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Analysis of recorded seismic response of an eight-story passively-controlled steel building located in Sendai is reported in this
paper. Vibration monitoring system has been instrumented to test the efectiveness of dampers and actual performance of
passively-controlled structures under earthquake since it was constructed in 2003. A data-driven stochastic subspace identifcation
methodology with an alternative strategy to remove spurious modes is developed and implemented to the recorded actual
earthquake response to extract dynamic properties of the passively-controlled eight-story steel building from the recorded foor
acceleration data.Tus, the inherent damping characteristic of the building is identifed under various earthquakes. Moreover, the
variation of the estimated natural frequencies, mode shapes, and damping ratios for all the earthquake recordings are illustrated.
To further investigate serviceability of the passively-controlled steel building during an earthquake, probabilistic model updating
is developed to estimate the model parameters and infer the response of the structure based on the identifed modes. Besides,
seismic performance assessment of the passively-controlled steel building from the estimated dynamic characteristics and model
parameters during service period is also discussed.

1. Introduction

Te passive structural control method has been widely used
in earthquake engineering since the 1970s to minimize
structural vibration because the construction and operation
of passive control devices are extremely simple and robust,
with no need for actuators, external power supplies, or
sensors [1]. As extra passive dampening devices can sig-
nifcantly improve the vibrational performance of structures
by absorbing and dissipating much of the input energy that
would otherwise be absorbed by the building’s lateral load
resisting system, the structure’s forced vibration, displace-
ment, acceleration, and inelastic deformation are greatly
reduced [2].

In the context of civil engineering, passive dampening
devices primarily include hysteretic dampers, friction
dampers, velocity-dependent dampers (such as viscous fuid
dampers and viscoelastic dampers), and tuned mass

dampers, among others [3–6]. Tey can generally be relied
upon to reduce the risks posed by wind and earthquakes as
well as to renovate decaying structures. More than 7,000
buildings in Japan have seismic isolators or auxiliary
damping mechanisms, according to the Japan Society of
Seismic Isolation [7]. Extensive experimental investigations
on passively-controlled structural models as well as various
passively-controlled devices (full-scale or small-scale) have
been performed [8–10]. Design provisions and guidelines
have also been developed for the passively-controlled
building structures and passively-controlled devices [11].
Nevertheless, it has seldom been possible to test the actual
performance of passively-controlled structures by actual
earthquakes and the actual performance of the passive de-
vices after deployment during major and catastrophic
earthquakes, due to the fact that throughout the shaking
table testing, the frame members of the structures remained
largely elastic. Tus, it is extremely important to examine
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and evaluate realistic earthquake behavior of such structural
systems during strong earthquake based on real-time seismic
response monitoring.

Capturing and understanding of actual phenomena and
the underlying properties are very important and should be
supported by the investigation on actual data and related
theories [12]. Loh et al. analyzed the recorded seismic re-
sponse of three structures (one isolated bridge, one mid-
isolation building, and one 7-story RC building) during the
period of service based on dynamic characteristics estima-
tion, presented the variation of the dynamic characteristics
of the buildings, and discussed the seismic assessment of the
buildings [13]. Siringoringo and Fujino analyzed strong
motion recordings of an asymmetric base-isolated building
during the March 11, 2011, Great East Japan (Tohoku)
Earthquake [14]. Te aforementioned investigations and
strong motion observations provide valuable insights into
the behavior of passively-controlled buildings.

In general, system identifcation techniques are
employed to the recorded actual earthquake response to
extract dynamic properties from the system [15, 16]. Ver-
satile researches have been conducted on the identifcation
of dynamic characteristics of structures using earthquake-
induced motion data, which are meaningful for earthquake-
resistant design, model validation, and structural health
monitoring [17–19]. Among them, subspace identifcation
algorithm had been applied to multiple earthquake records
because of simple parameterization for MIMO systems in
the past few years. Various versions of subspace algorithms
such as CVA, N4SID, MOESP, and IV-4SID have been
utilized to estimate the state space model of the systems
[20–22]. However, the model order selection is nontrivial
and crucial for successfully identifying the inherent damping
characteristic of the building. Because the chosen model
orders are typically and signifcantly greater than twice the
number of important modes that comprise the majority of
the structural response, the “spurious” numerical modes are
attributed to the detected modes. Separating the “genuine”
modes from “spurious” modes can still be a challenge due to
sensor noise and measurement errors [23], even though
model order has been determined.

To consistently pick the “genuine” modes, the stabili-
zation diagram, which will be utilized in the following
section, is used to distinguish true modes from false ones.
Te stabilization diagram can depict the relative diferences
between each mode. As a result, by comparing the dynamic
features of these two approaches, true modes can be dis-
tinguished from spurious modes. Nevertheless, mathemat-
ical mode may pass the stabilization criteria in few special
cases. A diferent approach of constructing the system
matrix A is proposed as validation criteria to remove the
above mathematical mode [24].

Besides, updating structural model and state is also
crucial for structural health monitoring and control, as it is
generally concerned with evaluating structural health con-
dition, dynamic responses, and remaining lifetime [25–27].
Bayesian model updating is commonly used to identify
structural model for performance evaluation and sub-
sequently reliable assessment of its behavior under future

loads [28–30]. Due to its ability of qualifying diferent
sources of uncertainties, probabilistic model updating
procedures are broadly utilized for the preservation of
cultural heritage (historic masonry buildings, towers,
churches, etc.,) [31–33]. At the same time, probabilistic
model updating procedures have also been developed for
detecting damage and condition assessment of high-rise
buildings and long-span bridges instrumented with struc-
tural health monitoring systems [34–37].

In general, structural initial model is built according to
structural design drawings without considering the con-
struction uncertainties, aging, and degradation, as well as
variation.Tus, the initial model cannot accurately represent
the actual structural state and behavior. To calibrate the
structural model, Bayesian inference framework is exploited
to update structural model and to quantify the modeling
uncertainties based on the above identifed modes from
actual monitoring data. Nevertheless, there is a practical
difculty for implementing Bayesian model updating, since
limited sensors are available in most cases due to the cost or
damage. To cope with this difculty, model reduction ap-
proach is introduced to the Bayesian model updating al-
gorithm considering the available measurements. A Markov
chain Monte Carlo algorithm [38] is then used to approx-
imate the probabilistic distributions of the model parame-
ters. Tus, seismic performance assessment and structural
response prediction can be conducted.

