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It is of great significance to identify structural state-parameters and the unknown seismic inputs using partial measurements of
structural acceleration responses for the rapid evaluation of structures after unknown seismic excitations. However, unknown
seismic inputs do not directly appear in the observation equations of measured absolute floor accelerations of building structures,
i.e., there is no direct feedthrough of unknown seismic inputs in the observation equations. Current methods for the identification
of joint structural systems and unknown inputs are either inapplicable or greatly influenced by measurement noises. In this paper,
a method so-called smoothing extended Kalman filter with unknown input without direct feedthrough (smoothing EKF-UI-
WDF) is proposed. The identification algorithm is derived in the framework of minimum-variance unbiased estimation (MVUE),
and the smoothing technique is adopted to introduce subsequent observation steps in the current identification step. Then,
structural states, parameters, and unknown seismic excitations without direct feedthrough are simultaneously identified re-
cursively with only a few steps delay, and the identification results are tolerant to measurement noises. The proposed method is
verified by a numerical simulation model and a practical engineering case study. Both identification results validate the ef-
fectiveness of the proposed method for the simultaneous identification of structural systems and seismic inputs without direct

feedthrough.

1. Introduction

Seismic excitation information and structural state assessment
are of great significance for the rapid evaluation of structural
integrity after seismic excitation [1-4]. Theoretically, ground
motion information can be obtained through seismic stations or
sensors installed on the structure bases, but in practice, not all
structures are equipped with sensors to record ground motions
due to the cost of instrumentation. Moreover, due to the in-
fluence of transmission media, even the recorded data may have
large errors [5]. Therefore, in the field of structural health
monitoring, unknown inputs and structural states are usually
identified through observed vibration response data of struc-
tures [6-10]. However, simultaneous identification of unknown
seismic excitations and corresponding structural system states
using partial responses of structures is still a challenging

problem, especially when the structural parameters are un-
known. System identification methods based on Kalman filter
(KF) and extended Kalman filter (EKF) methods have made
great progress [11, 12]. Through the state and observation
equations, satisfactory identification results can be obtained
with model error and observation noises. Currently, there are
many joint identification methods for structural systems and
unknown inputs developed based on the extensions of tradi-
tional KF and EKF [13-18]. Recently, Yuen and Huang modeled
the unknown input as modulated filtered white noise or
modulated colored noise excitation [19-21] and using EKF
combined with the Bayesian method to estimate the uncertain
filter parameters to reconstruct the unknown input. But most
methods still need to meet the condition that the unknown
inputs directly appear in the observation equation or the so-
called with direct feedthrough. It is worth noting that the


https://orcid.org/0000-0002-7209-0629
mailto:ylei@xmu.edu.cn
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2023/6968598

situation of unknown seismic inputs is different from that of
external excitations as the monitored floor accelerations of
building structures are absolute acceleration values. In this
scope, the unknown seismic input terms do not directly appear
in the observation equations or the so-called without direct
feedthrough.

Currently, there are far fewer studies for the identification of
systems without direct feedthrough. In terms of known
structural parameters, Gillijns and De Moor [22] proposed
a joint input-state estimation method for the system without
direct feedthrough. Pan et al. [23] derived the Kalman filtering
method with the global optimal solution and unknown input
without direct feedthrough (KF-UI-WDEF). In terms of un-
known structural parameters, Wan et al. [24] extended Gillijns
and De Moor’s work by adding the structural parameters to the
state vector. Similar to the KF-UI-WDF, Pan et al. [25] pro-
posed the extended Kalman filter with unknown inputs without
direct feedthrough (EKF-UI-WDF). The author has also pro-
posed some methods for the identification of structural systems
and unknown inputs without direct feedthrough by adopting
the assumption of first-order hold (FOH) in adjacent steps for
unknown inputs [26, 27]. Nevertheless, identifications are not
well performed when measurement noises increase.

