spectral bell.

2. The identi ed set of SV is taken back to time domain by Invese
Fourier Transform and normalized, by obtaining the relatedSDoF
Auto-Correlation Function (ACF), Ryy.o( ):

1 X1 -
—  Sp(l)e ' =

Ryyo( )= F ' So(!)

3. On the normalized SDoF Auto-Correlation Function (ACF) wo ex-
ponential decays are tted, both on peaks and valleys of the @F,
de ning terms ¥, and ¢, respectively:

PP =APexp BPxP ; ¢V =AYexp B'x' (3.28)

whereA' andB' are the parameters to be tted, whilex' represent the
peak and valley time instant vectors (superscript denotes peak®,
and valleysv, respectively). These parameters can be calculated by
the minimization of the R; function, wherein the points are equally
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weighted (with respect to classical exponential best- t, Wwere greater
weights to smally values are given):

X h . . P
R7@;0)= y Iny a +b'x
1'8—1
3, _ @R) _, (3.29)
al @J
: 2 - @RD
H. @)i -

where J,; and Jp; are the terms of the Jacobian matrixJ, while su-
perscripti again denotes peaks and valleys, respectively. The tting
coe cients @ and b' may be computed ast' =In(A) " andb' = B'.
Solving for @ and b', it is possible to obtain the estimates of the
exponential decays as in Eq[(3.28).

4. All ACF extrema ranging fromrg = 90% to r, = 30% of the maxi-
mum amplitude are selected within an appropriate time windw, by
obtaining the normalized ACF subsetR yy.q( su):

Ryo(sw)= Fo:iiifn ' Ryol() (3.30)

5. Subsequent operations of regression, according to cieals EFDD
procedures, are performed and the modal damping ratiq, is esti-
mated.

6. The exponential decays of Eq.[(3.28) included in the time indow
of the ACF are compared with the classical damping trends, &ing
from SDoF free damped vibrations:

! !

| |
yP=exp  gp—=x i yY=exp  gp—iox' (3.31)
q q

where the maximum amplitude of the motion is set equal ta for the
normalized ACF,  is the estimated modal damping ratio (point 5)
and! 4 is the " estimated damped frequency.

7. The computed exponential decays of Eqd. (3131) are comedy by
calculating the residuals™ with the tted decays of point 3:

A A A (3.32)

These residuals are compared for each peak and valley of thERA
considered time window.
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8. The developed algorithm works in order to minimize theseesiduals,
by recalibrating the time window parameters (i.e. the minimmm and
maximum amplitudes selected on the ACFt, andr,) and the MAC
index at each step, with an iterative loop from point 1 to poih7, until
a reliable estimate of 4 is obtained. This means that the residuals
must be less than a xed parameter, for exampl&' < 0:01 in the
present analyses. The MAC index is the rst value recalibrad by
the algorithm, ranging from0:70to 0:99, while rq andr,, secondarily,
shall assume values betwee®t7 ro 1.0and01 r, 04, by
expanding or contracting the time window, until the residués have
been minimized.

The optimization algorithm adopted for the residuals minination
adopts two sources of information, i.e. the classical danmg trends yP,
y¥ and the exponential tted decaysy¢P, §V. Either these data depend
on the adopted MAC index and on the ACF time window parameters
The minimization of the residuals, allowing for a most e edve evaluation
of the modal damping ratio 4, is measured in terms of an appropriate
objective function P(z), de ned as follows:

n ; ) 5 y 9\/ 2#T
_ Yi i . Yi i _
P(z) = (1 /NS [N
(2) ) i @) yY 233
|}\p 2 n 2#T ( ' )
= L : 1 _
vy a ) yY

where z is the (3 1) vector including the parameters to be optimized
with respect to thei = 1;:::;n ACF points, and 2 [0;1] represents a
weighting coe cient, set to 0:5 in the present work. The minimization of
the residuals in the objective function is achieved by using non-linear
least-squares algorithm through the Isgnonlin functionof the Matlab

Optimization Toolbox [116].

The procedure described above conceptually derives fromassical
EFDD algorithms [14,42] but considers a re ned and improvegbroce-
dure with an optimization loop, limiting possible errors ad inaccuracies
in the estimates, with respect to classical EFDD implementens of the
literature (see the results presented in [91] for further dails). Despite the
iterative approach, rather limited computing time has beeradded to the
computational e ort of a classical EFDD algorithm, in the oder of 20%
Finally, an example of the ACF curve ttings that may be achieved from
the adoption of the present procedure is depicted in Fig. 3 @&tructural
features of the adopted frames are going to be presented indphers(4).
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Figure 3.9: ACF curve tting for the 1st mode of vibration of a two-, three- and
six-storey frame, Kocaeli b) (12082), Superstition Hills b) (12122) and Chi-Chi a)
(12141) earthquakes, NS component.

3.3.3 Enhancement of modal parameter estimates via coupled
Chebyshev Type Il bandpass lters

When tough seismic input and heavy damping conditions applye. espe-
cially when the adopted structural responses exhibit strager non-statio-
nary or heavy-damped conditions, in terms of FDD identi caton challenge
(namely when > 1 2%, seel[[17]), this technique may be further im-
proved with a novel computational procedure. This method i®ased on
coupled Chebyshev Type Il bandpass lters, in order to achwe much ef-
fective estimation of natural frequencies, mode shapes ad@mping ratios.

These Iters have been adopted in order to enhance the SDoFesral
bells related to the identied mode and to isolate their fregency con-
tent, with respect to that of the remaining spectrum. This isbecause,
when earthquakes characterized by strong non-stationaryeaadopted as
input excitations, the harmonics brought about by themseles (around the
modal peaks) may in uence the correct outcomes of the rFDD gbrithm.
Therefore, the need was that of seeking for an appropriatetdr that was
capable to extract the correct modal information from the S¥, without
loss of data content.

The choice had fallen on Chebyshev Type Il Iters since, afteseveral
trials and simulations, this kind of Iter showed to be the met e ective one
for the sought enhancement of the SDoF spectral bells, withba ecting
the main characteristics of the original signal in the fregency interval of
interest (i.e. within the range of the considered modal peakChebyshev Il
lters are characterized by a at (monotonic) passband magitude and
equiripple response in the stopband. They do not roll 0 as f& as Type |

Iters, and they are free of passband ripple. In addition, tley minimize
the error between the idealized Iter and the actual Iter characteristics,
over the range of the lter itself [79].
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3.3. Modal damping ratio estimates by rFDD

An example of the outcome of the adopted Chebyshev Type Il &r
is represented in Figl_3.10, where magnitude and phase respes are de-
picted for the enhancement of the second mode SDoF spectrallbfor a
two-storey frame (see later description in Chaptérl4).

Chebyshev Type Il bandpass- Iter - Magnitude Response Chebyshev Type Il bandpass- Iter - Phase Response
T T T T T T T T T 2 T T T T T T T T T

Phase [rad]
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. . . . . I . . . . . . . . . .
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Normalized Frequency ¢ : rad=sample) Normalized Frequency ¢ : rad=sample)

Figure 3.10: Magnitude and phase response of the adopted Chebyshev Typéahd-
pass lter for the enhancement of the Il mode SDoF spectral bél two-storey frame.

Basically, the Chebyshev Type Il bandpass Iter procedure ay be
outlined as follows:

1. A rst run of the rFDD method is performed on the original eath-
guake-induced response signals, which are adopted as inpbannels
for the identi cation algorithm, including for the iterati ve procedure
for the modal damping ratio estimates (see Sectidn 3.8.2). hik is
necessary to extract all the modal peaks, i.e. all the resamze fre-

modal estimates are going to be improved through the preseabu-
pled Iter method.

2. From the iterative procedure in Sectiori 3.312, a well-geid set of
MAC indexes can be achieved, leading to an appropriate det®mn
of the spectral bells. For thek™ mode of vibration, the spectral bell
may be selected from theS; subset of the SVs as:

Sk(M)=Sk(i="1y= O.':,:::sk:::s.uoT (3.34)

wheres and s, are the lower and upper values of the spectral bell,
to which lower and upper frequencies, and! , de ning the spectral
bell correspond. These extreme values can be extracted byrmmaring
the k™ frequency peak with the frequency lines in its proximity, in
terms of singular vectors, with a MAC index set equal to the am
achieved from the iterative procedure in Sectioh 3.3.2.

3. Lower and upper frequencies, and! , are used for the de nition of
the lower and upper bounds, i.e. the stopband edge frequessiof a
Chebyshev Type Il bandpass lter [79]:

', =0:80!,; !y=1:20!, (3.35)
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where! | and!  are the lower and higher stopband frequencies of the
Iter, which are calculated by taking 20% of the original lower and
upper frequencies, as adopted for all the analyses in the peat work.
The attempts that were performed for the selection of the apppriate
boundary values showed that these are, on average, the beatues
that can be adopted in the following steps. Generally, . and !
may vary between0:70< !  =!, < 0:90and 1:10< ! y=!, < 1:30,
respectively, as a function of the modal damping ratio undesarget.
In fact, the modal damping ratio directly a ects the width of the
SDoF spectral bell. For light damping, i.e. for in the order of
1 2% normalized values 00:90 and 1:10 can be used, leading to a
narrow interval. On the other hand, for damping values in theorder
of 5 10% itis necessary to adopt a wider interval, i.e. with extreme
normalized values 00:70 and 1:30.

4. Then, the Chebyshev Type Il lIter is de ned as a 4th-order N =4)
bandpass Iter with an As = 60dB stopband attenuation and! ,
Iy lower and higher stopband frequencies. For the present apsils,
the lter order and the stopband attenuation speci cationshave been
selected, after several trials, as the more suitable onesaohieve the
best trade-o among passband width, transition band steemss and
stopband attenuation. As for! | and! y, order and stopband atten-
uation may vary between3< N < 5and50dB< A; < 70dB, as a
function of the modal damping ratio under target. The highewvalues
show to be more suitable for light damping, while lower valgeneed
to be used at increasing damping. In the present form, the Chg
shev Il Iter is implemented within MATLAB via a Transfer Fun ction
design as a zero-phase digital Iter [79], by using thecheby?2 lter
design and the Itlt digital Iter environment.

5. The so-de ned Chebyshev Il Iter is applied to all the orignal earth-
guake-induced response signals, in order to compute theelted sig-
nals for each mode (detected in Step 1), which are used theniagut
channels for the rFDD algorithm. An example of the achievabl |-
tered responses (in terms of accelerations) and their FFTtaf the
application of the Chebyshev Il Iter is depicted in Fig.[3.1, where
the ltering on the | and Il mode is applied on the 15t-storey response.
The rFDD procedure shall be applied in all its computationakteps,
until the SVD of the output PSD matrix is achieved (see Eq.[(Z0)).
In this way, a set ofn SDoF Itered spectral bells can be obtained,
by sequentially applying present Steps 2-5, for each of thegviously-
de ned modal peaks! ; =1;:::;k;:::;n.

6. Obviously, eachk™ SDoF Itered spectral bell has components on
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the di erent SV lines, obtained through the application of the SVD.
An example of the Singular Value Decomposition obtained fro the
Chebyshev Il Itering applied on the | and Il mode of vibration is
represented in Fig[ 3.12. Finally, the achieved set of SDoF Itered
spectral bells is recomposed over the original SVs, in order obtain
the new set of ltered SVs that is going to constitute the bas for
the modal parameter identi cation. The Itered set of SVs can be
reconstructed by taking into account the overlapping poirg between
the data coming from dierent SDoF ltered spectral bells. The

remaining parts that do not compete to thek!™ modal peaks are then
removed from the nal SV curves.
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Figure 3.11: Chebyshev Type Il bandpass lItering on the | and Il mode on the 1st

storey responses and FFT of the responses, Chi-Chi a) (1213learthquake, NS
component, two-storey frame.
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Figure 3.12: Singular Value Decomposition obtained from the Chebyshevype I

bandpass ltering on the rst and second mode, Chi-Chi a) (1214) earthquake, NS
component, two-storey frame.

Then, the achieved set of reconstructed ltered SVs is usedrfmodal
identi cation, by applying the estimation steps of the rFDD algorithm
(see Sectiom_3]2). Samples of the resulting SVs are depictadrig. 3.13a
and[3.13b, for a two- and a three-storey frame (frame propées are de-
scribed in Chapter[4). The support of this innovative stratgy enhances
the modal parameter estimates, with respect to those acheve by the
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Chapter 3. Re ned FDD: theoretical background

basic rFDD algorithm, especially when the adopted earthqkas exhibit
stronger non-stationary and critical features for the rFDDvalidity. In
fact, some earthquakes carry several strong harmonics inrn@spondence
of the structural frequencies, which trouble the correct dection of the
resonance peaks and lead to more dicult estimates. That faare, in
addition to heavy damping (in terms of FDD identi cation challenge),
may bring to failures or to consistent errors, when using tditional FDD
methods. Then, the application of the current procedure sk to be able
to isolate the modal information of the spectral peaks fromhie remain-
ing frequency lines of the spectra. Further descriptions d@nnumerical
examples from this procedure can be found ih [97].

Singular Value Decomposition

Singular Value Decomposition

Singular Values [(mFs?)2=Hz]

0 25 5 75 10 125 15 0 25 5 75 10 125 15
@) Frequency [Hz] (b) Frequency [Hz]

[ I'SV (fFDD) 11 SV (iFDD) I SV (FFDD) ——1 SV (fFDD¥ -l) —— 11 SV (1FDD+ -1 —— 11l SV (FDD+ -1 |

Figure 3.13: Singular Value Decomposition obtained from basic rFDD and
rEDD+ Iter for: (a) two-storey frame, Chi-Chi a) (12141) earth quake, NS com-
ponent; (b) three-storey frame, Superstition Hills b) (1212) earthquake, NS com-
ponent.

3.4 Further rFDD computational procedures at seismic input
and heavy damping

3.4.1 Reconstruction of the original SDoF spectral bells

With the adoption of ambient input excitations, i.e. of clasically-used
white noise, modal peaks may be detected all on the rst Singar
Value (SV) curve, which contains all the necessary modal mfmation
towards natural frequency, mode shape and modal damping ratestima-
tions. With white noise input, the adoption of the remainingSVs curves
IS not necessary, since they are characterized by greatlywvigr energetic
levels, bringing to an increase of the bias level of the esttes.

That is no longer true with seismic input, since they displaydi erent
characteristics with respect to the white noise signals. ®m, the inte-
grated approach for PSD matrix computation, explained befe in Sec-
tion B.2.3, leads to the possibility of having the modal inflanation, and
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3.4. Further rFDD computational procedures

then the modal peaks, on dierent SV curves. In this case, thdier-
ent energy levels of the SV curves with seismic input bring tiess biased
estimations by adopting also the SV curves beyond the rst an

Then, the integrated PSD matrix computation suggested by té re-
ned FDD procedure (Section[3.2.8), shall lead to substardi help in the
location of the correct resonance peaks at seismic input aatso at heavy
damping. With this procedure, the estimate of the modal pamaeters be-
comes feasible by operating at the same time on di erent SVan example
is shown in following Fig.[3.14a, where the SVD of the PSD matr cal-
culated with the Corr method is represented. It is possibleot see that
resonance peaks can be found on di erent SVs, thanks to thesaler rep-
resentation o ered by the procedure. Moreover, the use of ¢hSV product
plot, i.e. the representation of the product between variaiSVs for each
frequency line, is complementary (see [88,/89]).

Then, in case of very noisy SVs (e.g. especially with heavy rdping)
or some seismic input, a partial overlapping of SVs is also ggble. The
individuation of the spectral bells can be originally made @an envelope
composition of di erent SVs portions, similarly to the comnon overlap-
ping technique [64], by building a ctitious SDoF SV, as it isshown in
Fig.[3.14b. Then, the use of Blind Source Separation [29] istmecessary
at this stage.

Singular Value Decomposition

Spectral Bell Identi- cation

Singular Values [(m/s?)?/Hz]

0 25 5 75 10 125 15
(a) Frequency [Hz] (b) Frequency [Hz]

Figure 3.14: Display of the SVD and of the ctitious SV related to the fourth vibration
mode, six-storey frame, L'Aquila earthquake.

So, a ctitious SDoF SV can be built to help the modal paramete
estimates, especially as concerning the identi cation ohe modal damp-
ing ratios. The example reported in Fig[3.14b, where the sgteal bell
related to the fourth mode of vibration is composed as a ctibus SV
from portions of di erent SVs (in this case the |, II, Il and 1V modes
are adopted). Also, the peaks related to the Ill, V and VI mode can
be found on the second SV curve, and the spectral bells can bmitarly
composed. This feature di ers from the chance o ered by clagcal EFDD
algorithms, which allow for the overlapping of SVs based upahe use of
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Chapter 3. Re ned FDD: theoretical background

a modal peak positioned on the rst SV. The presence of resamze peaks
on dierent SVs may produce severe working conditions for a&ditional

EFDD algorithms, which are supported here by the strategiesf the cur-

rent re ned FDD procedure [91,92]. Then, by starting from tle SV curve
reconstruction related to a particular mode of vibration, 8 the remaining

rFDD computational procedures may be thoroughly applied.

3.4.2 Frequency resolution enhancement

Another important issue concerns the frequency resolutioff ;). Seismic
input signals display very limited registrations with resgct to ambient
recordings, and this may reduce the frequency resolution g@gted for the
PSD matrix evaluation. In fact, the PSD's frequency resolubn is an-
other fundamental issue towards achieving reliable estirtes, especially
for the damping ratios, where the frequency resolution dicHly a ects the
number of points which can be used during the linear regresaes (see
Section[3.3.2), and consequently the reliability of the redts. Also the
remaining modal parameters are a ected by the adopted fregucy reso-
lution, since a low frequency sampling§s may truncate the modal peaks in
the SV curves, leading to less accurate natural frequency@mode shape
estimates, or even introducing noise and errors in the estates.

Then, the adopted frequency resolution looks an essentiaature for
the adoption of seismic input, whose intrinsic short duratn (with re-
spect to ambient recordings) may de nitely a ect the achieable estimates.
Then, it is possible to enhance the frequency resolution bytng on two
parameters: the time sampling t or the total number of points Nins
adopted for the PSD matrix computation. Both directly depenl on the
total time length of the structural response recording.

Time sampling and total time length of the recording dependsn the
duration of the seismic signal and on the characteristics t¢fhe adopted
instrumentation. So, the way implemented with the rFDD algoithm to
avoid the lacking of frequency resolution is to increase theumber of
points used for the PSD matrix computations through an intgpolation of
the spectrum; this can be done by adding a zero-solicitatidime window
at the end of the earthquake acquisitions, thus increasindi¢ length of
recordings with an operation similar to that known as zero-gdding in
classical signal analysis [36].

Starting from the original seismic response recording, wdfi has its own
total time length t;, total number of points Nyeins and time sampling t
as:

tr = Npoints t (3.36)

it is possible to add a zero-solicitation time windowt,, i.e. a series of

48



3.4. Further rFDD computational procedures

zeros Ngeros, Such that time length ty may be incremented until time
length t;;, necessary to obtain the desired frequency resolution. Tia
it is possible to obtain:

te =t + 1o =( Npoints + Nzeros) t (3.37)
With the new number of pointsN:

ts
Np = Npoints + Nyeros = _tt

The new increased frequency resolution which is going to bdagpted
for the PSD computation is the following:

(3.38)

1 1 1

t Np tg
More speci cations and some practical examples may be foumd [89,
[92], where some case studies relating the record length teetmodal esti-
mates are considered, too. In the literature, it is genergllsaid that reg-
istration lengths of about1000 2000times the rst natural period often
result to be appropriate [13,104]. So, this issue is fundantel to reach
consistent estimates of the modal parameters, especiallgr fthe modal
damping ratios, even for the low damping cases, where a neefjuency
resolution is necessary to correctly score the very sharpgkes.

(3.39)

3.4.3 Modal detection and validation via MAC indexes and
complexity analysis

Towards modal detection and modal validation purposes, th@resent
rFDD algorithm adopts the combined use of di erent MAC indexes [91,93].
The use of Modal Assurance Criterion (MAC) and Modal Phase Qlmear-
ity (MPC) indexes (also in their Auto-MAC and Auto-MPC meanings)
comes after a preliminary peak-picking on the available\%& [92], and
becomes necessary to discern spurious peaks from trueypical) modal
ones. In particular, these indexes may be used to discard sjpus peaks
that exhibit a complex-number character (i.e. displaying radal de ection
phases that signi cantly deviate fromO or ).

Fig. [3.15 represents, for an applicative case, the assoei@tModal As-
surance Criterion (MAC), Auto-Modal Assurance Criterion Auto-MAC)
and Auto-Modal Phase Collinearity (Auto-MPC) indices [1]. The MAC
index was outlined in previous Sectiof 3.2.4. Its purpose tisat of com-
paring two di erent mode shapes towards modal validation (Wwen target
modal parameters are available), and to support modal peakd spectral
bell detection for the modal damping ratio estimation.

49



Chapter 3. Re ned FDD: theoretical background

MAC for the Modes Auto-MAC for the Modes Auto-MPC for the Modes

Figure 3.15: Modal Assurance Criterion, Auto-Modal Assurance Criterion and Auto-
Modal Phase Collinearity for the estimated mode shapes; sigtorey frame, L'Aquila
earthquake (x = 1%).

The Auto-MAC index is a version of the MAC index in which the
estimated mode shapes are correlated with themselvesuto-MAC =
MAC( kesti kest); €specially, the Auto-MAC matrix is useful to detect
if some modes are not orthogonal to each-other. All diagontdrms are
unitary by de nition, while o -diagonal terms, due to the orthogonality
hypothesis between the modes, shall be at around zero. Thastence of
non-zero o -diagonal terms (e.g. larger tharD:4) can be taken as a sign
of little degree of correlation.

Finally, the Auto-MPC is an index that checks the degree of co-
plexity of a mode, by evaluating the functional linear relabn between
imaginary and real parts of the mode shape components [[1, L.O4This
index is based on variance-covariance matrix computationgpplied to
the estimated mode shapes, and can be calculated as the MAQ&x
among an estimated mode shape and its complex conjugafeito-MPC =
MAC( kest: kes)- AN MPC index greater than, say,0:5 may be inter-
preted as if the mode shape vector components are all in-pka@nd then
the estimates are considered to be suitable), while a lowealve suggests
anomalous uctuations of the phases (related, for exampléo unreliable
mode shapes, or to potential structural damage). Also, a wial inspection
of the mode shapes complexity is possible at this stage[93].

Either the Auto-MAC and Auto-MPC indexes help with the modal
identi cation when no target parameters are available foramparison pur-
poses[[l]. The existence of non-zero o -diagonal terms alswlicates a
little degree of correlation between some of the modes, igome of them
are not correctly estimated (or in some cases the estimatesaynnot be
reliable).
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|Chapter 4

Re ned Frequency Domain Decomposition:
main results

As it concerns the developed identi cation analyses and reks, in the
present thesis only selected outcomes are reported, fronetiwhole bulge
of cases that have been analysed in seminal works||88 90] aimdmore
recent works [3840,91195,97,98,100] and all along the wieodevelopment
of this doctoral dissertation.

In particular, in present Chapter[4 the focus falls on two dierent
structures, i.e. a reference three-storey shear-type frenand a more re-
alistic ten-storey shear-type frame, with regards to the @sof synthetic
earthquake-induced structural response signals. Both stitures are char-
acterized by heavy damping, and they are analysed throughehadoption
of a set of ten earthquake base excitations. These structsrand earth-
quakes are going to be adopted for all the three proposed metts explored
in this thesis, namely rFDD (present Chaptef4), SSI-DATA (Gapter [6)
and FDCIM (Chapter [7)), in order to make it possible for a detded com-
parison among these algorithms within the Earthquake Engeering range.

For the rFDD algorithm only the most deepened and analysedlgo-
rithm in the present work additional results are going to bepresented
both in present Chapter{4 (Section 4J3) and in Chaptdr]5, repsenting an
extensive analysis based on the adoption of the FEMA P695 daguake
database with three di erent shear-type frame structures rad a further
analysis with structures subjected to Soil-Structure Inteaction e ects,
additionally to the earthquake excitation input and the heay damping
conditions, respectively.

Then, as a nal and conclusive analysis framework, some rdsuwith
the adoption of real earthquake-induced structural resp@e signals will
be reported in Chaptel 8, where all the three OMA methods areoghg to
be used for nal comparison purposes.
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4.1 Adopted earthquake dataset and numerical models

The input response channels to be fed to the present OMA outponly
algorithms are rst obtained from calculated synthetic stuctural response
signals of linear multi-storey frames. Storey acceleratie are considered as
input for the identi cation algorithms. These numerical response record-
ings are generated prior to the modal identi cation by takig as base ac-
celeration an earthquake from a set of ten selected seismiognd motions
(see Tabld4.1).

The adopted earthquakes have been chosen as representatines from
a wide variety of seismic events, with rather di erent charateristics, i.e.
time-frequency spectra, duration, sampling, magnitude ahPGA. Also,
they have been speci cally selected as expected challergyimstances for
the present rFDD, SSI-DATA and FDCIM identi cation purposes, given
their non-stationary nature.

The simulated structural responses are calculated by direttime inte-
gration of the equations of motion, via Newmark's (averagecaeleration)
method [27]. The use of synthetic signals shall full a rst mcessary
condition for the algorithms' e ectiveness, since modal pameters are de-
termined via direct modal analysis before identi cation ad adopted as
known targets for validation purposes.

Earthquake Date Station Dur. [s] fs[Hz] M Comp. PGA [g]
(AQ) L'Aquila 06=04=2009 AQV 100 200 58 WE 0:659
(CH) Maule 27-02=2010 Angle S/N 760 180 100 88 WE 0:697
(EC) EIl Centro 18-05=1940 0117 40 100 71 NS 0:312
(IV) Imperial Valley = 15=10=1979 01260 58 100 64 NS 0:331
(KO) Kobe 17=01=1995 Nishi Akashi 41 100 69 WE 0:510
(LP) Loma Prieta 17=10=1989 47459 40 50 70 WE 0:359
(NO) Northridge 17=02=1994 24436 60 50 &7 WE 1:778
(NZ) Christchurch 03=09=2010 163541 82 50 71 NS 0:752
(TA) Tabas 16=09=1978 70 Boshrooyeh 43 50 73 WE 0:929
(TO) Tohoku 11=03-2011 MYG004 300 100 90 NS 2:699

Table 4.1: Main features of the adopted set of ten selected earthquakeskaexcitations.

The frame structure that has been adopted rst for initial vei ca-
tion is a reference three-storey shear-type frame, subjedtto each single
base excitation instance from the above adopted set of terrehg ground
motions. This reference 3-DoF case has been characterizgdabmodal
damping ratio y = 7%, for all the structural modes, a rather high value
for the present OMA identi cation purposes, especially witin the seismic
engineering scenario. Structural and modal dynamic characistics of the
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adopted three-storey frame[92] are reported in Table 4.2.

Floor 1 2 3
Stiness  10° [kN=m] 202:83 20283 20283
Mass 10° [kg] 144 144 144
Mode 1 2 3
Natural frequency [Hz] 8 2:6589 8 7448 9 8 1076 9
< 0:328= < 0:737= < 0:591=
Mode shape[1] . 0:591 . 0:328 - 0737
T 0737 T 0591 " 0:328
Assumed modal damping ratio [%] 7% 7% 7%

Table 4.2: Properties of the analysed reference three-storey framé [92

Then, after the reference 3-storey frame, the focus goes tetanalyses
and results that can be achieved by adopting a realistic testorey RC
frame, taken from the work of Villaverde and Koyamal [123]. Tis shear-
type frame is subjected to each single earthquake excitatidrom the set
of strong ground motions reported in Tablé 4]1 and synthetiseismic re-
sponse signals are calculated before the subsequent ideation process.
Structural and modal dynamic characteristics of this 10-Die frame are
reported in Table[4.3 (mode shapes are not reported for congtaess pur-
poses; however, they may be found in [82]).

