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An invaluable tool for structural health monitoriagd damage detection, parametric
system identification through model-updating isirarerse problem, affected by several
kinds of modeling assumptions and measurementseiByr minimizing the discrepancy
between the measured data and the simulated resptrasitional model-updating
techniques identify one single optimal model thethdoves similarly to the real structure.
Due to numerical and identification errors, incoatpldata and modeling inaccuracies,
this mathematical optimum may be far from the tsodution and lead to misleading
conclusions about the structural state. Insteadhef mere location of the global
minimum, it should be therefore preferred the gatien of several alternatives, capable
to express near-optimal solutions while being #emint as possible from each other in
physical terms.

The methodology proposed in the present paper guddms this goal through a two-
levels approach. At the first (outer) level, mukipnodels are created, which may differ
from each other in various respects (analyticaimidation, finite element type,
boundary conditions, mesh refinement, set of updaparameters, ...), and then
separately solved for the respective global optim&mnthe second (inner) level, for
each model an iterative search is run, looking dab-optimal alternatives located
increasingly far from the global optimum, and figafesulting in the “minimum
envelope section”, intrinsic expression of the upda robustness. Comparing
“sections” corresponding to distinct models progidemuch better understanding of the
search space and an insight into the reliabilitythef calibration process, ultimately
improving the analyst decision making for systemniification and downstream tasks
such as further measurement, preventative mainteramd structural replacement.
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ABSTRACT: An invaluable tool for structural healonitoring and damage detection,
parametric system identification is an inverse b By minimizing the discrepancy
between measured data and simulated responsecalassthods focus on identifying a
single, globally optimum model. However, since thember of unknown parameters is
usually larger than the number of equations avks|adnd inaccuracies in measurement,
processing and modeling are inevitable, more thmngmod candidate may exist. In this
paper, a two-levels methodology is presented tatifyea set of models which hold
similar fitting capability but are as physicallyfférent as possible. At the outer level,
multiple models are created and separately soleethé respective global optimum. At
the inner level, for each model sub-optimal altéues are generated as far as possible
from the global optimum. Comparison of the ovesat of solutions finally improves
the understanding of the search space and théiti&yiaf the calibration process.

1 INTRODUCTION

An invaluable tool for structural health monitoriagpd damage detection, parametric
system identification through model-updating isirarerse problem, affected by several
kinds of modeling assumptions and measurement seffferiswell and Mottershead
(1995)). By minimizing the discrepancy between mheasured data and the simulated
response (i.e. the objective function), traditiomaidel-updating techniques identify one
single optimal model that behaves similarly to teal structure. Due to numerical and
identification errors, incomplete data and modelingccuracies, this mathematical
optimum may be far from the true solution and leachisleading conclusions about the
structural state (Saittat al. (2005)). Therefore, instead of the mere locatdrthe
global minimum, it should be preferred to geners¢eeral alternatives, capable to
express near-optimal solutions while being as difie as possible from each other in
physical terms (Raphael and Smith (2003)).

In this paper a methodology is presented, calledn&ate alternatives from multiple
models” (GAMM), which accomplishes this goal thrbug two-levels approach. At the
first (outer) level, multiple finite-element (FE)adels are created, which may differ
from each other in various respects (analyticalmidation, FE type, boundary
conditions, mesh refinement, set of updating patarsge...), and then separately solved
for the respective global optimum. At the seconthér) level, for each model an
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iterative search is run, looking for sub-optimadégatatives located increasingly far from
the global optimum, and finally resulting in the ifnmum envelope section”, intrinsic
expression of the updating robustness.

GAMM is applied to the FE model updating of a lasgpale frame prototype, built in
the Structural Engineering Lab at the UniversityBafsilicata, and recently used as a
benchmark for the experimental assessment of tisenge effectiveness of different
control strategies, in the framework of the intarversity Italian DPC-ReLUIS 2005-
08 Project.