In this paper, a passively controlled eight-story steel
building equipped with energy dissipation devices is in-
vestigated under real earthquake. Vibration monitoring
apparatuses have been installed on the main structure and
on the dampers to evaluate the long-term behavior of the
passively controlled structure, which also provide a pro-
spective on the actual performance of passive devices in
service. Moreover, knowledge of passively controlled
structural demand during strong earthquakes can be ac-
cumulated to provide a better understanding of the struc-
tural behavior in nonlinear range. Based on the monitoring
data of the passively controlled eight-story steel building,
a data-driven stochastic subspace identifcation algorithm
with a diferent strategy to remove spurious modes is used to
extract dynamic properties of the passively-controlled eight-
story steel building from the recorded foor acceleration
data. Ten, the inherent damping characteristic of the
building is identifed under various earthquakes. Besides, the
variation of the estimated natural frequencies, mode shapes,
and damping ratios for all the earthquake recordings are
illustrated.

To further investigate serviceability of the passively-
controlled steel building during an earthquake, probabilis-
tic model updating is developed to estimate the model
parameters and infer structural response. Bayesian inference
framework has recently been used for updating a model
using the identifed modes [33, 39]. However, sensors were
placed on selected foors due to the cost of structural health
monitoring, and the identifed mode shapes were only
available for the measured foors with sensors, which are
typically required by Bayesian model updating. To address
this challenge, a model reduction approach is introduced to
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the Bayesian model updating algorithm [40–43] considering
the available measurements. Ten, a Markov chain Monte
Carlo algorithm is employed to approximate the model
parameters and qualify the model uncertainty. Furthermore,
seismic performance assessment of the passively-controlled
steel building stemmed from the estimated dynamic char-
acteristics and model parameters during service period is
discussed.

2. Description of Building and Structural
Monitoring System

2.1. Overview of the Building and Structural Monitoring
System. Te monitored structure is an eight-story admin-
istration building on the main campus of the Tohoku In-
stitute of Technology (Figure 1(a)). As seen in Figure 1(b),
the structure is 48meters long, 9.6meters broad, and
34.2meters tall, with 10 bays in the longitudinal direction
and three bays in the transverse direction. Te super-
structure is made up of a steel-frame structure with precast
concrete slabs, and the one-story basement is made of
reinforced concrete. Oil dampers link the adjacent foors
through V-type steel bracing. As indicated in Figure 1(b).
For the frst level (Type I) and the third to eighth foors (Type
II), two types of oil dampers with varying stroke limits and
orifce specifcations are employed. Te frst foor and sec-
ond foor are merged to form a large space with a height of
8m [44].

Te building has been instrumented a seismic moni-
toring system since it was constructed in 2003. Te seismic
monitoring system consists of 4 triaxial accelerometers (3
accelerometers on the structure and 1 accelerometer on the
ground near the building). Servo-type accelerometers were
placed on the frst, fourth, and eighth foors. Displacement
meters and strain gauges were also mounted to measure
damper brace story drifts, axial deformations, and axial
forces. In 2016, the vibration sensors were rearranged with
each triaxial accelerometer placed on the frst, third, sixth,
and eighth foor, respectively. Te type of sensors and their
locations are deployed in Figure 1(c). Small servo acceler-
ometers were employed to record foor accelerations. Be-
sides, the seismic reactions were captured and saved on
a server for later study. Horizontal accelerations were
measured in east-west (EW) and north-south (NS) di-
rections, which correspond to the building’s longitudinal
and transverse directions, respectively. More details of the
building and the instrumentation have also been described
in [45].

2.2. Characteristics of Recorded Seismic Responses. Te Great
East Japan Earthquake struck northeastern Japan with
a moment magnitude of 9.0 on March 11, 2011, the largest
ever recorded in Japan. Te passively-controlled steel
building survived the earthquake without structural damage.
However, all oil dampers on the frst foor were entirely
wrecked due to abutment breakage, and all dampers on the
third and fourth foors experienced serious oil leaks. After
postearthquake investigation, the insufcient stroke limit is

the main cause of the collision between the damper and the
abutment on the foor, which fnally led to the failure of the
oil dampers. To accommodate larger interstory drifts,
a novel retroft plan was proposed with tin-rubber bearings
replacing the damaged oil dampers [46]. Te retroft plan
was divided into two phases: (1) the reassembled oil dampers
of the 3rd and 4th foors with viscous oil reflled were
reinstalled in September 2012. After that, the building ex-
perienced an earthquake; (2) it was not until the middle of
Feb 2013 that the installation of tin-rubber bearings was
completed. Tus, the recorded seismic responses corre-
sponding to diferent damping provide valuable information
about the state of the building as well as the damper devices.
A total of 21 seismic events were recorded during 2003 and
2017, and the retroftted building with isolators on the 1st
foor and oil dampers on the 3rd∼8th foors are shown in
Figure 2.

Te recorded earthquakes occurred in Sendai located in
the Miyagi Prefecture of Japan, and detail specifcations in
terms of their time, date, location, depth, and epicentral
distance, as well as magnitude for strong earthquake are
listed in Table 1.

Te recorded seismic response signals are processed
through a 20th-order lowpass Butterworth flter with a cut-of
frequency of 20Hz, and the cut-of frequency of 20Hz is far
from the natural frequencies of interest, which are generally in
the lower-frequency region up to 6Hz. Ten, the recorded
seismic responses of the building measured by the structural
health monitoring system between 2003 and 2017 are listed in
Table 2.Te response amplifcation of the both top stories and
frst foor in the EW and NS directions can be observed in
Table 2. Te peak accelerations on the eighth foor of the
building in the EW and NS directions were around 2 times of
the ground acceleration on average under large recorded
seismic response. Figure 3 depicts magnitude and phase of the
transfer functions of the building in both EW and NS di-
rections, which give perspective to the variation of the natural
frequency and damping.Te peaks of transfer functions of the
building vary obviously after March 11, 2011. Te detailed
reason for this phenomenon will be investigated and illus-
trated. Besides, the infuence of the response amplitude on the
estimated parameters is also presented.

