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Abstract. The parameters of civil engineering structures have time-variant characteristics during their service. When
extremely large external excitations, such as earthquake excitation to buildings or overweight vehicles to bridges, apply to
structures, sudden or gradual damage may be caused. It is crucially necessary to detect the occurrence time and severity of the
damage. The unscented Kalman filter (UKF), as one efficient estimator, is usually used to conduct the recursive identification of
parameters. However, the conventional UKF algorithm has a weak tracking ability for time-variant structural parameters. To
improve the identification ability of time-variant parameters, an adaptive UKF with forgetting factor (AUKF-FF) algorithm, in
which the state covariance, innovation covariance and cross covariance are updated simultaneously with the help of the
forgetting factor, is proposed. To verify the effectiveness of the method, this paper conducted two case studies as follows: the
identification of time-variant parameters of a simply supported bridge when the vehicle passing, and the model updating of a six-
story concrete frame structure with field test during the Yangbi earthquake excitation in Yunnan Province, China. The
comparison results of the numerical studies show that the proposed method is superior to the conventional UKF algorithm for
the time-variant parameter identification in convergence speed, accuracy and adaptability to the sampling frequency. The field

test studies demonstrate that the proposed method can provide suggestions for solving practical problems.
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1. Introduction

Civil engineering structures will bear various loads
during their service, such as pedestrians, vehicles, wind,
earthquakes, dead load and other environmental excitation,
in which dynamic load excitation has a greater destructive
effect on structures (Doebling ef al. 1998). When a structure
is subjected to an extremely large dynamic load, structural
damage may be caused, which can be related to sudden or
gradual changes in structural parameters. Tracking the time-
variant characteristics of structural parameters plays a great
role in decision-making and cost reduction for structural
maintenance. In the structural evaluation after the extremely
large excitation, the time-variant parameters identification
is still a challenging job, especially for strongly nonlinear
structures (Rahimi ef al. 2017).

At present, structural parameter identification methods
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are mainly divided into two categories: data-driven (Taffese
and Sistonen 2017) and model-driven (Yan et al. 2016).
Generally, data-driven methods, such as regression
algorithms, classification algorithms and clustering
algorithms (Yan et al. 2016), do not need to know the
structural model information in advance. They only need
data analysis to determine structural parameters. For
example, in the civil engineering industry, many scholars
have used various data-driven methods to identify the mass,
stiffness, strength, surface roughness and long-term
deformation parameters (Soyoz and Feng 2009, Nguyen et
al. 2021, Mulay et al. 2019, Shu et al. 2021), which are all
time-invariant. To solve the time-variant parameter
identification problem, Ahmed-Ali et al. (2009) proposed a
sliding-neural network observer based on the radial basis
function network to identify the time-varying parameters of
nonlinear systems and validated the network through a
numerical model. However, it is not applied to practical
structures. In other areas, such as the economic market
(Chen and Zhou 2020), lithium-ion batteries (Masti et al.
2021), diesel/compression ignition engines (Chin et al.
2020, Bao et al. 2020) and induction motors (Cui et al.
2019), time-variant parameters or parameter-varying
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problems based on data-driven algorithms are considered.
However, only Chen and Zhou (2020) and Bao ef al. (2020)
considered the problem of time-varying parameter
identification.

As can be concluded from the above research, only a
small part of the literature uses the corresponding data-
driven method to solve the time-variant parameter
identification problem because most of the state-of-the-art
machine learning methods in the literature focus on the data
classification problems until now (Chen and Zhou 2020).
Besides, to get a relatively accurate data-driven model, it
usually needs a large number of measurement responses as
inputs to train the data model, and the training time
consumption is usually huge, especially for the more
complex and larger civil engineering structures.

To identify the structural parameters with fewer
measurement data and time, various model-driven methods,
such as the least squares estimation (LSE), Kalman filter
(KF), extended Kalman filter (EKF), unscented Kalman
filter (UKF), Monte Carlo filter (MCF), Iteration
Regularization and other methods (Doebling et al. 1998,
Yang and Lin 2005, Yang et al. 2006, Pappalardo and Guida
2016, Chung and Sato 2006, Pappalardo and Guida 2017,
Humar et al. 2006, Manoach et al. 2012, Wang et al. 2018),
are proposed. These methods directly use optimization
algorithms to identify structural parameters based on the
equation of motion or equations in state space. Among
them, the LSE is originally an offline identification method
and suitable for linear structures. It has low operation
efficiency and applicability because executing it requires
knowing the whole structural response. Although the
modified recursive LSE method is proposed afterward for
online identification, its ability to identify the time-variant
parameters needs to be improved. The MCF can be applied
to the nonlinear system, but its calculation needs to generate
a large number of sampling points, which is also inefficient
(Calabrese et al. 2018). Compared with LSE and MCEF, the
KF belongs to a fast online identification method with
recursive characteristics. When the new data information is
collected, it can update the identification results through
Bayesian data fusion technology (Cao et al. 2020, Naranjo-
Pérez et al. 2020). As an extension of KF, the UKF does not
need to solve the complex Jacobian matrix like EKEF,
approximates the probability density distribution of
nonlinear function through the deterministic sampling by
unscented transformation (UT) without introducing
excessive error caused by the linearization of a complex
nonlinear function, and has second-order accuracy, even
third-order accuracy for Gaussian random variables
(Naranjo-Pérez et al. 2020), which has been widely
concerned and applied in recent years. For example, many
scholars have applied UKF to the identification of hysteretic
model parameters (Cao et al. 2020), nonlinear structural
finite element model updating (Astroza et al. 2019a),
dynamic load estimation (Guo et al. 2018) and the
synchronous identification of parameters and loads (Ding et
al. 2017). Unfortunately, the above researches do not
consider the time-variant characteristics in the identification
process either.