Floor 1 2 3 4 5 6 7 8 9 10
Stiness 10°[kN=m]  62:47 5926 5614 5302 4991 4679 4370 4055 3743 3431
Mass 10° [kg] 179 170 161 152 143 134 125 116 107 98
Mode 1 2 3 4 5 6 7 8 9 10

Natural frequency [Hz] 0:500 1:326 2151 2934 3653 4292 4836 5272 5590 5787
Modal damping ratio [%]2:50%350%516%6:83%840%981%1101%1198%1269%1313%

Table 4.3: Properties of the analysed realistic ten-storey frame[[123]

The use of this 10-DoFs frame represents a rather challenginase for
the modal identi cation, since the building is characteried by very close
modes (the ten natural frequencies are contained within aHz interval).
As concerning to the damping modelling, Rayleigh proportiwal damping
(i.e. alinear combination of sti ness and mass matrices) Isebeen adopted,
by setting ; = 2:5%and , = 3:5% for the rst two modes, respectively.
In this way, the modal damping ratios become rather high, indrms of
identi cation challenge for the present OMA algorithms, rasing up to
values of ; at around 10%for half of the modes of vibration.
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4.2 Results from synthetic output-only modal dynamic
identi cation

4.2.1 Analyses and results with a reference three-storey
frame

By taking as base excitation the single instances from thetsef ten se-
lected earthquake recordings presented in Sectiobn 4.1 (Tabf.1), modal
dynamic identi cation analyses have been performed with # rFDD al-
gorithm (Chapter [3), in order to identify all strong ground motion modal
parameters.

The rFDD identi cation method adopts constant time series éngths
of 400 sand a 0:0025 Hzfrequency resolution, by applying the method
outlined in Section[3.4.2, which allows to increase the fragncy resolution
of the recordings, despite for the shortness of the seismiistories.

As concerning to the present rFDD method, the following paraeters
have been adopted for the performed analyses:

Butterworth low-pass ltering, order 8, cutting frequency 15 Hz ap-
plied to the earthquake-induced structural response siglsa(input
channels for the rFDD algorithm);

No decimation, decimation of order2 and of order5 of the response
signals, as a function of the frequency sampling of the redangs, i.e.
50Hz 100 Hzand 200 Hz respectively;

Integrated PSD matrix computation through both Welch's Mod ed
Periodogram, generally set with 1024-points Hanning smdohg win-
dows and 66.7% overlapping (2048-points Hanning smoothingn-
dows when no decimation is applied), and Wiener-Khinchin ntigod,
set with a de-trended biased correlation matrix (see [91] rfanore
details).

As concerning to the achievable rFDD outcomes, the three maldpeaks
are detectable from the frequency lines on the rst SV. Alsanodal peaks
are repeated on the remaining SVs, which is a clear index ofigence of
the related mode of vibration. Anyway, MAC and MPC indexes myg be
simultaneously adopted towards modal peak selection andliation, as
extensively outlined in [91[,92].

Thus, by the strategies and settings reported above, comptesyn-
thetic output-only analyses with the rFDD method have been erformed.
A synopsis from all the achieved results is reported in Fig.. B, where
the estimates in terms of absolute deviations of rFDD identd natural
frequencies and modal damping ratios and achieved MAC indexfor the
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estimated mode shapes are depicted. Estimates are reporiadterms of
absolute deviations of estimated natural frequenciesf and modal damp-
ing ratios from the target parameters, and of achieved MAC indexes
for the estimated mode shapes on the target ones, calculatasl follows:

jf est ftargj

f =1 &gl (4.1a)
ftarg
_ J est targj
=== 497 4.1b
targ ( )
j H j2
MAC = - est_larg (4.1c)

H T H -
J est est] targ targJ

The rFDD estimated frequencies show deviations that are aays be-
low 5%, except for the last modes of the NO, LP and TA earthquake
cases (Table_4]1), where deviations increase up 884 The estimated
modal damping ratios display very low deviations, at around.0% as a
mean. Then, the frequency and damping estimates from theseadysed
rFDD cases show to be very close to the target values. ThensalMAC
values are always higher thar®:91, for all the modes, by con rming the
goodness of the achieved results.

rFDD, all earthquakes, " f rFDD, all earthquakes, " 1 rFDD, all earthquakes, MAC
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Figure 4.1: Deviations of estimated natural frequencies and modal danipg ratios,
and MAC indexes, three-storey frame, synthetic response gnals, rFDD algorithm,
complete considered earthquake dataset.

Then, global results on the achieved modal estimates are flaer sum-
marized in Fig.[4.2, where the absolute deviations of the @stated natural
frequencies and modal damping ratios, and the MAC indexesearepre-
sented, in terms of suitably-designed dispersion diagran&/]. The syn-
thetic estimates for the adopted three-storey frame have be condensed
all together, by displaying the minimum, the mean and the marmum
(absolute) deviations, in blue, black and red coloured liseand mark-
ers, respectively. Then, the normalized truncated GaussiaProbability
Density Functions (PDF) related to the dispersion of the estnates have
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been depicted for each mode, jointly with an indication of tb standard
deviation of the estimated values. In the present case, frequency and
modal damping ratio deviations shall turn out strictly postive (since ab-
solute percentage deviations are adopted), while MAC index shall vary
between 0 and 1. By taking into account such boundaries, trgated
Gaussians are tted on the achieved estimates, for each exared case.
A demonstration of the possible use of truncated Gaussiarsfurther go-
ing to be reported in Chapter[ 5, where the performed analysisith the
FEMA P695 earthquake database is going to be addressed.
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Figure 4.2: Dispersion diagrams for the deviations of estimated naturafrequencies
and modal damping ratios, and for the MAC indexes, three-st@y frame, synthetic
response signals, rFDD algorithm, complete considered eartligke dataset. Mini-
mum, mean and maximum values, and standard deviations are dicated.

These truncated Gaussians represent the probability of apprance of
a certain deviation, as associated to each estimate, betwethe minimum
and the maximum value, and are centred on the mean value. As ig
possible to be appreciated, the maximum deviations are alyg& on the
Gaussian tails, while the minimum deviations lay in the Gausan center.
This con rms the goodness of the achieved rFDD modal identcation
estimates.

Finally, the achieved results are also synoptically repogt in statistical
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form in Fig. 4.3, through appropriate boxplots In these representations,
each boxplot relates to the natural frequencies, modal danmg ratios and
MAC values estimated from the performed analyses. In eachgot the
inner rectangular box represents the central 50% of the ideéred param-
eters, while the centred line indicates their median. Therthe right and
left boundary segments depict the 25% and 75% quantiles ofethelated
statistical distributions. Finally, the vertical through-plot dashed green
lines mark the known targeted modal parameters for the identation
procedure.

The presented boxplots con rm again the goodness of the aeked
rEDD results. Natural frequency estimates show to substaiatlly catch
the expected target values. Also, MAC indexes reveal very gd mode
shape estimates, even for the last modes of vibration. Fimgl modal
damping ratios display again very good estimates, by shovwgra rather
contained dispersion.
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Figure 4.3: Boxplot diagrams for estimated natural frequencies, modatlamping ratios
and MAC indexes, three-storey frame, synthetic response gnals, rFDD algorithm,
complete considered earthquake dataset.

4.2.2 Further synthetic identi cation analyses with a real istic
ten-storey frame

In the present section, the focus goes to the analyses andulesthat can
be achieved by adopting the realistic ten-storey RC frame timduced in
Section[4.1 (see Table4.3). The adopted settings for the riEDidenti -
cation procedure are the same as those employed before, pk¢kan for
the Butterworth low-pass Itering, whose cutting frequeng now has been
taken equal to7:5Hz

Thus, by adopting the present realistic ten-storey frame, ysithetic
output-only analyses with the present rFDD algorithm have ken per-
formed. As it was previously done in Section 4.2.1, a synopdrom all
the achieved results is depicted in Fig. 4.4. Again, the absie deviations
of the rFDD identi ed natural frequencies and modal dampingatios and
the achieved MAC indexes are reported in the following repsentations.

The estimated frequencies from rFDD show deviations that aralways
below 7%, except for the fth and sixth modes of the IV earthquake case
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(Table [4.1), where deviations increase up t8:11% The most demanding
seismic excitations turn out to be the EC, IV and NO cases.

rFDD, all earthquakes, " f rFDD, all earthquakes, " 1 rFDD, all earthquakes, MAC
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Figure 4.4: Deviations of estimated natural frequencies and modal danipg ratios,
and MAC indexes, ten-storey frame, synthetic response sigts, rFDD algorithm,
complete considered earthquake dataset.

The rFDD estimated modal damping ratios display good (low) evia-
tions, at around20% Maximum deviations show to be lower tha®2% for
all the cases. Deviations show to be higher than for the threstorey frame;
however, it should be recalled that really demanding heawamping iden-
ti cation conditions have been challenged here, with; up to 13% As it
was seen with the previous 3-DoF case, rFDD frequency and dpimg
estimates for the present 10-DOF case show to be very closehe target
values.

MAC values are always higher tharD:70for the rst ve modes, except
for the fth mode of the LP, NO and NZ cases, where they go downot
0:396 0:657 and 0:67Q respectively. Anyway, especially for the lowest
MAC values, they show to be rather isolate instances. For theemaining
modes, MACs show to be acceptable for most cases, until foretiseventh
mode, after which MAC values go to rather unacceptable valse

Thus, in terms of strong ground motion modal parameters at laay
damping, rFDD shows to be very consistent, for the present M real-
istic case, at the present stage of development and implentation.

As before, Fig[4.5 summarizes the global results on the aetd modal
estimates for the ten-storey frame, where the absolute dations of the
estimated natural frequencies and modal damping ratios, dnthe MAC
indexes are represented in terms of appropriate dispersidiagrams. The
truncated Gaussian distributions show once again that maxium devi-
ations lay always on the Gaussian tails, while minimum devilns are
located near the Gaussian centres. This conrms the goodrsesf the
achieved rFDD modal identi cation estimates, despite forhe rather chal-
lenging scenario. In fact, it is clearly visible that rFDD Gaussians are very
narrow, especially as concerning to the natural frequensiand the modal
damping ratios. This is again an indication of the e ective prformance
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on

of the rFDD algorithm in the present context and implementaton.
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Figure 4.5: Dispersion diagrams for the deviations of estimated naturafrequencies

and modal damping ratios, and for the MAC indexes, ten-stong frame, synthetic
response signals, rFDD algorithm, complete considered earthigke dataset. Mini-
mum, mean and maximum values, and standard deviations are dicated.

Finally, the results achieved from the realistic ten-storngframe are also
synoptically reported in Fig.[4.6, in terms of statistical loxplots. Here,
natural frequencies, modal damping ratios and MAC values @®sated

from the performed synthetic analyses are represented.

Frequency boxplot, rFDD

Damping boxplot, rFDD

MAC boxplot, rFDD

10 1 1 1 I 1 oo 10 [ 1 1 T TN 100 1+ I
sl T 5 R T S s R s ol |
S A I S AR i — e
S 6f 1 | | I Poeme Lo S 6 - I = e S 6L k———— B e E——— |
0 SR R S SRR INRY B MR ivs = - = |
BRI AN i
1 + 1 1 i o 1 Hp i i o B ') 1 |
0 1 2 3 4 5 6 7 0 1 2 3 45 6 7 8 9 1011 12 13 14 15 0 01 02 03 04 05 06 07 08 09 1
Frequency [Hz] Modal damping ratio [%] MAC index [1]
Figure 4.6: Boxplot diagrams for estimated natural frequencies, modatlamping ratios

and MAC indexes, ten-storey frame, synthetic response sigts, rFDD algorithm,
complete considered earthquake dataset.

The proposed boxplots conrm again the goodness of the rFDD
achieved results. Despite for the very high modal damping tias reached
by the present case, in terms of rFDD identi cation challeng, modal
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parameter estimates show to be very close to the target vakie Again,
natural frequency estimates turn out very close to the exptad target
values. Also MAC indexes reveal very good mode shape estiemtuntil
the fth mode of vibration, i.e. a more than adequate number bmodes,
in order to describe the dynamical behaviour of the structa, speci cally
under seismic excitation. Finally, also modal damping ratis display very
good estimates, by showing rather contained dispersions &l the modes.

4.3 Extensive validation with the FEMA P695 earthquake
database

4.3.1 Adopted FEMA P695 seismic database

Towards reaching a conclusive validation of the e ectiverss of the present
rEDD algorithm, speci cally for the targeted context of eathquake-in-

duced structural responses (accelerations adopted as inpnannels for
the identi cation process) and simultaneous heavy dampinghe codi ed

FEMA P695 seimic database [37] has been considered as a setioc the
base-excitation instances of structural input.

This database was developed by the US Federal Emergency Mgaa
ment Agency (FEMA) as a selection of ground motion recordspitvards
the collapse assessment of structures using nonlinear dyma analysis
methods [37]. Nowadays, its use is widely established in tlearthquake
engineering research eld, whether for structural analysj dynamics or
identi cation purposes.

The ground motion record database includes a set of ground tiams
recorded at sites located at a distance greater than or equtd 10 km
from fault rupture, referred to as Far-Field record set (2 NS and 22 WE
individual components for 22 seismic events), recordingsl@ted for the
present identi cation analysis, and a set of ground motionsecorded at
sites laying less than 10 km from fault rupture, referred tos Near-Field
record set (28 NS and 28 WE individual components for 28 seignevents).

Seismic records in the database have been selected accgdm the
following criteria [37]:

Source magnitude: ground motions with a magnitude M larger
than 6.5;

Source type:ground motions from earthquakes with either strike-slip
or reverse (thrust) sources;

Site conditions: ground motions recorded on either soft rock (Site
Class C) or sti soil (Site Class D) sites;

Site-source: the source-to-site distance was taken as the average of
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4.3. Validation with the FEMA P695 earthquake database

Campbell and Joyner-Boore fault distances provided in the FER
NGA database;

Number of records per event:to avoid potential event-based bias
in record sets, no more than two records were taken from any @n
earthquake for a record set;

Strongest ground motion recordsPGA and PGV greater than 0:2 g
and 15 cnrs, respectively;

Strong-motion instrument capability: ability to record long-period
vibrations is required,;

Strong-motion instrument location: only instruments located in a
free- eld location or on a ground oor of a small building hae been

used.
SubsetEQ ID Earthquake Station Name - Owner
M PGA [g] Year Name Dur. [s] fs [Hz]

12011 67 0:52 1994 Northridge, USA 29:99 100 Bev. Hills, Mulhol - USC
12012 67 0:48 1994 Northridge, USA 19:99 100 Canyon Country - USC
12041 71 0:82 1999 Duzce, Turkey 55:90 100 Bolu - ERD
12052 71 0:34 1999 Hector Mine, USA 45:31 100 Hector, SCSN
12061 65 0:35 1979 Imperial Valley, USA 99:92 100 Delta - UNAMUCSD

(1/2) 12062 65 0:38 1979 Imperial Valley, USA  39:035 200 EI Centro Arr. #11 - USGS
1207169 0:51 1995 Kobe, Japan 40:96 100 Nishi-Akashi - CUE
12072 69 0:24 1995 Kobe, Japan 40:96 100 Shin-Osaka - CUE
12081 75 0:36 1999  Kocaeli, Turkey 27:.085 200 Duzce - ERD
12082 75 0:22 1999  Kocaeli, Turkey 30:00 200 Arcelik - KOERI
12091 7.3 0:24 1992 Landers, USA 44:00 50 Yermo Fire Stat. - CDMG
12092 7.3 0:42 1992 Landers, USA 27:965 300 Coolwater - SCE
12101 69 0:53 1989 Loma Prieta, USA 39:955 200 Capitola - CDMG
1210269 0:56 1989 Loma Prieta, USA 39:945 200 Gilroy Array #3 - CDMG
12111 74 0:51 1990 Manijil, Iran 53:52 50 Abbar - BHRC

12121 65 0:36  1987Superstition Hills, USA  40:00 200 EI Centro Imp. Co. - CDMG
(2/2) 1212265 0:45 1987Superstition Hills, USA 22:30 100 Poe Road (temp) - USGS
12132 7.0 0:45 1992Cape Mendocino, USA 36:00 50 Rio Dell Overpass - CDMG

1214176 0:44 1999  Chi-Chi, Taiwan 90:00 200 CHY101 - CWB
12142 7.6 0:51 1999  Chi-Chi, Taiwan 90:00 200 TCUO045 - CWB
12151 66 0:21 1971 San Fernando, USA  28:00 100 LA Hollywood Stor - CDMG
1217165 0:35 1976 Friuli, Italy 36:345 200 Tolmezzo

Table 4.4. Main characteristics of the 22 Far-Field set of earthquakes, FEIA
P695 [37]. Subsets (1/2) and (2/2) refer to the graphs later eported in Sec-

tion #.3.2]

Table [4.4 summarizes the main characteristics of the adopteset of
Far-Field seismic records (44 recordings) considered asbaxcitations for
the present identi cation analyses. PGA is referred here abe maximum
value registered among the NS and WE components, for each smered
earthquake instance. These signals have been used as baséation for
the calculation of the linear structural response of chosaear-type frame
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structures (Section’4.3.2). The subdivision of seismic sigls in Table[4.4
into two further subsets (indicated as (1/2) and (2/2)) becanes necessary,
at this stage, to better appreciate the outcomes of the fortoming investi-
gation and their graphical representation. Thus, such paition refers just
to achieving a clearer reading of the graphs that are going twe reported
in following Section[4.3.2.

4.3.2 Numerical rFDD identi cation results

A series of multi-storey shear-type frames have been anadgs speci cally
a two-, a three- and a six-storey shear-type frame. The strwzal features
of these three frames are resumed in Table 4.5. The undampeddhal
parameters of the frames have been determined rst, via dice modal
analysis, before starting the identi cation process, to awstitute then the
benchmark reference to be targeted by the present rFDD modalenti -

cation procedure.

Frame Floor 1 2 3 4 5 6
Two-storey Stiness  10° [kN=m] 130 124
Mass 10° [kg] 70 70
Three-storey St Ness 10° [kN=m] 202:83 20283 20283
y Mass 10° [kg] 144 144 144
Six-store Stiness 10°[kN=m] 304:25 28396 26368 24340 22311 20283
Y Mass 10° [kg] 144 144 144 144 144 144

Table 4.5: Structural properties of the adopted two-, three- and six-stey shear-type
frames (adopted also in[[92]).

In the present work, the modal damping ratios of the frames a
been set as constant for all their structural modes. Specitly, within
the present section, the following values of modal dampin@tios have
been assumed:; = 5% for the two-storey frame, ; = 3% for the three-
storey frame and ; = 2% for the six-storey frame. The modal fea-
tures, namely natural frequencies and modal damping ratipsf the three
adopted frames, are reported in Table_4.6.

Within following Section [4.3.3, instead, only the six-stay frame is
going to be considered for further validation, though with avery high
value of modal damping ratio, i.e. ; = 10%, for all the six modes of the
frame.

For the sake of representation and discussion, only selett@nd synop-
tic identi cation results from the whole bulge of generateddenti cation
outcomes are reported and commented here, in view of decipghg global
identi cation trends.
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Frame Mode 1 2 3 4 5 6

Natural frequency [Hz] 4:211 1091
Modal damping ratio [%] 5% 5%

Natural frequency [Hz] 2:658 7.448 1Q76
Modal damping ratio [%] 3% 3% 3%

Natural frequency [Hz] 1667 4674 7451 9793 1159 1309
Modal damping ratio [%] 2% 2% 2% 2% 2% 2%

Two-storey

Three-storey

Six-storey

Table 4.6: Modal properties of the adopted two-, three- and six-storey hear-type
frames (adopted also in[[92]).

As said, the numerical input to be fed to the rFDD output-onlyidenti -
cation algorithm is constituted by synthetic earthquakefduced response
signals, generated numerically prior to dynamic identi cdion. The above
presented22 + 22 = 44 Far-Field seismic records (Tablé_4]14) have been
adopted as base excitation instances for the structural nesnse calcula-
tion of the considered frame structures, through standardrme integration
(Newmark's average acceleration method) [27]. Then, thepgat channels
for the rFDD identi cation arise from the achieved simulatel structural
responses (all storey accelerations are considered as inghannels).

Although the duration and sampling frequency of each seismrecord
vary, the rEDD dynamic identi cation analyses have been pdormed with
the same time series lengths and frequency resolutions, a&ported in
Table[4.7 (see Section 3.4.2 in Chaptét 3 and [92] for more dli).

Table 4.7: Processing parameters for the adopted seismic response s@s and con-
sidered frame structures.

Frame Lengt_h of time Sampling Adopte_d frequency
seriest [s] frequency f ¢ [HZz] resolution f [HZz]
Two-storey 400 50 300 Q0025
Three-storey 600 50 300 Q00167
Six-storey 1000 50 300 Q001

Despite for the non-stationary seismic input characterigts and the con-
current heavy damping condition (in terms of identi cation challenge), all
structural modes have been excited enough to be consistgnitlenti ed
all. Fundamental support has been especially brought aboby the devel-
oped integrated PSD matrix computation (Sectior_3.213), iplementing
simultaneously both Wiener-Khinchin and Welch's modi ed griodogram
methods, and by all the remaining rFDD procedures outlinediChapter[3.

Detailed syntheses from all the achieved results are demdt in
Figs.[4.7E4.9, where the estimates in terms of absolute datons of rFDD
identi ed natural frequencies and modal damping ratios, ath achieved
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MAC indexes for the estimated mode shapes are reported. Adeeed
to above, for the sake of representation, the adopted FEMA P& Far
Field set has been subdivided into two further subsets (indated as (1/2)
and (2/2)), for each of the spatial NS and WE components of thearth-
guake recordings. In the present section, a total 2 + 22) 3 =132
cases with the Far-Field FEMA P695 database (both 44 NS and Wé&bom-
ponents) and the three frames has been analysed.
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Figure 4.7: Deviations of estimated natural frequencies and modal danipg ratios,
and MAC indexes, two-storey frame, | = 5%, Far-Field FEMA P695 database, NS
and WE components. Results from the adopted (1/2) and (2/2) sibsets of the Far-
Field set are individually reported, for each of the 22 NS and 2 WE components

(Table [@4).
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Estimates are reported in terms of absolute deviations of tesated

natural frequencies f and of estimated modal damping ratios

from

the target parameters, and of achieved MAC indexes for the temated
mode shapes on the target ones (see EQs. 4.1a44.1c).
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Figure 4.8:

Deviations of estimated natural frequencies and modal danipg ratios,

and MAC indexes, three-storey frame, ; = 3%, Far-Field FEMA P695 database,

NS and WE components. Results from the adopted (1/2) and (2/2 subsets of the
Far-Field set are individually reported, for each of the 22 NS ad 22 WE components

(Table @4).

Maximum deviations of the estimated frequencies turn out bew 10%,
5% and 10% for the rst mode of vibration, for the two-, three-and six-
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storey frames, respectively. Also for the subsequent mogdesaxima of
deviations are reasonably contained, showing peaks of @8 7.9% and
16.24% for the second, second and sixth modes of vibrationtbé two-,

three- and six-storey frames. In general, the larger deviahs on the last
modes arise from Landers a) (12091), Manijil (12111) and Capkndocino
(12132) earthquakes, characterized by a lower frequencyrgaing of 50 Hz
(Table [4.4). Also Kocaeli b) (12082), Superstition Hills b)12122) and
Chi-Chi a) (12141) earthquakes lead to larger deviations,ith respect to
those achieved from the other seismic records. This is ditlycrelated to

the exhibited stronger non-stationarity of such earthquad signals.

However, these larger deviations appear only as isolatedsiances,
among the remaining ones. In fact, deviations have shown tcebvery
limited, by proving that these slightly higher deviations ather behave as
outliers, as compared to the values of the mean deviationsn beneral
terms, as it could be expected, deviations increase from thest to the
last modes of vibration, for all the three considered framesnd selected
forty-four earthquake FEMA P695 Far-Field excitations. Further, at in-
creasing modal damping values, modal identi cation becorsemuch chal-
lenging, giving rise to higher deviations, with respect tohe identi cation
results achieved for the cases with lower damping.

Modal damping ratio deviations show to be always less than 2§) for
all the analysed cases. In general terms, this modal parareetdisplays
well-distributed estimates, with respect to those achiedefor the natural
frequencies, in the sense that it reveals to be less sengtito the varia-
tion of the adopted frame and considered earthquake in theadti cation
analysis. This is due to the achieved possibility of alwaysléntifying cor-
rectly the spectral bells, namely by selecting the correct\8 instances
with an appropriate MAC ltering, in the surroundings of the selected
modal frequency(]96].

Finally, a very good agreement between estimated and target mode
shapes is demonstrated by the achieved MAC indexes. MACs afbvays
unitary for the rst mode of vibration, for all the considered cases. For
the second and third modes of vibration (for the three- and sistorey
frames only), MACs show to be always higher than 0.9. For thexsstorey
frame, the fourth mode displays MACs always higher than 0.80nly the
fth and sixth modes start to be less accurate, but anyway a@ptable in
engineering terms, by referring to their mean values. The wse cases, i.e.
for the fth and sixth modes of the six-storey frame, are rele@ed again to
Kocaeli b) (12082), Superstition Hills b) (12122) and Chi-@i a) (12141)
earthquakes, by con rming their critical features, as corgrning to the
adoption of the present rFDD approach with seismic responseput, at
raising structural damping.

66



4.3. Validation with the FEMA P695 earthquake database
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Figure 4.9: Deviations of estimated natural frequencies and modal danipg ratios,
and MAC indexes, six-storey frame, | = 2%, Far-Field FEMA P695 database, NS
and WE components. Results from the adopted (1/2) and (2/2) sibsets of the Far-
Field set are individually reported, for each of the 22 NS and 2 WE components

(Table [4.4).

Additionally, a summary of all the analysed cases is repodein
Figs. [4.11-4.T4, in terms of suitably-developed dispersialiagrams, as
it was previously done in Sections 4.2.1 arid 4.2.2. The estitas for the
adopted two-, three- and six-storey frames have been conded, by dis-
playing the minimum, the mean and the maximum (absolute) deations,
in blue, black and red coloured lines and markers, respealy. The ab-
solute deviations are represented on the y-axis, for eachagded frame,
as a function of the considered mode of vibration, which is pieted on
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the x-axis. The achieved estimates are reported in three gnos for each
frame, i.e. by summarizing the results from the North-Soutl{NS), from
the West-East (WE) and from the full set of all the analysed cses (both
spatial components).
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Figure 4.10: Histograms and truncated Gaussian t of frequency and dampig de-
viations and of MAC indexes for three sample cases, two-, tkee- and six-storey
frames, Far-Field FEMA P695 database, NS and WE components. Man value
and standard deviation are reported. MAC index is reported for the 1l mode since
estimates on the | mode do not show signi cant dispersion fromvalue 1.

Then, the normalized truncated Gaussian Probability Densy Func-
tions (PDF) related to the dispersion of the estimation redis for each
mode have been depicted, jointly with an indication of the sindard de-
viation  of the estimated values. The truncated Gaussian PDF is the
probability distribution of a normally-distributed varia ble whose value is
bounded either from below or above (or from both) [58]. In th@resent
case, frequency and damping ratio deviations must be strigt positive
(since absolute percentage deviations are adopted), whiléAC indexes
shall vary between 0 and 1. By taking into account these bouades,
truncated Gaussians are tted on the achieved estimates, f@ach exam-
ined case. The truncated Gaussians showed to be a good appration
of the estimated deviations, as it can be seen in Fig. 4110, ere three
tting examples are reported. In particular, a Gaussian tting over the
histogram of the f (I mode) of the (I mode) and of the MAC in-
dexes (Il mode, since for the | mode all MACs are unitary) areeported,
for the two-storey, three-storey and six-storey frame, rpgctively. Also,
the advantage in using the Gaussian distribution is that thd®DF exhibits
the same mean value () and standard deviation ( ) of the achieved data.