3. Data-Driven Stochastic Subspace
Identification Methodology

3.1. Data-Driven Stochastic Subspace Identifcation
Algorithm. Te stochastic subspace state-space system
identifcation technique is developed and employed in this
study. In this method, the structure can be represented as
a discrete time, time-invariant structural system, which can
be expressed as follows:

xk+1 � Axk + Buk + wk,

yk � Cxk + Duk + vk,
(1)

where y ∈ Rm×1 represents the output vector, x ∈ Rn×1

denotes the state vector, u is the input vector, k denotes the
kth time interval, and w and v represent the process noise
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(a) (b)

(c)

Figure 1: Te administration building (blue square represents damper, red dot represents load cell, and red triangle represents accel-
erometers). (a) Front view. (b) Allocation of oil dampers and accelerometers. (c) Reallocation of oil dampers and accelerometers (after 2016).

Figure 2: Retroftted building with isolators on the 1st foor and oil dampers on the 3rd∼8th foors.
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and measurement noise, respectively. Both w and v are
assumed to be zero-mean, stationary, and white-noise vector
sequences. Matrices A (dynamical system matrix), B (input
matrix), C (output matrix), and D (feed through matrix) are
system parameters matrix of the state space model.

Basic idea of subspace methods is frst to compute the
estimate of state vectors from an observed input-output data
and defne the block Hankel matrices as follows:

(2)

Table 1: Information of earthquakes.

Date (y/m/d) Time (UTC)
Location Epicentral distance

(km) Depth (km) Magnitude (M)
N (°) E (°)

2003/5/26 9:24:33 38.849 141.568 88.6 68 7
2005/8/16 2:46:28 38.276 142.039 102.1 36 7.2
2010/6/13 3:32:57 37.372 141.625 119.7 27 5.9
2011/3/9 2:45:20 38.435 142.842 173 32 7.3
2011/4/7 14:32:43 38.276 141.588 62.7 42 7.1
2013/8/4 3:28:50 38.213 141.862 86.9 56 5.8

Table 2: Seismic response records of the building measured by the structural health monitoring system.

Recorded time
Peak response

EW-direction (cm/s2) NS-direction (cm/s2)
First foor Top foor First foor Top foor

Record 2003/05/26 90.77 158.53 114.16 120.79
Record 2005/08/16 88.68 158.87 103.67 125.84
Record 2010/06/13 31.77 43.03 63.86 65.62
Record 2011/03/09 27.30 126.55 30.90 85.90
Record 2011/03/24 32.15 67.44 25.74 57.74
Record 2011/04/07 160.19 308.69 175.35 258.75
Record 2012/12/07 45.21 91.14 55.96 92.87
Record 2013/08/04 29.60 33.83 35.07 42.43
Record 2014/02/06 3.63 13.63 5.39 9.83
Record 2014/02/08_0218 5.94 5.41 8.99 6.72
Record 2014/02/08_1141 3.41 4.75 3.95 3.66
Record 2014/06/09 9.60 5.51 10.28 6.69
Record 2014/06/15 3.48 4.03 4.56 7.67
Record 2014/06/16 19.12 30.61 20.46 25.61
Record 2014/11/20 7.86 9.07 6.38 11.36
Record 2015/02/17 7.94 27.71 8.76 31.07
Record 2015/05/13 5.49 5.82 6.42 6.77
Record 2016/11/12 16.91 22.25 16.07 16.60
Record 2016/11/22 36.97 66.86 41.46 66.46
Record 201612/31 10.09 17.30 9.89 22.29
Record 2017/02/28 26.12 43.00 24.37 23.80
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where Up ∈ Rmi×j and Uf ∈ Rmi×j denote the past and fu-
ture input Hankel matrix, respectively. U+

p ∈ R
m(i+1)×j and

U−
f ∈ R

m(i− 1)×j are hence used to represent the past and
future input Hankel matrix with adding and reducing one
block row, respectively. Similarly, the output Hankel matrix
(Yp and Yf) can be instituted the same way. Ten, the LQ
decomposition was implemented to a special Hankel matrix
as follows:

Uf

Wp

Yf

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
�

R11 0 0

R21 R22 0
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⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

Q
T
1

Q
T
2

Q
T
3

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
, (3)

where Wp �
Up

Yp
  ∈ R(m+1)i×j, oblique projection method

is generally used to solve equation (3), and hence the oblique
projection P of the future Yf onto the joint past Wp along
the Uf could be obtained from the LQ decomposition as
follows:

P � R32R
†
22Wp, (4)

where R†
22 denotes the pseudoinverse of matrix R22. Te

main theorem of subspace identifcation states that the
projection matrix P can be factorized into the product of the
extended observability matrix O and future state vector Xf
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Figure 3: Transfer functions of accelerations of the building in the EW and NS directions. (a) Transfer function between 1st foor and 4th
foor (EW). (b) Transfer function between 1st foor and 8th foor (EW). (c) Transfer function between 1st foor and 4th foor (NS).
(d) Transfer function between 1st foor and 8th foor (NS).
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(Van Overschee and De Moor 1996); that is, the projection
matrix P can also be expressed as follows:

P � R32R
†
22Wp � OXf. (5)

Assuming that the singular value decomposition (SVD)
of P is given as P � UΣVT, the rank of the projection matrix
P equals to the rank of matrix Σ, i.e., rank(P) � rank(Σ),
and let the extended observability matrix O be as follows:

O � UΣ1/2. (6)

Once the extended observability matrix O is obtained,
the system matrices A and C can be determined as follows:

A � O(1: n(L − 1), :)
†
O(n + 1: nL, :), C � O(1: m, 1: n). (7)

Ten, natural frequency, damping ratio, and mode shape
of the ith mode of the system can be estimated by solving the
eigenvalues problem of matrix A as follows:

AΨ � ΛΨ, (8)

Λ � diag λi , (9)

where matricesΛ andΨ are the eigenvalues and eigenvectors
of matrix A, respectively. λi denotes diagonal eigenvalues
element of matrix Λ. After implementing z-transform to
eigenvalues λi, natural frequency, damping ratio, and the
mode shape of the ithmode of the system can be estimated as
follows:

λi �
ln λi 

Δt
, (10)

ωi �

�������������������

Real λi( 
2

+ Image λi( 
2



, ξi � −
Real λi( 

ωi

, (11)

Φ � CΨ. (12)

Generally, there is a common difculty in selecting
appropriately size of the system order, which is nontrivial
and crucial for successfully identifying the inherent damping
characteristic of the building in this subspace identifcation
algorithm. As a result, a common practice is that the system
order will be overestimated in order to avoid losing any
physical modes and mode bias error [47]. Since this practice
may introduce numerical modes, stabilization diagram that
refects the variation of the estimated modal parameters with
model order increments is usually employed to distinguish
real modes from spurious ones generated during system
identifcation. However, there are still some challenges that
the stabilization diagram method cannot cope with. One is
to select an unbiased preassigned system order; the other is
the variance of identifed real system modes under diferent
system orders.