In essence, identification results for the system without
direct feedthrough of unknown inputs are sensitive to
measurement noises [28]. Some researchers proposed the
offline methods, [3, 29, 30] e.g. the Tikhonov regularization
and maximum a posteriori estimation (MAP) to improve the
identification results. Recently, Taher et al. [3] adopted a least
squares-based MAP to improve the seismic input estimation,
and the estimated input is used as known input in the
conventional KF method to obtain the unknown structural
states. However, such offline methods cannot provide real-
time identification for the earthquake-excited structures.

In the traditional filtering method, the estimation of the
(k+1) th step is based on the measurements from 1st step to
(k+1) th step. If a certain time delay is allowed for the esti-
mation that is the estimation of the (k + 1) th step is based on the
measurements from 1st step to (k+N) th (N> 1) step. In this
way, the measurements from (k +2) th step to (k+ N) th step is
the added observation information compared to traditional
methods. This addition improves the quality of the estimation at
the current step since the addition is from the later steps.
Actually, such a technique is the so-called smoothing that has
been adopted by researchers [28, 31-35]. Recently, Ebra-
himzadeh et al. [35] proposed a method for joint identification
of structural state and unknown inputs by combining
smoothing technique, but structural parameters need to be
known prior. Maes et al. [31] proposed a method of joint
identification of input, state and parameter by combining
smoothing and a two-step filtering for linear structural systems.

In this paper, a smoothing EKF-UI-WDF method is
proposed in the framework of minimum-variance unbiased
estimation (MVUE) to identify structural systems and un-
known inputs without direct feedthrough. The main con-
tributions of this paper include: (1) structural states,
parameters of the structural systems and the unknown in-
puts without direct feedthrough can be simultaneously
identified, and the identification is tolerant to the
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measurement noises supported by the smoothing technique;
(2) compared with current offline identification methods,
real-time identification is less sacrificed in the proposed
method, which better meets the requirements of rapid
evaluation and timely warning under seismic conditions.
The validation of the proposed method in this paper includes
a numerical example and a real-world application. Different
observation situations, displacements for numerical example
and absolute accelerations for real-world structure, which
both lead to the systems and unknown inputs without direct
feedthrough, are used to validate the proposed method.

2. The Proposed Smoothing EKF-
UI-WDF Method

The proposed smoothing EKF-UI-WDF method is derived
under the framework of MVUE in state-space by combing
the smoothing scheme.

2.1. Structural State and Observation Equations. The equa-
tion of motion of an earthquake-excited structure with »
DOFs can be formulated as:

M + F(x,%,0) = -ML%,, (1)

where M is structural mass matrix, F(x,X, 0) is structural
restoring force vector, X, X, X denote the vectors of structural
displacement, velocity and acceleration, respectively. 0 de-
notes unknown structural parameters, e.g. stiffness, damp-
ing ratio and nonlinear parameters, L is the influence vector
of seismic input, and X, represents the unknown seismic
acceleration.

Let structural state vector Z = [x,x", 6717, equation (1)
can be converted into the state-space as follow:

Z * Z) +B"x 2

M 'E(x%0)-Lg, | 8PP

§(2) =[x (-M'Fx%0)" ']  and
B“=[0o" -L" o"]".

Based on the smoothing scheme, the estimation of Z,
can be denoted as Z,y-;, in which the subscript
“klk + N — 1”7 denotes the estimation of Z; given the ob-
servation sequence [yf VRERID FRTRID NE ] Then,
based on the linearization in the EKF procedure, equation
(2) is linearized as:

where

Z=-g(2)+ Bukg = g(zk\k+N—1) + Uk(Z - zk\k+N—1) + Bukg
= UkZ + Bukg + uy,

(3)

where U, = 0g(Z)/0Z" | > and w, = g(zk|k+N_1)

Z=Zy N1
_Ukzk|k+N—l .