These truncated Gaussians represent the probability of appring of a
certain deviation associated to each estimate between theaxsimum and
the minimum value, and are centred on the mean value. As it isgssible
to be appreciated, the maximum deviations are always on theaBssian
tails, while the minimum deviations lay in the center. This on rms the
goodness of the achieved rFDD estimates.
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Figure 4.11: Dispersion diagrams for the deviations of estimated naturalfrequen-
cies and modal damping ratios, and for the MAC indexes, twoierey frame,
i = 5%, Far-Field FEMA P695 database, NS component (1st row), WE conpo-
nent (2nd row), NS and WE components (3rd row). Minimum, meanand maximum
values, and standard deviations are indicated.

By looking in detail to Figs.[4.11-4.14, it is possible to sethat mean
values of the frequency deviation are always less than 4.5%or the two-
storey cases, no notable di erences may be appreciated amgdhe NS and
WE cases. Then, as expected (and previously recorded alsoFigs. [4.7-
[4.9), mean deviations increase from the rst to the last modg for all the
cases. This is true also at increasing damping values, siridenti cation
becomes more challenging, giving rise to higher deviationsth respect to
the low-damped cases. This can be especially observed frdma frequency
deviations achievable from the two-storey frame, charaaieed by ; = 5%

69



Chapter 4. Re ned FDD: main results

for all the modes. In fact, these become the higher deviatisr{especially
by looking at the mean values) which can be observed from thaalysis
of the rst two modes of vibration. By looking at the remaining frames
and analyses, the deviations gradually decrease for the #a&- and six-

storey frames, characterized by; = 3% and ; = 2% for all the modes,
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Figure 4.12: Dispersion diagrams for the deviations of estimated naturalfrequen-
cies and modal damping ratios, and for the MAC indexes, threstorey frame,
i = 3%, Far-Field FEMA P695 database, NS component (1st row), WE conpo-
nent (2nd row), NS and WE components (3rd row). Minimum, mean and maximum
values, and standard deviations are indicated.

As concerning to the achieved modal damping ratios, mean uais show
to be very targeted, with deviations around 10% for all the c@es. In partic-
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ular, the two-storey frame displays accurate results, degg for the heavy
damping for structural identi cation ( ; = 5%). The achieved estimates
show well-distributed cases with respect to the natural fopiencies, due to
the possibility of always identifying correctly the spectal bells.
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Figure 4.13: Dispersion diagrams for the deviations of estimated naturafrequencies
and modal damping ratios, and for the MAC indexes, six-storg frame, ;| = 2%, Far-
Field FEMA P695 database, NS component (1st column), WE comgnent (2nd col-
umn). Minimum, mean and maximum values, and standard devidbns are indi-
cated.

Finally, about the achieved MAC indexes, the combined use df erent
MAC indexes (see Sectioh 3.4.3) also helps with the modal mdiecation,
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in order to detect the correct modal peaks and to discern beéen physical
peaks and complex spurious peaks. In fact, MACs display theldeved
e ective estimation of the mode shapes, especially on thest modes of
vibration. For the six-storey frame, only the fth and sixth modes start to
be less accurate, but anyway acceptable in engineering tesnwith mean
values that turn out to be equal to 0.886 and 0.600.
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Figure 4.14: Dispersion diagrams for the deviations of estimated naturafrequencies
and modal damping ratios, and for the MAC indexes, six-storg frame, ;| = 2%,
Far-Field FEMA P695 database, NS and WE components. Minimum, mean and
maximum values, and standard deviations are indicated.

Concerning the higher deviations (of natural frequenciesd, in partic-
ular, of MAC indexes) which can be observed on the last mode&\wbra-
tion (the 5th and especially the 6th mode), these do not appearitical
in engineering terms, since the e ective modal mass assdei to them is
very small. A demonstration of this statement can be found if97].

In conclusion, all the obtained estimates con rm the e ectveness of
the developed rFDD algorithm, towards detecting correct song ground
motion modal parameters, in the linear range of dynamic respse, also at
concurrent heavy damping, with modal damping ratios rangimp from 2%
to 5%. Further details on this wide analysis and systematitlg-generated
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rough preliminary results on all cases, regenerated, re deand further

post-processed here, are available in [19]97,100]. Indeling Sectior 4.3.3,
a further inspection on the identi cation results from the nost demanding
earthquakes will be considered, by simultaneously adopgina very high

value of the modal damping ratios, namely; = 10%.

4.3.3 Further rFDD identi cation analyses at heavy damping

In the present section, a new further rFDD identi cation andysis is pro-
posed, with the individuated most demanding earthquakesdm the previ-
ous identi cation campaign and for very high values of the maal damping
ratios. As revealed by the results in Section 4.3.2, the moshallenging
earthquakes have revealed to be Landers a) (12091), Manjili2111) and
Cape Mendocino (12132) cases, characterized by a sampliregéiency of
50 Hz and Kocaeli b) (12082), Superstition Hills b) (12122) and k-Chi a)
(12141) ones, characterized by higher sampling frequersci@able[4.4) but
by stronger non-stationary features (see Time-Frequencyats in [97]).

Both NS and WE spatial components of such six earthquake sigis
are now considered, for a total of 12 seismic excitations sefled from the
FEMA P695 database. The adopted building is the six-storeydme (see
Tables[4.5 and’4.6), namely the MDoF frame with the higher nuber of
DoFs among the considered shear-type frames. The modal dangpratios
of the frame are set to ; = 10% for all the six modes of vibration. This
value of ; is to be considered very high in terms of rFDD identi cation
challenge, since classical FDD techniques usually deal kwit; in the order
of 1% only [15]. Further, the present analysis shall be considetas inno-
vative in the dedicated FDD literature, because such high Waes of modal
damping ratios, set xed for all the modes and for structuresvith more
than three DoFs seem to have been never considered so farcspally in
the Earthquake Engineering range.

As it was previously done, estimates are again reported inrtas of ab-
solute deviations of estimated natural frequenciesf and modal damping
ratios from the target parameters, and of achieved MAC indexes, as
it can be newly appreciated in Fig[4.15.

The estimated natural frequencies display deviations thaare always
less than 13%, except for an isolated value of 16.73% for thest mode with
the earthquake of Manjil, WE component. Anyway, deviationshow mean
values at around 4-5%, i.e. rather suitable values in engireng terms,
despite for the really challenging identi cation analysis Concerning the
NS components, the most demanding earthquakes turn out to the&nders
and Cape Mendocino ones, especially for the last modes of raiton.
Conversely, Manjil and Kocaeli earthquakes become the madtallenging
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ones on the WE ground motions, especially concerning the iesation of
the rst modes of vibration.
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Figure 4.15: Deviations of estimated natural frequencies and modal danipg ratios,
and MAC indexes, six-storey frame, ; = 10%, indicated selected six-earthquakes
from the FEMA P695 dataset, NS and WE components.

Modal damping ratio deviations display higher values with @spect to
those from the previous cases (see Section 4.3.2), but stlivays less
than 28%, for all the examined instances. As before, the aelied modal
damping ratio estimates show to be well-distributed, with espect to the
outcomes from the natural frequencies (in terms of variality as a function
of adopted earthquake excitation), by showing mean deviatns that are
always in the order of 6-7%. This is rather astonishing, coidering the
challenging identi cation scenario provided by the assunte ; = 10%.

Furthermore, a very good agreement between estimated andrgeted
mode shapes is again proven by the achieved MAC indexes, daspgain
for the very high value assumed for the modal damping ratios;(= 10%).
For the rst mode of vibration, MACs show to be always unitary For the
second mode, MACs turn out to be always higher than 0.80. Thame
happens for the third mode, with only two isolated cases wherMAC
values lower down to at around 0.70. The last three modes shamnean
values that come down to around 0.60-0.70, with only a few isted cases
where MACs go to even less reliable values in engineeringnbes:

Finally, the achieved results are also synoptically repcet in statistical
form in Fig. [4.16, through appropriateboxplots In these representations,
each boxplot relates to the natural frequencies, modal danmg ratios and
MAC values estimated from the performed analyses. In eachxyot the
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inner rectangular box represents the central 50% of the idied param-
eters, while the centred line indicates their median. Therthe right and
left boundary segments depict the 25% and 75% quantiles ofetelated
statistical distributions. Finally, the vertical through-plot dashed green
lines mark the known targeted modal parameters for the identation
procedure.
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Figure 4.16: Boxplot diagrams for estimated natural frequencies, modatiamping ra-
tios and MAC indexes, six-storey frame, ; = 10%, selected six earthquakes from the
FEMA P695 dataset (Figure[4.15), NS, WE and all (both NS and WE components.

Presented boxplots con rm again the goodness of the achieveesults,
since the deviations of the estimated parameters show to beasonably
well contained, for all the modes of vibration and associademodal pa-
rameters. Clearly, deviations increase by passing from thest to the
last mode of vibration. Concerning the natural frequencigshese are the
parameters that are subjected to less deviation, among alhé¢ achieved
estimates, especially concerning the rst modes of vibratn. Also MAC
indexes reveal very good mode shape estimates, also for thet inodes of
vibration. These are obviously more dispersed, since someubles start
to appear, especially in relation to the fth and sixth mode kapes. Fi-
nally, modal damping ratios display again very good estimas, by showing
a rather contained dispersion, for all the modes of vibratig despite for
the heavy damping conditions set by assuming = 10% for all the modal
damping ratios of the considered six-storey frame.
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|Chapter 5

Further rFDD results with Soil-Structure
Interaction under earthquake-induced
structural response signals

After the rFDD analyses developed in previous Chaptér 4, whe the fo-
cus fell on a reference three-storey shear-type frame and ane realistic
ten-storey shear-type frame, now the attention moves to thadoption of
synthetic earthquake-induced structural response sigrsacoming from a
ve-storey shear-type frame under Soil-Structure Interaton conditions.
All the structures are characterized by heavy damping, anchey are anal-
ysed by rFDD through the adoption of the earlier set of ten eéinquake
base-excitations (Tabld 4.]1).

5.1 Soil-Structure Interaction and structural response
modeling

The input response channels to be fed to the rFDD algorithm,a. storey
accelerations, are obtained from calculated structural sponse signals in
the linear range. These synthetic recordings are generatby taking the
set of ten selected seismic ground motions (see Table 4.1pase excitation
acting on the underlying bedrock of a ve-storey shear-typ&rame with a
Sway-Rocking (SR) foundation model adapted fron [28,43].

The simulated structural responses are calculated again bjrect time
integration of the equations of motion, via Newmark's (avexge accelera-
tion) method [27]. As adopted in previous Chapterl4, the use simulated
signals shall ful | a rst, necessary condition for rFDD algorithm's e -
ciency, since exible- and xed-base modal parameters areetérmined
via modal analysis before identi cation, and then adopted stknown tar-
gets for validation purposes. The theoretical bases of thev8y-Rocking
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Chapter 5. Re ned FDD with Soil-Structure Interaction

Soil-Structure Interaction model are outlined in Section 3.7, while the
adopted numerical example is introduced in Sectidn 5.1.2.

5.1.1 Idealization of a shear-type frame with Soil-Structu re
Interaction e ects

An n-storey shear-type superstructure with an underlying Sway
Rocking (SR) Soil-Structure Interaction model([28,52, 70 adopted as a
benchmark structure-foundation system for this study. Fothe present ap-
plication, a SR Soil-Structure Interaction model from theiterature [52/70]
is taken, adapted and reformulated, as outlined in the folleing. In

Fig. 5.1, the initial geometry, the lumped-mass scheme antié¢ displace-
ments DoFs of the SR model are sketched.

Figure 5.1: Adopted linear Sway-Rocking Soil-Structure Interaction moekl of a multi-
storey shear-type frame.

Speci cally, m;, ¢, ki, I; and x; are the mass, damping, sti ness, mass
moment of inertia and displacement of thé™" shear-type frame oor, re-

moment of inertia |, = mer?=4, and is modeled as a rigid circular disc
footing (with radius r) of a negligible thickness, attached to the surface
of a linear elastic halfspace, representing the underlyirspil [28].

With respect to the reference xed-base model with no Soilt&icture
Interaction e ects, the Sway-Rocking model shall be destred by two
additional dynamical degrees of freedom (Fig. 5.1), i.e. hmontal sway
Xs = Xo (with associatedks and c; sti ness and damping coe cients) and
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5.1. Soil-Structure Interaction and structural response m odeling

system rocking ; = o (with associatedk, and ¢, stiness and damp-
ing coe cients). Here, label 0 is meant to mark DoFs at the grand (0)
level. Then, x4 represents the horizontal acceleration related to freed@
ground motion displacementxy, to which the building-foundation system
is subjected to. The total horizontal displacemenk!® along thei'" trans-
lational storey DoF may be then computed ax!® = Xg+ Xo+ Xpi + X;
(Fig. 5.1). Finally, h; and H; are thei'" relative and absolute oor heights,
respectively.

The n + 2 equations of motion of the so-assembled SR Soil-Structure
Interaction model may be written by the following system of econd-order
ordinary di erential equations:

8
%M X+ IXg+ X+ 2% +Cx+Kx =0 (5.1)

M x + Xg+ Xo+ 2% + Mo (Xg+ %o) + CXo+ KXo =0 (5.2)

TZTM X+ rxg+rxo+ 2% + 10+ etk 0=0 (5.3)

whereM, C and K are then n mass, damping and sti ness matrices
of the superstructure (shear-type frame)x is the n 1 vector collect-
ing displacementsx; of the superstructure itself, withx and x their time
derivatives, namely velocities and accelerations. Them,is a horizontal
rigid body motion vector of unitary compogents (1), z is the vector of
absolute oor heightsH; (n 1), I, = lo+ ., I; is the sum of the mass
moment of inertia of the foundation-superstructure system Superscript
“T' marks transpose. Egs. (5.2) and (5.3) represent the trardlonal and
rotational dynamical equilibriums of the entire structurefoundation sys-
tem, respectively, that shall be written (and satis ed at eah time instant)
in order to complement the dynamic equilibrium of the systersuperstruc-
ture, as represented by Eq. (5.1).

The system on+2 second-order di erential equations may be rewritten
in simpler global matrix notation as follows:

M x;+ Cx; + Kxy = f(t) = Xg (5.4)

whereM , CandK are the(n+2) (n+2) mass, damping and sti ness
block matrices of the foundation-structure systemy; is the (n+2) 1

vector collecting displacements;; of the entire system, withx; and x;

their time derivatives, namely velocities and acceleratics, and is a mass
vector useful to represent the structural e ect of the basexeitation. These
terms may be de ned as:
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2 3
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Then, starting from the system of di erential equations of notion in
Eq. (5.4), the responses of the linear structure-foundatoSway-Rocking
model may be calculated numerically, i.e. by Newmark's dice integra-
tion (average acceleration), by solving for each of the + 2 DoFs of the
dynamical system.

5.1.2 Adopted numerical models

The analytical model proposed in Section 5.1.1 is adoptedrfthe numer-
ical analyses on a ve-storey shear-type building with unds/ing Sway-
Rocking foundation. The superstructure is assumed to be lisng on four
di erent types of soil, i.e. very soft, soft, medium and denseas repre-
sented by dierent characteristic soil parameters. The stadard xed-
base frame (like an in nitely-sti soil) is considered as a hsic reference,
too. The achieved structural dynamic characteristics inade close modes
and heavy damping, in terms of modal identi cation challeng (realistic
structural damping in terms of practical applications).

The inter-storey height is assumed to be equal tdm. The oor mass
and mass moment of inertia of each oor are taken as; =3 10 kg and
l; =7:5 10°kgn?. Inter-storey sti ness, from the rst to the fth, are
assumed agk, 5k, 3k, 2k and k, respectively, wherek =5 10’ N=m.

Important, as a matter of modelling the inherent structuraldamping in
a comprehensive way, two separate cases of superstructusenging have
been investigated, characterized by di erent damping disibutions over
the various modes of vibration:

( m): Mass-proportional damping, with \ = 10% set for the rst
mode;
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5.1. Soil-Structure Interaction and structural response m odeling

( r): Rayleigh damping (linear combination of mass and sti nes
matrices), with r = 2% and 2:25% set for the rst and second
modes, respectively.

Mass-proportional damping means that sti ness matrixC is propor-
tional to mass matrix M only, namelyC = M. In the present case,
= 1:3970is set, in order to have .y = 10% for the rst mode of vibra-
tion. Instead, Rayleigh damping assumes that is a linear combination
of both mass and sti ness matrices, i.,eC = M+ K. Then, =0:1761
and = 0:0021are set, in order to have |.r = 2% and |.r = 2:25%for
the 15t and 2" mode, respectively. For all the damping values, related als
to the adopted soil type, the resulting modal damping ratiosre reported

later in Section 5.2.

These two damping cases bring to di erent responses, and theo
di erent identi cation challenges. In fact, the energy conribution of the
higher modes with r is much lower than those of the lower modes, a fact
that makes di cult the estimations related to the higher modes. Mass-
proportional damping, instead, displays a light damping inthe higher
modes, bringing to less problems for their identi cation. denti cation
of the rst modes, instead, becomes more challenging, due tioe heavy
damping associated to them. The separate consideration adth damping
models brings then to such a variety of possible cases and léfages during
rFDD modal dynamic identi cation.

Thus, ve structure-foundation system cases with two di eent damp-
ing distributions are considered, thus 10 structure-fouration instances,
with 10 underlying earthquake excitations, for a total of 10 analysed
modal identi cation cases.

The circular foundation adopted to explore Soil-Structurdnteraction
e ects displays the following characteristics:r = 10m, my =5 10°Pkg
and lo = mer?=4 =75 1®Pkgm?. The spring and dashpot coe cients
for the SR model are obtained from the frequency-dependemhpedance
function of the soil [81,127], for the static case (frequepalependence is
removed):

_8Gr_ 46 . _ 8Gr3 04 4
ks—2 ,%—Z—Vsr, kr—m,cr—l—vsr
b (5.6)
whereG, , andVs = G= are shear modulus, Poisson's ratio, mass

density and shear-wave velocity of the adopted soil.

Table 5.1 summarizes the assumed mechanical parametersted ainal-
ysed soils and the stiness and damping characteristics ohé Sway-
Rocking model, as taken and re-elaborated from [70]. Obvisly, by taking
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ke;ke '1 andcg;c ! 0, the SR model is traced back to a standard
xed-base model (no Soil-Structure Interaction e ects).

. G Vs Ks Kr Cs Cr
Solype 1y 1MPa] [kg=m®] [m=g] [N=m] Nm] [Ns=m] [Nsm]
Very soft  0:49 4 1600 50 212 10° 2:09 10° 2144 10'6:27 10°
Soft 0:49 18 1800 100 %4 10° 941 10°° 548 10" 141 10°
Medium 0:48 171 1900 300 @0 10° 877 10" 1:73 10°4:38 10°
Dense 0:33 600 2400 500 B7 100 2:39 102 331 10°7:16 10°

Table 5.1: Characteristic mechanical parameters of the soil-foundatio SR system for
the four adopted soil types.

As concerning the vast outcomes of simulated Soil-Structeitnteraction
e ects in the present structure-foundation modelling (10@nalysed cases),
sample results are presented and discussed below, in ordeshow typical
observed characteristic features of the recorded seism&sponses in the
presence of Soil-Structure Interaction e ects.
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Figure 5.2: Acceleration, Auto-PSD and Gabor Wavelet Transform of the stuctural
response to Tabas earthquake, Rayleigh dampingg). First row: rst-storey re-
sponse of xed-base and very-soft soil cases. Second row: hmontal sway and sys-
tem rocking of the very-soft soil case.

Fig. 5.2 displays an example of how Soil-Structure Interaicin may af-
fect the building structural response, by examining the rg®nse of the
structure within Time, Frequency and Time-Frequency domais, under
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5.1. Soil-Structure Interaction and structural response m odeling

Tabas earthquake excitation. Speci cally, the response leged to the rst
storey ( xed-base and very-soft cases) and to the horizortaway and sys-
tem rocking (very-soft cases only) are reported, in terms @fcceleration
(Time), Auto-PSD (Frequency) and Gabor Wavelet Transform11] (Time-
Frequency). Due to the presence of Soil-Structure Interaon, the rst-
storey response for the very-soft soil case is noticeably plived. Also,
the frequency shift that Soil-Structure Interaction involes into the struc-
tural response is clearly visible, along with the appearaacof structural
frequencies into the foundation motions (as well as for spiton-structural,
frequencies, in the above structural motions).
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Figure 5.3: Acceleration, velocity and displacement structural resposes to Loma Pri-
eta earthquake, Soil-Structure Interaction exible-base cass (at di erent soil type),
Mass-proportional damping (). First row: rst-storey responses. Second row:
top-storey responses. Third row: horizontal sway responsesFourth row: system
rocking responses.

Further, Fig. 5.3 depicts an example of the collected struatal re-
sponses, in terms of accelerations, velocities and disgawnts. The
simulated rst-storey, top-storey, horizontal-sway and gstem-rocking re-
sponses are shown for all exible-base cases (i.e. for allifesoil types),
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for the Loma Prieta earthquake taken as base excitation andif assumed
Mass-proportional () damping. The earthquake instances of Tabas and
Loma Prieta have been selected here because the associatledti cation
estimates reveal to be among the most challenging between tle con-
sidered seismic cases, as it will be reported and discussedection 5.2.
The di erent behaviours of the structural responses are cely visible, in
particular on the soil-foundation DoFs.

Then, the rFDD technique outlined in Chapter 3 is innovativéy applied
to a shear-type building under Soil-Structure Interactiore ects. The tar-
getis the identi cation of exible-base modal parametersrfom earthquake-
induced structural response signals only, as it will be demstrated in
Section 5.2. Originally, the rFDD method is expanded to fulter work
under OMAX conditions, by aiming at a quanti cation of Soil-Structure
Interaction e ects, i.e. at the identi cation of underlying xed-base modal
parameters, too (see later Section 5.3). There, the numeaalaesults aris-
ing from the application of the rFDD-OMAX algorithm are presented,
focusing speci cally on the evaluation of Soil-Structureriteraction e ects
and on their implications on the targeted modal dynamic idemcation.

5.2 Results from synthetic output-only modal dynamic
identi cation under Soil-Structure Interaction

By taking the earlier set of 10 selected earthquake recordjs (Table 4.1) as
base excitation, modal dynamic identi cation has been pesfmed with the
rEDD algorithm, in order to estimate the modal parameters uder exible-
base conditions. Constant time series lengths dD0 sand 0:0025 Hzfre-
guency resolution have been adopted, by applying the methaalitlined
in [92]. In this rst step, exible-base modal parameters hge been es-
timated by using only storey accelerations (superstructear responses, i.e.
5 channels). In forthcoming Section 5.3, instead, also swayda rocking
accelerations will be taken into account, thus by applying ®AX condi-
tions to the Soil-Structure Interaction identi cation ( 7 channels), in order
to identify xed-base superstructural properties too.

By considering exible-base conditions, every soil casek@as di erent
target parameters. Reference natural frequencies of thewsttural system
are reported in Table 5.2. Clearly, the rst ve modes are relted to be
modes of vibration of the superstructure, while th&™ and 7" modes are
related to the additional soil SR DoFs (indicated in slantedn Table 5.2).
The 6" and 7" modes increase from the softer (very-soft) to the harder
(dense) soils, since these are directly related to the sasMay and rocking)
sti ness parameters. The higher they are, the more the lastmo modal
frequencies are detached from the structural ones. Obvidyghe fact that
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5.2. Results from synthetic OMA under Soil-Structure Inter action

here soil frequencies are the last ones in the model is difgaelated to the
ne balance between soil and structural parameters. With derent soils
and structural parameters (or structures) it is possible tht soil frequencies
could be within the structural frequency range, instead thiaover their
upper bound limit, as in the present case.

In Tables 5.3 and 5.4, target superstructure modal dampingatios i,
for both Mass-proportional \, and Rayleigh r damping modellings (Sec-
tion 5.1.2), respectively, may be found. Here, only superstcture modal
damping ratios are reported, since foundation damping pamseters are
calculated apart, as indicated in Section 5.1.2.

Mode, f, [Hz] 1 2 3 4 5 6 7

Very-soft soil 0:8002 22035 33550 41185 51056 6.7280 9.2036
Soft soll 1:0169 24687 38872 54386 74337 7.8733 11.159
Medium soil 1:1004 25499 40301 56424 80882 22.393 28.124
Dense soll 1:1076 25578 40416 56579 81204 36.773 49.567

Fixed-base model 1:1115 25601 40570 56650 81345

Table 5.2: Targeted natural frequencies of the ve-storey SR frame at ariable soil
properties.

Mode, wm:n [%] 1 2 3 4 5
Very-soft soil 10:00 363 238 194 157
Soft sall 10:00 412 262 187 137
Medium soil 10:00 432 273 195 136
Dense soil 10:00 433 274 196 136

" Fixed-base model 1000 434 275 196 137

Table 5.3: Targeted modal damping ratios of the ve-storey SR frame at &riable soll
properties, Mass-proportional damping (m).

Mode, r:n [%] 1 2 3 4 5
Very-soft soil 2:00 225 300 355 428
Soft soll 2:00 225 304 4.03 535
Medium soll 2:00 225 304 402 558
Dense soll 2:00 225 304 402 558

" Fixed-base model 200 225 304 401 558

Table 5.4: Targeted modal damping ratios of the ve-storey SR frame at a&riable soil
properties, Rayleigh damping (r).

Then, target mode shapes of the structural system are depact in
Fig. 5.4. For every mode shape, from thés to the 7", the di erent soil
types are indicated with di erent colors and markers. The ditinct e ect
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of the di erent soil types is clearly visible, especially aincreasing mode of
vibration, in comparison to those of standard xed-base moal. In partic-
ular, the soft and very-soft soil mode shapes are truly dethed from the
xed-base case and from the most rigid soil cases. In their rde shapes
the Soil-Structure Interaction e ect is remarkable, sincéboth superstruc-
ture and soil DoFs participate for every mode of vibration. ®viously, for
the xed-base system the last two modes of vibration, relateto the soil
DoFs, are not available.
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Figure 5.4: Targeted mode shapes of the ve-storey Sway-Rocking frame aariable
soil properties.

An example of the achievable modal estimates is reported ing- 5.5,
obtained for L'Aquila earthquake excitation. The estimats in terms of
absolute deviations of the estimated natural frequenciesf and modal
damping ratios  from the target parameters, and of the achieved MAC
indexes for the estimated mode shapes are reported (see Gkag for their
calculation). In turn, the target parameters, namely natual frequencies,
modal damping ratios and mode shapes, refer to the adoptedilstase.
The xed-base case is reported too, as a fundamental (no S&itructure
Interaction) reference case for comparison purposes.

The rFDD estimated frequencies show deviations that are ahys be-
low 4%, except for the rst modes of the  cases, where deviations in-
crease up to7%, due to the related heavy damping ( = 10%) associated
to that mode of vibration. The estimated modal damping ratie display
suitable deviations, at around10% for all the soil cases. Only isolated
maxima of about20 25% can be detected in a few cases, which still
looks acceptable in engineering terms, especially considg the present
heavy-damping identi cation conditions. The frequency ad damping de-
viations for the exible-base cases show to be close to thasehieved from
the xed-base case.

Moreover, MAC values are always higher tha®:8 for the rst three
modes, for all the soil cases. With the exception of the sofhd very-soft
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5.2. Results from synthetic OMA under Soil-Structure Inter action

soil cases, the last two mode shapes turn out to be quite redia. In fact,
only the last modes show rather inaccurate values for thesases, where
tough soil conditions (and simultaneous earthquake exciians) make it
harder for the correct mode shape detection. Generally, thest modes

of the r cases show better MAC indexes, while the same happens for
the last modes of the \, instances. This is directly related to the heavy
damping reached by the rst modes and last modes of thg; and g cases,
respectively. This clearly a ects the achievable rFDD estnates.
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Figure 5.5: Deviations of rFDD estimated natural frequencies ( rst row) and modal
damping ratios (second row) for the exible-base models, M& calculated between
rFDD estimated and target exible-base mode shapes (third m), L'Aquila earth-
quake, Mass-proportional (u) with y. = 10% (rst column) and Rayleigh damp-
ing ( r) With r:; =2% and r.; =2:25%/(second column). Corresponding targeted
modal damping ratios are reported in Tables 5.3 and 5.4, resp#ively.

