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A method to estimate the dynamic properties ofrumsented buildings is presented.
This method was developed to be part of an autenstuctural health monitoring
system. The objective is to obtain a robust andiefft estimation of the dynamic
parameters and their variation during a seismicietlgough acceleration records.

With this objective in mind, a system identificatianethodology based on error
minimization of the estimated modal response with tise of genetic algorithms as
convergence method is proposed. Experience inrthlyss of instrumented structures
indicates that one of the challenges in the idesatibn is the convergence to a local
minimum and a reduced search space. These challemgesuggested to be solved by
the adaptation of genetic algorithms.

The proposed method was validated with analyticagjle and multiple-degree of
freedom 2D models. Also, 3D systems with differdagrees of coupling between its
components were modeled, and noise effect in tpeats was simulated. Furthermore,
the validation was complemented by the analysiseedmic records in an instrumented
building in México.

The results of estimating the dynamic propertieshvihe proposed method were
compared with commonly used system identificatioethmadologies. This evaluation
took into account parameters such as accuracystoéss, speed of calculation and
versatility. Finally, the advantages and limitaBoonf using genetic algorithms to
identify dynamic properties are discussed.
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ABSTRACT: The development and implementation of e@hndology to estimate the
dynamic properties of instrumented buildings isspréed. For this methodology, based
on the minimization of errors in the computatiomuddal response of a system, a novel
convergence method with genetic algorithms was.uBee proposed methodology was
validated with analytical models and with the assyof seismic records in an
instrumented building in México. The results of #stimated dynamic properties were
compared with commonly used system identificatioethmdologies. Finally, the
advantages and limitations of using genetic algoré to identify dynamic properties
are discussed.

1 INTRODUCTION

The identification of dynamic properties and theariation during a seismic event is
useful to know the condition of a structure ancpgsformance. Therefore, there is great
interest in the development of automatic systemsstiamctural monitoring. The modal
minimization methodology proposed by Beck and Jegsi(1980) is a parametric
method which has shown good results in the ideation of dynamic properties of
buildings, including the case of coupled modesahd Mau, 1997; Muria-Vilat al.,
2001). However, said identification procedure reemithe intervention of human
criteria.

Experience in the analysis of instrumented strestim México indicates that one of the
challenges in the identification is the convergetewa local minimum and a reduced
search space. Moreover, genetic algorithms (GA)ehlagen an adequate option in
diverse optimization problems in engineering (Mdteual., 2000). For these reasons
the implementation of GA to the modal minimizatiorethodology is proposed. The
objective is to develop a robust and efficient tiferation method to be implemented in
an automatic structural health monitoring systenbigldings.
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2 IMPLEMENTATION OF GENETIC ALGORITHMS IN THE MODAL
MINIMIZATION METHODOLOGY

In the modal minimization methodology, the struetus represented as a coupled
system of differential equations of N degrees ekffom. This system is transformed
into N second order uncoupled differential equatjosach one corresponding to the
classic vibration modes (Eq. 1). The overall resgoof the system is calculated as the
superposition of these modes (Eq. 2)

U;+25;(*N+‘*?2H‘:;R & 1)
a8 =244 (2

where,w is the circular frequency; is the damping ratio,pis the modal participation
factor g is the input excitation,; @& the calculated acceleration vectqrisithe modal
output, @; is the modal shape, and the subscripts i, | aadekthe degree of freedom,
mode and input number, respectively.

The identification is made by minimizing an evalaatfunction with respect to the
parameter to be identified. The evaluation functafculates the differences between
the model and the real system, and indicates tlasune-of-fit.

Genetic algorithms (GA) are methods for the sotutid optimization problems based
on evolution theory (Goldberg, 1989). Nowadays thaye been applied in various
fields of science and engineering. GA may be defing the following parameters and
operators: coding, population size, fitness fumgtiselection, crossover, mutation and
stopping criteria.

In GA, the genes are the coding of the parameterdentify, each gene represents the
numeric value of the parameter or a part of it, anrchromosome is a group of genes.
The population size is the number of chromosomesaich generation and it is the

number of possible solutions. In this work, a realue coding is adopted, and

populations of 20 chromosomes are set taking ictoant the recommendations of

Mitchell (1996).

The evaluation function (Eq. 3) is defined as thpiase difference between the
reference acceleration output signalg) (and the output signals calculated with the
parameters of the chromosome in evaluatiag) (a the range;tto . The fitness
function is the inverse of the evaluation funct{&g. 4):

J:J‘:f @ _ac)zdt (3)

F=1/J (4)

The selection of chromosomes was made by stochsmtipling with replacement. The
probability of selection is calculated with equati® and elitism of the best two
chromosomes is applied.