Then, equation (3) can be discretized as:
Zk+l = Aka + Bkjég + gk + Wi, (4)
in  which, A, =&Y, B, = (A, -D)(U) 'BY,

g = (A, -D(U)” luk, At is the sampling interval and wy is
the modeling error with the zero average and Q; variance.
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When observed responses are absolute accelerations or
displacements of the earthquake-excited structure, the ob-
servation equation can be formulated as:

(5)

where the function h(Z,, ,) is only related to the state vector,
Vi, is the measurements noises term with the zero mean
value and R;, covariance. The determination of the values of
Q; and R; has been investigated by some researchers
[36, 37], so it is not discussed in this papers.

The expression of h(Z,;) can be written as follows
according to different observations:

Y1 = h(Zk+1) + Vi

(1) Absolute accelerations observations (y;,; = S,X,,)

h(Zk+l) = Sa(jikﬂ + Ljég,kﬁ-l)

o _ (6)
= _SuM F (Xk+1’ Xk+1> 9k-*—l)'

(2) Displacements observations (yy,; = S Xi.1)

h(Zy,)) = SyXg,1- (7)

If equation (5) is a nonlinear function, it is linearized by
Taylor expansion at the defined point Z; ., n_1>

(ke DAL R
&(Zypon1)]dt + BiX i 1o

(8)

where X ;- is the estimation of the x;_;. Then, the
linearized observation equation is derived as:

Zi yjieen-1 = Liean—1 j
kAt

Yi+1 = h(Zk+1) + Ve = h<Zk+1|k+N—l> + Hk+l<Zk+1 - Zk+1|k+N—1> + Vi = Hk+1Zk+1 + l'1k+1 + Vit1,

oh(Z;,,)
Hk+1 =827T+ R > (9)
K+l NZp =Zp 1 pn
hk+1,k+1 = h<Zk+1|k+N—1) - Hk+1Zk+1|k+N—1
According to the smoothing scheme [31], a new ex-
panded observation equation can be derived as:
Yk+1 = ﬁk+lzk+1 + ﬁkHFZH + ik+1gk+l + ik+lwk+1 + Hk+1 + Vk+1’ (10)
in which,
Vi1 Hy,y 0 0 e 0
Yerr | — HenAe | < 0 Hy, By 0 e
Yi = iHpy = . 3k = . ;FZH = [xg,k Xgk+l xg,k+N—1];
N-1 N-1
LYk+N Hy, Ag 0 Hp, Ay By Hy,, By (11)
[0 0 0 8k hk+1 Wi Vi1
- 0 Hy 0 |_ 8 | + hy W1 Vir2
Ly = . 3 8k+1 = ihe = o Wik = y Vil =
N-1
L0 Hy, Ay - Hyyy 8k by WiiN-1 VieN




2.2. Joint Input-State-Parameter Estimation

2.2.1. Recursive Filter. The proposed method aims to si-
multaneously identify the unknown seismic input and
structural system based on the derived state equation (4) and
the observation equation (10).

First, the state Z;,,n-; is defined as

ZyiykiN-1= Akzk|k+N—1 + 8- (12)

Based on equation (10), the input estimation is given by

. _ _ _
Fitpn = Mk+1<Yk+1 ~“Hi1Zigeen-1 — L 8k — iy )

(13)

Structural Control and Health Monitoring

where M., is the input gain matrix to be solved.

According to the relationship between X, and F,, in
equation (11), one can obtain the transfer equation by de-
fining I;2[1 0].

-~ =u
Xgklk+N = IFFk+1|k+N' (14)

Also, the predicted state Zﬁuk”\,,l is given based on
equation (4) as:

Zijkin-1 = Aigien-1 + BiX g iy + 8- (15)

Then, the estimated state Zk +1jk+n can be obtained by
updating the Z;, ., y-; with equation (10):

_ _ o . -
Zijisn = Lirjean— + Kk+1(Yk+1 “HinZpkin- — Do Frpen = Lion Brer — hk+1)’ (16)

where K, is the state gain matrix to be solved.

Equations (12)-(16) are the adopted forms of the re-
cursive filter, in which the unknown gain matrices My, and
K., is estimated in the framework of minimum-variance
unbiased estimation (MVUE).