In this paper, a diferent approach of constructing the
systemmatrixA is adopted as validation criteria to overcome
the drawbacks of traditional stabilization diagram method
[13]”

A � O(1: n(L − 1), :)
T
O(n + 1: nL, :) 

− 1
O(1: n(L − 1), :)

T
O(1: n(L − 1), :) , (13)

where L represents the order of Toeplitz matrix and n
denotes the number of measurements. Two groups of
natural frequency fi1 andfi2, damping ratio ξi1 and ξi2,
and mode shape Ψi1 and Ψi2 of the ith mode of the
system under the same assumed system order are cal-
culated by using equations (6)–(13), respectively. A real
mode can be estimated, if it is able to be identifed
consistently by the above two approaches. Terefore, real
modes can distinguish themselves from the spurious
modes through the modal property comparison of these
two groups. For practical application, thresholds are also
assigned to check the consistency of the modal properties
derived from the above two approaches, which can be
calculated as follows:

fi1 − fi2

fi1




<fthreshold,

ξi1 − ξi2

ξi1




< ξthreshold,

ΨT
i1Ψi2

Ψi1
����

����
0.5 Ψi2

����
����
0.5




>MACthreshold,

(14)

where ψ is the mode shape and subscript 1 and 2 denote
a certain mode evaluated from equations (6)–(9),
respectively.

To consistently pick the “genuine” modes, the stabili-
zation diagram is used to distinguish true modes from false
ones. Te stabilization diagram can depict the relative dif-
ferences between each mode. As a result, by comparing the
dynamic features of these two approaches, truemodes can be
distinguished from spurious modes. Nevertheless, mathe-
matical mode may pass the stabilization criteria in few
special cases. A diferent approach of constructing the
system matrix A is proposed as validation criteria to remove
the above mathematical mode. Te relative diferences,
which are used to assess the consistency of the modal
properties produced from two methodologies, are often
defned as less than 1% for the natural frequencies, less than
5% for damping ratios, and 10% for the modal assurance
criterion (MAC) index of mode shapes. In addition, modal
phase collinearity (MPC) index is also employed as vali-
dation criteria [24] in this study.

3.2. Implementation and Identifcation Results. Te subspace
identifcation technique was implemented to acceleration
response records of the building spanning from 2003 to
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2017, and a total of 21 events were selected for analysis. As all
the recordings are in discrete time domain, the discrete time
subspace identifcation method was adopted. To implement
the data-driven stochastic subspace identifcation method-
ology with a diferent strategy to remove spurious modes of
the system, the seismic acceleration response records on the
1st foor were selected as the input, while the accelerations
from the upper stories were utilized as outputs. Noteworthy,
there is no need to consider the efect of soil-structure in-
teraction, since 1st foor acceleration response was con-
sidered as the input excitation rather than the free-feld
ground acceleration records.

Te identifed stable modes are presented in Figures 4
and 5 for EW and NS direction, respectively, which also
depicts the estimated transfer function curve as comparison.

3.3. Analysis of the Passively-Controlled Steel Building.
Te seismic acceleration responses of the passively-
controlled steel building recorded from 2003 to 2017 (a
total 21 events) are used for analysis. From the identifcation
results shown in Figures 4 and5, the frst two stable modes
can be observed for almost every earthquake event, while the
third stable mode can only be estimated for several earth-
quake events. Tis is a common phenomenon for structures
in civil engineering that the low-order modal responses are
very often excited by an earthquake, and the high-order
modal responses are not that easily excited by an earthquake.
Furthermore, identifability of high-order modes gets even
worse, as their modal responses and signal-to-noise ratios
decrease gradually as the modal order increases [48, 49].
Ten, the distribution of the identifed fundamental fre-
quencies and damping ratios corresponding to every seismic
event for both longitudinal and transverse direction are
depicted in Figure 6. As can be observed that estimated
uncertainty of damping ratios is distinctly large than that of
natural frequency due to the complexity of actual structural
damping, and the modal damping is only a mathematical
concise expression, which may not be able to completely and
accurately simulate the complex damping mechanism of the
actual structure. In addition, the corresponding peak ground
acceleration (PGA) of each seismic event is also shown in
Figure 6. As can be seen, most of the earthquake excitation
levels (input PGA) for these recorded seismic events are less
than 50 gal except three strong seismic events in this study.

Te variation of the identifed fundamental modes of the
building is quite obvious based on the results of the iden-
tifcation. Detailed investigation is necessary due to energy
dissipation devices of the passively-controlled steel building.
Considering the changes of the energy dissipation device
before and after the Great East Japan Earthquake is sig-
nifcant, the identifed natural frequencies of the building
can hence be divided into two parts: One is before the Great
East Japan Earthquake, and the other is after the restoration.
Te natural frequencies show a slight decrease; then, both
natural frequencies and damping ratios are basically stable
during the period between 2003 and 2010, when earthquake
excitation level that stuck the building is relatively small. On
the contrary, the natural frequencies and damping ratios

identifed from seismic event on March 24, 2011, show
a sharp decline. Tese declines are coincident with the
phenomena that most of oil dampers have damaged or
severe oil leakage after March 11, 2011. Progressive increases
of natural frequencies and damping ratios were observed
during the two-stage retroft.