Fn
= 5)

n

Pn =

n=1
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The arithmetic crossover is used (Gen and ChenQ)200 which the new offspring
gene (G) is calculate as the mean value of parent 1 gépg &nd parent 2 gene £&,

as stated in Eq. 6. The mutation operator is ddfasea perturbation in the value of the
gene (Chambers, 1995) and the mutated geng) (& calculated by adding or
subtracting a percentage (m) of the crossover gehe (Eq. 7). The crossover ratio is
100% and mutation ratio 5%.

G, :GP1+GP2 (6)
2
G, =G, +mG, ©)

In this work, three of the most commonly used stoggriteria in optimization with
GA (Safe et al., 2004) were selected. The threshold values fer ¢hteria were
empirically established based on analytical modsist The algorithm would terminate
if any of the three stopping criteria is met: 1)w@gpper limit of 100 generations, 2) the
best chromosome is repeated in 10 consecutive g@oes, or 3) when the mean value
of the coefficient of variation of the genes in @lromosomes in a single generation is
less than 0.45%.

3 IDENTIFICATION PROCEDURE
Figure 1 presents the diagram of the identificaporcedure with GA.

Output signals Input signals Initial population <

JV Chromosomes
\m‘ | Calculated output |«
A (f, €, %o and vo, mode j)

A

Fitness function

v

Genetic algorithm operators

No - Seleccion
4%" - Crossover

- Mutation

Stopping
criteria
met?

Yes ¢

The identification No

Identified f;, &;, xo and v,
(best chromosome) .
is completed?

Linear fitting T End

@; and pj Yes

=i+l

—»

Figure 1. Identification procedure flow chart
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First, an initial population (first generation) generated with random values in a
specific range for the frequency (f), damping rafip and initial conditions (@ Vo).
Every chromosome is a possible solution and withere are the dynamic parameters
coded as genes. With these chromosomes and the sigmals, the calculated output
signals are obtained. The reference output sigaradsthe calculated are normalized and
compared with each other using the evaluation &nddss functions. If none stopping
criteria is met, a new generation is created withdperators of selection, crossover and
mutation, and the process is repeated. If anyesthpping criteria is met, the estimated
parameters (, Xo and \y) correspond to the best chromosome in the geonaralhen,
the calculated output signals with these parametees compared with the non-
normalized reference output signals, and a leasirsdinear fitting is performed. From
the latter, the effective response factor (Thomd®98) is obtained and, through it, the
modal shapes and patrticipation factors are calkedlasing Eq. 8.

ERF, =P, (8)

In the identification of more than one vibration mode, the extmln function is
minimized with respect to the parameters of the mode in estmarily. Subsequently,
once that mode is processed, the minimization continues wiikae® the parameters
of the next mode, and so on. The contribution of identifiedawasl taken into account
in the evaluation function.

4 TEST DESCRIPTION

The modal minimization with genetic algorithms (MMGA) was valetl with
simulated output signals from analytical systems, as wellithstae seismic records of
an instrumented building.

The results of the frequency estimation with MMGA are compared gathmonly
system identification methodologies used in the literature for rdimgparameter
identification in structures. These methodologies are:

* Fourier analysis, FA (Bendat and Piersol, 1989)

» State-space algorithm N4SID (Van Overschee and De Mo, 1994)
» Stochastic subspace identification, SSI (Peeters and De Roeck, 1999)
* Modal minimization with least squares, MMLS (Li and Mau, 109

In FA subroutines for instrumented building analysis were .usB&&ID was studied
with the system identification toolbox in Matlab. For S&le commercial program
“ARTMelS Extractor” (Structural Vibration Solutions, 2008) was éypd, and for
MMLS a modified version of the program “MIMO” (Li and Mau, 19%as used.

The analytical models were generated from spring-mass systems wlaoaetetistics
were set to simulate dynamic properties of buildings. Divergersgsof one degree of
freedom (1DOF) with frequencies between 0.2 and 1.2 Hz were stédisedtwo five-
story 2D systems (5DOF), three one-story tridimensionalesyst(3D-3DOF) with
different coupling and one five-story tridimensional system (3DQBPwere studied.
In this paper, only the frequency estimation for six 1D@$tesns, the 3D-3DOF and
the 3D-15DOF system is presented.

The input acceleration signal used was the seismic record of tfe M88ico City
earthquake. For the 2D systems, the output signals were calcuiadetlydn all the

-5-



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

ath

DECEMBER 11-15

degrees of freedom. For the tridimensional systeams, translational output signals

were calculated in the horizontal components anel ratation output signal for each

story. In the identification, the two horizontaltput signals and the torsional were used.
The torsional signal was calculated as the additiomotion of the edge of the model

relative to the floor translational motion of thenter of torsion. To assess the
susceptibility of the methodologies to noise, irmgomodels a white Gaussian noise
with 20dB signal-to-noise ratio (SNR) in the outgignals was added.