2.2.2. Input Estimation

(1) Unbiadeness Condition. Based on the equation (13), one
can define

Y a IT T — N
Cri1 = Yk+1 - Hk+lzk+1|k+N—1 - Lk+1gk+1 - hk+1' (17)

By substituting equation (4) into equation (10) and using
equations (12) and (17) can be derived as follows:

Y ™ u T U T ~Z IT T
€1 = Dy Fryy + He Bify + Hyy Ayl + H yowye + Ly ;Wi + Vi, (18)

where the estimated error of the state is denoted as
227, -7
k = Lk~ LijkaN-1-

Based on the relationship between w; and W,,; in
equation (11), it is derived:

Wi = Ly Wiy (19)
where I, £ [I 0].

To obtain a simpler form of equation (18), some terms
are defined as:

AT Ay IT a2 Ty IT a ~Z
i1 S Hpq A Ly =Ly + H Ly, Dy =Dy + Hi Bilps e = l—‘k+1ek + Ly Wi + Vi (20)

Then, equation (18) can be rewritten as:

ezﬂ = Dk+1FZ+1 T €1 (21)
One can directly get the least-square estimation (LSE) of
unknown input from equation (21), however, the variance of
the estimated error is not minimum.
To make estimation (equation (13)) unbiased, an un-
biased condition for the input gain matrix My, is derived.

According to the unbiasedness of input estimation,
~u
E[F, ken] = Fiyy» one can get:

~U Y -
E[Fk+1\k+N] = Mk+1E[ek+l] = Mk+1Dk+1FZ+1 = FZH'
(22)

From equation (22), an unbiasedness condition for My,
is obtained:
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(2) Minimum-Variance Condition. Furthermore, a weighted

M 1Dy =1 (23) least-square estimation (WLSE) for the equation (21) is used
to estimate the unknown input satisfied MVUE. By defining
Rk+1 = E[(egy) (ek+1) 1,
V7 ~ -7 w. " zv
_ 7 _ _ ~ ~
Rist = Tt Py + Ly Qe + Ry + S(rkﬂpk Lk+1> + S<rk+1Pk ) (24)

where

Qi = B[ (Wiat) (Win) | Rias = E[ (Vi) (Vi)' |- 002X+ X7 B = B[ (&) (&)

The weighting matrix §,:1 is obﬁaingch from the non-
singular matrix S,,; which satisfies S;,;S;,, = Ry,,. Then,
a weighted form of equation (21) is formulated as:

B =E[@) (V)] 29

< _g! u gl 26
Sk+1ek+1 - Sk+1Dk+1Fk+1 + Sk+1ek+1’ ( )

and

=1 =1 =1 T =1 T15-T
[(Sk+1ek+l)] = 0;E|:<Sk+1ek+1><sk+1ek+l) :| = Sk+1E[(ek+1)(ek+1) ]Sk+1 =L (27)

The least-square estimation (LSE) of equation (26) is
unbiased and has minimum-variance. So the unknown input
is estimated as:

T T
—u ~ ~
Fk+1|k+N = (Dk+1Rk+1Dk+1> Dk+1Rk+1
By comparing with equation (13), the input gain matrix
M,,, is obtained by the minimum-variance condition as:
- T . -

~-1 ~-1
M, =<Dk+1Rk+1Dk+l) D1 Ry (29)

To check the unbiased condition, it is noted that

equation (29) automatically satisfies My, Dy, =L

2.2.3. State Estimation. The unknown state can be estimated
once the state gain matrix K, is estimated. Similar to the

(Yk+1 - HioZiajken-1 — Denn 8 — Dy > (28)

input estimation, the unbiased and minimum-variance
conditions are used for the derivation of K, ;.