2 GENERATING ALTERNATIVES FROM MULTIPLE MODELS: THE
METHODOLOGY

2.1  Outer level: generating multiple models

Modeling errors play a major role in FE model uptat Without properly
acknowledging modeling errors, an incorrect or teldif baseline model would be
reconciled to the measured data, leading to antagdaodel which would replicate the
measurements while lacking physical meaning (Saitta. (2005)). Modeling errors
may be mainly distinguished into errors in thedel structure (the form of the
equations) and errors in thaodel parameters (the coefficients of the equations). Errors
in the model structure depend on wrong assumptoaisly concerning mathematical
modeling (differential equations, boundary condaigpand discretisation (meshing, FE
type). Every effort should be made to eliminates¢éherrors from the initial FE model,
prior to updating. This can be rarely achieved wuththe application of considerable
physical insight. On the other hand, errors in inedel parameters depend on wrong
values assigned to the geometrical and mechanicpépties of the model. Usually only
few parameters can be simultaneously correctedfaltiee limited amount of available
data and to the unacceptable computational casptrhizing too many variables. Any
choice of the updating set will implicitly introdecsome modeling errors in the regions
of the model which are excluded from updating (Sana&t al. (2001)). Various
parameterization techniques exist to make the dvetanber of model parameters
depend on a restricted setugddating parameters, the latter being the variables of the
optimization process. The constraint implicit ircBwependence is the error in model
parameters which can not be amended during updating

The search for a proper baseline model, i.e. a msiecture and an updating set
characterized by minimal modeling errors, is bdlica trial and error process guided
by the analyst’s experience. Generating multiplelei®and then updating each of them
separately highlights the influence of the variom®deling assumptions on the
capability of the model to explain measured datab@t-Nicoudet al. (2005)). The
dispersion of the multiple solutions gives an imadiicn about the credibility of each
model and the conditioning of the inverse problem.

In the general case GAMM can handle multiple mod#iaracterized by different
model structures but in the present paper the ndetbgy will be specified by assuming
models differing from each other in terms of thelaging set only. In its outer level,
GAMM develops through the following steps:

« Step 1: a meaningful objective (or error) functifap is selected, quantifying the
discrepancy between the experimental and the acellyhodels;
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« Step 2: a robust optimization algorithm is chosmmable to reliably minimizgy;

» Step 3: the total sgt00" of the potential updating parameters (normalized to their
respective nominal value) is identified, based o évaluation of the sensitivity &f
to changes in the model parameters (sensitivitylyarlsa and/or on ara priori
estimation of their respective uncertainties;

» Step 4:p is partitioned into two subsets: the set of wpdating parameters, denoted
as py0o™, and its complementary set of tlwenstrained parameters, denoted as
p.00"™ ; while p, contains the independent variables of the optitimagorocessp. =
F(pu) contains the parameters which are excluded frpoating and equaled to their
respective nominal value or to any possible fumcfoof p.; such partition will be
called a model and denoted.#s,, ;

» Step 5: the model defined at Step 4 is optimallgaied, i.ep, is found minimizing
fob;

» Step 6: Steps 4 and 5 are repeated, each timdisgladdifferent updating set (i.e. a
different model), e.g. enlarging previous sets mgpessively including new parameters
(plausibly the most uncertain ones); a famil\Ngimultiple solutions is finally obtained.

2.2 Inner level: generating alternatives for each efrtiultiple models

“Modeling to generate alternatives” (MGA) is a gealeurpose decision-support
methodology developed in the early eighty’s to polev solutions to complex,

incomplete problems by coupling the computationalvg of computers and human
intelligence, and recently applied to the parameidientification of Civil structures

(Zarate and Caicedo (2008)). MGA identifies severassible good solutions for an
assigned problem, designed to be as physicalleréiit as possible but providing a
similar outcome to the problem. This is usuallyiaeebd, once the global optimum is
found, by subsequently searching, among the solsitiwshose objective function is
below a certain threshold, the one which is thetrdz$ant from the global optimum. If

further alternatives are desired, these will bentblby maximizing the weighted

distance from the global optimum and all previouslynd alternatives.

In the inner level of GAMM, MGA is instead usedfallows:

« Step 7: for each of thids global optima obtained at Step 6 a new optimizaisorun,
searching, among the solutions whose (Euclideastanited from the global optimum
is larger than a certain threshold distance, tleevaimich minimizesp;

» Step 8: Step 7 is repeated for increasing valuéiseothreshold distance;

» Step 9: results from Step 7 are plotted in a diagreportingd in the abscissas affg
in the ordinates, which represents the “minimum edope section” (MES) of the
objective function, i.e. the minimum envelope amdhg «»"™* radial sections ofq,
centred in its global minimum;

» Step 10: the various MES are finally collected inrmque diagram, which describes
the performance and robustness offhsolutions.