The building analyzed is a reinforced concretecstme located in Acapulco, which has
showed no evidence of damage and exhibit looselpled vibration modes (Muria-
Vila et al., 2004). The building has 17 stories, four of vishere instrumented with
accelerometers, as well as the basement and thegreeand. The sensors are arranged
to measure the translational and torsional motafnsach story, and the rocking at the
base. The seismic event with the largest intemsitgrded so far was selected. The free-
field acceleration records were taken as inputagand the output signals were the
acceleration records in the instrumented stories.

5 RESULTS

5.1 1DOF models

To validate the implementation of GA in the modahimization methodology, the
original approach with Levenberg-Marquardt nondinéeast squares as convergence
algorithm is compared with the proposed methodaldgyable 1, the processing time,
number of iterations (generation of convergencetf GA) and the value of the
evaluation function (J) are presented. Table 2 shth@ comparison of the identified
frequency for the 1DOF systems using the methodeddgsted in section 4.

Table 1. Comparison between least squares and GEXOF models

Model MMLS MMGA
Time (s) lterations J (Eq. 3) Time (s) lterations J (EqQ. 3)
1 7.7 15 1.27 13.5 11 1.00
2 7.6 15 1.33 9.8 9 2.29
3 7.6 14 1.17 23.0 20 4.28
4 7.7 15 2.69 22.5 19 4.33
5 7.7 13 2.45 10.8 7 0.65
6 8.4 15 2.26 17.6 13 1.93

The processing time using least squares were shbee those using GA. A large part
of the processing time in GA is consumed on théuew@n of chromosomes. As for the

number of iterations, unlike least squares, the ¥@ahes were highly variable and

depend on the initial population. The evaluationction was in the same value range
with both convergence methods.

Table 2. Frequency estimation for LDOF models

Frequency (Hz) Error (%)
Theoretica FA N4SI SSI MML MMG FA N4SI SSI MML MMG
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| D s A D s A

0.2 Oél 0.2 062 02 02 3%8 <0.01 2(')0 <001 <0.01
0.4 09',3 04 %% 04 04 %% <001 2(')0 <001 <0.01
0.6 Oé5 0.6 05'35 06 06 1é3 <001 11 <001 <001
o8 %" 08 %% 08 08 > <001 'Y <001 <001
1.0 Oég 1.0 12'0 10 10 02'8 <0.01 1(')6 <001 <0.01
1.2 19',1 1.2 1é1 12 12 50 <001 %' 002 <001

In the 2D models, good results were obtained wlitfivee methodologies. MMGA and
N4SID produce the smallest errors. Errors usingd SSI were similar, although
slightly lower for the second one.

5.2

The estimated frequency values for the 3D-3DOFesysivith non-coupled, coupled
and strongly coupled modes are presented in t8dies.

Tridimensional models

For the non-coupled and coupled 3D-3DOF systems, etrors in the frequency
identification for the traslation components wearaikar to the 2D models. The errors in
the torsional component were 10 to 20% larger. Gaeg to the non-coupled and
coupled 3D-3DOF systems, the frequency estimateddith translational components
was the same value using FA and SSI for the styoomlipled system. In contrast the
use of N4SID, MMLS and MMGA allowed the identifiaat of frequencies despite
having similar values.

Table 3. Frequency estimation for 3D-3DOF modehwibn-coupled modes

Mod Frequency (Hz) Error (%)

© Theoretic _, N4SI SSI MML MMG _, N4SI SSI MML MMG
al D s A D S A

WL 747 757 747 755 753 7.4 17'2 <0.01 07'9 075 0.41

T 10.49 12'6 10.49 1?3'5 10.56 10.51 142 <0.01 068 068 021

IR 9720 12'4 17.22 12'3 17.37 17.28 17'5 <0.01 069 087 035

Table 4. Frequency estimation for 3D-3DOF modehwibupled modes
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Mod Frequency (Hz) Error (%)
e Theoretic N4SlI SSI MML MMG N4SlI SSI MML MMG
FA FA
al D D S A
1L 9.42 955 942 9.37 945 1.3 <0.0105 0.29 0.65
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1T 997 986 9.97 12'0 10.04 10.00 17'0 <0.01 068 0.70 0.30
IR 1757 1;'2 17.57 1;'4 17.55 17.50 199 <0.01 02'8 014 041

Table 5. Frequency estimation for 3D-3DOF modehwirongly coupled modes

Mod Frequency (Hz) Error (%)

© Theoretic _, NASI SSI MML MMG _, N4SI SSI MML MMG
al D s A D s A

1L g55 868855 869 859 851 164 <0.01 146 045 0.48

1T 863 868863 869 868 859 02'5 <0.01 Oi7 050 0.48

IR 1500 12'3 15.00 1‘;8 1511 15.02 Zél <0.01 0('38 076 014

Table 6. Frequency estimation for 3D-15DOF model

Mod Frequency (Hz) Error (%)
©  Theoretic _, N4SI SSI MML MMG _, N4SI SSIMML MMG
al D s A D s A