(1) Unbzased Condition. By defining the error of predicted
state ekJr1 —Zk+1 Zk+1|k+N , and error of estlmated input
ek = Xk — X g Kk the error of estimated state ekH =72 -

Zy..1j+n can be derived based on equations (4) and (15) as:

e = A + Bl +w,. (30)

Also, by deﬁnlng the error &, =F/ - Fk+1|k+N’ the
estimated error ek can be derived from equations (13), (14)
and (21) as:

f _ ¢ F Z
e O L _IFMk+1(rk+1ek + L Wi + Vk+1)~ (31)



With some terms defined as Gy, =B JI:M,,,
Jir1 = = G Ly + Iy A=A - Gy and
Wi =i Wit — Gii Vigr» @ simple form of equation (30)
can be derived by substituting equation (31) into equation
(30) as:

~Z ~Z
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&1 = Ace, +wp. (32)

Then, the explicit function between Efﬂ and ’e‘% can be
established by using equations (4), (16) and (32):

. o, - R
€+l = Che1 Kk+1<I - Dk+1Mk+1 )ek+1 = Ak+lek + ]k+1wk+1 + Gk+1Vk+1> (33)

where

N a * T a P
Ak+1 = Ak - (Dk+1rk+l’ ]k+1 = ]k+1 - q)k+1Lk-¢-1’ Gk+1

q)k+1 = Kk+1 (I - Dk+1Mk+1 )

For the unbiased condition E[€7,,] = 0, it is derived that
~Z X AZ.F = 1 ~Z
E[ekﬂ] = E[Ak+lek + i Wi + Gk+1Vk+1] = Ak+1E[ck ]

(35)

From equation (35), it is found that any value of Ky, is
acceptable for the unbiased condition once Z;, -, is un-
biased, i.e., (E[€*] = 0).

1>
D
-
T
ht

(34)

(2) Minimum-Variance Condition. From equation (33), the

variance IA’ZH = E[(E%H) (ékH)T] is derived as:
=7 T =Z
Pk+1 = Kk+1‘llk+1Kk+1 + S(Kk+1Yk+l) + 1)k+1’ (36)

where

- — T - — T
\I’k+1 = E[((I - Dk+1Mk+1)ek+l)((I - Dk+1Mk+1 )ek+1> :| = <I - Dk+1Mk+1>Rk+1<I - Dk+1Mk+1) >
a - ~z \T - ~ze\T (37)
Y =E I-Dy My Jeen (ek+1) = I-Dp My, (P ) >

=Ze o

Therefore, K, is estimated with the minimum-variance
condition by minimizing the trace of P, ,. However, the
nonsingular matrix ¥, leads to the solution of K., not
unique [19]. If the singular value decomposition (SVD) is
performed on ¥, ,, and the row vector of S, is the singular
vector corresponding to the non-zero singular value of ¥y, ;.
Then, Sy, ¥,1Sr,, is invertible and K, is finally obtained:

T T T \~!
Kk+1=‘Yk+1sk+1(sk+1‘l'k+1sk+1) Sk (38)

2.2.4. Covariance Matrices Deri%ation. However, the co-
variance matrices P;,, and P,,, are still unknown. A

T

- . T —
7 T +xZ <ZW! <ZVI'\ « nIW «nZV — =
P = E[(ekﬂ) (exi1) ] = (AkPk P — G Py )Fkﬂ + AP Ly AP i QL — G Ry

recursive form for their expressions are derived with ref-
erence to the method by Maex et al. [31].

) 0 1
By defining the matrix I, £ [ (N=Drman = S(N=n | and
0 0 Onxn Onx(N—l)n
TW 2 (N-1)nxn (N-1)nxn ,
0n>< (N-1)n In 3
Wi = Iy Wiy + Iy Wi, (39)

and a similar form can be established for the V,,, with the

similar definitions of I, and I.
. . . SIW =7V
Finally, the covariance matrices P, and P, are ob-
tained based on equations (33) and (39) as:
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=7ZW

=7V

3. Numerical Investigation

3.1. Numerical Model. To show the tolerance to measure-
ment noises and efficiency of the proposed method, a six-
storyshear-type building is adopted as the numerical vali-
dation model. The structural parameters are selected as: each

mass m; = 100kg, inter-story stiffness
k; = 1000kN/m (i = 1,2,...,6), and Rayleigh damping is
assumed with the coefficient

a=1.0795s"!,8=6.3139 x 10~* s. The structure is excited
by the El-Centro N-S earthquake with a peak ground ac-
celeration (PGA)=0.1g. In this numerical model, the ob-
served response data are inter-story displacement of all
stories. All the used response data are polluted by Gauss-
white noises with 10% root-mean-square (RMS), to show the
tolerance to measurement noises of the proposed smoothing
EKF-UI-WDF.