To further study the phenomena, frst two fundamental
frequencies and damping ratios identifed for each seismic
event are illustrated in Figure 7 for longitudinal and
transverse directions, respectively. Figures 7(a) and 7(b)
display that the natural frequencies and frst damping ra-
tio identifed from seismic events before March 11, 2011,
remained nearly constant under moderate levels of vibration
amplitudes; meanwhile, the second damping ratio shows
a slight decrease with declined vibration amplitudes. After
March 11, 2011, the natural frequencies decreased by 12.6%
and 11.7% on the average of the frst two modes in longi-
tudinal and transverse directions, respectively, which in-
dicates the fact that oil damper braces could also ofer
additional dynamic stifness. Moreover, due to half of the oil
dampers lost damping capability, the damping ratios de-
creased by 35.6% and 40.4% on the average of the frst two
modes in longitudinal and transverse directions. Additional
damping ratio provided by original oil dampers was thus
taken to be around 2%. Subsequently, the building was
retroftted with tin-rubber bearings replacing the oil
dampers in the frst foor; after completely repairing, natural
frequencies and damping ratios recovered to a certain level
but not as initial.

Figures 7(c) and 7(d) reveal the dynamic properties of
the building with hybrid energy dissipating device. Te
identifed frst two natural frequencies remained nearly
constant under almost the similar level of earthquake ex-
citation and slightly decreased with increasing vibration
amplitudes, whereas the damping ratios increased signif-
cantly along with the increasing vibration amplitudes. Tis
was attributed to the inelastic response of the tin-rubber
bearings.

Detailed analysis is also conducted considering the
combination of tin-rubber bearings with oil dampers in this
building. Te correlation among identifed system natural
frequencies, damping ratios, and PGA is depicted in
Figures 8(a) and 8(b). As can be observed, the frst two
natural frequencies belonging to longitudinal and transverse
directions slightly decrease with increasing earthquake ex-
citation level (input PGA). On the contrary, damping ratio
increases with rising PGA. Figures 8(c) and 8(d) also display
the plot of damping ratios for longitudinal and transverse
directions and the plot of damping ratio versus natural
frequency. Te relationship between the recorded PGA and
response peak acceleration (PA), namely, acceleration
magnifcation ratio, for each event in longitudinal, trans-
verse, and vertical directions is shown in Figure 9. Figure 9
shows that the PGA value is inversely proportional to the PA
value. It can also be observed that acceleration magnifcation
ratio (AMR) of the building after retroftting with tin-rubber
bearings is less than ever before. Te decreased AMR
refects better seismic resistance performance after retroft.
Te AMR in vertical direction is distinctly greater than that
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in horizontal direction (as shown in Figure 9(b)). Tis in-
dicates that the isolation bearings can efectively reduce the
acceleration response of the building for horizontal direction
rather than vertical direction.

4. Probabilistic Model Updating

Structural model updating is crucial for structural health
monitoring and control, as it is generally concerned with
evaluating structural health condition, dynamic responses,
and remaining lifetime [25–27]. As there are emerging needs
for the calibrating structural model, Bayesian inference
framework has recently been proposed to update structural

model and accommodate modeling uncertainties of the
structural system using the identifed modes [33, 39].
However, sensors were placed on selected foors due to the
cost of structural health monitoring, and the identifedmode
shapes were only available for the measured foors with
sensors, which are typically required by Bayesian model
updating. To address this challenge, a model reduction
approach is introduced to the Bayesian model updating
algorithm [40–43] considering the available measurements.
Ten, a Markov chain Monte Carlo algorithm [38] is
employed to approximate the model parameters and qualify
the model uncertainty. Furthermore, seismic performance
assessment and structural response prediction of the
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Figure 4: Stable diagrams for all earthquake records in EW (dotted lines represent the corresponding transfer function).
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passively-controlled steel building stemmed from the esti-
mated dynamic characteristics andmodel parameters during
service period are conducted.

4.1. Bayesian Inference forModelUpdating. In this study, the
structural dynamic model for the generalized passively-
controlled structure can be represented as follows:

M(θ)€x(t) + C(θ) _x(t) + K(θ)x(t) + fd(θ, x(t), _x(t)) � −MI€xg(t), (15)

where M(θ) ∈ Rn×n denotes the mass matrix, C(θ) ∈ Rn×n

represents the damping matrix, and K(θ) ∈ Rn×n is the
stifness matrix, which are all parameterized by a set of
model parameters θ ∈ Rnθ×1 (where nθ denotes the number
of parameters). n denotes the degrees-of-freedoms (DOFs).

Following the Bayes’ theorem, posterior probability
density function (PDF) of θ yields the following equation:

p(θ |D) � c
− 1

p(D | θ)p(θ), (16)

where c is a normalizing factor and represents the evidence
providing the data setD, which can be expressed as follows:

c �  p(D | θ)p(θ)dθ, (17)

where p(θ) is the prior probability density function and
represents the initial guess about the distribution of θ,
p(θ |D) is the posterior PDF of θ given onmeasured data set
D, and p(D | θ) denotes the likelihood function.
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Figure 5: Stable diagrams for all earthquake records in NS (dotted lines represent the corresponding transfer function).
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Figure 7: Continued.
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Figure 7: Identifed system natural frequencies and damping ratios of the building. (a) From 2003 to 2013 in EWdirection. (b) From 2003 to
2013 in NS direction. (c) From 2014 to 2017 in EW direction. (d) From 2014 to 2017 in NS direction.
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Furthermore, the likelihood function can be established
through defning themodel prediction error ε to measure the
agreement between measured and predicted data, which can
be written as follows:

ε � y − y. (18)

From Jaynes’ principle of maximum (information) en-
tropy, Gaussian probability model is employed to charac-
terize model prediction error ε, as Gaussian distribution can
give the maximum uncertainty for parameters θ. Tus,
prediction error ε follows a zero-mean Gaussian distribu-
tion, i.e., ε∼N(0,Σe) � N(0, σ2jI), where Σe denotes the
unknown covariance matrix, σ2j is the jth variance of the
prediction error, and I ∈ RNm×Nm represents an identity
matrix (Nm is the number of the observed DOFs). Tus, the
likelihood function can be written as follows:

p(D | θ) �
Σe



− N/2

(2π)
NmN/2 exp −

[y − y]
T
[y − y]

2Σe
 , (19)

where N denotes the number of data in a data set. As can be
seen that σ2j is also unknown, which needs to be identifed.
Hence, the likelihood function needs to be revised as
p(D | θ, σ2) � p(D | θ), where σ2 � σ21, . . . , σ2Nm

 . Conse-
quently, the revised posterior PDF of augmented parameters
can be estimated as follows:

p θ, σ2
D ∝p D | θ, σ2 p(θ)p σ2 , (20)

where p(θ, σ2 |D) is the posterior PDF of augmented pa-
rameters and p(σ2) represents the prior PDF of σ2.