To overcome the inefficiency of conventional UKF in
identifying time-variant parameters or systems (Calabrese et

al. 2018, Bisht and Singh 2014), various adaptive
algorithms have been proposed. According to the correction
principle, these adaptive algorithms are mainly divided into
two categories: state covariance correction methods (Bisht
and Singh 2014, Xiao et al. 2020, Schleiter and Altay 2020)
and noise parameter correction methods (Calabrese et al.
2018, Zhou et al. 2019, Wang et al. 2019, Astroza et al.
2019b, Song et al. 2020, Asl et al. 2019, Hu et al. 2021,
Sadhukhan ez al. 2021). As the sensing technology becomes
more and more advanced, the influence of measurement
noise interference will be smaller and smaller. Meanwhile,
the error caused by model uncertainty will be highlighted.
Because the model uncertainty is closely related to the state
covariance, how to modify the covariance matrix more
conveniently without adding additional program cycles is
closely related to the accuracy, practicability and
computational efficiency of the algorithm. Besides, after
verification, the above-mentioned adaptive methods based
on the state covariance correction technique are all suitable
for identifying time-variant parameters, while only Wang et
al. (2019) and Asl et al. (2019) truly considered the
identification of time-variant parameters with the help of
noise parameter correction technique. Therefore, this paper
achieves the purpose of automatically tracking and
identifying time-variant parameters based on the state
covariance correction method. Different from the above-
mentioned adaptive methods, this paper introduces a
forgetting factor to modify the state covariance, innovation
covariance and cross covariance at the same time, to expand
the role of new measurement and weaken the cumulative
error of previous data. Furthermore, there is no additional
‘for loop’ in the program. By this means, the proposed
method can consider the updating of multiple time-variant
parameters in the state vector at the same time without extra
iteration and adding extra time consumption.

The specific arrangement of this article is as follows.
Section 1II is the introduction of algorithm modification,
which mainly describes the conventional UKF algorithm,
the modified adaptive UKF with forgetting factor (AUKF-
FF) algorithm and a simple comparison between UKF and
AUKEF-FF. Section III is the numerical studies validation,
which uses the vehicle bridge system (VBS) to verify the
effectiveness of the proposed method. Section VI is the
field test validation, in which a real six-story frame
structure subjected to Yangbi earthquake is investigated.
Finally, section V is the conclusion.

2. Algorithm modification and comparison

2.1 The UKF Algorithm

Assume there exists a nonlinear system in which the
state prediction equation and observation equation in
discrete-time form can be expressed as Egs. (1)~(2)
respectively.

Xie = [ (Kk—1, Ug—1) + Wieq (D

Y = AXy) + v 2
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where k is the discrete time, X represents the system state
vector, U represents the system input matrix, Y represents
the system observation vector, f{) and A(-) denote the
nonlinear function, w and v are process noise and
observation noise with the mean value of zero and
covariance of Q and R, respectively.

The initial parameters of the UKF algorithm are Xi =
E(Xy) and Py = E[(Xo — X$)(Xo — X$)T], where X§
represents the initial state vector and X, denotes the initial
values determined by experience, finite element analysis or
design drawings; Pj is the initial state covariance matrix
and is composed of uncorrelated diagonal elements
(Mariani and Ghisi 2007). Pgrepresents the confidence in
the initial state estimates and must be specified a prior. In
the absence of any prior knowledge of the Xy, it is common
to assume high values for the P§ (Jategaonkar and
Plaetenschke 1988, Chowdhary and Jategaonkar 2010).

Then (2n + 1) sigma points need to be produced by UT,
such as Eq. (3).