Contrary to the traditional use of MGA, focusedidentifying only few alternatives far
from the global minimum and from each other, hel@Ais aimed at finding several
sub-optimal solutions at progressively increasimggashice from the global minimum in
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order to construct the MES. The latter eventuatigresses the robustness of the global
solution (the flatter the section, the less robtis solution), in a certain way
representing the global counterpart of the localcept of second order approximation
of the objective function at its global minimum.

3 AN EXPERIMENTAL CASE STUDY

3.1  The building structure

The test structure is a large-scale (2:3) model tfio-storey steel frame building with
composite steel-concrete floors (figure 1(a)). kel structure, consisting of columns
and beams orthogonally interconnected into a reg(daubly-symmetrical) three-
dimensional frame with one bay in both directionsl &vo rectangular floors (level 1
and 2), is mounted on a rigid horizontal base (l8yeresting on two sliding guides and
connected to a dynamic hydraulic actuator which @apart the desired mono-
dimensional excitation to the structure. Four HEB4@Qual columns, fixed to the base,
extend continuously to the top floor. Eight IPE1BQeral beams, welded to the
columns, support the two composite floors, madeouponcrete slabs cast on coffer
profiled steel sheeting. The columns free length.@®m, divided into two 2.00m inter-
storey heights. The beams length is 4.00m in trengaéxcitation (longitudinal)
direction and 3.00m in the across-excitation (tvanse) direction. The floors thickness
is larger than expected because of the saggingtedteurred during concrete casting.
In order to house the dissipating devices duriststen the controlled structure, four V-
inverted braces, crowned with gusset plates, aliedat both storeys, parallel to the
longitudinal direction.

At the initial stage of the Project, the need of aoturate numerical model of the
benchmark building motivated a preliminary campaigh dynamic tests on the
uncontrolled structure (i.e. with no dissipativevide installed). In order to increase the
amount of data available, classical “perturbed loauy condition testing” was pursued,
consisting in perturbing both the structure andahalytical model by adding the same
amount of mass at given positions. A total of eigiricrete blocks (about 340kg each)
were fixed onto the floors during testing accordingthree different configurations.
Starting from the basic configuration (BC), chaesided by no additional mass, a
second doubly-symmetric configuration (SC) was ioleid by the addition of four
blocks on each storey, then a non-symmetric cordigan (NC) was obtained removing
two blocks from the SC configuration at each storey

For each of the three mass configurations, ambibnation tests were conducted on the
uncontrolled structure, keeping the sliding guittesked. The dynamic response was
measured by 15 accelerometers deployed in the sigpsficant observation points. The
location of the accelerometers and of the condyieteks is described in figure 1(b).

3.2 The nominal finite element model

First, the nominal FE numerical moded, is formulated which will undergo
experimental calibration next. Stiffness and masdriges are statically condensed to
the six translational and rotational displacememinpgonents of the first and second
floors’ geometrical centres, included in the veapor {dy dy1 da dy Oy de} ', under
the hypotheses of axial rigidity of Euler-Bernoulpe columns and beams, in-plane
rigidity of floor slabs, and lumped mass formulatimr columns and beams. Columns
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are clamped at their base (i.e.: no dynamics at&tbto the base level), the V-inverted
braces deprived of any dynamics of their own, amd connection is explicitly
recognized between the floor slab and the steehbeB&ach of the additional concrete
blocks is accounted for as a translational inedia enters the system mass matrix with
its own mass, static moment and polar inertia. \ihidse assumptions, for each mass
configuration the nominal (reference) FE model amed through equalling each
geometrical and mechanical parameter to its exgdat@minal) value.
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Figure 1. The structural prototype: (a) overallwid€b) location of accelerometers and
additional blocks.

3.3  The experimental modal analysis

The experimental modal model is identified on tlasi® of ambient vibration tests.
Three classical output-only methods are used tmeixfrequencies and modeshapes,
respectively working in the time-domain, in thequency-domain and in the time-
frequency domain: ERA (Juang and Pappa (1984)), Brincker et al. (2001)) and
TFIE (De Stefanet al. (2009)).