Generally, the posterior PDF of parameters does not
have an analytical solution except the special case, and hence
stochastic simulation methods are utilized to approximate
the posterior PDF of parameters. However, it is still

a challenge to sample directly from the posterior PDF of
parameters as shown in equation (16). Markov chain Monte
Carlo (MCMC) algorithm is able to efectively take in-
dependent samples which asymptotically follow the distri-
bution of the target PDF when the number of Markov steps
increases. Terefore, MCMC algorithm is implemented to
quantify the posterior PDF of the system parameters in
this paper.

Te main idea for MCMC is based on constructing
a Markov chain to match the distribution of the target PDF
(the posterior PDF of parameters in this case). A simple
implementation procedure for a typical MCMC sampling is
then described as follows. Take an assumption that random
samples are produced by the target distribution π(θ) which
represents the posterior PDF p(θ, σ2 |D), and Metropo-
lis–Hastings algorithm produces a sequence of samples θ(p)

through a rejection sampling procedure. At a generic pth
iterative step, a candidate θ∗ is sampled from a chosen
proposal q(θ∗ | θ(p− 1)). Ten, a rejection sampling pro-
cedure is conducted with an acceptance probability
expressed as follows:

c � min
π θ∗( q θ(p− 1)

 θ
∗

 

π θ(p−1)
 q θ∗

 θ(p−1)
 

, 1
⎧⎪⎪⎨

⎪⎪⎩

⎫⎪⎪⎬

⎪⎪⎭
. (21)

If the above Bernoulli trial is successful, set θp � θ∗;
otherwise, set θp � θ(p− 1). Noteworthy, the above rejection
sampling is iterated recursively until the stationary distri-
bution is obtained. As the initial samples are sampled from
the prior distribution rather than the target posterior, there
exist some nonstationary Markov steps before the special
designed Markov chain exploring high probability region of
target distribution. Te corresponding process is referred as
“burn-in,” which should be discarded. Terefore,
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Figure 9: Relationship between PGA and maximum peak acceleration (PA) (EW denotes longitudinal direction, NS is transverse direction,
and UN represents vertical direction).
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Metropolis–Hastings acceptance ratio needs to be evaluated
so that the convergence of Markov chain can be guaranteed.
To obtain a well-established Markov chain, the acceptance
ratio should be within the range [0.15, 0.4]. In practice, it is
usual to discard the samples generated during burn-in pe-
riod. Other approaches that make the acceptance ratio be
close to 40% can be found in [38].

4.2.Model Reduction. In practice, most often is the case that
sensors are only available on selected foors due to the cost,
and hence structural responses are only available for the

measured foors with sensors. Furthermore, the identifed
mode shapes are also available only for the measured foors
with sensors, which are typically required by Bayesian model
updating [50–52]. To address this challenge, a model re-
duction approach [53] is introduced as follows which can
reduce the full rank analytical model to a more efcient
model or the measured model. Take the generalized ei-
genvalue equation which is partitioned into the measured
and unmeasured parts as follows:

Kmm Kms

Ksm Kss
 

Φmm

Φsm
  −

Μmm Μms

Μsm Mss
 

Φmm

Φsm
 Λmm ≈

0

0
 , (22)

where Φ ∈ Rn×n represents the mass-normalized mode
shape matrix and Λ ∈ Rn×n denotes the diagonal eigenvalue
matrix of the eigenvalues. Te subscripts m and s denote the
master and slave degrees of freedom (DOFs), respectively,
which correspond to the measured and unmeasured DOFs.
Besides, m + s � n, where n denotes the degrees-of-freedoms
(DOFs). Take Φsm � tΦmm; herein, t ∈ Rs×m denotes
a transformation matrix and is substituted to equation (22)
as follows:

t � −K−1
ss K

T
ms + K−1

ss Μ
T
ms +Μsst ΦmmΛmmΦ

−1
mm. (23)

Since Φ � [ΦmmΦsm]T � [I t]TΦmm, take Φ � TΦmm
and substitute it into equation (22), then multiplying
equation (22) by the left yields the following:

Μ−1
R KR � ΦmmΛmmΦ

−1
mm, (24)

where I ∈ Rm×m represents an identity matrix and ΜR and
KR represent the corresponding mass and stifness matrices
of the model with order reduction and can be written as
ΜR � TTΜT and KR � TTKT.

Tus, substituting equation (24) into equation (23), we
get

t � −K−1
ss K

T
ms + K−1

ss Μ
T
ms +Μsst Μ−1

R KR. (25)

As can be seen that equation (25) is an implicit function
of matrix t, the solution of which can be obtained by an IIRS
technique through iteration [54]. As a consequence, the
solutions for reduced mass and stifness matrices can also be
given in terms of the model parameters, i.e., KR(θ).

4.3. Implementation and Results. Te measured seismic
acceleration responses of the passively-controlled steel
building are used for Bayesian model updating as follows:
the measured seismic acceleration response of the frst foor
is used as input excitation and the measured seismic ac-
celeration responses of other foors as the outputs. Since the
measured seismic acceleration response of the frst foor is
considered as the input excitation rather than the free-feld
ground acceleration records, the efect of soil-structure

interaction could be ignored. Besides, the efect of tor-
sional motion is very small due to the symmetrical plan of
the building. Te recorded signals were processed through
a 20th-order lowpass Butterworth flter with a cut-of fre-
quency of 20Hz, and the cut-of frequency of 20Hz was far
from the natural frequencies of interest, which are generally
in the lower-frequency region up to 6Hz. Te sampling
frequency of the recorded seismic responses was 200Hz and
100Hz for earthquake events before 2011 and after 2012.