Finally, a synthesis from all the achieved results on the tat of 100
analysed cases is reported in Figs. 5.6 and 5.7. There, théirates in
terms of absolute deviations of the rFDD identi ed natural fequencies
and modal damping ratios from the target values, and of the aeved
MAC indexes for the rFDD estimated mode shapes are depictedll the
rFDD estimated values for each of the adopted earthquakes @dsoil cases
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are reported, for both Mass-proportional () and Rayleigh damping (r),
respectively.

By looking at these gures, the estimated frequencies showaximum
deviations that are always below8%. On average, deviations reveal to
be around3 4%, for both \ and r cases. The rst modes of the y
cases are aected by higher deviations, due to the related d&ey damp-
ing reached for the rst mode L0%. The same happens for the last two
modes of the r cases, where again quite heavy damping occufs 6%).
In relation to the adopted earthquakes, the LP, NO, NZ and TA ases
(i.e. the seismic events characterized by = 50 Hz) show to be the most
challenging, in terms of estimated natural frequencies (drof achieved ab-
solute deviations). In particular, the LP earthquake maked di cult for
the correct detection of thed" and 5" modal frequencies, for all the cases.
The AQ earthquake, instead, leads to some troubles for thetmesation of
the 15 natural frequency for the medium, dense and xed-base caseg
damping.

The estimated modal damping ratios display deviations at aund 10%
for all the analysed cases. Isolated maxima of aboR0 25%can be de-
tected in a few cases, which may still look acceptable. Thisnse the
identi cation of damping is very challenging, especially wh FDD meth-
ods, and in the presence of Soil-Structure Interaction e ¢&. Addition-
ally, the presence of heavy damping adds a further di culty. The present
work pushes hard on that and seeks to study the limit conditias for the
present rFDD algorithm, by assuming high damping ratios, tde targeted.
Within such a frame, even relatively high percentage devi@ns of about
20 25%may be considered as a rather surprising identi cation suess.
Then, noticeable is the fact that increasing and decreasirigends of the
achieved absolute deviations may be read from the graphsy fq, and g,
respectively. This is related to the di erent damping distibution imple-
mented on the two cases. In general terms, slightly-less acate results
are obtained again for the LP, NO, NZ and TA cases.

MAC values are always higher thar®:8 for the rst three modes, except
for a few isolated cases, where they still remain greater than acceptable
value of 0:7. Only the last modes of vibration show rather inaccurate
values for some cases, especially in relation to the venyftswil. In general,
the y cases show to be more accurate on the last modes, while the sam
happens for the rst modes of the g cases. This is again related to the
di erent behaviour and distribution of the damping assumedalong the
modes. In detail, the most challenging earthquakes revedtsbe NE, NO
and NZ for the  cases (especially for the"® and 5" modes of vibration).
Instead, for g damping, the most demanding seismic excitations show to
be CH, NE, NO and TA (especially for the4™ and 5" modes of vibration).
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Figure 5.6: Deviations of estimated natural frequencies and modal danipg ratios,
and MAC indexes for the exible-base models, complete earthgke dataset, Mass-
proportional damping ( m) with . =10% (corresponding targeted modal damping
ratios in Table 5.3).
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Figure 5.7: Deviations of estimated natural frequencies and modal danipg ratios,
and MAC indexes for the exible-base models, complete eartbgke dataset, Rayleigh
damping (r) with g = 2% and gr.1 = 2:25% (corresponding targeted modal
damping ratios in Table 5.4).
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5.2. Results from synthetic OMA under Soil-Structure Inter action

Notice that the estimated frequencies show deviations thatary among
the di erent earthquakes and from the targeted values. Thigs expected
and con rmed also by the trends for the modal damping ratiosThe MAC
indexes, instead, generally remain on high values for thest three to four
modes, while they decrease for the remaining ones, espégidr the soft
and very-soft soil cases. This feature may be appreciatedsalby looking
at Fig. 5.8, where the estimated mode shapes for the soft sodse are
reported.
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Figure 5.8: Estimated mode shapes for the soft soil case, complete earttake dataset,
Mass-proportional ( m) with y- = 10% ( rst row) and Rayleigh damping ( r) with
rR:1 = 2% and gr.; = 2:25%(second row). Corresponding targeted mode shapes and
calculated MAC indexes are reported, too (see also Fig. 5.4).

Here, the complete earthquake dataset is considered, witlothh Mass-
proportional ( ) and Rayleigh damping (r) cases. In the achieved rep-
resentation, the corresponding targeted mode shapes ancetbalculated
MAC indexes for every mode and earthquake instance are alseported
(see Fig. 5.4). By observing this gure in detall, it is clearthat mode
shape estimates remain very e ective, especially for the st three to four
modes. Independently from the adopted earthquake, mode ges are
caught with accuracy, by tracing the target ones with a very god approx-
imation. Also for the fth mode, despite for the lower MAC indexes, the
targeted mode shape is more or less caught, in its form. This again
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a con rmation of the goodness of the MAC as a global validatioindex,
as well as of the e cacy of the present rFDD algorithm in deteting also
mode shapes in the present such challenging framework witedvy damp-
ing and Soil-Structure Interaction e ects, under earthquée excitation.

In conclusion, all the obtained results con rm the e ectivaness of the
developed rFDD algorithm for the detection of Soil-Structte Interac-
tion exible-base structural modal parameters, by adoptig earthquake-
induced structural response signals and heavy structuralachping (in
terms of identi cation challenge).

5.3 OMAX evaluation of Soil-Structure Interaction e ects

The evaluation of Soil-Structure Interaction e ects now oprates through
an expansion of the rFDD algorithm within an OMAX environmert [48],

as earlier described in Section 5.1. At this stage, the fouation (Sway
and Rocking) recordings (2 signals) and the output-only sugstrucure
responses of the oors (5 signals) are simultaneously presed by the
present rFDD-OMAX algorithm. The tools adopted for Soil-Stucture
Interaction detection, which are embedded into the rFDD apmach, are
taken and adapted from works [107,108]. These tools rely omnd di erent

approaches, as detailed in the following two subsectionseference xed-
base modal properties can then be estimated.

5.3.1 Identi cation of Soil-Structure Interaction condit ions

Speci cally, from the recordings of the foundation sway andf the upper-
storey acceleration, a rstimmediate procedure may refeptthe extraction
of the natural frequencies of the xed-base building and ohie foundation.
This is possible since the ratio of the Fourier amplitude sp&a between
storey and foundation accelerations allows for the identtation of xed-
base building natural frequencies, as demonstrated in [08r a simpli ed
SDoF system (while here a MDoF superstructure is originallgonsidered).
This is obtained by starting from the following relation [1@]:

JHpi) _ JF fxp;0]
JHed  JF fXeg]

wherejRj is the absolute value (or amplitude) of the ratio of the systa
Transfer Functions (TF), jHp and jH ] are the building and founda-
tion TF amplitudes (referred to the selectedxy; and ¢, building and
foundation DoFs), F represents Fourier Transform andky, Xqx are the
accelerations of the selected DoFs. In the present work, ifigations of
study [108] are thus extended to MDoF systems. The selectesbBs from

jRi = (5.7)
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5.3. OMAX evaluation of Soil-Structure Interaction e ects

which acceleration data are considered are the top-storeysdlacement
and the foundation sway.

In Fig. 5.9 a clear representation of the Fourier transformrad of the TF
modulus can be appreciated, by taking Mass-proportional daping ( v),
for the very-soft soil and for the xed-base cases. It has bealemon-
strated [108] that jR] is not in uenced by the dynamic characteristics of
the foundation, and it always displays a peak at or near the idamental
frequency of the xed-base building. ThusjR]j describes the characteris-
tics of the xed-base building, and always peaks at or near th xed-base
building frequencies, for structures characterized by lodamping.
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Figure 5.9: Fourier amplitude spectra of top-storey and foundation-swg accelerations
and their Ratio jRj for the very-soft soil and for the xed-base cases, El Centro
earthquake (EC), v and g dampings.

Instead, the coupling between building and foundation is psent in
the true TF, which is a complex-valued quantity and incorpoates both
building and foundation properties. Then, such coupling &rs the phase
of the TF, but not its amplitude. That is the reason because th cou-
pling can be detected on the true TF, but not on its amplitude. This is
feasible by observing the curves represented under norrzeli log scale
in Fig. 5.9, where the El Centro earthquake is considered fdne Mass-
proportional ( ) and Rayleigh ( r) damping cases, respectively.

For the xed-base model, the two Fourier amplitudes and the mdulus
of the TF are overlapped. Also, they clearly mark the same fgeency,
that is the fundamental frequency of this case (rst mode of faration,
at around 1:1 Hz). For the very-soft soil model, instead, the fundamen-
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tal frequencies of the three curves are clearly decouplediggesting the
presence of Soil-Structure Interaction e ects. Also, the odulus of the
Transfer Function (in red color) indicates some frequencyegaks for the
xed-base model. In particular, a unitary amplitude may be @tected in
correspondence to the fundamental mode of vibration ( rst mmde) of the
xed-base model.

This feature is also conrmed by the results achieved for alhe re-
maining exible-base models and earthquakes, which are nogéported
here, proving the e ectiveness of the present rFDD-OMAX ideti cation
methodology in handling xed-base conditions too.

5.3.2 Empirical method for the estimation of Soil-Structur e
Interaction e ects

A second rFDD-OMAX approach belongs to a simpli ed empiricemethod
for assessing seismic Soil-Structure Interaction e ecthiahear-type build-
ings, proposed by Renzi et al. [107]. They performed a paraime study
in the linear range of seismic Soil-Structure Interaction ects on a large
number of numerical shear-type buildings, by making compions with
the related xed-base conditions. The analysed structuresere rst mod-
eled as an equivalent single degree of freedom (SDoF) sysi@mi dynamic
analyses were then performed. The outcomes of the numerieadalyses
were used as a base, in order to obtain a simple analytical rdimensional
relationship, to be applied for each mode to estimate seistroil-Structure
Interaction e ects, in terms of modi ed period (and attached natural fre-
quency) [107].

From this method, the statistical model describing the rel@gonship be-
tween xed-base (unknown) and exible-base (known, estintad) periods,
T, and T;, respectively, for thei™ mode of vibration, may be deduced
as [107]:

1:663 0:1359 0:8443

Ti eq;i
= —=1+0:7698 —— : 5.8
=T T Ve Hep : 8

where heqi = (HT™M ))=(r"M ) is the equivalent height of the SDoF
system for thei" mode [27], being ; the i"" mode shape\Vs the shear-
wave velocity,r the radius of the foundation andH 4, the depth assumed
for the bedrock.

Anyhow, as it could be seen from Eq. (5.8), period; of the xed-
base system appears on both sides of the equality, which makedi cult
for the use of this formulation towards estimation purposesFor the ap-
plication of the method to the outcomes of the present rEFDD glbrithm
( exible-base parameters), a speci c procedure has beenwidoped here,
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5.3. OMAX evaluation of Soil-Structure Interaction e ects

in order to obtain the related rFDD-OMAX xed-base parametes. This

procedure shall be performed for each estimated exible-ba frequency ;.
Through the rFDD-OMAX algorithm, the determination of the xed-

base frequencies can be achieved by the following computeual steps:

1. From the previous application of the rFDD algorithm, exible-base
natural frequency estimatesy (and consequently period3; and mode
shapes ™) can be achieved, for the estimated” mode of vibration.

2. The equivalent SDoF system height, for thé" mode, is computed
as:
HT™™M ~

M= (5.9)

heq;i =
where 7 is the i mode shape estimate, coming from rFDD identi-
cation above.

3. Some parameters about the soil characteristics need to kown, or
at least estimated, i.e. shear-wave velocitys and bedrock depthH gep;
in the present work, they have been taken a¥; = Vsx, wherek is
the adopted soil case (see data in Table 5.1), whildqe, has been
assumed a4, = 50m, a value which was selected, after several
assessments, as the physical parameter that was able to amesthe
best xed-base estimates.

4. Estimation of xed-base periodT;, via recursive solution of the fol-
lowing equation, derived from Eq. (5.8):

'I'T
Ti = ! =
Yi. 4
heq'i 1:663 r 0:1359 heq'i 0:8443 1
=T 1+0:7698 ’ ’
! T| Vs Hdep r
(5.10)

This model provides a frequency correction, to be applied tthe
original rFDD exible-base period T;, in order to get the underlying
xed-base one. The latter equation needs to be solved recivaly,
since sought xed-base period; appears in both equality terms. In
this study, a valueT? = T has been taken as a starting point for the
recursions, until convergence of the solution has been rbad. This
means that the residual’ = j(T! T} H=T ‘'j< ", atj™ iteration,
becomes lower than a given tolerancé For the present analyses
convergence tolerancé has been taken a8 = 10 4.
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The estimation of original xed-base frequencie$; may be directly
related to ambient vibration conditions, which, jointly with the exible-
base features (seismic Soil-Structure Interaction e edtof the analysed
structures, aims at a complete determination of their dynam behaviour.

Fig. 5.10 presents an example of the estimated ( exible-basand of
the corrected ( xed-base) frequency deviations, with regrt to the target
frequencies of the xed-base model. The El Centro earthquakis taken
as a sample, for both Mass-proportional {,) and Rayleigh ( r) damping.
As it is clearly visible, the deviations, especially for therst modes, take
signi cant bene t from the application of this OMAX correct ion. In fact,
the deviation on the 15 xed-base frequency estimate is brought to less
than 15% starting from an initial value of 25% This certainly aims at
a closer representation of the xed-base conditions and al®f the Soil-
Structure Interaction e ects read on the superstructure.

El Centro earthquake, Estimated frequencies ' f, 1y El Centro earthquake, Estimated frequencies - f, 1
: : 40 . :
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Figure 5.10: Deviations of rFDD-OMAX estimated exible-base and xed-base natu-
ral frequencies with respect to the targets computed for thexed-base model.

5.4 Remarks and conclusions for the rFDD algorithm in the
presence of Soil-Structure Interaction

The present Chapter 5 has outlined several informative reks towards
the use of a rFDD(-OMAX) identi cation algorithm for the det ermina-
tion of exible- and xed-base modal properties of linear fame build-
ings under earthquake excitation with Soil-Structure Inteaction e ects.
Real seismic input and heavy-damping cases (in terms of idecation
challenge, though very realistic in practical cases) haveebn considered,
getting closer to real earthquake engineering applicaticstenarios. A ve-
storey shear-type frame with a Sway-Rocking foundation metihas been
analysed, by taking a set of ten earthquake excitations at deock’'s base
and two types of superstructural damping models (Mass-proptional and
Rayleigh damping), for a total of 100 analysed cases.

The e ectiveness of the achieved results demonstrates thalidity of
the present identi cation methodology, standing from the godness of the

96



5.4. Remarks and conclusions with Soil-Structure Interact ion

estimated natural frequencies, modal damping ratios and rde shapes,
for both exible- and xed-base conditions. This proves thathe rFDD(-
OMAX) technique can be used for up-to-date detection of buding modal
properties in the earthquake engineering range, considagi Soil-Structure
Interaction e ects, within a linear context.

Summarizing main outcomes and results of the present studye fol-
lowing salient issues may be brie y outlined:

The rFDD algorithm proves to be a reliable identi cation metod to-

wards the estimation of Soil-Structure Interaction exiblke-base modal
parameters, i.e. natural frequencies, mode shapes and midamp-

ing ratios under pure output-only conditions, with seismiaesponse
input and simultaneous heavy damping in terms of identi caibn chal-

lenge. This kind of modal dynamic identi cation shall be inovative

in the present dedicated literature.

Flexible-base modal parameter estimates show to be accwratiespite
for the presence of Soil-Structure Interaction e ects. Theomputa-
tional steps of the rFDD algorithm demonstrated to be very eective
under these tough identi cation conditions.

The rFDD-OMAX condition belongs to the joint use of output-anly
response signals and foundation recordings (and/or freeld/
downhole acquisitions), towards estimating also xed-basfrequen-
cies.

The detection of Soil-Structure Interaction e ects, by adating
method [108] (conceived for a SDoF system) to the present cbn
tions (MDoF system, Section 5.3.1), results to be quite relble in
engineering terms.

The quanti cation of Soil-Structure Interaction e ects, by improving
method [107], shows to be rather e ective towards the estinian
of xed-base modal frequencies, i.e. for the explicit quantation of
Soil-Structure Interaction e ects.
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|Chapter 6

Data-Driven Stochastic Subspace
|denti cation: theory and results

6.1 Fundamentals of the Data-Driven Stochastic Subspace
Identi cation technique

Data-Driven Stochastic Subspace methods are parametricriie Domain
approaches for system identi cation, which start from the ge of discrete
time state-space models. That without the need of covariaacsequencies,
thus relying just on the available data histories. OMA subsace methods,
in particular, are based on obtaining the Kalman Filter (KF) states from
the given output-only data, by using linear algebra tools ah geometric
concepts only [121]. So, once KF states are known, the ideation
problem becomes a linear least squares problem in the unkmowsystem
matrices. Typical underlying hypotheses of SSI-DATA methds are: (sta-
tionary) white noise input (so that process noisevy and measurement
noisevy are not identically zero) and adequately long structural rgponse
signals (so that the number of measurements goes to innity ! 1 ).
Light damping (modal damping ratios in the order ofl 2%) generally
leads to better and less noisy estimates [106, 121].

The present SSI-DATA implementation attempts to clear thes issues,
when dealing with challenging earthquake-induced structal response sig-
nals. In the present section, all crucial steps of the thedreal framework
of the SSI-DATA algorithm are exposed, basically relying otheoretical
work [84, 85, 121] (Section 6.1.1). Then, the main work ow ahnovel-
ties of the present SSI-DATA algorithm are introduced and gdained in
Section 6.1.3.
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6.1.1 Main theoretical background of the SSI-DATA algorith m

A classical system ofn second-order di erential equations of motion of a
linear dynamical structural system may be written as gpatial mode):

Mu(t) + Cu(t) + Ku (t) = Bf qt) (6.1)

whereM, C andK 2R™ ™ are the mass, damping and sti ness matrices,
matrix B 2 R™ ™ de nes the location of the input channelsf{t) 2R ™ 1!
is the input force vector ande(t), u(t) and u(t) 2 R™ ! are the vectors
of acceleration, velocity and displacement structural re®nses.

By switching to State-Spacdorm, the m second-order di erential equa-
tions of motion in Eq. (6.1) can be rewritten into2m rst-order di erential
equations as [121]:

x(t) = Acx(t) + BcfYt)
y(t) = Cex(t) + DfAt)

being the rst equation the state equation in terms of state vector of
responsesx(t) 2 R2™ 1 x(t) = fu(t) u(t)g" and its time derivative
x(t) = fu(t) w(t)g", and the second equation thebserver equationin
terms of observer vectorof responsey (t) 2 R™ ! (either displacements,
velocities and/or, typically, accelerations). From Eq. (&), state matrix
A2 R2™ 2™ input matrix B, 2 R?™ ™ output matrix Cc. 2 R™ 2™ and
feed-through matrixD. 2 R™ ™ are de ned as follows, where subscript
denotes continuous time [121]:

(6.2)

—_ On n In n . —_ On n
Ac= M Ik Mic BeT m o (6.3)
C.= M XK M 1C : D.=M B

Here, the structures of matricesC. and D . refer to the adoption of accel-
eration responses for the observer vector, namefyt) = w(t).

In the OMA context, structures are excited by unmeasurablenput
excitations; this means that the information from excitaton fqt) is not
available. Also, experimental tests yield measurementskan at discrete
time instants, while Egs. (6.1)-(6.3) are actually expregsl in continuous
time. For a given sampling time interval t, continuous-time equations
can be discretized and solved at discrete time instantg = k t;k =

By taking into account the k™ time instant and assuming unknown/un-
measured input (treated as white noise), classical SSI-DATtheory takes
as a typical starting point of the identi cation process thefollowing OMA
Stochastic State-Space model in discrete-time notationg1]:
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6.1. Fundamentals of the SSI-DATA technique

(

Xk+1 = AX i+ Wy

(6.4)
Y = CXy + Vi

beingx, = fuy U1 9" the state vectorof responses and its time derivative
Xis1 = fUksr Uks2 g, andyy the observer vectorof responses (either dis-
placements, velocities and/or, typically, accelerationsas considered here).
Notation uy+1, Uk+1 and ug+; refers to the discrete-time counterparts of
continuous-time vectors of displacementi(t), velocity u(t) and accelera-
tion u(t) responses, respectively. Therd and C are discrete-time coun-
terparts of the A, and C. matrices, while vectorsw, and v, 2 R2m 1
are zero mean, stationary white noise stochastic processespresenting
process noise and measurement noise, respectively [121hesew, and
Vi Stochastic processes become necessary and shall be indudeorder
to describe real measurement data, which are also driven bycertainty
and noise.

Then, the salient mathematical and computational steps desbed in
the following summarize the main work ow of the present SSDATA al-
gorithm.

The rst step of classical SSI-DATA identi cation algorithms is the
computation of the so-calledblock Hankel matrix H g 1 2 R2™ 1 of
responses, which is directly calculated from the measuremelata [121],
I.e. system structural responsegy (in the present case, accelerations), as:

2 3
Yo Yi 1
18y, i Yo _ Y
Hos 1= p=g7 * Yiep 24 = Yo 1 - Yo (6.5)

] @ i Yitj 1 Yij2i 1 Ys

Yo 1 Yoi+j 2

where the two partition sub-matrices refer to pasty, = H ;i 1 and future
Y: = Hijz 1 output channel matrices, where subscripts on the lefthand
and righthand sides of delimiterj denote the rst and the last element of
the rst column, respectively, of block Hankel matrixH g ;. So, matrices
Y, and Y; are de ned by splitting matrix H g 1 in two equal parts ofi
block rows, where number of block rowisshall be determined in agreement
with condition m i n [83], beingm the number of output (acquisition)
channels andn the so-calledsystem order(i.e. the dimension of square
matrix A in the identi cation process, i.e. the rank of diagonal matix
de ned below). Number of columns of block Hankel matrix H gj» 1 IS
usually taken asj = N 2 + 1, which implies that all recorded data
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samples are used [121]. Thus, all following quantities shioy subscript i
refer to the assumed number of block rows. By observing Eq..%, it is
clear that the block Hankel matrix consists of the repetitia of the same
element in each anti-diagonal term.

The second computational step is based on the calculationbjection
matrix P; 2 R™ ™ je. the orthogonal projection of the row space of
future output channelsY; into the row space of past output channely,,
which can be expressed as [121]:

Pi= Yi=Yp= Vi Y, (VoY )Y, = OS (6.6)
where symboly indicates Moore-Penrose pseudo-inverse, whilst the fac-
torization of projection matrix P; into the product of observability matrix
O; 2R™ " and Kalman lter state sequence§i 2R"™ M de nes a main
theorem of SSI-DATA [106,121], whera is the selected system order, as
detailed in the following.

Then, observability matrix O; and Kalman lter state sequenceS; may
be de ned as follows [106,121]:

3

2 C
CA
Oi: : ; §i: Qi §i+1 §i+j 1 (67)

CA.i 1
where (q+ 1)™ column $;,4 of matrix S represents the state estimate

Furthermore, through the application of speci ¢ weightingmatricesW ;
and W, to projection matrix P;, a SVD may be derived, by holding non-
zero singular values only [106,121], as:

L0 VI
0 0 VI

whereU, andV, 2R™ " k =1;2 are the singular vector matrices, and

1 2 R"™ "is the diagonal matrix holding the non-zero singular values
(which allows to estimate the rank of matrixP;). The selection of the
dimension () of square diagonal matrix ; xes system ordern of the
State-Space model, which is adopted for the subsequent cartagional
steps.

As concerning weighting matricesV; 2 R™ ™ and W, 2 R™ ™
they may be de ned according to dierent weighting proposa [121],
namely Principal Component (PC), Unweighted Principal Corpo-
nent (UPC) and Canonical Variate Analysis (CVA). Accordindy, the cor-
responding weighting matrices can be de ned as follows []21

W 1PW; =[UU;] =U; 1V] (6.8)
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6.1. Fundamentals of the SSI-DATA technique

for the Principal Component (PC) weighting:

1 2
Wi=1; Wo=Y, j—YprT Yo, (6.9)

for the Unweighted Principal Component (UPC) weighting:

Wi=1;, W,=I; (6.10)

for the Canonical Variate Analysis weighting (CVA) (of a man use
in the following):

1, . 2
W= Y, W, = I (6.11)

wherej is again the number of columns of block Hankel matri¥ g 1
(taken asj = N 2i+1 in the present case, i.e. all recorded data samples
are used) [121]).

As a practical rule, literature references suggest that th&JPC SSI-
DATA should be used in the presence of modes of equal strengihd data
with a good signal-to-noise ratio. On the contrary, CVA SSBATA should
be used in the presence of noisy data and modes characteribgdvidely
di erent strengths. Finally, the PC SSI-DATA variant may be considered
as a compromise between the chioce of UPC and CVA algorithmB0p,
121].

Then, starting from Eq. (6.8), observability matrix O; and Kalman
lter state sequence$S; may be computed as:

O;=U; 7°T; S =0'P (6.12)
whereT 2 R" " is a further possible weighting matrix, generally taken as
an identity matrix, T = | (as done here). By taking into account Egs. (6.6)
and (6.12), Kalman lter state sequenceSi,; and output sequenceYi;;

may be calculated as shown in [121]. Especially;;; comes directly from
a di erent partition of block Hankel matrix H g 1:

2 v 3
Oji 1 Y N Y+
Hoa 1= 4 Yy 9= i+1(')2i LT i (6.13)
Yistj2i 1 : f

where superscript symbolss and  stay for addition and for subtraction
of one block row to the originalY, and Y; matrices. Then, from projection
matrix P; 1 it is possible to obtain:
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Pi1=Y; 3Y,) =Y, YIOJ'T(Yp+ YIOJ'T)pr+ = 0; 1Sin (6.14)

where observability matrix O; ; may be directly obtained from O; by
deleting the lastm rows, while Kalman lIter state sequence’§i+1 can be
determined as:

§i+1 = Oly 1Pi 1 (615)

At this stage, discrete-time State-Space matrices and C may be com-
puted through an asymptotically-unbiased least squaresterate as [121]:

A _ é\i+1 4y

C Vi

Then, the eigenvalue decomposition of discrete-time statmatrix A

allows for the estimation of the modal parameters, by pasgrthrough an

eigenvalue decomposition and a conversion from discret®- ¢ontinuous-
time of the eigenvalues themselves.

(6.16)

6.1.2 Implemented SSI-DATA algorithm: computational step S

Block Hankel matrix H g5 1 may be further processed via LQ factoriza-
tion [45], in order to e ciently compute several contributes of the main
SSI-DATA work ow:

Hogp2 1= LQ (6.17)

so that the Hankel matrix H g2 1 may be expressed as the product of
a lower triangular matrix L 2 R?™ 2™ and an orthonormal matrix
Q 2 R2mi -

2 3 2 3
Ly O O Q7

L=4Ly Ly 09; Q=4QJ5 (6.18)
L31 Ls Las Ql

That in order to obtain the projection matricesP; and P; ; of the row
space of future output channels into the row space of past quit channels
directly from the LQ decomposition terms [106]:

L
Pi= Y=Y, = Li o} (6.19)

Pi 1= Yf :Yp+ = L31 L32 (620)

Q]
Q;
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Moreover, output sequencej;;, instead than from a partition of block
Hankel matrix H g 1, may be expressed as:

Q]
Q3

So, Kalman lter state sequencesS; and Si.;, by substituting
Egs. (6.19) and (6.20) into Egs. (6.12) and (6.15), can be calated as:

Yiji= Lar La (6.21)

= y L
Si= Ui T [20Q] (6.22)

Q]

Q;

where apex symbol' denotes that the lastm rows have been deleted from
the U; ;T matrix product.