K- = [21:1:)?1:-1 +vn +/1<,/P1:r—1) )
‘ 3)
X —\/n+/1< /P,j_1> ]

L

where i = 1, 2, ..., n and 7 is equal to the number of
variables in the state vector, 1 is the gain parameter related
to the dimension and distribution of the state vector (Julier
et al. 1995). To ensure the symmetry and positive
characterization of the covariance, the singular value
decomposition method proposed by Guo ef al. (2018) is
used to calculate the square root of state covariance. Then
the a priori estimation of each sigma point is solved by Eq.
(4) based on the state prediction equation.

20 =8, Upy) )

The expectation and state covariance of a priori
estimation are calculated as Egs. (5) to (8).
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where a is the mean adjustment coefficient, and 10* < g <
1; b is the variance adjustment coefficient, generally taking

b=2.

Generate (2n + 1) sigma points x<’ again based on
the ¥; and Py calculated by Egs. (5) and (6). According
to the observation equation, the process of the Kth updating
is as follows
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where K; is the Kalman gain matrix, P, is the innovation
covariance at step &, P, is the cross covariance of step £,
A+ is the Kth-step posteriori estimation corrected by the
measurement data. The above Egs. (1) to (14) represent a
one-time-step UKF recursive process.

2.2 The adaptive UKF with forgetting factor

In the recursive process of UKF, because the weight
values of UT in each step are the same, the data in each step
has the same effect on filtering. As the old data
accumulates, its influence on the update of the state vector
gradually increases. Meanwhile, the update effect of new
data gradually decreases, so that the filtering process tends
to be stable (refer to Fig. 2(f)). Thus, when the parameter
changes at some time, if there are no corrective measures,
the new measurement data cannot update the state
estimation in time, leading to the failure of tracking time-
variant parameters.

To strengthen the ability of UKF to identify time-variant
parameters. Firstly, refer to the method proposed by Bisht
and Singh (2014), this paper also selects ¢ and P,, to
construct a sensitive parameter # that can predict the change
time of parameters, and the discrete form is as shown in Eq.
(16).

Me = ek (Pyys) ek (16)

Where ¢g,is the Kth-step estimation error, and ¢, =
Yie = k-

Secondly, to intelligently call the adaptive algorithm, it
is necessary to define a decision threshold value 7. Bisht
and Singh (2014) proposed that 7, is a constant and obeys
the Chi-square distribution with the same number of
degrees of freedom as that in observed values. By
specifying a transcendental probability P = 0.001, the
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| Initial state vector X, and state covariance Py

¥
| Generate 2n+1 sigma points based on Eq. (3) ]1—
Calculate the mean and covariance of sigma points by Egs. (4) - (8) l

!

Calculate the mean and innovation covariance of the observed
estimates by Eqs. (9) - (11)

!

Systematic Calculate the observation error &,
observation based on the notes of Eq. (16)
value y,

Calculate the sensitive parameter s,
by Eq. (16) k+1
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v

Calculate the forgetting factorr a,
by Eq. (17)

Adjust the innovation and cross
covariance matrices of observed
estimates by Egs. (18) - (19)
Calculate the Kalman gain matrix
by Eq. (13)

Update the state vector by Eq. (14)
Update the state covariance by Eq. Adjust the state covariance by Eq.
(15) (20)

1 |

Calculate the cross covariance
matrix of state vector and
observation by Eq. (12)

Calculate the Kalman gain matrix
by Eq. (13)

Update the state vector by Eq. (14)

=N

Fig. 1 Algorithm flow of AUKF-FF

threshold value 7y can be obtained through the Chi-square
inverse cumulative distribution function. However, in
practice, there are two disadvantages (Rahimi et al. 2017):
(1) it requires the prior information of all data due to 7o
determined based on the statistical characteristics, and (2) if
the predefined value is unreasonable, it may lead to
divergent or erroneous results. After practical verification, it
is found that the 7o calculated by Bisht and Singh (2014)
can ensure good results on the condition that the noise is
small and # calculated by Eq. (16) has obvious variation
characteristics. Whereas, when the noise is large, continuing
to use a fixed 7o will lead to a convergence problem.

To adapt to different noise levels, this paper proposes a
more reasonable and simple threshold determination
method. It mainly consists of the following three steps: (1)
calculate the time history curve of # by UKF; (2) find the
maximum value 7, (refer to Fig. 2(d)) before the curve
mutating; (3) take the number slightly larger than 7, as 7o
(refer to Fig. 2(d)) and then fine tunes. Attention, if the time
history curve of 5 is stable and it is hard to judge the
location where the change occurs, it shows two situations:
(1) the parameters may not change during the identification
process; (2) the noise interference is too large to identify the
real curve features. Generally, it can be obviously seen
where the curve mutation is by the eyes if the parameters
indeed change with time and the noise level is reasonable.