Te initial fnite element model of the building is built by
Sap2000, detailed modeling process, and numerical model
can be found in [63, 64]. Since the translational mode and
torsional mode of the initial fnite element model of the
structure are independent of each other, the initial model
can then be simplifed to the plane frame fnite element
model in the longitude (EW) and transverse (NS) directions
of the building. Te simplifed FE model contains only 7
degrees of freedom, i.e., a simple beammodel. Berman direct
method is used to correct the simplifed initial fnite element
model, more details can be found in [73]. Te damper is
simulated by a complex model, which is a combination of
a Kelvin–Voigt model and a Maxwell model in parallel [55].

Te identifed modal data by Section 3 for strong
earthquake listed in Table 1 are utilized for structural model
updating. Te unknown parameters used for model
updating include modal frequencies, damping ratios, and
modal shape vectors as well as the variance of the prediction
error. Take an assumption that the prior system parameters θ
characterizing the model are independently identical dis-
tribution with each other and follow Gaussian distribution.
Furthermore, since the variance of the prediction error σ2 is
positive all the time, inverse gamma distribution is hence
exploited to model the prior distribution of σ2, that is,
p(σ2)∼ IG(α, β). Also, assume that the variance of the
prediction error is independently identical distribution with
each other, and hence the prior PDF of σ2 can be expressed
as follows:

p σ2  � 

Nm

j�1
p σ2j  � 

Nm

j�1

βα

Γ(α)
σ−2(α+1)

j e
− β/σ2

j , (26)
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where Γ(·) represents the gamma function and hyper-
parameters α, β denote scale parameter and shape param-
eter, respectively.

As shown from equation (19), Gaussian likelihood is
used to describe the diference between the response of the
model and the corresponding measurement. Tus, the de-
tailed likelihood function can be expressed as

p(D | θ) � 

Nm

i�1

1

2πσ2i 
N/2 exp − 

Nm

i�1


N

j�1

1
2σ2i

€xi tj  − €xi tj  
2⎛⎝ ⎞⎠, (27)

where €xi(tj) is the measured acceleration vector and €xi(tj)

denotes the corresponding predicted acceleration vector, N

denotes the number of data in a data set, and Nm is the
number of the measured observation vectors.

In the updating process, a Markov chain Monte Carlo
algorithm is implemented sequentially to take samples for
the model parameters frstly in each iterative step; secondly,
IIRS technique is utilized to calculate ΜR and KR, and then
take samples for the prediction error variance parameter of
σ2. Finally, the posterior distributions of the uncertainty
parameters are updated based on Bayesian model updating.
In addition, the updated modal shape vectors are expanded
using modal shape expansion technique, which typically
extends the measured mode shape to the unmeasured po-
sition. Since mode shape expansion is basically the reverse of
model reduction in essence, the same transformation matrix
that was utilized for model reduction in Section 4.2 can also
be used for modal shape expansion of the identifed mode
shape vectors of measured DOFs. As a consequence, max-
imum a posteriori estimation of the identifed frst two mode
shapes for both longitude (EW) and transverse (NS) di-
rections is illustrated in Figure 10.

To further investigate serviceability of the passively-
controlled steel building during an earthquake, probabilis-
tic model updating is implemented to estimate the model
parameters and infer the response of the structure. Note-
worthy that the peak acceleration response of the building
for each foor occurs almost at the same time which is the
instant of the maximum excitation, thus a segment of time
which includes the maximum response in each direction is
used to update the dynamic model of the passively-
controlled eight-story steel building from the records for
analysis. In the end, the updated model parameters can be
used for predicting the probabilistic distribution of the
structural response. Besides, the maximum a posteriori
(MAP) estimates of the response acceleration and interstory
drift predictions are depicted in Figures 11 and 12.

Te updated model and prediction of the structural
response can then be assessed qualitatively and quantita-
tively. In quantitative senses, the model prediction errors or
deviations can be measured by normalized root mean square
(NRMS) error, which include the inherent modeling errors
and the measurement noise in recorded data. Te nor-
malized root mean square used here is defned as follows:

NRMS �
‖y − y‖

‖y‖
, (28)

where y is the measurement of the response and y denotes
the corresponding model prediction of structural response.
Table 3 lists all the NRMS errors in structural response
predictions of updated models under strong earthquakes for
4th foor acceleration, 8th foor acceleration, and 8th

interstory drift.
From Table 3, a few interesting observations can be

concluded. First, the Bayesian updated models perform
a good prediction of the structural behavior with con-
sistently lower NRMS error for various excitations with
time histories including diferent spectral characteristics.
Second, the structural responses of transverse (NS) di-
rection possess better estimates and predictions, while the
estimates and predicts for longitude (EW) direction fare
slightly worse. At last, the updated model predictions
actually show a relatively strong qualitative agreement
with the corresponding measurement of the response,
though the normalized root mean square (NRMS) error
greater than 30% generally indicates only a fair prediction.
Further, the NRMS errors for acceleration response
predicts are no more than 30% except one special case for
recording on 7th April 2011, when the passively-controlled
steel building just underwent the Great East Japan
Earthquake with all dampers on 1st foor completely
destroyed and dampers on 3rd and 4th foor with severe oil
leakages. Te most probable reason for this is that the
building produced the largest acceleration response and
elicited nonlinear responses under intense earthquake, as
passively-controlled devices were barely able to work
efectively due to the damage.