3.2. Identification of Unknown Seismic Input. As shown in
Figure 1, the identification results under the conditions of
one step delayed (N=1) and five steps delayed (N=5) are
given in Figures 1(a) and 1(b) respectively. It can be seen
from Figure 1(a) that the seismic acceleration identified by
the traditional approach results in an obvious error, as the
estimated unknown input is sensitive to measurement noise.
On the other hand, the estimation of unknown input by the
proposed has been greatly improved as shown in Figure 1(b).
The main reason is that more information increases make
the identification of unknown input more accurate.
Figure 1(b) shows the identified seismic acceleration with 5
steps delayed, and the real value is tracked well.

In addition, it is discussed the effect of time delay to
exchange for the improvement of identification. Figure 2
shows the relationship between the number of delayed time
steps and the error covariance of the estimated unknown
input. As the number of delayed steps increases, the error
tends to be stable, which indicates that the improvement
effect is finite and only a certain number of delayed steps
(five steps in this case) has a very significant effect to
measurement noises.

3.3. Identification of Structural States. Since the structural
displacement response has been monitored, the identified
velocity, taking the 1% story as an example, is selected to
validate the proposed method for the identification of
structural states. From Figure 3, it is known that the pro-
posed method also plays a significant role in improving the
state identification effect. When structural displacement
observations are polluted by noises, there are many “burrs”
in the identification result in Figure 3(a), However, these

T . T
Py _Z -~ -~ — Py AZW -~ —
Pra = E[(Akﬂek ) Wi + Gk+1Vk+1)(IWWk+1 + Ika+2) :| = AP Ly + )0 Qe Ly

(40)

T - T - T
~ 7 = ~ — ~  ~ZV ~
Pi = E[(Akﬂek 1 Wi + Gk+1Vk+1)(IVVk+1 + Ika+z) :| = AP Iy + G Ry Iy

“burrs” are greatly reduced when five steps delayed is
adopted in Figure 3(b).

Similarly, Figure 4 shows the estimated velocity error-
reduction using different delayed steps. With five steps
delayed, the improvement of the identification effect tends to
be stable.

3.4. Identification of Structural Parameters. It is of great
significance to identify structural parameters. In this sub-
section, the proposed smoothing EKF-UI-WDF is used to
identify structural stiffness parameters. From Figure 5, it is
noted that when the number of delayed steps increases, the
identified parameters converge fast to the true value, in
which the initial values of structural parameteres are selcted
as 1.2 MN/m based on engineering experience. However, the
resuctsive identifition of structural parameters may be
disconvenrgenced if the initial values are set far away from
their true values.

4. Real-World Application

4.1. A Brief Introduction to the Burbank Building. The
identification of the six-story commercial building (Burbank
building) in Burbank, California, USA (Figure 6) is in-
vestigated as a real-world application. The building built in
1976 is a steel structure building. The lateral loads are mainly
carried by the perimeter frame, and the internal frame
structure carries the vertical loads. So the analyzed structural
system under the earthquake excitation is the perimeter
frame structure, and the Burbank building can be simplified
into a two-dimensionalsix-storysix-bay plane frame model
as shown in Figure 7. More details of the Burbank building
can be found in reference [32].