Then, the State-Space matrices can be generally derived aading to
three di erent approaches, as outlined in detail in [121]. Tey dier for
the capability to ensure the positive realness of covariaasequences.

For the present SSI-DATA algorithm, the rst approach is adgted. It
directly uses the state sequences to estimate the State-$panatrices. In
fact, once the Kalman Iter state sequenceéi and §i+1 have been esti-
mated according to Egs. (6.22) and (6.23), while output seguaceY;; has
been calculated from Eq. (6.21), state matriced and C may be com-
puted from the following overdetermined set of linear equains, obtained
by stacking the State-Space models for the time instants o i up to
i+ L

_ "y
§i+1 = U]_ i_ZT L31 L32 (623)

§i+1 — A w

Yo T C S + " (6.24)
where Kalman lter residuals , and  (also named innovations) are un-
correlated with Kalman lter state sequencesS;. Thus, this set of equa-
tions can be solved in a least squares sense. In fact, by takinto account
that the least squares residuals are orthogonal and, theoe&, uncorrelated
with regressorsS;. In this way, an asymptotically-unbiased least squares
estimate of A and C may be obtained from previously exposed Eq. (6.16):

" " #
oY
A _ U il La; La u, P27 YLy

(6.25)
c Los Lo La

where all quantities on the right hand side of Eq. (6.25) maydexpressed
in terms of the LQ factors [106]. As a result of their orthonormality, the
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Q factors wipe out from Eg. (6.25), leading to a signi cant da& reduction
coming from the adoption of theL factors only.

Once matricesA and C have been determined, modal parameters may
be obtained from the eigenvalue decomposition of discreieie state ma-
trix A:

A= M ! (6.26)

where matrices andM hold the discrete-time eigenvectors , and eigen-
values ,, respectively.
Thus, the r'™ mode shape estimate of the system may be obtained as:

r=C (6.27)

Afterwards, discrete-time eigenvalues, are converted to continuous
time eigenvalues , (or system poles) as:

In( )
t
Finally natural frequency, damped modal frequency and motdamp-

ing ratio of r'™ mode may be computed as [106]:

_Im( 1), _ Re( ()
5 ] (6.29)

r:e'ft) P =

(6.28)

f, = JZrJ; fra =

6.1.3 Novelties of the present SSI-DATA algorithm

Main assumptions of classical SSI-DATA methods consist atéationary)
white noise input (so that process noisey, and measurement noisg are
not identically zero) and adequately long structural respase signals (so
that the number of measurements goes to innityj ! 1 ), to achieve
a suitable stabilization of the estimated poles. Light damping (modal
damping ratios in the order of1 2%) leads to better estimates, too,
since it may reduce the occurrence of noise poles or of mattaital poles
(e.g. false stable poles characterized by a positive realrpand a negative
damping ratio) [106, 121].

The present SSI-DATA algorithm, whose original theoretida
background comes from the general formulation in [83,12&s outlined in
earlier Section 6.1.1, may be intended as a rst implementatn attempt,
for SSI-DATA algorithms, to deal with earthquake-induced suctural re-
sponse signals, at concurrent heavy structural damping iretms of modal
identi cation challenge.

Therefore, the following paragraphs summarize the main gie and is-
sues related to the present SSI-DATA implementation.
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6.1. Fundamentals of the SSI-DATA technique

6.1.3.1 De nition of the weighting matrices

A rstissue is to appropriately de ne weighting matricesW ; and W ,, that
pre- and post-multiply projection matrix P;. After rst extensive simu-
lations performed in [82], under white noise input or seismiexcitation,
it was shown that the Canonical Variate Analysis weighting CVA) [121],
with weighting matrices W, and W, as given in Eq. (6.11), turns out to
be the most stable and performing weighting option towardschieving re-
liable estimates at seismic response input and concurrentdwvy damping.
This feature was demonstrated also in [94, 98], where bothrggetic and
real earthquake-induced structural response signals wexdopted towards
identi cation purposes, also with simultaneous heavy damipg, in terms
of identi cation challenge.

The Canonical Variate Analysis weighting (CVA) weighting,as opposed
to widely-used Principal Component (PC) (Eq. (6.9)) and Unwighted
Principal Component (UPC) (Eq. (6.10)) weightings, returrs even less
noise or mathematical poles and looks mostly able to sepagatrue phys-
ical modes from possible spurious earthquake harmonics.

Then, jointly with the selection of the CVA weighting, seveal features
help in returning much reliable modal parameter estimatesnder seismic
response input. Among those, Butterworth low-pass lterig, generally
set with order 8 and cutting frequency 25 Hz, without decimation of the
signals. Then, the Block Hankel matrix is generally set witmumber of
block rows equal toi = 50 (usually adopted as variable in the range
30 i 80 and number of columng = N 2 +1.

6.1.3.2 Speci cally-developed stabilization diagrams

For the correct selection of system orden and for the determination of
the stable poles (i.e. the poles where frequency, mode shael modal
damping ratio estimates show to be stable and not derivingdm noise
or mathematical poles), astabilization diagrammay be constructed from
the SSI-DATA identi cation outcomes [18,84]. It displays te poles that
are obtained according to di erent considered system ordgras a func-
tion of the estimated frequency lines. The Singular Value §§ curves
extracted from SVD of SSI-DATA output spectral matrix Gy (! ) may be
reported too, within the same stabilization diagram. This matrix may

be typically calculated from the estimated SSI model as ourled in [83],
by adopting the estimated next state-output covariance matrixand the
output covariance matrix [106] as:

Gyw(2)=C(zl A)'G+Roe+G'(z*1 AT) !ICTje ¢ (6.30)
whereG is the next state-output covariance matrixwhich corresponds to
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the last m columns of the reversed controllability matrix ; [121]:

1
P = oiyj—\(f Y, (6.31)

and R, is the output covariance matrix de ned as [106]:

Ro = J}Yitiij—ir (632)

The expression in Eq. (6.30) can be evaluated for any numbef the
unit circle z= €' !, where! can be any frequency of interest [83].

As an original alternative of the present work, a novel integited ar-
rangement considers instead the use of SV curves, which ammputed
from the SVD of direct output spectral matrix Gy (! ). This is calculated
through a routine of the previous rFDD algorithm, by adoptirg Welch's
modi ed periodogram [93], here reported for added clarity:

p1 ot P1 oot
Kag 0 VOW(te "o yr(W(t)e "o
G | ] 1 r t=0 t=0
w(t) K P 1
= W():

t=0

(6.33)
whereK is the number of segments of length and overlappingr (r = 2=3
in the present work) in which initial signaly(t) has been dividedy(t) is
the k'™ segment of the original signal andlV(t) is the considered windowing
function (a Hanning window in the present work [9]).

Such proposed integration of SSI and FDD information demotrates to
provide a reliable tool to support the individuation of the sable SSI poles
within the stabilization diagram, especially when dealingvith earthquake-
induced structural response signals and at concurrent hgadamping, as
handled here.

Further, the generally adopted stabilization diagram parmeters are a
maximum order n = 150 (in general, adopted asn = m i, as a func-
tion of number of response channelsm and number of block rowsi),
while the detection of stable poles is set with tolerance lels equal to

fi = ]fk fk+1j:fk < 0:01, K = ] Kk k+1j: k < 0:075and MAC =
1 MAC( «; k+1) < 0:02 for frequencies, modal damping ratios and
MACs, respectively, beingk the current model order. Than, the stabi-
lization diagram SVs are computed through SVD of the PSD maitt as
estimated via Welch's Modi ed Periodogram (Eg. (6.33), setvith 2048-
points Hanning smoothing windows and 66.7% overlapping.
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6.1.3.3 System order selection and modal dynamic identi ca tion

Anyway, the most severe issue in the present SSI identi catn keeps lying
in the fact that seismic response signals are characterizbyg rather short
durations (speci cally with respect to ambient vibration recordings), while
as a basilar assumption the method requirgs! 1 . This directly a ects

the achievable estimates, since the poles intrinsicallygtilay a harder sta-
bilization.

So, the maximum system order employed in the analysis shak lincre-
mented, jointly with a careful setting of the adopted numbeof block rows
in the Hankel matrix. This has been speci cally pursued in tk present im-
plementation (see also preliminary investigation results [82,98]). In this
way, better natural frequency and mode shape estimates mag lachieved.
As regarding to the modal damping ratios, they appear to be th most
challenging parameters to be detected by the present SSI mdiecation,
especially in relation to the cited very short durations of lhe seismic re-
sponse signals.

Finally, a sample of the outcomes from the SSI-DATA algoritm is
compared with the rFDD outcomes in Fig. 6.1, operating heretaeismic
response input and concurrent heavy damping. In this represtation,
the Singular Value Decomposition with peak-picking of the odes of vi-
bration (left) and the Global stabilization diagramwith the rst rFDD
Singular Value, representing rFDD and SSI-DATA all togethe(right) are
respectively depicted. The Global stabilization diagram idplays the sta-
ble poles, at increasing system ordamn, concerning frequency, damping
ratio and mode shape. Stable poles are selected as poles wittable fre-
guency, damping ratio and mode shape, between two consewatsystem
orders (they are marked with blue circles in Fig. 6.1).

Singular Value Decomposition - rFDD Global stabilization diagram - SSI-DATA
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Figure 6.1: Singular Value Decomposition and peak-picking of the modesf vibration
by rFDD (left) and Global Stabilization Diagram with 15 rFDD SV by SSI-DATA
(right), three-storey frame, synthetic response signals, &thquake of Maule (CH).
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Then, a sample of the outcomes from the SSI-DATA algorithm isom-
pared to the rFDD outcomes in Fig. 6.2 , by adopting real eartiuake-
induced structural response data coming from the local LonRrieta earth-
guake excitation on the San Bruno six-storey o ce building see Chap-
ter 8 for more details). In this gure, the Singular Value Deomposition
with modal peak-picking and the Global Stabilization Diagam with the
rst rFDD Singular Value, for the NS response component, ardepicted.
Despite for the real seismic-induced responses, the rstrége modes of
vibration can still be detected from the graphs.

v Singular Value Decomposition - rFDD, NS comp. Global stabilization diagram - SSI-DATA, NS comp.
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Figure 6.2: Singular Value Decomposition and peak-picking of the modesf vibration
by rFDD (left) and Global Stabilization Diagram with 15 rFDD SV by SSI-DATA
(right), San Bruno six-storey o ce building, real response signals, earthquake of
Loma Prieta (LP), NS component.

6.2 Results from synthetic output-only modal dynamic
identi cation

In the present section, selected analyses and results arengoto be pre-
sented, taken from the whole bulge of cases that have been sad [82,
94,98].

As seen in Chapter 4, the focus falls again on two di erent stictures,
namely a reference three-storey shear-type frame (Table2land a more
realistic ten-storey shear-type frame (Table 4.3), both @racterized by
heavy damping. As before, these structures are analysed dligh the
adoption of a set of ten earthquake base-excitations (Tabk.1). Since
these structures and earthquakes are adopted for all the @ proposed
methods, namely rFDD (Chapter 4), SSI-DATA (present Chapte6) and
FDCIM (Chapter 7), a detailed comparison among these algaohims in
the Earthquake Engineering range is gradually approached.
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6.2.1 Analyses and results with a reference three-storey
frame

By taking as base excitation the single instances from thetsef ten se-
lected earthquake recordings presented in Section 4.1 (Tabt.1), modal
dynamic identi cation analyses have been performed with #present SSI-
DATA algorithm, in order to identify all strong ground motion modal
parameters.

As concerning to the present SSI-DATA algorithm, the perfoned anal-
yses adopted the following settings:

Butterworth low-pass ltering, order 8, cutting frequency 25 Hz no
decimation of the signals (earthquake-induced structuraésponse sig-
nals input channels for the SSI-DATA algorithm);

Block Hankel matrix parameters: number of block rows set to= 50
(in general, adopted as variable in the rang80 i  80), number
of columnsj = N 2i +1, for all the analysed cases;

Stabilization diagram parameters: maximum orden = 150 (in gen-
eral, adopted asn = m i, as a function of number of response
channelsm and number of block rowsi), detection of stable poles
with tolerance levels set to fy = jfx fgsrj=fx < 0:01, K =

] k k+1)= k < 0:075and MAC =1 MAC( «; «k+1) < 0:02for
frequencies, modal damping ratios and MACs, respectivelgeing k
the current model order;

Stabilization diagram SVs computed through SVD of the PSD ma
trix, as estimated via Welch's Modi ed Periodogram, set wih 2048-
points Hanning smoothing windows and 66.7% overlapping.

Regarding SSI-DATA outcomes, the achieved Global Stabidzion Di-
agrams, coupled with the representation of thads' rFDD SV (see Sec-
tion 6.1.3), shows three clear lines of stabilization of theoles. These
lines may be discerned from the remaining poles, which areusjpus poles
coming from earthquake harmonics or from numerical or matheatical
poles. The use of the rFDD SV considerably helps in the selext of
the correct stable poles, since it provides a better indican with respect
to classically adopted PSDs within the stabilization diagems. See the
extensive analysis and details reported in [82,98].

Thus, by the strategies and settings reported above, comjgesynthetic
output-only analyses with the SSI-DATA method have been pérmed.
A synopsis from all the achieved results is reported in Fig.& where the
estimates in terms of absolute deviations of SSI-DATA idened natural
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frequencies f and modal damping ratios  and achieved MAC indexes
for the estimated mode shapes are depicted (see Egs. 4.1&:H.

The SSI-DATA estimated frequencies show quite scattered dations,
with deviations up to 14% higher than the maximum deviation of5%
registered for the rFDD algorithm. The estimated modal damjng ratios
display higher deviations with respect to those from the prgous rFDD
outcomes, with modal damping ratios discrepancies raisingp to 70%
By this method, the order of magnitude is more or less caughbut de-
viations look much higher and often rather unacceptable inngineering
terms. However, it should be recalled that really tough hegvdamping
identi cation conditions have been considered here. Geradly, the fre-
guency and damping estimates from the rFDD cases show to be chu
closer to the target values than from the SSI-DATA ones. In tis sense,
Frequency Domain rFDD appears superior to Time Domain SSIATA,
within the considered seismic engineering scenario at siltaumeous heavy
damping, according to the present implementation and achied level of
re nement.

SSI-DATA, all earthquakes, " f SSI-DATA, all earthquakes, " 1 SSI-DATA, all earthquakes, MAC
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Figure 6.3: Deviations of estimated natural frequencies and modal danipg ratios, and
MAC indexes, three-storey frame, synthetic response sigris, SSI-DATA algorithm,
complete considered earthquake dataset.

MAC indexes perform slightly less well with the present SIDATA al-
gorithm, than with the rFDD method. For the rst two modes, MA C
values are always higher thar0:75, with acceptable values in engineer-
ing terms. The third modes, instead, show to display some gtems,
especially with the IV, NO and NZ cases (Table 4.1), which ratn quite
unreliable mode shapes. Thus, also in terms of mode shapeimeates,
rFDD performs better than SSI-DATA, in the present seismic ad heavy
damping context.

Then, global results on the achieved modal estimates are fluer sum-
marized in Fig. 6.4, where the absolute deviations of the @siated natural
frequencies and the modal damping ratios, and the MAC indegeare repre-
sented, in terms of suitably-designed dispersion diagrarf®/], as adopted
earlier in Chapter 4.
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Figure 6.4: Dispersion diagrams for the deviations of estimated naturafrequencies
and modal damping ratios, and for the MAC indexes, three-st@y frame, synthetic
response signals, SSI-DATA algorithm, complete considered agthquake dataset.
Minimum, mean and maximum values, and standard deviations 1@ indicated.

As before, these truncated Gaussians represent the probéliof ap-
pearance of a certain deviation, as associated to each esttm between
the minimum and the maximum value, and are centred on the mearalue.
Again, maximum deviations are always on the Gaussian tailsyhile the
minimum deviations lay in the Gaussian center. This con rmghe good-
ness of the achieved SSI-DATA modal identi cation estimatg too.

Frequency boxplot, SSI-DATA Damping boxplot, SSI-DATA MAC boxplot, SSI-DATA
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Figure 6.5: Boxplot diagrams for estimated natural frequencies, modatamping ra-

tios and MAC indexes, three-storey frame, synthetic respose signals, SSI-DATA
algorithm, complete considered earthquake dataset.

Finally, the achieved results are also synoptically repogt in statistical
form in Fig. 6.5, by making use of appropriate boxplots, as priously
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adopted in Chapter 4. The presented boxplots con rm also thgoodness
of the achieved SSI-DATA estimates. Natural frequency estiates show to
substantially catch the expected target values. Also MAC idexes reveal
reliable mode shape estimates, including for the last modes vibration,
although SSI-DATA returns less accurate results than rFDDthough still
acceptable in engineering terms. Finally, concerning the odal damping
ratio estimates with the SSI-DATA, some troubles appear, eecially on
the second and third modes of vibration.

6.2.2 Further synthetic identi cation analyses with a real istic
ten-storey frame

In the present section, as seen in Section 4.2.2, the focusega@gain to
the analyses and results that can be achieved by adopting thealistic
ten-storey RC frame adopted in Section 4.1 (Table 4.3). Thesgings for
the SSI-DATA identi cation procedure are the same as thoseneployed
before, except than for the Butterworth low-pass ltering,whose cutting
frequency has been now taken equal ti25Hz

Thus, by adopting the present realistic ten-storey frame, ysthetic
output-only analyses with the present SSI-DATA algorithm lave been
performed. One may notice that, out of the achieved SSI ressilwithin
the present case, in general a low number of block rowsn the Hankel
matrix (30 i 50) allows to achieve better stabilization diagrams, and
consequently better identi cation estimates.

As it was previously done in Section 6.2.1, a synopsis froml &he
achieved results is depicted in Fig. 6.6. Again, the absokitdeviations of
SSI-DATA identi ed natural frequencies and modal damping atios and
the achieved MAC indexes are reported in the subsequent regentations.

Estimated SSI-DATA frequencies, show slightly higher deations with
respect to rFDD outcomes, with a maximum ofL1:04%for the third mode
of the LP case. The most challenging earthquakes reveal to be KO,
IV, LP and NO cases, especially as concerning to the estimatef the rst
modes of vibration.

As concerning the modal damping ratios, deviations for theS3-DATA
algorithm grow up to 96% with discrepancies that become at around
50% as a mean. The order of magnitude of the damping ratios is more
or less caught, but deviations look rather high in most casedHowever,
it should be recalled that really demanding heavy-dampinglenti cation
conditions have been challenged here, with up to 13% As it was seen
with the previous 3-DoF case, rFDD frequency and damping estates for
the present 10-DOF case show to be much closer to the targetwas than
for SSI ones.
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Figure 6.6: Deviations of estimated natural frequencies and modal danipg ratios, and
MAC indexes, ten-storey frame, synthetic response signalsSSI-DATA algorithm,
complete considered earthquake dataset.

MAC indexes with SSI-DATA perform once again slightly less &ll than
with rFDD. For the rst three modes, MAC values are always hidper than
0:70, except for the IV and NO cases, where they go down @527 and
0:525 respectively. From the fourth modes, some problems in th@wrect
mode shape identi cation start to appear. From the sixth moé, mode
shapes start to be badly identi ed.

Thus, in terms of strong ground motion modal parameters at lasy
damping, rFDD show again to be superior than SSI-DATA, for tle present
MDoF realistic case, at the present stage of development amdplemen-
tation.

As before, Fig. 6.7 summarizes the global results on the aeted modal
estimates for the ten-storey frame, where the absolute dations of the
estimated natural frequencies and modal damping ratios, drthe MAC
indexes are represented in terms of appropriate dispersidragrams. The
truncated Gaussian distributions show once again that maxium devi-
ations lay always on the Gaussian tails, while minimum deviins are
located near the Gaussian centres. This conrms the relidily of the
achieved SSI-DATA modal identi cation estimates too, despe for the
rather challenging scenario. SSI-DATA Gaussians are lesarrower than
previous rFDD ones, especially as concerning to the naturblequencies
and the modal damping ratios. This is again an indication oftte superior
rFDD performance with respect to SSI-DATA in the present comext and
implementation.

Finally, the results achieved from the realistic ten-storgframe are also
synoptically reported in Fig. 6.8, in terms of statistical loxplots. Here,
natural frequencies, modal damping ratios and MAC values t@®sated
from the performed synthetic analyses are represented.

The proposed boxplots conrm also the goodness of the SSI-DA
estimates. Despite for the very high modal damping ratios osidered in
the present case, in terms of SSI-DATA identi cation challage, modal
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parameter estimates show to be close to the target values. @g, natural
frequency estimates show to be very close to the expectedgat values.
Also MAC indexes reveal very good mode shape estimates urthe fth
mode of vibration, i.e. a more than adequate number of modes, order
to describe the dynamical behaviour of the structure, specally under
seismic excitation. Finally, modal damping ratios displayless accurate
estimates, where much problems appear, especially as concey to the
last modes of vibration.
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and modal damping ratios, and for the MAC indexes, ten-stong frame, synthetic re-
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|Chapter 7

Full Dynamic Compound Inverse Method:
theory and results

7.1 Fundamentals of the Full Dynamic Compound Inverse
Method

The present innovative method, hereafter nameBull Dynamic Compound
Inverse Method (FDCIM), extending the terminology DCIM rst intro-
duced by Chen et al. [24] inComputational Mechanics is a complete
element-level system identi cation and input estimation &orithm.

This is speci cally developed here to operate with earthque-induced
response signals, collected from seismically-excited MPashear-type
frames. The identi cation method releases strong assumptis implied
by earlier techniques, especially the required knowledgé the full mass
matrix (or at least of its speci c elements), to provide an eective iden-
ti cation of the modal parameters of the system, i.e. naturhfrequencies,
mode shapes and modal damping ratios, of the excitation inpand of
realizations of the state matrices. In fact, the present FDIBA algorithm
requires the knowledge of structural response signals gniyhile mass,
damping and sti ness matrices, and the exciting earthquakenput, may
be completely unknown.

Accurate estimations of the input ground motion time histoy and of
the states at the element-level are provided through a twdage iterative
algorithm. This method works jointly with a Statistical Average technique,
a modi cation process and a parameter projection strategyvhich are
adopted at each iteration to provide correct and stronger cstraints for
the estimates, allowing for faster and much reliable convgence.

Moreover, the proposed FDCIM method (as opposed to other nfet
ods operating within the stochastic framework) appears toédocompletely
deterministic and it is fully developed inState-Space form It does not
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Chapter 7. FDCIM: theory and results

require transformations from continuous-time to discretéime and it does
not depend on the adopted initial conditions or on the state stimation,
in order to identify the modal parameters and the input groud motion.
Further, all structural features as element-level mass, da&ing and sti -
ness matrices, may be accurately identi ed by knowing menrelany single
component of one of these matrices, or even by relying on artieste
of a global structural parameter, like for instance the totamass of the
building. Then, the adopted formulation is suitable for inegration or
support to other common output-only methods working with Sate-Space
parametric Time Domain frameworks.

Main assumptions of the present FDCIM implementation are: reear-
type frame structures (or, generally, structures compatie with a diago-
nal mass matrix and a tridiagonal symmetric sti ness matriy, excited by
ground motion excitation at the base (it could be an earthquee-induced
excitation, or any other input, even though applied as basexeitation to
the considered structures). The simultaneous knowledge afceleration,
velocity and displacement structural responses may be usgkfthough the
missing recordings may be directly calculated from the avable responses
(e.g. if only acceleration responses are available, vetees and displace-
ments may be obtained from integration of the acceleratiorthemselves).

In Section 7.1.1, the basic mathematical model underlyinghe FD-
CIM method is described, while the associated two-stage ittecation
algorithm and the element-level identi cation procedure ee presented in
Sections 7.1.2 and 7.1.3. Finally, the adoption of General &®ayleigh
damping is addressed in Section 7.2, where the modi ed baswathe-
matical model, the upgraded two-stage identi cation algathm and the
procedure for the Rayleigh damping coe cients estimation g outlined,
in Sections 7.2.1, 7.2.2 and 7.2.3, respectively.

7.1.1 Basic mathematical model of the FDCIM algorithm

The response of a linear MDoF shear-type building subjected earth-
quake base excitation, characterized by ground acceleieiy(t), is gov-
erned by the following classical set of second-order timeetdential equa-
tions:

Meu(t)+ Cu(t)+ Ku (t) = f(t) = Mueg(t)= Mr wg(t) (7.1)
whereM, C and K 2 R" " are the mass, damping and sti ness ma-
trices of the structural system, respectively, with the fdbwing classical

de nitions:
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2m1 0O O 0 3
0O m, O 0
M=880 0 mg 07 [kg];
O 0 O mp
2 3
G+t G C 0 00
CC G+ c .. 0
C= 0 C3 c+c i1 0 [stm], (72)
5 0 0 0 Ch 3
ki + ks ks 0 o 0
k2 k2 + k3 kg o0 0
K = 0 kg kg + k4 0 0 [N:m]
0 0 0 R
where n is the number of oors, m; are the oor masses,c and k;
(i = 1;:::;n) are the lateral column damping and sti ness coe cients,

respectively, between thé™ and the (i 1) oor. Matrix M is diago-
nal and matricesC, K share a tridiagonal (symmetric) structure. Vector
u=1J[up Uy uz ::: uy]" 2 R" ! gathers the absolute (relative to the
ground) displacements of each oor. Consistently, vectons and & repre-

sent absolute (relative to the ground) velocities and acaghations. Finally,

the input force vectorf(t) 2 R" ! is the vector containing the acting exci-
tation input, here coming from the ground acceleratiom. It is de ned as

f(t)= Meg= Mreg wherer =[111 ::: 1] 2R" !is the in uence

coe cient (rigid body motion) vector for the analysed case ad ey = relg

is the ground acceleration vector. Fig. 7.1 sketches the fiial geometry,

the lumped-mass scheme and the displacements of the adopsbe@ar-type
model, whereh; represent the relative oor heights.

By switching to State-Space form, then second-order di erential equa-
tions of motion in Eq. (7.1) can be rewritten into2n rst-order di erential
equations, in terms ofstate equationx(t) and observer equatiory (t), by
sticking to classical literature de nitions (see e.g. [3%]

x(t) = Ax (1) + Bf (t)
y(t) = Cox(t) + Df (1)

wherex(t) = [u(t) u(t)]" 2 R?" ! s the state vectorand x(t) its deriva-
tive, while y(t) 2 R" 1 is the output vector. Moreover,A 2 R?" 2" is the

(7.3)
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state matrix, B 2 R2" " the input matrix, C, 2 R" 2" the output matrix
andD 2R" " the feed-through matrix which can be de ned as follows:

0nn Inn . B = Onn
M 1K M iC M 1 (7.4)

Co= M XK M : D=M"1

Matrix terms 0, , and I, , 2 R" " indicate zero and identity matrices
of the speci ed dimensions, respectively.

A =

Figure 7.1: Lumped mass structural model of the adopted shear-type frameilsjected
to ground motion base excitationey.

In the present identi cation implementation, the known quantities are
only the dynamic responses, i.ex(t) and x(t) state vectors, while state
matrices (i.e. A, B, C, and D matrices) and input vector f(t) are the
unknown variables to be identied. Accordingly, by switchhg back to
physical space, the parameters which will be estimated arde modal
characteristics, the seismic ground acceleration and theass, damping
and sti ness matrices (i.e. their coe cients).

Thus, while typically Egs. (7.1) or (7.3) are conceived to bfarmed and
solved for the unknown structural responses, in the preseittenti cation
process the role of given information and unknown variablas reversed
and e ective algebraic rewriting of the equations of motionleading to
appropriate identi cation equations, is sought, in view ofexpressing the
new role of the unknown variables (the identi cation varialtes). This is
pursued next.