For the purpose of exploring the validity of the model
shape expansion and the structural response predictions,
interstory drifts of 8th foor were compared to the corre-
sponding measurements and are illustrated in Figures 11
and 12 and Table 3. Te NRMS errors for predicted inter-
story drift are signifcantly larger than that for predicted
acceleration response, especially for the longitude (EW)
direction. Tis is partially because that the interstory drift is
the relative translational displacement between two con-
secutive foors, which is generally calculated by the 8th foor
displacement subtracting displacement of the 7th foor in this
case. Nevertheless, the 7th foor displacement could not be
directly identifed due to no sensors placed on 7th foor and
hence was estimated according to the expended modal
shape. Tus, the predicted accuracy of interstory drift is also
afected by modal shape expansion method.
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In the end, the developed probabilistic model updating
was able to predict the structural responses using incomplete
data, and the predictive performance of this building under
strong earthquake could be demonstrated in Figures 11 and
12. Furthermore, high nonlinearity response did not com-
promise the ability of structural response predictions of the

building. Eventually, it is clear that the updated models are
able to seize the dominant dynamic characteristics of the
structural behavior both in terms of amplitude and fre-
quency, although there still exist signifcant discrepancies
between the model-predicted and measured responses as
shown in Figures 11 and 12 and Table 3.
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Figure 10: Maximum a posteriori estimation of frst twomode shapes for longitude (EW) and transverse (NS) directions. (a) 1st mode shape
(EW). (b) 2nd mode shape (EW). (c) 1st mode shape (NS). (d) 2nd mode shape (NS).
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Figure 11: Continued.
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Figure 11: Maximum a posteriori estimation of the response acceleration and interstory drift predictions for longitude (EW) direction. (a)
Records for 2003/5/26. (b) Records for 2005/08/16. (c) Records for 2010/06/13. (d) Records for 2011/03/09. (e) Records for 2011/04/07. (f )
Records for 2013/08/04.
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Figure 12: Continued.

20 Structural Control and Health Monitoring



5. Summary and Conclusion

In this research, an eight-story passively-controlled steel
building with strong motion monitoring system is in-
vestigated. Since its construction in 2003, the instrumented
steel building has been subjected to approximately 21
earthquakes, four of which were of signifcant moment
magnitude greater than 7.0. In particular, the building
survived the 3•11 earthquake without structural damage;
however, oil dampers were inspected with varying degrees of
damage. Subsequently, the building was retroftted with tin-
rubber bearings. Data-driven stochastic subspace

identifcation method with a diferent approach of removing
spurious modes is implemented to extract dynamic features
of the building from recorded actual earthquake reactions.

Natural frequencies for recording 2003/5/26, 2005/8/16,
2010/6/13, and 2011/3/9, as well as the frst two damping
ratios, are stable over the eight-year period under study,
according to the identifed dynamic characteristics of the
passively-controlled eight-story steel building. Tis suggests
that the steel building’s overall dynamic properties did not
change signifcantly during this time before the 3•11
earthquake. Nevertheless, for recording 2011/4/7, just after
3•11 earthquake, the identifed frst two fundamental

8th interstory displacement time history

-10
-5
0
5

10
D

isp
la

ce
m

en
t (

m
m

)

20 25 30 35 40 45 5015

Time (s)

Measured Data
NRMS = 0.19

Ac
ce

le
ra

tio
n 

(c
m

/s
2 ) 8th floor acceleration time history

20 25 30 35 40 5015 45

Time (s)

-500

0

500

Measured Data
NRMS = 0.11

Ac
ce

le
ra

tio
n 

(c
m

/s
2 ) 4th floor acceleration time history

-300

0

300

20 25 30 35 40 45 5015

Time (s)

Measured Data
NRMS = 0.17

(e)

8th interstory displacement time history

-1
-0.5

0
0.5

1

D
isp

la
ce

m
en

t (
m

m
)

30 35 40 45 5025

Time (s)

Measured Data
NRMS = 0.31

Ac
ce

le
ra

tio
n 

(c
m

/s
2 ) 8th floor acceleration time history

-100

0

100

30 35 40 5025 45

Time (s)

Measured Data
NRMS = 0.19

Ac
ce

le
ra

tio
n 

(c
m

/s
2 ) 4th floor acceleration time history

-100
-50

0
50

100

30 35 40 45 5025

Time (s)

Measured Data
NRMS = 0.26

(f )

Figure 12: Maximum a posteriori estimation of the response acceleration and interstory drift predictions for transverse (NS) direction. (a)
Records for 2003/5/26. (b) Records for 2005/08/16. (c) Records for 2010/06/13. (d) Records for 2011/03/09. (e) Records for 2011/04/07.
(f ) Records for 2013/08/04.

Table 3: NRMS errors in structural response predictions of updated models for measured earthquake records.

Date of
records (y/m/d)

4th foor acceleration 8th foor acceleration 8th interstory drift
EW (%) NS (%) EW (%) NS (%) EW (%) NS (%)

2003/5/26 29 20 24 14 26 21
2005/8/16 26 31 18 28 34 35
2010/6/13 21 22 13 11 35 24
2011/3/9 17 16 12 8 14 15
2011/4/7 38 17 18 11 34 19
2013/8/4 27 26 19 19 27 31
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frequencies decreased by 12.6% and 11.7% son the average in
longitudinal and transverse directions, respectively, which
reveals that the oil damper bracing not only gives additional
damping but also contributes stifness to the steel structure.
Moreover, due to half of oil dampers lost damping capa-
bility, the damping ratios decreased by 35.6% and 40.4% on
the average of the frst two modes in longitudinal and
transverse directions. Additional damping ratio provided by
original oil dampers was thus estimated to be around 2%.

Subsequently, the building was retroftted with tin-
rubber bearings replacing the oil dampers in the frst foor;
after completely repairing, natural frequencies, and
damping ratios recovered to a certain level but not as
initial. At the same time, the damping ratios increased
signifcantly along with increasing vibration amplitudes.
Tis was mainly attributed to the inelastic response of the
tin-rubber bearings. Besides, the observed decreased ac-
celeration magnifcation ratio (AMR) refects better
seismic resistance performance of the building after ret-
roftting with tin-rubber bearings. Te AMR in vertical
direction is distinctly greater than that in horizontal di-
rection. Tis indicates that the combination of tin-rubber
bearings with oil dampers in this building can efectively
reduce the acceleration response of the building for
horizontal direction rather than vertical direction.

Based on the above system identifcation and response
analysis, probabilistic model updating with a model reduction
approach is exploited to estimate the model parameters and
infer the structural response using incomplete modal in-
formation. Te updated models perform a good prediction of
the structural behavior with consistently lower NRMS error for
diferent earthquake events. Finally, it is clear that the updated
models are able to seize the dominant dynamic characteristics
of the structural behavior both in terms of amplitude and
frequency, which could be used to infer response of the
building for future seismic events and evaluate structural states.
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