The details of the experimental modal analysisnatereported here for brevity’s sake.
The interested reader is referred to Antonatal. (2011). Two results are, however,
worth mentioning. The first, well expected, is ffregressive reduction of all the natural
frequencies with increasing additional masses ersthucture, and a slight modification
of the modeshapes too (with the loss of their dexslyimmetry in the NS configuration).
The second, totally unexpected, is the dynamicacteon (due to frequency closeness)
between the out-of-plane mode of the V-invertectcésaattached to the first storey and
the fourth mode (i.e. the second flexural modehm transverse direction) of the main
frame (Mattaet al. (2009)). Such interaction explains the existeniceeven structural
modes instead of the expected six ones, the malasdi4b having distinct frequencies
but nearly undistinguishable modeshape componentboth stories. The 6-DOF
analytical model is obviously inadequate to simalauch modal coupling effect.
Although including braces dynamics in the model ldaasily remove such inadequacy
(a clear proof of an error in the model structuthjs is left for future work, and the
present paper applies instead an “experimental hredaction”, consisting in the mere
removal of the resonant modes from the experimelat. In this way, the FE model is
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calibrated relying exclusively on fitting the fiveodes which do not feel the coupling
effect.

3.4  The FE multi-model updating

The nominal model#, derived in Subsection 3.2 and the experimentalahatbdel
identified in Subsection 3.3 are here reconciledniyans of GAMM, through the
following steps:

» Step 1:fq is introduced as the normalized discrepancy, aestaver the three mass
configurations, between numerical and experimegiggnfrequencies and modeshapes
(with the exclusion of modes 4a and 4b), so corezkas to represent the weighted error
of the numerical model with respect to the expentakemodal model,

» Step 2: a hybrid direct-search algorithm is choasnthe optimization algorithm,
consisting of a genetic algorithm followed by a loear least-square solver;

» Step 3: given the simplified structure of the FEdalp 8 stiffness parameters and 4
mass parameters completely characterize the méuedeN, = 12 parameters, each
normalized to its nominal value, are describeddare 2 and include: 4 parameteps,

to p4, representing columns bending inerti&s: (loy1, lee, lo2), Where the subscripts
denote the in-plan direction and the storey ledeparametersps to ps, representing
beams bending inertiakyf, Iny1, Inxe, Iny2); @nd 4 parameterpg to p12, representing slabs
masses and polar inertias (N, Jo1, Jo2);

» Steps 4 to 6: eight different subsets of the 12mpaters, i.e. eight multiple models,
are generated and then separately solved, Mjthharying from a minimum of 2 to a
maximum of 10; the cadd, = 0 is included for comparison; solutions are swarined

in table 1; their objective functions and theirtdigce from the best modelgg) are
reported in figure 3;

e Steps 7 to 10: MGA is applied and the MES is ctdbe each model; all the MES
are finally collected in figure 4.
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Figure 2. The FE model with the 12 potential uptaparameters.
Table 1. The global optima obtained with the mugdtimodels.

PL P2 Ps Psa Ps Ps Pz Ps Ps Pic P Pz fa

Model (14 (Ir (loe (o2 (b (b (I (oye (Jor (Jo2 (o
) ) ) ) )y )y My YT 09

-7 -



ath

DECEMBER 11-15

5th International Conference on
Structural Health Monitoring of Intelligent Infrastructure (SHMII-5) 2011
11-15 December 2011, Canctin, México

1 1 1 1 4.26
(70.770 .770 .770 2.48
.710.710 .710 .710 1.90

Mooy 1 1 1 1
1
1
1 .932742 .932 .742 1.08
1
1
1

1 1
My 7517511 1 1
Moz 6237311 1 1
Maz .830.8301 1 1

1 1

Maay 755 .795 1 .878.716 .878 .716 1.01

AMse 756 .792 1 1 1 .887.716 .830 .694 .856
AMegy 782 .778 1.07 9151 1 1 .862.726 .834 .707 .843
M) 629 .755 1 1 1.251.19 1.25 1.19 .816 .777 .790 .740 .780
Mgy 620 .739 .956 .964 1.28 1.28 1.28 1.28 .794 .783 .757 .749 .775