0.4 4.7

1L 213 212212 203 212 212 O 028 %' 049 033
11 0.2

2 621 614633 619 615 625 o' 192 ° 0.90 0.65
33 3.7

3L 979 9461000942 971 985 5 217 5’ 079 063

4L 1257 1%'7 12.35 1‘3'2 12.73 12.62 17'5 1.75 5(')3 120 0.36

5L 14.34 1‘(;'6 14.45 NI 14.22 14.47 12'8 076 NI 0.86 0.90
0.4 0.5

1T 299 297 298 300 296 297 ' 017 ;> 070 051
0.0 21

2T 872 872864 890 864 877 °° 089 5 088 065

3T 13.74 12'0 13.58 1‘;'0 13.83 13.69 5('30 1.12 2éo 067 0.36

AT 17.65 12'2 17.78 NI 17.52 17.78 392 074 NI 071 0.76

5T  20.13 22'7 20.52 NI 20.37 19.92 22'9 192 NI 117 1.04
13 4.7

IR 490 484494 513 486 492 ;> 083 % 089 041
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o)R 1431 1‘(‘)'6 1460 NI 14.24 14.38
3R 2256 502315 NI 2274 2271
AR 28.98 23'5 2851 NI 29.07 28.85
5R 3305 °o° 3222 NI 3264 3344

2.0

11

2.1

0.5

2.05

2.64

1.60

2.51

NI 0.48

NI 0.82

NI 0.33

NI

1.25

0.52

0.68

0.43

1.18

NI: Not identified

The results of frequency identification for the 3BDOF system are presented in table
6. At least, the first three modes in the trastalocomponents and the first in the
torsional component were identified with all the thwzlologies, these modes
contributes in 99% to the total response. The farttl fifth traslational modes and the
higher torsional modes, which participates in I#san 1%, were identified using
N4SID, MMLS and MMGA; but FA and SSI methods hafficiilties or were unable to
identify them.

For the 3D-3DOF and 3D-15DOF with noise (resultghis paper are not presented),
the significant modes were identified with FA, NBSMMLS and MMGA. The errors
increased from 1 to 8% with respect to the cas#dsowi noise.

5.3

Instrumented building model
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In the analysis of the seismic records of the imsgnted building the first four modes
in the translation components and the first thneethie torsional component were
identified. Table 7 presents the comparison of riatural frequencies using the five
methodologies, and also the relative differencagisine estimated value with MMGA

as reference.

Table 7. Frequency estimation for instrumenteddoog

Mode Frequency (Hz) Difference (%)

FA NA4SID SSI MMLS MMGA FA N4SID SSI MMLS
1L 099 099 0.93 099 099 0.40 0.20 6.38 0.20
2L 375 392 390 394 402 6.85 253 3.07 191
3L 8.00 7.98 7.85 8.05 821 252 277 437 194
4L 11,78 12,59 13.251259 12.27 4.02 2.65 7.99 2.62
1T 0.78 0.79 0.80 0.79 0.79 0.88 0.25 1.39 0.13
2T 266 2.69 261 267 268 0.60 0.37 250 0.34
3T 475 489 475 491 494 3.87 0.97 3.75 0.45
AT 694 711 778 7.13 7.15 292 0.52 8.87 0.34
1R 130 130 131 130 130 0.13 0.28 0.64 0.36
2R 399 404 430 404 403 0.87 0.17 6.77 0.12
3R 661 682 648 664 646 240 554 0.39 2.79

The frequencies estimated using N4SID, MMLS and MM®@ere similar to each
other. The differences with respect to MMGA werssl¢han 1 and 2% for the first and

-9-
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second modes respectively, and less than 6% imitteer modes. With FA and SSI
differences were larger. It is worth mentioningtttiee fundamental mode contributes in
95% to the translational output signals and in @6%he torsional output signals, the
first two modes in each component (including thepted modes) accounts for 98% of
the total response and the contribution of highed@s is minimal.

6 CONCLUSIONS

The proposed modal minimization methodology withejee algorithms presents good
results in the identification of analytical and Iregstems. It had minimal errors in the
estimation of frequencies in analytical systemsenewhen noise signals were
introduced. In the case of a real building, thenestied values were similar to those
obtained with other dynamic properties identifioatimethodologies. Furthermore, the
proposed methodology has the advantage of propkhtify coupled modes.

The advantages of using genetic algorithms in tloelah minimization methodology
consist in the reduction of uncertainties due tBkection of initial values, and the
possibility of using stopping criteria that cons&l@ther parameters besides just the
differences in the estimated values between itarati Additionally, the proposed
methodology has the potential to be adapted in aton@atic structural health
monitoring system.
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