It can be noticed that the estimation problem, by taking intoaccount
the desired unknowns, turns out to be undetermined, in the see that it
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is going to be revealed in the following. In order to handle th issue, from
Eq. (7.1) it is possible to write the two following concatend relations,
namely the two basic equations on which the present recursialgorithm
is built:

Cu(t)+ Ku(t)= M w(t)+ wg(t) (7.5)
M P Cu(t)+ Ku(t) = w(t) sg(t) (7.6)

where Eq. (7.6) may be derived directly from Eq. (7.5), by &M ! pre-

multiplication. Notice that mass matrix M can always be inverted, since
it is taken as a diagonal, non-singular matrix. The switchig of Egs. (7.5)

and (7.6) to State-Space representation is immediate, anddds to the

following formulations:

Gckx(t) = N ckx_(t) + I-ckf (t) =N ckx_(t) I—ck'\/I lﬂg(t) (7-7)
Gmx() = X(1)  Lmbg(t) (7.8)

whereGg 2 R 2" Ny 2R 2" L 2 R " G, 2 R? 2" and
Ln 2 R2" " are matrices to be speci cally assembled, de ned as follows

—_ On n In n . — In n On n . — On n

GCk - K C ’ NCk - On N M ’ I—Ck - |n N (79a)
_ 0Onh g In n . _ On

Gn= y'ik wm e Lm= (7.9b)

Then, Eq. (7.7) can be rewritten, with the purpose of a rst sage
identi cation (described in subsequent Section 7.1.2), ithe following form
(see [67]):

1 1 1
Hal) ac= Pa() ) ot Onan g = Padl 740,
On n Hck(t) K Pe (1)
| {z PRl S
2n 3n 3n 1 2n 1
Last Eq. (7.10) is de ned for every time instantt = t;, i = 1;:::;L,

being L the total number of points of the acquired input signals, i.ethe
length of the signal. By collecting together all the samplig time instants,
the subsequent formulation can be reached:

i - (7.11)

(L 2n) 3n 3n 1 (L 2n) 1
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where:
Hek = [Hek(ta) He(tz) 1 ck(tL)]T (7.12a)
ck—fil- 2— }Flczcs'{z |<k2k3 { ::kTgT
(7.12b)
Pok = FPa(ts) Pax(t) 111 Pac(tl)g’ (7.12c)

Then, H (t) is a matrix containing the (known) velocity and displacemein
responses, ¢ is a vector containing all the (unknown, to be identi ed)
damping and sti ness parameters and® «(t) is a vector related to the
(unknown) mass terms, containing both (known) acceleratio responses
and (unknown) input ground motion excitation. Their elemets can be
computed, at the generic time instantt;, as:

8 9
24, 0 0 0° 8 1% Uz
0O u, 0 0 % 1= E ux=
Hat)=80 0 u_3 oL a= 3 15 ; Pa(t) = 2 %5 (7.13)
u ' 1 ' u. ’
12 Uy | {22} |2}
nn n 1 n 1
ui Uz up 0 0 ui up up 0 0 3
0 u lil Uz Us 0 0 uz up uz us 0
ck(t)—ﬁ0 we 09 b e 0 £ (7.14a)
0 (') 0 “Up Up 1, O 0 0 “Un Un 1
— Z
I n{2n }
2 _ e e A T
ck = f Fl CC G Cnl{Zi(l k2 kg k, kTg (714b)
8 9 "
% m (el + Ug)g
my (bl + Ug) 2
PZ(t) = : M (b3 + tg) (7.14c)

e

n 1

Finally, the  parameters may be estimated by applying a Least-
Squares technique on previous Eq. (7.11):

1
«=H%P&«= HIH« "H& P« (7.15)
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where superscript symbol indicates the Moore-Penrose pseudo-inverse.
Similarly, for a second identi cation stage (see Section ¥.2), Eq. (7.8)

can be rewritten, for every time instantt = t;, i =1;:::;L, as
Hh() O ; Pt
Ho® m= P ) o On g = Pell) 746
O n _HRM). 5 P (t)
I {z | R S R
2n 2n 2n 1 2n 1

By collecting the sampling time instants all together one ha

B w@w- (7.17)
(L 2n) 2n 2n 1 (L 2n) 1
where:
Hm = [Hm(t) Hm(t2) it Hon(t)]" (7.18a)
m = f iL 112.2;:: .}; il:ml 1=m, 1:m31{:z;: 1I=m; ::: 1:m? gT (7.18Db)
Pm=fPn(t1) Pm(ta) ::: Pm(tL)g’ (7.18¢c)

So,H (1) is again a matrix containing the (known) velocity and displae-
ment responses, n, isS a vector containing all the inverse of the (unknown,
to be identi ed) mass parameters andP ,(t) is a vector collecting the
(known) acceleration responses and the (unknown) input guad motion
excitation. By considering a generic time instant;, each of their elements
can be calculated as:

2u 0 0 03 819 8u 9
Ul Ul
go u, 0 0 %l% EQZE
Hu)= 80 0 W 04 ;:515; Pai(ti) = Eujé
0O 0 O . ' i’ :’

| ) |42 B3
n n n 1 n 1

(7.19)
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2u1 0 0 0° Zgl 0 0 0°
0 u, O 0 0 u, O 0
H2(t)=KRO 0 us 07+cf0 0 us 04 (7.20a)
0 0 O u 0 0 O u
| {z —}
nn
r2n=fil=m1 1=m, 1:m3{:z:: 1=m; ::: :m,}1 g’ (7.20b)
1 n
8 9
E (Ul"'ug)g
(b2 + Ug) =2
P2 (t) = (b3 + Ug) (7.20c)
" (g + )’
| —Jz—}

n 1

As seen in Eq. (7.15), the mass parameters collected i, can be
estimated by applying a Least-Squares technique on Eq. (7)1

m=HLPn= HIH, ‘HT P, (7.21)

Notice that, as commented earlier right after Eq. (7.4), theachieved
algebraic representations in Egs. (7.11) and (7.17) invethe role of un-
known parameters and given quantities, as in Egs. (7.1) and.@), so as
to allow for solving the identi cation process in the unknow quantities
to be identi ed, for a total number of 3n unknown structural parameters
and unknown input ground motion signal.

By summarizing the introduced problem and its formulation e far, it
can be noted that it does not look one of a simple solution, i@ un-
known quantities are collected insideP« and H,,. Then, a two-stage
iterative solution provided by the present Full Dynamic Conpound In-
verse Method (FDCIM) is innovatively developed below, to dd with the
present identi cation inverse problem, as it is presentedni the next sec-
tion.

7.1.2 Two-stage identi cation algorithm

The developed Full Dynamic Compound Inverse Method (FDCIMjs an
algorithm that, by working with a State-Space representatin, allows for
the estimation, in series, of modal parameters, input grouhmotion and
structural characteristics at the element-level. This is pssible through a
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7.1. Fundamentals of the FDCIM technique

two-stage iterative algorithm, which consists of a Leastésiares (LS) op-
timization technique for parameter identi cation [62], ard of a Statistical
Average (SA) method [24], which make the estimated input ekation to

comply with the dynamic equilibrium of the considered frameat each
time instant, and rely on a modi cation process, allowing fofaster con-
vergence.

The only known quantities are the time histories acquired &m the
building responses; especially, only acceleration resges may be known,
since velocities and displacements may be integrated nurioaily from ac-
celerations, see [30]. Then, the development of the FDCIM galrithm,
divided in two subsequent stages, may be summarized in thengputa-
tional steps outlined below.

First stage (realization of stiness and damping parameter S):

1.1 For the rst iteration, since both , n and ey are unknown quan-
tities, each parameter vector must be assigned to an arbitnainitial
value, for example® o = f111:::1g",° ,=f111::: 19",
where left apex symboD stays for initial starting value. For the sub-
sequent recursions, a similar left apeixdenotes the current iteration.
Notice that the performance of the method is not sensitive tthese
initial values, which may be whatever between, sayl0 ¢ and 1CF.
Then, initial matrices °M, °C, °K (through Egs. (7.2)) and °H
(through Eg. (7.12a)) can be computed.

1.2 An estimate of vectorP . can be calculated by using the terms of
Step 1, from Eq. (7.11), getting®P o = °H® . Overmarking sym-
bol stays here for estimated value.

1.3 By using®P ¢, matrix G, can be estimated from the following Least-
Squares expression:

1

G =PuXY=%y XTX “XT (7.22)

where X = fx(t1) x(tz) ::: x(t.)g" 2 R{& 2 1 s the global state
matrix, accounting for all L time instants.
1.4 Knowing® ,, °N¢ can be reconstructed from Eq. (7.9a).

1.5 Starting from Eq. (7.7), an estimate of the input ground ration vec-
tor %sg.(t) can be obtained:

0 _ ong Y 0 0
lEl—g;ck(t) - I—ck M Gckx(t) chx_(t) (7-23)
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1 2 ce i .
where %8l (t) = OB (1) (1) 1i: P (1) 1 fEgy (DT
contains the estimate of the input ground motion relative toeach

1.6 Then, a Statistical Average (SA) process is introducech ithe algo-

rithm, since the n™ ground accelerationé’ag;)ck(t) obtained from pre-
vious Eg. (7.23) should be the same for every storey, at eadme

instant t = t;. Actually, this is not true because of the di erence be-
tween the assumed initial value$ ., ° , and their true values. So,
the SA method can be applied as follows, by computing the aage

(mean value)®ey.«(t;) between then di erent Oa(g'ik(t,- ), at each time

instant t = t;:

0u (t) - } X Oa-(i) (t) i = 1:::: L (7 24)
gekllj) = = geklli)y 1= L5 '
i=1

1.7 After the computation of the average ground motiofiely.c«(t), @ mod-
i ed version of vector P (t) may be reconstructed, by using the fol-
lowing modi cation procedure:

O'sck(t) = OchX_(t) I-ckol\/Ir Oug;ck(t) (7-25)
where superscript® means modi ed value.

1.8 Finally, an improved estimation of the  parameters can be com-
puted by the use of the modi ed®P . vector, leading to estimates of
damping and sti ness parameters at iterationl as follows:

D= ML %Pa = CHLCHu oML %Pu  (7.26)

1.9 Onthe latter Least-Squares formulation, a parameter pjection tech-
nigue is adopted, in order to arrive at strictly-positive esmates of
Lo i parameters, i.e. ofc and k; terms, wheni = | (i.e. for the
diagonal terms of the damping and sti ness matrices), withat the
need of solving constrained LS problems:
h [

=sgn 1 4 i Lo 8iij =1;:::n (7.27)

1

ck Ij

where sgnf ::] represents the sign function, that is the odd math-
ematical function which extracts the sign of the real numbein its
argument.
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Then, from the estimate of* (, updated estimates'C and K of the
damping and sti ness matrices can be computed.

Second stage (realization of mass parameters):
Similarly to what seen for the rst stage, the second stage Wbe outlined
by the following computational steps.

2.1 The rst iteration of the second identi cation stage stats from the
achieved estimates of , !C and 'K, aiming at the computation of
the °H ,, matrix, through Eqg. (7.18a).

2.2 Vector P, can be estimated by using the terms of Step 2.1, from
Eq. (7.17) to °P, = °H .0 ., where® ., was de ned in previous
Step 1.1.

2.3 Matrix G, can be estimated, through the estimated value dP,,
from the Least-Squares problem:

0z =% x¥=%, x'x X' (7.28)
Notice that from matrix G,,, an estimate of state matrixA can be
directly computed, leading to’%A (see Eqg. (7.9b) for more details).

2.4 The input ground motion vector®e4..(t) can be again estimated, by
taking into account previous Eq. (7.8), as:

Bgm(t) = LY "Gmx(t)  x(1) (7.29)
where, again, vectof#y.m (t) holds the input ground motion estimates
for each storeyi = 1;:::;n and for every time instantt = t;, j =
1,:::;L

2.5 As in previous Step 1.6, the Statistical Average method applied, at
each time instantt = t;, to the n di erent °&§(t;) ground motion
accelerations:

0 1 X 0g(i) e ..
bgm(t) = ot J =1L (7.30)
i=1
2.6 Through the following modi cation procedure, the modied version
of vector P, (t) can be reconstructed as:

Pa®)= x(t)  Lor Ceige(t) (7.31)
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2.7 Then, through the use of modied vector’P,, the improved esti-
mation of |, can be computed, by giving rise to iterationl for the
second identi cation stage:

'm=CHLPm = CHLCHn COHT P (732)

2.8 As before, on previous Eq. (7.32) the parameter projeati technique
is implemented, towards getting strictly-positive estim#ons of the

- i parameters8i;j = 1;:::;n (since mass matrix elements must
be all strictly-positive), without the use of constrained IS problems:
h [
1mij:sgn Yoo b 8 =1::i:n (7.33)

1]

Then, from the ! , estimate, the updated estimate of mass matrix
IM can be computed.

2.9 In the end,’M, °C, °K, ? . and °® ,, can be replaced by updated
parameters’M, 1C, 'K, ! 4 and?! ,, in Step 1.1.

The two-stage recursive algorithm iterates then from Step.2 to
Step 2.8, until the following convergence criteria are met:

(7.34a)

s ) Mgad) o TEGN()  Tegn()
il'Jg;ck(tj ) o i l'Jg;m(tj ) ?
(7.34b)

where left superscripti indicates the current iteration step (andi

1 the previous one), andp and q are the p" and g" elements of
vectors ¢ and o, respectively. Superscript is the r'" DOF of the
estimated ground motion, whilej indicates the j" time instant of
interest. Finally, " and "4 represent the selected tolerances, which
generally can be chosen to be betwed® # and 10 °. Of course,"
refers to a convergence criterion on the structural paramets, while
"4 refers to a convergence criterion on the estimated input guad
motion.

For the analyses presented here, convergence toleranceghaeen gen-
erally setto” =10 ®and"y = 10 *. For the ground motion, a lower
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7.1. Fundamentals of the FDCIM technique

convergence level is selected, since the estimation ererdiluted over a
considerable greater amount of values, with respect to thdor the vector
parameters. A stopping criterion is set if aftel2000iterations the conver-
gence criteria have not reached at least = 10 * and "y = 10 2. Then,
the algorithm de nitively stops if after 5000 iterations convergence has
not been reached, or if any of the; identi ed parameters goes to zero or
to in nity.

Once the iterations made on the two stages of the algorithm gmo
convergence, the nal  and |, render realizations of the nal mass,
damping and sti ness matrices, jointly with realizations @ state matrix A
and output matrix Cq, which can be directly derived fromG,. At a
glance, a realization of the State-Space model can be redomsted from
these matrices. Then, the average valuegy,(t) obtained from Step 2.5
represents the estimated time history of the ground motion.

7.1.3 Element-level identi cation procedure

As previously explained, from the FDCIM, estimates of the maal param-
eters, of the input ground motion excitation and of the strutural (mass,
damping and sti ness) matrices at the element-level can bechieved.
These matrices, as well as the identi ed State-Space mates A, B, Co
and D), represent a realization of the system under investigatp i.e. a
possible combination of matrices which is able to reconstuthe acquired
structural responsesu(t), u(t) and e(t), known the input ground motion
excitation ey(t). The latter can be estimated from Step 2.5, as exposed
earlier.

Then, from the estimated realization of state and output maices (A
and Cy) or, equivalently, of mass, damping and sti ness matricesthe
modal properties (natural frequencies, mode shapes and nabdiamping
ratios) can be obtained in a straight-forward manner [27,31

The last issue concerns the accurate identi cation of thelement-level
values, since by this iterative procedure matricedl, C and K are identi-
ed correctly, unless for a real positive multiplying paraneter , hereafter
called Fixing Factor. This means that the proper orders of magnitude
between each element are preserved, and only a multiplyingmameter
is required to restore the real amount of each mass, dampingdsti ness
element. In other words, dierent realizations of matrixM, C and K
di er only for an unknown proportionality factor.

The Fixing Factor can be computed through the knowledge (or at
least, the evaluation) of a single structural parameter, &wing then for
rescaling the realizations. For instance, the total mass dhe building
under exam may be known or estimated, or any other single pangter of
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one of three matricedv, C and K (namely any single parameter among
m;, ¢ andk;). Basically, one of these comparison valués comes from its
knowledge (or estimation) from the real building P,ca ), While the other
is taken from the estimated model Pes;). So, the Fixing Factor can be
simply computed as the ratio between them:

_ F)real .

- ’
Pest

beingP = myy; m;; G ork; (7.35)

Then, by multiplying the estimated mass, damping and sti n@s ma-
trices by the Fixing Factor, the real value of the element-leel identi ed
parameters is achieved. In the present work and in [96, 99h4 element-
level estimates achieved from the analysed cases adopt 3lsB = myy as
rescaling parameter (a parameter that may be judged in praictl cases,
based on several types of information that may be known for ébuilding).

7.2 Full Dynamic Compound Inverse Method with General
and Rayleigh damping

7.2.1 FDCIM mathematical model with General and Rayleigh
damping

With viscous damping, as treated in previous Section 7.1, d®ing ma-
trix C shares the same tridiagonal symmetric structure as for magr K
(see Eq. 7.2), withn damping coe cients ¢, leading to a matrix where
damping coe cients ¢; are coupled to each other. This damping matrix
de nition is not able to describe more general damping behawurs, where
the damping characteristics are spread all over the structe, and do not
depend only on the lateral column dissipative coe cients b®een oor i
and (i 1). A particular case of the General damping behaviour above
is well-known Rayleigh damping, where damping matrixC is made by a
linear combination of sti ness and mass matrice€ = M + K.

So, this modi cation of the FDCIM algorithm is implemented to deal
with the attached implementation issues, in order to achievan e ective
element-level system identi cation and input estimation pocedure. In
the following of the present section, fundamental changes the FDCIM
equations are highlighted. The rst expedient to bypass theoupling of
the damping coe cients ¢j comes from a dierent writing of damping
matrix C, with an augmented number of damping coe cients:
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7.2. FDCIM technique with general and Rayleigh damping

2 L+ G C, 0 o 0 3
CC G+CG G .. 0
C = 0 Cg G+ i 0L [Nsm]
0 0 0 R o
I {Zt }
n parameters c;
2 7.36
Ci1 Ci2 o 0 ( )
Co1 Co2 C23 S
y c=80 032 C33 0 0 £ [Ns=m]
R o
I @ i

2n 1 parameters cj = Gj

In this way, the tridiagonal symmetric structure of matrix C with n
coecients ¢ (i =1;:::;n), which is in common with sti ness matrix K,
may be neglected, on behalf of a more general (still symmeldyitridiagonal
structure, where2n+1 coe cients ¢; (i;j =1;:::;n) are generic damping
parameters, decoupled from each other and thanks to the syretry of the
C matrix, decrease to2n 1 di erent coe cients. Thus, this is the rst
step when dealing with General or Rayleigh damping (or wherypotheses
on damping behaviour cannot be made).

The adoption of Rayleigh damping, as a particular case of Geral
damping, is actually very interesting and rather challengig from the in-
verse analysis point of view, since it brings to a set of noméar iden-
ti cation equations in terms of the unknown sti ness and mas parame-
ters. Thus, it is brought to light below how the C matrix formulation of
Eq. (7.36) can be the adopted to address such an identi catioissue for
Rayleigh damping.

By adopting Rayleigh dampingC = M + K, the n equations of
motion (Eq. (7.1)) may be rewritten as:

Mla(t)+ u(®]+ K[ u®)+ u(®]= Meg(t) (7.37)

Previous Egs. (7.1) and (7.37) can be rewritten in State-Spa (SS)
form, by switching their n second-order di erential equations of motion
into 2n rst-order di erential equations [31], in terms of state equation
and observer equation(see Egs. (7.3) and (7.4)).

With the purpose of FDCIM system identi cation, structural dynamic
responseau(t), u(t) and e(t) are the only known quantities. MassM,
damping C (with Rayleigh damping coe cients and ) and sti ness K
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matrices and seismic ground acceleratiosy(t) are the unknown variables
to be identi ed.

Thus, by following the theoretical background of FDCIM (Setton 7.1.1
and [97]), the two basic identi cation equations for the preent Rayleigh
damping case may be written from Eq. (7.37) as:

( Mh+ K)ut)+ Ku(t)= M e(t)+ eg(t) (7.38)
|
Mt (M+ Kut)+Ku() = s(t) wgt) (7.39)

From Egs. (7.38) and (7.39) it is possible to see that they cefitute a
set of non-linear identi cation equations in terms of the uknown struc-
tural parameters, since unknown coe cients and are strictly coupled
to the unknown sti ness and mass terms in matrice&K and M, respec-
tively. Thus, the identi cation problem based on Eqgs. (7.38 and (7.39)
is quite dicult to be handled by FDCIM (and, in general, by DCIM
methods). Then, the general formulation below is adopted.nlthis way,
Rayleigh damping may be treated as a special case of a moreegahfor-
mulation, with Rayleigh damping coe cients that may be estmated as
outlined later in Section 7.2.3.

Thus, the expedient to bypass the set of non-linear identiation equa-
tions comes exactly from the di erent writing of damping matix C ex-
posed in Eq. (7.36). The derivation goes back to that from noan.

Accordingly, Egs. (7.38) and (7.39) may be brought back to #hde ni-
tions made in Egs. (7.5) and (7.6), which constitute the basiconcatenated
relations on which the present recursive FDCIM method is blii

By following the treatment developed in Section 7.1.1, subquent steps
may be adapted and modi ed in order to arrive at the equation®f the
two identi cation stagesin case of General damping or Rayleigh damping.
Then, Eq. (7.5) the origin of the rst stage of the FDCIM identi cation
method may be rewritten from Eq. (7.10):

- H% (t) On (3n 1) ék — P%k(t)
He(t) o = Poa(t) ) Onkn HZ (t 5 = pat
| ey e Py
2n (4n 1) (4n 1) 1 2n 1
(7.40)

where zero matrices have dimensions as suggested by the teslasub-
scripts. In earlier Eq. (7.40), matrix H(t) contains the velocity and
displacement responses (known quantities, input for the eahti cation al-

gorithm), vector ¢ contains all ; damping andk; sti ness parameters
(unknowns, to be identi ed) and vector P (t) is related to the m; mass
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7.2. FDCIM technique with general and Rayleigh damping

terms (unknowns, to be identi ed), containing both velociy and accel-
eration responses (known quantities) and input ground main excita-
tion wg(t) (unknown, to be identi ed). At a generic time instant t = t;,

Pl (ti) and P2 (t;) elements can be expressed as reported by Egs. (7.13)
and (7.14c), whileH?,(t;) and 2 takes a di erent expression, which may
be computed as:

ugpup 0 0 O 0 ugup uz 0 0 3
0 ug upuz O 0 0 uz up uz us 0
HZ(t)= §000®we 0 0 0 uww ° £ (7.41a)
60000 u O, 0 0 " un Un g
I —{z }
n (3n 1)
gk:frllclzczzz::qj :::Cl{%;klkzkg:::ki :::k?gT (7.41b)
1 (3n 1)

The de nitions of terms contained in Eq. (7.40) may be expregd also
by gathering the sampling time instants all together as:

T (7.42)

(L 2n) (4n 1) (4n 1) 1 (L 2n) 1
where the full matrix components take the subsequent de nibns:

Hoo = [Hea(t) Hoe(t2) oot He(to)]” (7.43a)
k = fiL 12.2::: }; I:llclzczz {z G il q,}; |<1k2k3 {z ki 11 kTgT
n 1 (2n 1) 1n

(7.43b)
Poc = fPak(ts) Pex(tz) 10 Pe(tL)g’ (7.43c)

In the end, the unknown parameters of vector (x may be estimated
via Least-Squares, on the full matrix de nitions of Egs. (43a)-(7.43c),
by adopting the formulation of previous Eq. (7.15).

In a similar way, the second identi cation stage (Section 2.2) can
be deduced from Eq. (7.6), by retracing all the steps, de nibns and
equations starting from Eq. (7.16) to Eq. (7.21).

The so-formulated identi cation problem is not one of a simje solution,
since the unknown parameters are contained not only into they and
vectors, but also into theP , H,, and P, matrices. Obviously, the price
to be paid for the possibility of identifying also Generallydamped and
Rayleigh-damped systems is the increase of the number of mokvns from
3nto4n land4n+1, respectively. Besides, convergence is guaranteed
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and results turn out to be very e ective, as presented in [99]Then, the
4n 1 unknown structural parameters (which becomedn + 1 in case of
Rayleigh damping, with the additional and Rayleigh damping coe -

cients, i.e. two unknowns more) and the unknown input grounanotion

signal may be identi ed by this modi cation of the two-stageiterative al-

gorithm of the Full Dynamic Compound Inverse Method (FDCIM) This

is treated in the next section.

7.2.2 FDCIM two-stage identi cation algorithm with Genera I
and Rayleigh damping

Through a modi cation of the two-stage iterative Least-Sqares (LS) al-
gorithm seen in Section 7.1.2, the FDCIM technique aims at @®at-
ing modal parameters, structural features at the elemenelel, Rayleigh
damping coe cients and input ground motion excitation, when General
or Rayleigh damping occur.

Then, the FDCIM algorithm with General or Rayleigh damping @an
be developed through the same two subsequent stages outline Sec-
tion 7.1.2, where some new steps are necessary in the forrtinlaand are
then highlighted from the main work ow of the original FDCIM.

As it concerns to the rst stage of identi cation , which allows for the
realization of stiness and damping parameters, the FDCIM avelty is
the adopted parameter projection technique, which is neagy after the
estimation of damping and sti ness parameters at iteratioriL. This step
is di erent from that in Step 1.9 of Section 7.1.2, and it is neessary
in order to achieve strictly-positive estimations of someetected * i
parameters, without the need of solving constrained LS prédms. This
because the diagonat; terms and all thek; terms need to be positive,
while non-diagonal termsc; can be free to assume their own signs and
values:

8 h i

3sgn oyt for ooy =grifi=
1ckij:glﬂ<ij i forlckij:Cij;ifigj

“sgn 1o Lo for o =k 8 =100

1) 1] 1]

(7.44)
wheresgn : :] is again the sign function, i.e. the odd function which aims
at extracting the sign of its argument.

Then, as it concerns to thesecond stage of identi cation which allows
for the realization of the mass parameters, computationateps do not
require variations from the original version of FDCIM (see &ction 7.1.2).
Again, normalized convergence tolerances are representsd” and ",

which are generally selected betweetD 4 and 10 °.
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For the present cases, normalized convergence toleranamstlie struc-
tural parameters and the input ground motion have been geraty set to
" =10 ®and"y =10 “4 After 2000iterations, a stopping criteria is set
to block the algorithm if convergence criterion do not satfy at least val-
ues" =10 “and"y =10 2. After 5000iterations without convergence,
or if any of the ; identi ed parameters goes to zero or to in nity, the
algorithm stops.

Once convergence is reached, the naly and , estimates return a
realization of state matrix A and output matrix C, (see Eq. (7.4)), to-
gether with a realization of nal mass, damping and sti nessmatrices.
The averaged input vectorely., (t) obtained from Step 2.5 of Section 7.1.2,
represents the estimated time history of the ground motionxeitation. Fi-
nally, Rayleigh damping coe cients and may be estimated as outlined
in following Section 7.2.3, while the element-level identiation procedure
follows exactly the same steps previously outlined in Secti 7.1.3.

7.2.3 Estimation of Rayleigh damping coe cients

After the computation of the nal  and , vectors, i.e. of the -
nal mass, damping and sti ness matrices, it is possible to tawate the
Rayleigh damping coe cients via the following procedure. Te subse-
quent important comments apply:

The present procedure may be applied not only to speci ¢ Ragigh-
damped systems, as a particular case of General damping, kalso
to systems characterized by General damping itself, as dissed in
Section 7.2.1.

Thus, in case of the broader case of General damping, the pespro-
cedure will return the best possible estimate of the and Rayleigh
damping coe cients related to the estimated modal and strutural
properties of the system under investigation.

First, starting from the realizations of masdV , dampingC and sti ness
K matrices, it is possible to calculate the modal properties,e. natural
frequenciesf;, mode shapes ; and modal damping ratios ;, as usually
done in classical modal anaysis [31], i.e. through the sdhln of the eigen-
value problem, or by operating with State-Space matrice& and C,.