4.2. Model Updating Using EKF Method. Before the system
identification of the Burbank building, model updating is
used to know the real value of the structural parameters,
especially the structural stiffness. Therefore, this subsection
firstly updates the model based on the response data and
seismic data recorded by the Center for Engineering Strong
Motion Data (CESMD). The Burbank building was excited
by the Sierra Madre earthquake in 1991. The sensors in the
building (Figure 8) recorded the absolute acceleration re-
sponse data. Because the seismic energy is low and the
structure did not enter the nonlinear stage, the data can be
used for model updating. In addition, only the first two
natural frequencies of the structure can be identified, so it is
more accurate to use time-domain data for model
updating [38].

The EKF method is used for model updating using the
horizontal absolute acceleration responses of the 1st and 6th
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Figure 2: Effect of delayed steps on identified input error
covariance.

stories, and the 1991 Sierra Madre earthquake is used as
known seismic input. The accuracy of model updating is
checked by comparing the 2nd story horizontal acceleration
responses.

4.2.1. Updating Beam and Column Stiffness. The six-
storysix-bay plane frame model in Figure 7 has 36 beam

and 42 column elements, among which the sixth bay beam is
shear connected to the side column, and the rest are fixed.
Therefore, there are 54 DOFs, including 6 horizontal DOFs
and 48 rotational DOFs, when axial deformations of ele-
ments are ignored.

A major purpose of model updating is to determine the
actual values of the structural parameters. The design in-
formation of beam and column components of each story
can be obtained from the design information in Table 1. The
ASTM A36 steel is used for all beam and column elements
with the yield strength of 255 MPa [39]. Based on the design
information, the design value of the stiffness of the beam and
column elements in each story can be calculated and taken as
the initial value of the EKF method. Table 2 shows the
comparison of beam and column stiffness of each story after
updating. The updated results obtained in Table 2 are used
later as compared values for the identification in this
case study.

4.2.2. Updating Structural Damping. The first two damping
ratios identified by the Eigensystem Realization Algorithm
(ERA) are 3.37% and 6.61% [40]. Herein, Rayleigh damping
with the damping coefficients before updating as
a® =0.0920s"" and B° =0.0098 s is adopted. These two
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FiGure 3: Identification of velocity response. (a) EKF-UI-WDF (N=1). (b) Smoothing EKF-UI-WDF (N =5).

values are used as the initial values of damping coefficients in
the EKF method, and the wupdated values are
a®F = 0.0500 s! and B*F = 0.0229 s.

4.2.3. Comparison of the 2nd Story Accelerations. To reflect
the effect of model updating, the comparison of the 24
story horizontal absolute accelerations is shown in Fig-
ure 9, in which Figure 9(a) shows the acceleration before
model updating while Figure 9(b) shows the acceleration
after model updating by the EKF method. The compared
acceleration is the horizontal absolute acceleration,
however, the directly obtained states from EKF are rel-
ative to the ground. As can be seen from Figure 9, the
time-domain history of the 2 story horizontal absolute
acceleration response after model updating has a better
agreement with the monitored data than that before
model updating, which proves the accuracy of model
updating through the EKF method.

4.3. Identification of Unknown Seismic Input and Structural
System. This subsection will validate the effectiveness of
the smoothing EKF-UI-WDF method in unknown seis-
mic input and Burbank building system identification.

The 1991 Sierra Madre earthquake is also selected here as
the unknown seismic input, and the used observations are
the 2nd and 6th story horizontal absolute acceleration
monitored by the sensors shown in Figure 7. The iden-
tified states and parameters are compared with those
from the EKF method. And the satisfactory identification
is obtained as follows when the 10 steps are delayed
(N=10).

4.3.1. Identification of Seismic Input. Figure 10 shows the
identification of the ground acceleration. In the case of 10
steps delayed, the overall identified values are in good
agreement. Considering the complexity of this practical
structural engineering, the identified result is acceptable.

4.3.2. Identification of Displacement. Figures 11(a) and
11(b) show the identification of horizontal relative dis-
placement of the 2°¢ and 6" story respectively. Since
there are no monitored displacement response data, it is
compared with the identified displacement by the EKF
method. The identification results are in a reasonable
range and can be further used in structural condition
assessment.
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CGS CSMIP-24370
Burbank - 6-story Com

FIGURE 6: Exterior elevation of Burbank building.