R T = = N
N S i

4.5

E N

35+ f-------- e

30+ [ f------mm e

25+ |- - m - m e e m oo

20+ -4 |-z - -

fob (% )

ot f----------"--“"-"-"“"-"--"---"----—4
offt----------me o
60| f-—=--=—- i T il o Bt 0 ettt
50
40

di 10 (%)

30
20

0
MMM MMM MM

Alg(
00 12 233 3(3 44 56 68 7(8
10)
) ) ) ) ) ) ) ) oAl A A A A A
Mg
00 12 233 3(3 44 56 68 7(8
(@) 10)
(b) ) ) ) ) ) ) ) )

Figure 3. Comparison among the multiple global
optima: (a) objective function; (b) distance fraf:o)



5th International Conference on
Structural Health Monitoring of Intelligent Infrastructure (SHMII-5) 2011
11-15 December 2011, Canctin, México

ath

DECEMBER 11-15

0 25 50 75 100 125 150 175 200

Figure 4. Comparison among the multiple models:imim envelope sections.
Results in table 1 and in figures 3 and 4 sugdestdllowing comments:

« Expectedly, increasing the numbly of updating parameters generally improves
fitting the experimental data. Thig decreasing trend is pronounced for small values of
Ny but vanishes aN, increases. If considered in absolute terms, thprarement of,
from .56y 10 .Ug(10) IS Seemingly unsubstantial.

* In order to genuinely capture improvements in tleelah, the multiple solutions must
be compared in terms not only of their fitting clagity but also of the plausibility of
the underlying parametric description. A reductidty,, might in fact not correspond to
approaching the “true” model in the search spabeés iE clearly demonstrated by figure
3: while moving from.o ) t0 .#g10) foo Monotonically decreases but the distance of
each model fromvg10) does not. Such distance is conspicuous for alirtbdels (about
60%) except model ) (about 15%), implying that remarkably different aets exist
providing similar objective functions (ill-conditiing?).

* Two approaches can be followed to deal with theiakd multiple solutions. The
first approach assumes that all the solutions whagective function is below a
determined threshold (e.9/s), sy, Has) and.dg10) are admissible candidates to
represent the physical system. The second appnadigls on engineering insight to
state the plausibility of each candidate and isollaé most likely one(s). Sa@se) (fon =
0.856%) makes the stiffness matrix depend only loa Ibwer columns stiffness,
achieving poor approximation/ss) (foo = 0.843%) slightly improves fitting by adding
two more variables, i.e. the upper columns stiffndsut the improvement is more
seeming than real, because upper and lower colaresn fact a unique structural
element./g) (fon = 0.780%) is superior to bothisyand.#g), because in this case the
two additional variables, characterizing the beatiffness, possess a larger degree of
uncertainty than that pertaining to the upper colsmn the updatedé gy model, the
stiffness of the lower columns is less than nomidak to the imperfect clamp at their
base, and the beams stiffness is larger than ngntine to the partial collaboration of
the floor slabs. Finally/go) (fon = 0.775%), updating both the upper columns stséne
and the beams stiffness, obviously improves fitimth respect to all previous models.
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From a physical viewpoint#suo)y is characterized by a convincing set of updated
parameters, with a substantial uniformity in bolie tbbeams stiffness and the mass
properties, and with the upper columns stiffnesly shghtly reduced with respect to
their nominal value. In conclusion, botl#; and .#g10) possess enough fitting
capabilities and sufficiently sound physical megnito be accepted as reliable
representations of the benchmark building structure

* The MES in figure 4 clearly shows the trade-offvin fitting capability and ill-
conditioning, as a function of the number of updgtparameters\,. If N, gets large,
the MES flattens and distant alternatives are abthiwith competing objective
functions. Considering for examph = 10, because of the little sensitivityfgf to the
beams stiffness, a solution is obtained at200% havind,, = 0.800%, i.e. performing
better than the global optimum @) In order to avoid convergence to such distant
and incorrect solutions, as a general rule evdortaihust be done in model updating to
minimize all possible sources of errors.

4 CONCLUSIONS

A methodology is presented to increase robustmegsrametric system identification,
based on (i) updating several distinct models of amsigned structure, and (ii)
subsequently generating, for each model, distatdérredtives. The methodology,
exemplified on an experimental case study, prove®féective and robust decision-
support tool to assist the engineer’s physicabimsin structural system identification.
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