By knowing eigenvector matrix , gathering alli = 1;:::;n eigenvec-
tors ; as columns, modal mas®l , modal dampingC and modal sti ness
K matrices can be classically calculated as:

M= ™ ; C= TC : K= TK (7.45)
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where M = diag[m;], C = diag[c] and K = diag[k;] are the diagonal
modal matrices related to the estimated system.

So, by starting from the de nition of Rayleigh damping coe cients
and in modal coordinates, i.e.C= M + K, the following relations
may be obtained:

Z = IVJ = | | 1 ; 8|, :1’1n
b i m K G : (7.46)
YZ = Zip Ziz  Zyp il Zj Il Zpn

where the solutions of the previous linear system, made byeltalculated
modal mass, damping and sti ness as known terms, are the unbun
Rayleigh coe cients, for every possible combination of and j indexes.
Then, matrix Z 2 R 2 " collects each of the zZ;j , beingr the number of
possible combinations without repetitions of indexes and j, which can
be calculated as:

n!
2!(n  2)!

Finally, the estimation of the and coe cients may be evaluated as
the mean value of suchr collected parameters:

r = Cn;2 = (747)

1 X 1 X
= CRI- ij (7.48)
i =1 i =1

With reference to the analysed case, this type of estimatioaf the
Rayleigh damping coe cients demonstrated to be very e ectie, as it was
also shown in the results produced in [99].

7.3 Results from synthetic output-only modal dynamic
identi cation

In the present section, the same cases adopted in previousapters 4
and 6 are going to be addressed, namely a reference threaestoshear-
type frame (Table 4.2) and a more realistic ten-storey shedype frame
(Table 4.3), both characterized by heavy damping. As beforeghese
structures are analysed through the adoption of a set of teraghquake
base-excitations (Table 4.1). Since these structures andrthquakes are
adopted for all the three proposed methods, namely rFDD (Clpger 4),
SSI-DATA (present Chapter 6) and present FDCIM (Chapter 7)a conclu-
sive comparison among these algorithms in the Earthquake §ineering
range may be nally pursued.
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Further, representative and exhaustive results, also withvariable
adopted number of signal points and with added noise to the sponse
signals, are reported in [96, 99].

7.3.1 Analyses and results with a reference three-storey
frame

By taking as base excitation the single instances from thetsef ten se-
lected earthquake recordings presented in Section 4.1 (Tabt.1), modal
dynamic identi cation analyses have been performed herethithe present
FDCIM algorithm, in order to identify all strong ground motion modal
parameters.

In order to make the FDCIM modal dynamic identi cation even nore
challenging, Rayleigh damping€C = M + K) is adopted at this stage,
with modal damping ratios setto ; = 7%, , =7% and 3 = 8:73%for
the three modes of vibration, respectively.

As concerning to the present FDCIM algorithm, the performe@nalysis
adopted the following settings:

Butterworth low-pass ltering, order 8, cutting frequency 20 Hz, no
decimation of the signals (earthquake-induced structuraésponse sig-
nals input channels for the FDCIM algorithm);

Adopted number of points set to the entire response signalfgr all
the earthquake instances;

Initial values of the iterating vectors setto® = f111::: 1g" and
O n=f111:::1d";
Convergence tolerances set both to =10 ®and", =10 °, in order

to achieve the best estimates as possible, despite for thespible
increase of the total number of iterations;

Stopping criterion set after30000iterations, if the convergence crite-
ria have not reached at least =10 “and"y =10 2

Stop after 100000iterations if convergence has not been reached, or
if any of the ; identi ed parameters goes to zero or to in nity;

Fixing Factor computed through the total mass of the building
under exammyo, Namely = Prea =Pest = Migtreal =Miotiest -

In the present context, the analysed cases represent veryatlenging
instances for the present FDCIM algorithm, since all then; and k; struc-
tural parameters turn out to be equal one each other, respaatly (i.e.
m; = m, = m3 and k; = k, = k3), by representing the worst case for a good
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and fast convergence of the algorithm. In addition, also R#&igh damping
is taken into account. Then, this leads to a necessary enlament of the
required number of iterations, and consequently of the stppng criterion,
in order to respect the set convergence tolerances. Despit®se issues,
estimate results turn out the be very e ective, as outlinedn the following.

Thus, by adopting the present FDCIM algorithm, with the setings
reported above, complete synthetic output-only analysesake been per-
formed. A synopsis from all the achieved modal parameter esites is
reported in Fig. 7.2, where the estimates in terms of absokiteviations of
FDCIM identi ed natural frequencies f and modal damping ratios
and achieved MAC indexes for the estimated mode shapes areidéed
(see Egs. 4.1a-4.1c).

The FDCIM estimated frequencies show to be very e ective, Wi max-
imum deviations equal t00:0611% 0:0063%and 0:0197%for the three
natural frequencies, respectively. These deviations ard eelated to the
earthquake of Kobe (KO), the worst case to be analysed with épresent
three-storey shear-type frame with the FDCIM algorithm. Jamtly with
the Kobe earthquake, the most challenging seismic cases eefated to the
earthquakes of Christchurch (NZ) and Northridge (NO). Modadamping
ratios display a bit higher deviations with respect to thosdor the natu-
ral frequencies, but they are estimated again in a very e eise way. In
fact, maximum deviations are equal t01:2923% 0:0530%and 0:4445%
for the three modal damping ratios, respectively. These dewions are all
related to the Imperial Valley (IV) seismic event, which repesents a chal-
lenging case for the modal damping ratio identi cation, togther with the
earthquakes of Kobe (KO) and Northridge (NO). Finally, modeshapes
are estimated in an extremely e ective way, by showing alway unitary
MAC indexes.
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Figure 7.2: Deviations of estimated natural frequencies and modal danipg ratios,
and MAC indexes, three-storey frame, synthetic response ghals, FDCIM algorithm,
Rayleigh damping, complete considered earthquake dataset.

With the present FDCIM algorithm is then possible to achievevery
accurate modal parameter estimates, for all the cases. Inres of all the
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7.3. Results from synthetic output-only modal identi cati on

achieved estimates, FDCIM performs better than rFDD and SSDATA,
in the present seismic and heavy damping context, by showirige closest
estimates to the target values. In this sense, the two-stagterative Time
Domain FDCIM algorithm appears superior to the non-parameic Fre-
guency Domain rFDD and to the parametric Time Domain Data-Diven
SSI. The hypotheses made on the matrix structural behaviouasnd the
totally deterministic framework display to be the key featwes in order to
achieve these very e ective modal parameter estimates.

Then, global results on the achieved modal estimates are flaer sum-
marized in Fig. 7.3, where the absolute deviations of estireal natural
frequencies and modal damping ratios, and the MAC indexesearepre-
sented, in terms of suitably-designed dispersion diagrarf®/], as adopted
before in Chapters 4 and 6.
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Figure 7.3: Dispersion diagrams for the deviations of estimated naturafrequencies
and modal damping ratios, and for the MAC indexes, three-st@y frame, synthetic
response signals, FDCIM algorithm, Rayleigh damping, compte considered earth-
quake dataset. Minimum, mean and maximum values, and standh deviations are
indicated.

As before, these truncated Gaussians represent the probéiiof ap-
pearance of a certain deviation, as associated to each esttm between
the minimum and the maximum value, and are centred on the meamlue.
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Chapter 7. FDCIM: theory and results

Gaussians show to be very narrow, especially for the MAC inkles, and
maximum deviations are always on the Gaussian tails, whiléé minimum
deviations lay in the Gaussian center. This con rms again t accuracy
of the achieved FDCIM modal identi cation estimates.

Finally, the achieved results are also synoptically repcetl in statisti-
cal form in Fig. 7.4, by making use of appropriate boxplots,sapreviously
adopted in Chapters 4 and 6. Presented boxplots con rm agaitihe ac-
curacy of the achieved FDCIM estimates. All modal parametsy namely
natural frequencies, modal damping ratios and MAC indexeslisplay to
catch exactly the target values.
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Figure 7.4:. Boxplot diagrams for estimated natural frequencies, modatlamping ratios
and MAC indexes, three-storey frame, synthetic response ghals, FDCIM algorithm,
Rayleigh damping, complete considered earthquake dataset.

7.3.1.1 Element-level identi cation estimates for a three -storey frame

Additionally to the estimation of the modal parameters, the FDCIM
method is able to identify also the structural parameters athe element-
level, the Rayleigh damping coe cients and the seismic groxd motion
base-excitation.

The structural features of the frame are reported in Chapterd (see
Table 4.2), where the frame is revised here to take into acaduRayleigh
damping. This is implemented by setting the rst two modal danping
ratios equal to ; = , = 7%, resulting in a third modal damping ra-
tio 3 = 8:73% The corresponding Rayleigh damping coe cients are

=1:723328and = 0:002205

For all the analysed cases, absolute percentage deviatioofsthe es-
timated massm;, damping ¢; and sti ness k; element-level parameters
are reported in Fig. 7.5 (calculated for eachPar parameter as Par =
jPariiq  Pariayg j=Pariag 100 as seen in Egs. (4.1a)-(4.1b) fdr and ;).

As it concerns the estimated element-level parameters, meum de-
viations are equal t00:1281% 0:0366%and 0:1648%for the mass param-
eters (all related to the Kobe (KO) earthquake),0:1563%(1V), 1:0897%
0:2364% 0:7842%(KO) and 0:1865%(IV) for the damping coe cients
and 0:0990% 0:0359% and 0:0645% (KO) for the sti ness coe cients.
As before, the most challenging earthquakes are the Kobe (KQChrist-
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7.3. Results from synthetic output-only modal identi cati on

church (NZ) and Northridge (NO) seismic events. Then, alsde element-
level structural parameters are estimated always in an ex@mely e ective
way, by showing very limited deviations.
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Figure 7.5: Deviations of identi ed mass m;, damping ¢; and sti ness k; parameters,
three-storey frame, synthetic response signals, FDCIM algithm, Rayleigh damping,
complete considered earthquake dataset.

Furthermore, in Fig. 7.6 the achieved absolute deviationd the results
for the Rayleigh damping coe cients and for the earthquake nput ex-
citation are represented, for each considered seismic éxtion. For the
Rayleigh damping coe cients, maximum deviations are2:4114%(1V) and
0:8607%(1V) for the and parameters, respectively. In general, param-
eter performs slightly better than parameter . Then, for the estimated
earthquake input base excitation, the maximum deviationst®w to be
0:0984%(1V) for the Peak Ground Acceleration (PGA) and 0:1330%(1V)
for the Root Mean Square (RMS). Anyway, they perform more oreks
equally. Again, as demonstrated also with the other estimas, all the
identi ed results for the Rayleigh coe cients and the input ground mo-

tion excitation prove the reliability and e ectiveness of he present FDCIM
algorithm.
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Figure 7.6: Deviations of identied and Rayleigh damping coe cients and es-
timated input ground motion excitation in terms of PGA and RMS, three-storey
frame, synthetic response signals, FDCIM algorithm, Rayleip damping, complete
considered earthquake dataset.

Then, global results on the achieved element-level paranees are fur-
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ther summarized in Fig. 7.7, where the absolute deviationd estimated
element-level mass, damping and sti ness structural paragters are rep-
resented, in terms of suitably-designed dispersion diagna [97].
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algorithm, Rayleigh damping, complete considered earthquakdataset. Minimum,
mean and maximum values, and standard deviations are inditad.

As it was expected, sti ness parameters are the most accugtwhile
deviations increase a little bit for mass and damping paraners, in the
order of increasing deviations.
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Figure 7.8. Boxplot diagrams for identied mass m;, damping ¢ and stiness
ki parameters, three-storey frame, synthetic response signgl FDCIM algorithm,
Rayleigh damping, complete considered earthquake dataset.

Finally, the achieved element-level parameters are alsorngptically re-
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7.3. Results from synthetic output-only modal identi cati on

ported in statistical form in Fig. 7.8, by making use of apprpriate box-
plots, as previously adopted in Chapters 4 and 6. Presente@dxplots con-
rm again the accuracy of the achieved FDCIM estimates. All suctural
parameters, namely element-level mass, damping and sti s features,
catch exactly the target values.

7.3.2 Further synthetic identi cation analyses with a real istic
ten-storey frame

In the present section, as seen in Sections 4.2.2 and 6.2I#%& focus goes
again to the analyses and results that can be achieved by adimg the
realistic ten-storey RC frame adopted before (Table 4.3). He settings
for the FDCIM identi cation procedure are the same as thosermployed
earlier, except than for the following points:

Butterworth low-pass ltering, order 8, cutting frequency 10 Hz no
decimation of the signals (earthquake-induced structuraésponse sig-
nals input channels for the FDCIM algorithm);

Stopping criterion set after 2000 iterations, if convergence criteria
have not reached at least =10 “and"y=10 ?;

Stop after 5000iterations if convergence has not been reached, or if
any of the ; identi ed parameters goes to zero or to in nity.

As it was previously done in Section 7.3.1, a synopsis froml @he
achieved results is depicted in Fig. 7.9. The absolute deti@ns of FDCIM
identi ed natural frequencies and modal damping ratios andhe achieved
MAC indexes are reported in this representations.

As before, the FDCIM estimated frequencies show to be very ective,
with a maximum deviation equal to 0:0034% related to the 7th natu-
ral frequency with the NZ earthquake. This time, the most chiéenging
seismic cases are related to the Christchurch (NZ) and Lomaifta (LP)
earthquakes. Modal damping ratios display a bit higher deations with
respect to natural frequencies, but they are estimated again a very ef-
fective way. In fact, the maximum deviation is equal ta0:0074% related
to the 1st modal damping ratio with the TO earthquake. This tme, the
higher deviations are related to the Christchurch (NZ) and @ the To-
hoku (TO) seismic events. Finally, mode shapes are again iesated in
an extremely e ective way, by showing always unitary MAC in@xes.

As seen with the three-storey frame, with the present FDCIMIgorithm
is then possible to achieve very accurate modal parametettisstes, for
all the cases. Rather, the adoption of ten input (responsehannels allows
for a better and faster convergence of the two-stage iteraé algorithm.
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Figure 7.9: Deviations of estimated natural frequencies and modal danipg ratios,
and MAC indexes, ten-storey frame, synthetic response sigis, FDCIM algorithm,
Rayleigh damping, complete considered earthquake dataset.

Then, FDCIM performs even much better than rFDD and SSI-DATA in
the present seismic and heavy damping context, by showingeiclosest
estimates to the target values.
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Figure 7.10: Dispersion diagrams for the deviations of estimated naturafrequencies
and modal damping ratios, and for the MAC indexes, ten-storg frame, synthetic
response signals, FDCIM algorithm, Rayleigh damping, compte considered earth-
quake dataset. Minimum, mean and maximum values, and standh deviations are
indicated.

Then, as before, Fig. 7.10 summarizes the global results dretachieved
modal estimates for the ten-storey frame, where the abso&itdeviations
of the estimated natural frequencies and modal damping ra, and the
MAC indexes are represented in terms of appropriate disp@a diagrams.
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7.3. Results from synthetic output-only modal identi cati on

The truncated Gaussian distributions show once again that aximum
deviations lay always on the Gaussian tails, while minimumeViations are
located near the Gaussian centres. This con rms once agaimet reliability
of the achieved FDCIM modal identi cation estimates.

Finally, the results achieved from the realistic ten-storgframe are also
synoptically reported in Fig. 7.11, in terms of statisticalboxplots. Here,
natural frequencies, modal damping ratios and MAC values t@sated
from the performed synthetic analyses are represented. Theoposed box-
plots con rm again the e ectiveness of the FDCIM estimatespy showing
that estimated instances are very close to the target modabpameters.
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Figure 7.11: Boxplot diagrams for estimated natural frequencies, modaldamping
ratios and MAC indexes, ten-storey frame, synthetic respose signals, FDCIM al-
gorithm, Rayleigh damping, complete considered earthquakeathset.

7.3.2.1 Element-level identi cation estimates for a ten-s torey frame

As previously done with the three-storey frame, structuraparameters
at the element-level, the Rayleigh damping coe cients and lie seismic
ground motion base-excitation estimates are now addressatso for the
ten-storey frame.

The structural features of the ten-storey frame are reportein Chap-
ter 4 (see Table 4.3). The Rayleigh damping coe cients corgponding to
those parameters are = 0:086478and = 0:007155

For all the analysed cases, absolute percentage deviatiasfsthe esti-
mated massm;, damping ¢; and sti ness k; element-level parameters are
reported in Fig. 7.9.

For the estimated element-level parameters, maximum devians are
equal to 0:0250%for the mass parameters (9th mass parameter for the NZ
earthquake), 0:0202% (last damping parameter for the NZ earthquake)
and 0:0222%(last sti ness parameter for the NZ earthquake) for the sti-
ness coe cients. The most challenging earthquakes revedtsbe the Loma
Prieta (LP), Christchurch (NZ) and Tohoku (TO) seismic eveints. Again,
the element-level structural parameters are estimated ahys in an ex-
tremely e ective way, by showing very limited deviations. They take ad-
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vantage of the increased number of input (response) chansielas seen
previously for the modal parameters.
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Figure 7.12: Deviations of identi ed mass m;, damping ¢ and sti ness k; parameters,
ten-storey frame, synthetic response signals, FDCIM algoritm, Rayleigh damping,
complete considered earthquake dataset.

Then, in Fig. 7.13 the achieved absolute deviations of the selts for
the Rayleigh damping coe cients and for the earthquake inptiexcitation
are represented, for each considered seismic excitatioror Fhe Rayleigh
damping coe cients, maximum deviations are0:0804%and 0:0013%for
the and parameters, respectively, for the NZ earthquake. As befqre
parameter performs slightly better than parameter . Then, for the
estimated earthquake input base excitation, the maximum deations show
to be 0:00010%for the PGA and 0:00029%for the RMS, both for the LP
earthquake. Again, they perform more or less equally.
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Figure 7.13: Deviations of identied and Rayleigh damping coe cients and
estimated input ground motion excitation in terms of PGA and RMS, ten-storey
frame, synthetic response signals, FDCIM algorithm, Rayleif damping, complete
considered earthquake dataset.

Additionally, global results on the achieved element-leVgarameters
are summarized in Fig. 7.14, where the absolute deviation$ estimated
element-level mass, damping and sti ness structural paragters are rep-
resented, in terms of suitably-designed dispersion diagna [97].

Notice that for the last element-level parameters there ismincrease
of the deviations, for all the cases. Nevertheless, deviatis remain very
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limited, in the order of 0:025%
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Figure 7.14: Dispersion diagrams for the deviations of identi ed massm;, damping ¢;
and sti ness k; parameters, ten-storey frame, synthetic response signalg;DCIM
algorithm, Rayleigh damping, complete considered earthquaekdataset. Minimum,
mean and maximum values, and standard deviations are indited.

Finally, the achieved element-level parameters are synoglly reported
in statistical form in Fig. 7.11. Presented boxplots conrmagain the
accuracy of the achieved FDCIM estimates. All element-lelvstructural
parameters, namely massn;, damping ¢; and sti ness k; coe cients,
catch exactly the target values. This is again the con rmatn of the
exceptional e ectiveness of the present FDCIM algorithm wilh synthetic
earthquake-induced response signals.
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Figure 7.15: Boxplot diagrams for identi ed mass m;, damping ¢; and sti ness k; pa-
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damping, complete considered earthquake dataset.
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|Chapter 8

Analysis and comparison between the three
investigated OMA techniques

In the present synoptic chapter, a detailed comparison beeégn the three
developed OMA identi cation methods, namely a Frequency Dwoain re-
ned Frequency Domain Decomposition (rFDD) technique, a Tne Do-
main Data-Driven Stochastic Subspace Identi cation (SSBATA) proce-
dure and a Time Domain Full Dynamic Compound Inverse MethodHD-
CIM) is developed (Section 8.1). In particular, after the gearate analy-
ses with synthetic earthquake-induced structural respoassignals already
addressed in Chapters 4, 6 and 7, the focus moves now on thettar
challenging use of real seismic responses, for all the th@®A methods.
Some preliminary results with the adoption of real seismi@sponse signals
were selectively given in [93,98].

8.1 rFDD, SSI-DATA and FDCIM analyses with real
earthquake-induced structural response signals

8.1.1 Real case study description

Next to the numerical analyses earlier reported in Chapterd, 6 and 7,
where synthetic earthquake-induced structural responsegaals have been
rst adopted, as a necessary validation condition, the prest rFDD, SSI-
DATA and FDCIM OMA approaches are now applied to real earthqake-
induced structural response data. The selected structuralystem is the
San Bruno six-storey o ce building (in short SBOB), California (Fig. 8.1).

Data are taken from the Center of Engineering Strong Motion
Data (CESMD) online database [22], and represent a well-demented
case, already studied in the dedicated EMA literature [206] (notice that
here more challenging OMA is attempted).
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Figure 8.1: External view of the San Bruno six-storey o ce building (SBOB), Cal-
ifornia, and three-dimensional sensor layout (adapted from[76]). Input data are
taken from the CESMD database (storey acceleration respoms).

This six-storey building is constituted by RC moment resishg frames,
located in the city of San Bruno, in the metropolitan area of & Francisco.
The design was made in 1978 and displays a plan @96 m 27:43m,
and a height of 2377m In particular, this building contains precast,
post-tensioned oor beams acting integrally with the oor $abs, while the
perimeter columns are cast in cavities formed by the precasiall panels.
A heavily reinforced WE interior frame is located4:88 m South of the
geometric center of the building. This eccentricity introdices a twisting
component to the WE response. The foundation consists of inglual
spread footings located just below the ground oor, which i slab on
grade. More information on the building, its history and cheacteristics
may be found in [20, 76].

Thanks to the California Strong Motion Instrumentation Program, the
building was instrumented in 1985 (CSMIP Station n. 58490)2R]. The
recording system consisted of 13 accelerometers, on fowels of the build-
ing: four channels were devoted to the NS direction, eight ahnels were
devised to the WE direction and one channel was setup for theRUdirec-
tion. Fig. 8.1 briey represents the overall building dimeions and the
instrumentation layout.

In this work, the adopted SBOB seismic response data refer the lo-
cal earthquake excitation of Loma Prieta (1989), already csidered in the
previous synthetic analyses (see Table 4.1), now with maiodal character-
istics as recorded at the building site and reported in Tabl8.1. Recorded
data belong to the seven WE channels and to the three NS chamnéthe
channels at the ground oor have not been considered, bothrfthe OMA
purposes of the present analysis and for their low signal-tmise ratio).
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Peak Ground Acceleration (PGA) and Peak Structural Accelation (PSA)
refer to the ground level and to the roof plan, respectively.

Adopted earthquake Date Dur. [s] fs [Hz] M Dist. [km] Comp. PGA [g] PSA [d]

NS 0:14 0:25
WE 0:11 0:32

Loma Prieta (LP) 17=10=1989 60 50 70 810

Table 8.1: Main local characteristics and properties of the Loma Prieta eathquake
(CESMD database [22]).

8.1.2 Performed analyses and results

The developed rFDD, SSI-DATA and FDCIM algorithms have been
adopted to analyse the real earthquake-induced structuraésponse data
coming from the local Loma Prieta earthquake excitation. Irthe follow-
ing, the parameters adopted for the developed analyses atersnarized,
for each method.

For the rFDD method:

Butterworth low-pass ltering, order 8, cutting frequency 10 Hz no
decimation of the response signals;

Integrated PSD matrix computation through both Welch's Mod-
ed Periodogram, set with 1024-points Hanning smoothing wdows
and 66.7% overlapping, and Wiener-Khinchin method, set wita de-
trended biased correlation matrix.

For the SSI-DATA algorithm:

Butterworth low-pass ltering, order 8, cutting frequency 15Hz no
decimation of the response signals;

Block Hankel matrix parameters: number of block rows set to= 50,
number of columns) = N 2i +1;

Stabilization diagram parameters: maximum orden = 150, detec-
tion of stable poles with tolerance levels for frequenciasiodal damp-
ing ratios and MACs, respectively, setto fy = jfx fyer)j=fk < 0:01,

k=J]k )=k < 0075and MAC =1 MAC( «; k1) <
0:02, beingk the current model order;

Stabilization diagram SVs computed through SVD of the PSD ntax
as estimated via Welch's Modi ed Periodogram, set with 102points
Hanning smoothing windows and 66.7% overlapping.
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For the FDCIM algorithm:

Butterworth low-pass ltering, order 8, cutting frequency 15Hz no
decimation of the response signals;

Adopted number of points corresponding to the entire respse sig-
nals;

Initial values of the iteration vectors setto® o =f111::: 1g" and
O n=f1l11:::1d";

Convergence tolerances and "4 set both to 10 3;

Fixing Factor computed through the total mass of the building
under exammyo, Namely = Prea =Pest = Miotreal =Miotest -

Then, main results, in terms of estimated natural frequenes and modal
damping ratios, are reported in Tables 8.2 and 8.3. The analgs and the
resulting modal parameter estimates have been subdividedto the two
horizontal spatial components of the excitation, namely t NS and the
WE responses. The rst three modes of vibration can be identid as
well, and deviations between the three methods are reporteds f =
[(Fmen  Fmen)=fme;n 1% and = [( wes me;ll )= me;in ]%, where Me; |
and Me; Il are the two methods under comparison, i.e. rFDD, SSI-DATA
and FDCIM, in turn.

These deviations show to be suitable concerning the naturetlequen-
cies, with a maximum of 29:2% on the third natural frequency (SSI-
FDCIM) for the NS case and 0f29.2% on the second natural frequency
(SSI-FDCIM) for the WE case. Despite that, the higher deviabns are
related to the last modes of vibration, while for the rst one the most
important, deviations are more contained.

Then, concerning the modal damping ratios, deviations shoio be
contained between rFDD and SSI, with a maximum of abouB80% for
the rst mode of the NS cases. The only exceptions are relatdd the
second modes of vibration, where deviations increase, footb NS and
WE components. In these cases, SSI-DATA shows much higher dad
damping ratios than for rFDD; this is probably due to the presnce of two
very close modes of vibration, i.e. the rst and the second, hich may
negatively a ects the damping estimates.

Rather, for the FDCIM algorithm, modal damping ratio deviatons
show to be far higher, with di erent values with respect to r/®D and
FDCIM in most cases. This is directly related to the represdation of
the damping behaviour that is assumed inside the FDCIM algdhm. In
simple terms, the matrix behaviour selected for the dampinmatrix (and
in general for the mass and sti ness matrices, too) a ects t achievable
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estimates, i.e. the identi ed values are the best values thanay result
from a representation of the structure via the adopted matk entities.

Mode Identi ed - Loma Prieta (NS) Percentage deviations
rFDD SSI FDCIM rFDD-SSI  rFDD-FDCIM  SSI-FDCIM

fi [Hz] 1 1:185 1:187 1:048 0:133% 11:5% 11:7%
2 1:386 1:348 1:590 273% 14:8% 18:0%

3 1:873 1:720 2:222 8:14% 187% 29:2%

i [%] 1 6:38% 8:37% 3:27% 31:2% 48:7% 60:9%
2 2:54% 7:83% 3:90% 208% 532% 50:2%

3 4:55% 5:50% 1:56% 20:9% 65:6% 71:6%

Table 8.2: Identi ed natural frequencies f;, modal damping ratios ; and related de-
viations, computed among rFDD, SSI-DATA and FDCIM estimates, San Bruno
six-storey o ce building, real response signals, earthquak of Loma Prieta (LP),
NS component (Table 8.1).

Mode Identi ed - Loma Prieta (WE) Percentage deviations
rFDD SSI FDCIM rFDD-SSI  rFDD-FDCIM  SSI-FDCIM

fi [Hz] 1 0:9957 0:.9872 1063 0:851% 7:13% 8:05%
2 1:286 1:267 1:626 1:52% 27:2% 29:2%

3 2:302 2231 2:527 311% 9:85% 13:4%

i [%] 1 3:99% 3.51% 9:33% 12:2% 104% 132%
2 4:96% 11:2% 11:4% 125% 130% 234%

3 6:06% 5:00% 2:35% 17:5% 30:3% 15:6%

Table 8.3: Identi ed natural frequencies f;, modal damping ratios ; and related de-
viations, computed among rFDD, SSI-DATA and FDCIM estimates, San Bruno
six-storey o ce building, real response signals, earthquak of Loma Prieta (LP),
WE component (Table 8.1).