4.3.3. Identification of Structural Stiffness. The updated  stiffness of the 5th and 6th story columns respectively.
structural stiffness k*€F is taken as the comparative ref-  The identified parameter values converge quickly, which
erence herein. Figures 12(a) and 12(b) show the identified verifies the effectiveness of the proposed method.
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TaBLE 1: Design information of beam and column.

Elements Designation Section area (m?) Elastic property (10~8m~%) Elemental length (m)
Bl W30x116 22064.47 205202.09 6.10
B2 W27 x102 19354.80 150675.78 6.10
B3 W27 x 84 15999.97 118625.96 6.10
B4 W24 x 84 15935.45 98646.85 6.10
B5 W24 x 84 15935.45 98646.85 6.10
B6 W24 x 68 12967.72 76170.35 6.10
C1 W14 x 184 34937.31 94166.24 5.18
C2 W14 x184 34937.31 94166.24 3.96
C3 W14 x136 25784.90 65764.57 3.96
C4 W14 x136 25784.90 65764.57 3.96
C5 W14 x95 18028.64 44148.28 3.96
C6 W14 x 95 18028.64 44148.28 3.96

Note. “B1” represents all beams of the 1% story and “C1” represents all columns of the 1% story.


https://www.strongmotioncenter.org/cgi-bin/CESMD/stationhtml.pl?stationID=CE24370&network=CGS
https://www.strongmotioncenter.org/cgi-bin/CESMD/stationhtml.pl?stationID=CE24370&network=CGS
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TaBLE 2: Stiffness of beam and column.

Design

Elements value K (N/m) Updated value kEXF (N/m)
Bl 85781 85445
B2 62987 64127
B3 49590 52071
B4 41238 38237
B5 41238 42326
B6 31842 32043
C1 46356 46241
C2 60637 60611
C3 42348 42541
C4 42348 42476
C5 28429 28891
C6 28429 28607

Acceleration (m/s?)

Time (s)

—— Exact
- -- Before model updating

()

Acceleration (m/s?)

_15 1 1 | 1 L 1 |
0 5 10 15 20 25 30 35 40
Time (s)

— Exact
- -~ After model updating

(b)

FIGURE 9: Comparison of the 2nd story accelerations before and after model updating. (a) Before model updating. (b) After model updating.
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FiGgure 10: Identification of seismic acceleration (1991 sierra madre earthquake). (a) Identification of seismic input (0-40s). (b) Iden-
tification of seismic input (2-10s).
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FIGURE 11: Identification of horizontal relative displacement. (a) 2nd story displacement. (b) 6th story displacement.
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FIGURE 12: Identification of structural stiffness. (a) Stiffness of the 5th story column. (b) Stiffness of the 6th story column.

5. Conclusions acceleration response of structures, and the identification results

are greatly affected by the measurement noises. In this paper,
a new method namely smoothing EKF-UI-WDEF is proposed to
solve the problem. This method can not only achieve the si-
multaneous identification of structural states, parameters of the

Most of the current identification methods are not suitable for
the simultaneous identification of structural systems and un-
known seismic inputs using partial observations of absolute
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structural system, and unknown seismic inputs without direct
feedthrough but also reduce the influence of measurement noise
on the identification results.

The effectiveness and practicability of the proposed
method are verified by a numerical model case and
a practical engineering case. In the numerical model case,
monitored dynamic displacement response polluted by
a quite high level of noise is used. The proposed method
gives satisfactory identification results and shows toler-
ance to measurement noises. The real-world application
case is based on the Burbank building in California, USA.
Using the measured absolute acceleration response of
some floors in the 1991 Sierra Madre earthquake, the
unknown seismic input together with structural states
and parameters are identified by the proposed method.
The identification results show the applicability of the
proposed method in practical engineering.

However, the presented smoothing EKF-UI-WDF in this
paper is only suitable for the identification of time-invariant
structure systems. The extension work for the identification
of time-variant structure systems is undertaken by the
authors.
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