Mode shapes, instead, are reported in terms of MAC indexeskhig. 8.2.
These are calculated among the three OMA methods outcomese.i
MAC( wmeii; meit) = 0 Nex mend?= Nen wmend] Mewr wemd), where
Me; | and Me; Il are the two methods under comparison, i.e. rFDD, SSI-
DATA and FDCIM, in turn. Here, 3D MAC barplots are made by comhn-
ing rFDD vs. SSI, rFDD vs. FDCIM and SSI vs. FDCIM mode shapes,
for each mode of vibration. For the rFDD vs. SSI mode shapesh ¢he
diagonal terms, where the same modes are combined, MAC vauern
out very close to one, as expected (since the rst rFDD mode ape is
combined with the rst SSI mode shapes, and so on), while o idgonal
terms shall be close to zero, as e ectively detected (sinceetent modes
are combined to each other, resulting to be orthogonal amorigem). For
the remaining comparison, rFDD vs. FDCIM and SSI vs. FDCIM, he
rst mode shape display to be estimated with a reasonable ag@cy, while
some problems remain on the second and third mode shapes,tthee not
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very well detected. In fact, some issues remain on all the Bsates con-
cerning the second and third modes of vibration, for both th&lS and WE

components.

MAC, NS comp. - rFDD vs. SSI-DATA MAC, WE comp. - rFDD vs. SSI-DATA

MAC index
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=
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Figure 8.2: MAC indexes for the estimated mode shapes, computed betwea&DD vs.
SSI-DATA (1st row), rFDD vs. FDCIM (2nd row) and SSI vs. FDCIM (3rd  row)
eigenvector estimates, San Bruno six-storey o ce building, real response signals,
earthquake of Loma Prieta (LP), NS and WE components (Table 8.1

Notice that the direct comparison with the di erent OMA methods
(with respect to natural frequencies, modal damping ratiognd mode
shapes), after the numerical analyses with synthetic respge signals made
in Chapters 4, 6 and 7, helps with the validation of the achied strong
ground motion modal parameters with real signals. In fact,yadopting
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8.1. Analysis with real earthquake response signals

the validated method, it is possible to arrive at a set of rFDDSSI-DATA
and FDCIM modal parameters, which can be self-comparedn iorder to
reach nal identi cation outcomes when structural features are unknown.
Finally, the barplots proposed in Fig. 8.3 represent the adgkved nat-
ural frequencies and modal damping ratios, computed with &éhrFDD,
SSI-DATA and FDCIM methods for the LP earthquake responsedNS
and WE components. In particular, jointly with the estimated parame-
ters, also the target ones are proposed, towards further cparison pur-
poses. Target modal parameters are taken from [20, 76]. Fdnet NS
case, the rst three natural frequencies and the rst modal dmping ra-
tio are available, while for the WE case the rst two natural fequencies
and the rst modal damping ratio are provided. These target prameters
are marked in grey in Fig. 8.3, and deviations are calculateah them as

Natural frequencies, San Bruno ¢ ce building, LP EQ (NS) Natural frequencies, San Bruno ¢ ce building, LP EQ (WE)
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Figure 8.3: Natural frequency and modal damping ratio barplots for rFDD, SSI-DATA
and FDCIM, San Bruno six-storey o ce building, real response signals, earthquake
of Loma Prieta (LP), NS and WE components (Table 8.1). Percentage deviations
from the target values (where available) are indicated.

The limited deviations, especially those related to the natal frequen-
cies, between the estimated and the target values con rm oe@gain the
reliability of the proposed OMA techniques in detecting stwng ground mo-
tion modal parameters with real earthquake-induced strucatral response
signals. Notice that the FDCIM presents the higher deviatios, especially
for the modal damping ratio estimates. This may be expectedince the
FDCIM method imposes, as a starting point of the present impimenta-
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tion, a speci ¢ matrix behaviour for mass, damping and sti ress matrices,
which may be not be strictly pertinent for the analysed builthg. Then,

as a consequence, the available estimates re ect the besispible approx-
imation that is possible to be achieved, for the structure wher analysis,
with such assumed structural behaviours. Accordingly, thapproximation

improves, the more the supposed structural matrix behavielbbecomes ad-
herent to that of the real structure.

8.1.2.1 Element-level identi cation and input estimation via FDCIM

The FDCIM, further to the modal dynamic identi cation, allo ws also for
the estimation of the element-level structural parameterand for the iden-
ti cation of the input ground motion excitation. Additiona lly, also the
estimation of the Rayleigh damping parameters is possiblés described
before, the total mass of the building is adopted as Fixing E#or pa-
rameter for the element-level identi cation, and is suppcsd here to be
equal tomy; =900 10°kg, as a rst possible approximation based on the
characteristics and information on the building.

In Table 8.4, identi ed values are presented for mass);, damping c;
and sti ness k; element-level structural features, and Rayleigh damp-
ing coe cients, and Peak Ground Acceleration (PGA) and RootMean
Square (RMS) of the identi ed seismic base excitation. BotiNS and WE
components are considered.

Parameter Estimated Estimated Parameter Estimated Estimated
LP (NS) LP (WE) LP (NS) LP (WE)
Mass parameters ( 10° [kg]) Sti ness parameters (107 [kN=m])
mi 676:80 62220 ka 754.06 71653
m; 17230 20690 k2 18774 29467
ms 50:90 7090 ks 35:34 5075
Damping parameters ( 10* [N s=m]) Rayleigh damping coe cients ([1])
C11 145174 385207 6:768792 1539820
C12 198.07 84333 0:105504 0286194
C22 35198 130715 Estimated input ground motion ([m=s°])
C23 37:28 14523 PGA 3:16 (0:32g) 5:58(0:579)
Cs3 7173 25440 RMS 0:69 (0:07g) 1:56 (0:16Q)

Table 8.4: FDCIM identied mass m;, damping ¢ and stiness k; parameters,
Rayleigh damping coe cients and , PGA and RMS three-storey frame, real
response signals, earthquake of Loma Prieta (LP), NS and WE coponents (Ta-
ble 8.1).

As discussed before, the previous element-level identiti@n and input
estimation shall be taken as the best possible approximatidor the real
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data under analysis, on the basis of the supposed matrix sttural be-
haviour. Then, some peculiar values at the element-levels avell as for the
modal analysis, may appear from the FDCIM application. In adition,

the present element-level structural features are repragative of a 2D
three-storey shear-type frame approximation of the origal 3D six-storey
real building. Than, in order to take into account more DoFsas a fu-
ture development issue, it would be possible to pass throughstochastic
framework, with the adoption of a Kalman Filter based procedre.

8.2 Main conclusions on the performed OMA analyses

Earlier Chapters 4, 6 and 7 summarized the synthetic analys@erformed
with the three developed OMA methods, namely rFDD, SSI-DATAand
FDCIM, under strong ground motion synthetic structural reponse sig-
nals and heavy damping. Linear frame structures were adojteStarting
from a reference three-storey frame, a ten-storey frame wen adopted,
towards approaching even more realistic cases. That by cateying base-
excitation instances from a selected earthquake datasetteh seismic sig-
nals. These earthquake recordings have been chosen alsoragunes that
were expected to possibly lead to particular identi catiortroubles, due to
their intrinsic characteristic signal features and non-sttionary.

Furthermore, in Chapter 4 an additional inspection with the
FEMA P695 earthquake database was performed for the rFDD algthm,
by adopting all the 22 2 seismic recordings on three di erent shear-type
frames (namely, a two-, a three- and a six-storey frame), fertotal of 132
analysed cases. Also, in Chapter 5 a ve-storey shear-typeune with an
underlying Sway-Rocking Soil-Structure Interaction modewvas considered
for studying xed- and exible-base conditions with the rFDD method.

Notice that, dierently from rFDD and SSI-DATA, FDCIM is als o
able to extract element-level structural features (accordg to a pre-set
structural model), Rayleigh damping parameters and inputigpund motion
excitation, and the two adopted synthetic frames were adoptl towards
an inspection of these features, too.

Finally, present Chapter 8 proposed a comparison betweenethiesults
achievable from the adoption of the three OMA techniques wht real
earthquake-induced structural response signals, comingpi a real in-
strumented six-storey RC building in California. This in oder to further
investigate possible realistic Earthquake Engineering ppcations of the
present output-only methods.

Thus, both synthetic and real earthquake-induced structwal response
signals have been adopted and consistently analysed in theegent work,
by adopting the three developed OMA methods. As concernindné syn-
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thetic analyses, for all the examined cases the estimatesatrongly con-
sistent with the target values, in particular for the naturd frequency iden-
ti cation. In the order, the best estimates come from FDCIM,then from
rFDD and from SSI-DATA, although they are all characterizedby very
limited deviations from the targeted natural frequencies.

The other modal parameters are also estimated with quite lited er-
rors, and this holds true as well for the heavy-damped casesspecially
for the ten-storey frame. Mode shapes are always estimatedtiwunitary
MACs for FDCIM, while MACs slightly decrease for rFDD on the &st
modes. For SSI-DATA, instead, the last modes of vibration @& charac-
terized by lower MAC indexes; anyway, SSI-DATA also con rmsa good
agreement with the target values, proving its e cacy.

As concerning to the modal damping ratio estimations, FDCIMcon-
rms its e cacy on all the adopted cases. Then, also rFDD is ake to
detect damping characteristics with very good accuracy. 3t the SSI-
DATA method reveals some problems with the damping estimain, and
this may be the target of future inspections. Thus, the achied outcomes
have shown the present rFDD, SSI-DATA and FDCIM methodologis to
turn out rather robust in terms of global modal identi cation capability,
within the considered seismic engineering range, by allowj for objective
and readable estimates of all the modal parameters.

Good results from synthetic seismic response signals haveeh then
corroborated and validated by consistent outcomes from reaeismic re-
sponse recordings, especially for the adoption of rFDD andSEDATA.
SSI-DATA, in the present form, needs to be further enhancedd re ned,
especially for the modal damping ratio estimates, while FDI needs to
release the fully deterministic framework, towards a stoestic framework
that may be able to reconstruct the missing channels, i.e. ¢hunmoni-
tored oors, of the buildings under analysis. That in order 6 getting even
closer to the real structural behaviour of the buildings theselves.

That observation comes from the necessary consideratioratithe FD-
CIM method a-priori imposes a speci ¢ matrix structure for nass, damp-
ing and sti ness matrices, as a given starting point of the aalysis. As
a direct consequence, the available estimates re ect the digpossible ap-
proximation that is possible to be achieved, for the structte under anal-
ysis, with such assumed ideal behaviours. Accordingly, theoser the
FDCIM approximation is near to the representation of the rebstructure
itself, the more the supposed structural matrix behaviour &comes closer
to that of the real structure.

Then, as a speci c identi cation outcome, within the consieéred and
analysed cases, rFDD overall looks superior to SSI-DATA, bowith syn-
thetic and real structural recordings. Concerning synthét data only, FD-
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CIM reveals to be the better method among all, by allowing atsfor the
element-level structural parameter and input estimationsbut still su ers
from some troubles when dealing with real earthquake-inded structural
response signals.

Thus, these three OMA methodologies, within the present eanced
implementations, may be e ectively used, either separatglbr all together,
for the stated challenging identi cation purposes. The adeved results
help in the understanding of the behaviour of the developed MA algo-
rithms, by varying the earthquake excitations and by takingas xed the
remaining structural parameters.

In following Chapter 9, main conclusions from the whole dootal dis-
sertation are summarized, jointly with the main outcomes, esults and
issues on the formulation and application of the present OMAdenti ca-
tion approaches within the seismic engineering range.
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Chapter

Conclusions

The present doctoral dissertation has outlined the outconseof a research
investigation attempted towards the characterization of Qerational

Modal Analysis (OMA) techniques within the Earthquake Engneering

and Structural Health Monitoring range. In particular, the aim was that of

adopting output-only techniques to characterize dynamidasystems with

the adoption of earthquake-induced structural responseggials, also at
simultaneous heavy damping (in terms of identi cation chdénge). This
since within the Earthquake Engineering eld, the purpose W be not

only that of knowing the modal dynamic characteristics of te systems
under analysis at the pre- and post-earthquake stages (asuadly done

within classical OMA ambient vibration), but also that of inspecting cur-
rent structural characteristics, along the development afnain earthquake
sequences and histories.

This may open up the way to a possible structural characterion
and assessment during the earthquake sequences themsehbere mod-
i cations of the structures (i.e. damages, anomalous strtiral responses,
Soil-Structure Interaction) may occur, too. Additionally, only structural
response signals shall be used, in the assumption of unkno{@aismic) in-
put acting at the base of the structure, as it may be in most rdgractical
cases (they may be available, in some cases, as foundatiorordings, but
possibly characterized by a low signal-to-noise ratio).

In Chapter 2, a brief literature review about Operational Malal Anal-
ysis techniques under strong ground motion structural regmse signals
has been presented, to introduce the framework and motivats of the
present analysis. In particular, the focus went to the mainantributions
and researches that have mostly inspired the development thie present
implementations.

In theoretical Chapter 3, the novel re ned Frequency Domairbecom-
position (rFDD) algorithm, a main original subject of the present research
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investigation, has been introduced and revealed in all itsharacteristic
features. By starting from its main theoretical backgroundthe attention
has moved to the detail of all the computational steps and thadopted ar-
rangements. This rFDD algorithm is a non-parametric Frequecy Domain
method, originally developed and implemented within MATLAB.

Then, Chapter 4 summarized the synthetic analyses perforiohevith the
rEDD algorithm, under strong ground motion structural respnse signals
and at heavy damping conditions. Linear frame structures we adopted,
for all the analyses. Starting from a reference three-stgrérame, a realistic
ten-storey frame was then adopted, towards approaching evenore real-
istic cases. That by considering base-excitation instaneérom a selected
earthquake dataset of ten seismic signals. These earthqaeatecordings
have been chosen also among ones that were expected to ptsddad
to considerable identi cation troubles, due to their intrinsic characteristic
signal features and non-stationary. Furthermore, an addinal inspection
with the FEMA P695 earthquake database was explored by the BD
processing, by adopting all the22 2 seismic recordings, on three di er-
ent shear-type frames (namely, a two-, a three- and a six-s&y frame),
for a total of 132 analysed cases.

Further analyses with the rFDD algorithm have been reportedth Chap-
ter 5, where a ve-storey shear-type frame with underlying Bay-Rocking
Soil-Structure Interaction was considered. After the exphation of the
adopted model, the focus moved onto the analysed cases, vehdre se-
lected earthquake dataset of ten seismic signals was adapses base exci-
tation for the ve-storey building, and ve di erent underl ying soil condi-
tions have been modelled. In this case, the purpose was thdtdetecting
both exible- and xed-base modal parameters with the rFDD dgorithm
and with some preliminary arrangements attached to it.

In Chapter 6, a Data-Driven Stochastic Subspace Identi cabn (SSI-
DATA) implementation has been introduced and explained in etail in
all its computational steps, as speci cally arranged hereot work with
earthquake-induced structural response signals and headgmping con-
ditions. This is a parametric Data-Driven Time Domain methal, again
developed and implemented within MATLAB. Then, synthetic aalyses
with the same reference three-storey frame and realisticritestorey frame
adopted for rFDD were proposed, with comparisons betweendloutcomes
from the two methods.

In Chapter 7, the third developed output-only algorithm hasbeen pre-
sented, namely the innovative Full Dynamic Compound Invees
Method (FDCIM). Starting from its theoretical background, both for Gen-
eral and Rayleigh damping, the focus went to its main comput@nal
steps, all addressed in large detail. This is a parametric @eministic
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two-stage iterative algorithm in the Time Domain, originaly developed
and implemented within MATLAB. Synthetic analyses with the same ref-
erence three-storey frame and realistic ten-storey frameal@pted for the
rFDD and SSI-DATA techniques have been proposed and made tkab-
ject of consistent comparisons. Further, such FDCIM is abléo extract
also element-level structural features, Rayleigh dampingarameters and
input ground motion excitation; the two synthetic frames wee adopted
towards an inspection of these features, too.

Finally, Chapter 8 proposed a comparison between the ressilachiev-
able from the adoption of the three OMA techniques with realathquake-
induced structural response signals, coming from a real tnemented six-
storey RC building in California with data taken from a seisnt database
(CESMD). This in order to explore possible real Earthquake igineering
applications of the present output-only methods.

Thus, both synthetic and real earthquake-induced structwal response
signals have been adopted and consistently analysed in theegent work,
by using the three implemented OMA methods. As concerning ¢hsyn-
thetic analyses, for all the adopted cases, the estimategted out strongly
consistent with the target values, in particular for the naural frequency
identi cation. Also the other modal parameters were estimi@d with quite
limited errors, and this holds true for the heavy-damped cas as well,
especially for the ten-storey frame. Just the SSI-DATA metbd revealed
some problems with the damping estimation, and this may be ¢target of
future investigations. Thus, the achieved outcomes have ®hn that the
present rFDD, SSI-DATA and FDCIM OMA methodologies turned at
rather robust in terms of global modal identi cation capability, within
the considered seismic engineering range, by allowing fdrjective and
readable estimates of all the modal parameters.

Good results from synthetic seismic response signals haveeh also
corroborated and validated by consistent outcomes from rkeaeismic re-
sponse recordings, especially for the rFDD and SSI-DATA teoiques.
The rFDD algorithm, a main subject of the present work, lookshe riper
modal identi cation tool among the adopted methods, withinthe present
implementation. SSI-DATA may need to be further enhanced ahre ned,
especially for the modal damping ratio estimates, while FDI® needs to
release the present fully-deterministic framework, towals introducing a
stochastic framework that may be able to reconstruct the mssng channels,
i.e. the unmonitored oors, of the buildings under analysisThat in order
to getting even closer to the real structural behaviour of ta buildings
themselves. As a speci c identi cation outcome, within theconsidered
and analysed cases, rFDD looks overall superior to SSI-DATAoth with
synthetic and real structural recordings. Concerning syhetic data only,
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FDCIM comes out as the better method among all investigatednes, by
allowing also for element-level structural parameters anthput estima-
tion, though it still su ers from some intrinsic modelization limitations
when dealing with real earthquake-induced structural regmse signals on
a speci ¢ structure.

Thus, these three OMA methodologies, within the present eanced
implementations, may be e ectively used, either separatglbor all together,
for the stated challenging identi cation purposes within he seismic engi-
neering range. The achieved results help in the understandi of the
behaviour of the adopted OMA algorithms, by varying the eatiquake
excitations and by taking as xed the remaining structural @rameters.

In the following, specic outcomes, results and issues on &hformu-
lation and application of the present three OMA approacheseveloped
in the thesis are summarized below in itemized form, for eadonsidered
output-only identi cation method.

Re ned Frequency Domain Decomposition (rFDD):

The devised time-frequency signal analysis (Section 3.2drives the
selection of the correct frequency range that shall be adaat in the
subsequent computational steps, as well as for the set-uptbe pa-
rameters of the procedure. Time-frequency Gabor Wavelet dns-
forms and a specic data Itering applied before identi cation are
adopted in the rFDD procedure.

The processing of the auto- and cross-correlation matrix
(Section 3.2.2) acts as a sort of regularization procesdy help-
ing in removing possible troubles and noises related to these of
non-stationary seismic data. This procedure results intol@arer and
well-de ned SVs.

The integrated approach for the PSD matrix computation
(Section 3.2.3), combining both Weiner-Khinchin and Welck meth-
ods, leads to fundamental support in the case of strong grodimo-
tion input and simultaneous heavy damping, especially whereal
earthquake-induced response signals are taken into accbas input
channels. This directly re ects into a better detection of he modal
peaks and of all the modal identi cation outcomes.

The estimation of the modal damping ratios takes advantagef the
iterative optimization algorithm, which is able to detect the damp-
ing decay associated to each SDoF spectral bell, i.e. to eadode
of vibration, with more e cacy. This procedure allows for bdter
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modal damping ratio estimates, also with heavy structural @mping,
in terms of identi cation challenge (Section 3.3.2).

The strategy for the enhancement of the modal parameter estates
via coupled Chebyshev Type Il Iters (Section 3.3.3) takes autic-
ular benet when the adopted earthquakes exhibit stronger on-
stationary and borderline features for the rFDD approach The
procedure aims at isolating each single modal contributiome. each
SDoF spectral bell, from the remaining spectra, and then onhé
SVs after the SVD computation. This results into even bettemodal
parameter estimates, especially as concerning the modahaaing ra-
tios.

The estimation of the modal parameters has been performed by-
erating on di erent SVs (and on their composition), leadingto well-
de ned spectral bells, without the need of so-called Blind &irce
Separation methods (Section 3.4.1).

The enhancement of the frequency resolution (Section 3% &ppears
to be a fundamental step towards achieving reliable modal pameter
estimates, especially with low frequency sampling acquisins and/or
very short durations.

The combined use of di erent Modal Assurance Criterion (MAQ
indexes (Section 3.4.3), i.e. MAC, Auto-MAC and Auto-MPC, lelps
for modal identi cation and validation, especially when daling with
seismic input and heavy damping and when no target parameteare
available.

The e ectiveness of the rFDD technique has been de nitely mven,
by adopting the complete Far-Field set from the FEMA P695 semic
database @4 earthquake records), with simultaneous heavy damping
conditions (Section 4.3). Modal damping ratios ranged from = 2%
to ; = 5%, and then until values of ; = 10%, for the last analyses,
which focussed on the earthquake excitation instances thaave lead
to the most demanding rFDD identi cation conditions.

The synthetic analysis reported in Chapter 5 demonstratesat the
present rFDD approach can deal also with Soil-Structure letrac-
tion e ects. Soil-Structure modal parameters, in terms of xed-
and exible-base estimates, have been e ectively identi@ within
the adopted output-only conditions.

165



Chapter 9. Conclusions

Data-Driven Stochastic Subspace Identi cation (SSI-DATA ):

The speci c ltering applied before the identi cation procedure helps
in reaching better stabilization diagrams, while the decimation of the
signals does not allow for the improvement of the achievabksti-
mates.

The LQ factorization and implementation outlined in Sectio 6.1.2
demonstrate to work very well also with rather short seismistruc-
tural response signals and heavy damping, in terms of idemt@tion

challenge.

The adoption of the Canonical Variate Analysis (CVA) weighing

(Sections 6.1.1 and 6.1.3) turns out to be the most stable aperform-

ing option towards achieving reliable estimates at seismi@sponse
input and heavy damping, since it returns also clear and wetle ned

stabilization diagrams.

The speci cally developed stabilization diagrams origing from a
sort of fusion of rFDD and SSI-DATA information. These dia
grams combine classical stabilization graphs (from SSI-DA) with
the simultaneous use of SV curves, which are computed frometh
SVD of the direct output spectral matrix, through a routine d the
rEDD algorithm (Section 6.1.3). The so-developed origingrocedure
provides a reliable tool to support the individuation of thestable SSI
poles within the stabilization diagrams, which most of time are very
di cult to be read, speci cally once earthquake-induced stuctural
response signals are adopted.

Within the stabilization diagrams, tolerance levels for tle stable poles
need to be revised for this speci c eld. Speci cally, they & set to
fr = jfk fk+1j:fk < 0:01, Kk = J K k+1j: k < 0:075and
MAC (=1 MAC( ; «+1) < 0:02for frequencies, modal damp-
ing ratios and MACs, respectively, beingk the current system order.

The selection of the correct system order, towards modal dgmic

characterization, results to be a critical issue with seisim response
signals, due to their intrinsic short duration. Then, the Bbck Hankel

matrix shall be set with the maximum number of columns
() = N 2 +1) and with a limited number of block rows (vari-

able in the range30 i  80), in order to make it possible for the
adoption of higher system ordersn(= m i, as a function of number
of response channelsn and number of block rows), required for a

better readability of the stabilization diagrams.
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The combined use of di erent Modal Assurance Criterion (MAQin-
dexes, as seen with the rFDD algorithm (Section 3.4.3), rdssito be
necessary also with SSI-DATA, towards e ective modal identation
and validation.

Full Dynamic Compound Inverse Method (FDCIM):

The theoretical framework of the new FDCIM technique has bee
innovatively developed and presented in Sections 7.1 an@ /starting
from the underlying mathematical model and the basic goveimgy
equations (Section 7.1.1), by aiming at a complete and exhstive
description of the identi cation method.

The proposed FDCIM technique works in a completely-determistic
way, it is fully developed in State-Space form and does notqeire
continuous- to discrete-time transformations. Further, ti does not
depend on computational initialization conditions or on tle state
estimation.

The developed FDCIM approach releases strong assumptiorfsear-
lier known element-level techniques, especially for theqeired knowl-
edge of the mass matrix, which is considered here as unknowmda
thus to be identi ed. That towards the simultaneous identi cation of
modal parameters, input ground motion excitation and massjamp-
ing and sti ness matrices at the element-level, through amnovative
two-stage iterative algorithm (Section 7.1.2). The rst shge provides
an estimation of the sti ness and damping realizations, wie the sec-
ond stage renders an estimation of the mass realizations aoflithe
input ground motion excitation.

A Statistical Average technique, a modi cation process an@ pa-
rameter projection strategy have been developed within thigerative

FDCIM algorithm (Sections 7.1.2 and 7.2.2) and adopted to pwide
correct constraints and to achieve stronger and faster cagngence on
the identi cation estimates.

The element-level identi cation procedure (Section 7.1)3 by start-
ing from the estimated realizations of state and output maices or,
equivalently, of mass, damping and sti ness matrices, is &bto re-
store the real amount of each mass, damping and sti ness elent
by knowing (or estimating) Fixing Factor , i.e. a single multiplying
scalar parameter allowing to bring the realizations to trueslement-
level estimations.

The FDCIM technique is able to work not only with the speci ¢c brm
of viscous damping conceived in Section 7.1.1, but also witlider
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General or Rayleigh damping behaviours (Section 7.2.1), lyglopting
speci ¢ modi cations on the original formulation. To deal with these
more general types of damping, the parameter projection stiegy
has been totally rescheduled (Section 7.2.2).

The estimation of Rayleigh damping coe cients and is possi-
ble through an innovative, speci cally-developed procedsa, working
with the solution of a pre-determined set of linear systemsnd of an
average technique (Section 7.2.3), bypassing the di cult ppblem of
non-linear identi cation, known but basically unsolved inthe previ-
ous literature.

The on-going research on the three OMA methods may range o\f-
ferent perspectives. For all the considered OMA methods, ¢hrst issue
may concern the adoption of arti cial earthquake excitatims, instead of
real recorded ones, in order to make it possible for a commatontrol (and
variability) of the seismic excitations acting then as shakg input on the
considered structural systems. Then, also the adoption obnlinear struc-
tural models and the consideration of damage scenarios, imat context,
may be the target of future investigations.

As concerning rFDD, further research may include the studyf@lterna-
tive methods for the Power Spectral Density calculation anthe Singular
Value Decomposition, in order to possibly deal with even btetr handling
of non-stationary earthquake-induced structural respomssignals.

On the SSI-DATA implementation, further studies and re nenents on
the present methodology would be necessary to improve therflmance
of the algorithm, especially concerning the challenging mdal damping
ratio estimates. One possible way may be that of creating arterative
SSI-DATA algorithm, which may be able to recalibrate the estates at
each step, by getting closer and closer to the target valuesThen, for
the FDCIM technique, further on-going research may concermst some
attempts with even more complex embedded structural modeétions.

Then, the possible integration or support by FDCIM to other ommon
output-only methods working with State-Space parametric iime Domain
frameworks may be addressed, jointly with additional theatical investi-
gations towards the transposition of the method into a widestochastic
framework. That in order to deal also with monitoring conditons where
not all the DoFs are recorded, by getting even closer to reahhquake-
induced structural response signals, where additional woshall be per-
formed in order to improve even more the performance of thewd=-DCIM
technique.
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