Thirdly, we need to define a forgetting factor a, as
shown in Eq. (17), to modify covariance once some 7 > #o,
where ox € (0,1). The essence of a is to enlarge the state
covariance and Kalman gain matrix, highlight the role of
new measurements, and improve the tracking ability of the
algorithm.
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Fig. 2 The effect of adaptive UKF with forgetting factor
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1, tr(exer) < tr(Pyyy)
adp = tr(Pyy,k)

tr(ecel)’

17
tr(eeel) = tr(Pyy,k) {1n

Finally, with the forgetting factor, the novel covariance
updating method is as formulas (18)~(20). And please see
Fig. 1 for a specific flow chart.
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2.3 Comparison study

To better illustrate the effect of AUKF-FF, here
considers a single degree of freedom (SDOF) system, as
shown in Fig. 2. The control equation of the SDOF system
can be written as Eq. (21).

mii(t) + cu(t) + ku(t) = F(t) 1)

where m, ¢ and k are the mass, damping and stiffness of the
SDOF system, respectively; u, 1 and i represent the
displacement, velocity and acceleration, respectively; F
stands for the external excitation.

Assume the mass and damping are constant, such as
taking m = 0.1 kg and ¢ = 0.32 Nsm'!. Meanwhile, assume
the stiffness is time-variant and the specific change process
is as follows. Under the excitation of Fig. 2(b), in the first 5
seconds, take £ =38 Nm™!, and in the fifth second, let k = 34
Nm'! abruptly. Firstly, the accelerationiican be solved as a
forward problem based on the fourth order Runge-Kutta
method. Then as an inverse problem, the calculated
acceleration is taken as the observed value to identify the
stiffness of the SDOF system. Here X, is made up of initial
displacement, initial velocity and initial stiffness. Let Xy =
[0, 0, 4017 and Py = diag(108, 10, 1). At the same time, the
process noise covariance and measurement noise covariance
matrices take 1 x 107l respectively. The specific filtering
results are shown in Fig. 2(f).

From Fig. 2(c), we can find the instant when the
stiffness parameter change occurs. Besides, the maximum 7
before the stiffness changing is about 3.25869 (the blue
curve in Fig. 2(d)). Therefore, we can first take 7o = 3.26
(the red dash curve in Fig. 2(d)). As can be seen from Fig.
2(e), n is very small before the stiffness changes, no matter
what the filtering algorithm is. This phenomenon shows that
the parameter keeps time-invariant. Continuing to observe
Fig. 2(e), we can find # is relatively larger than before after
the stiffness changing based on UKF. The large # means a
big identification error which can lead to wrong results (Fig.
2(f)). However, the proposed AUKF-FF algorithm can solve
the above problem well. After the 5th second, the sensitive

parameter # is again decreased to very small values with the
help of AUKF-FF (Fig. 2(e)). And the identified value is in
good agreement with the real value based on the AUKF-FF
method (Fig. 2(f)).

3. Numerical simulation studies of adaptive UKF
with forgetting factor

3.1 Vehicle-bridge-system

To further explain the effectiveness of the proposed
method, this section selects a simply supported bridge to
identify its time-variant stiffness parameters based on the
vehicle bridge interaction force when the vehicle crosses the
bridge, in which the bridge section is constant, as shown in
Fig. 3. The specific parameters are: bridge span L = 21 m,
cross-sectional area 4 = 1.2 m?, section moment of inertia /
=0.12 m*, elastic modulus £ = 2.4 x 10'Nm™ and density
p =2000 kgm™.

In this paper, the finite element model (FEM) of the
bridge is established by the Euler Bernoulli beam element.
Considering the calculation efficiency and accuracy, the
bridge is divided into six elements. Because each element
has 2 nodes and each node has 2 degrees of freedom, the
total degree of freedom of the bridge is 14. Besides, to
simulate real road conditions, the surface roughness is
considered and characterized by random numbers obeying
normal distribution. The motion control differential
equation of the bridge is obtained based on D’Alembert’s
principle, as shown in Eq. (22).

My, (t) + Cpity (8) + Kpuyp () = LF(2) (22)

where M, K; and C; represent the mass, stiffness and
damping matrices of the bridge, respectively; Rayleigh
damping type is adopted and the damping ratio is taken as
0.015; up represents the displacement and the overdots
represent the time derivative; L stands for the position
vector, such as L= {0, 0, ..., Li(?),..., 0, 0} in which Ly(?) is

1 2 3 4 5 6 7
— p==—————————g— S ==————————er=—======= |
(3. &) @) ® ©®

\ L=21m "E\’

[ q

Fig. 4 The vehicle model
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a Hermitian function and L«¢) = [1 — 3& + 2&, I&1 — &2,
EB =20, -IE(1 - )], where & = x/I, x is the distance the
vehicle moves on one element and / is the element length; F
is the load.

The vehicle system model has two degrees of freedom
(Fig. 4) and the system parameters include the body mass
my = 3.6 x 10*kg, bogie mass m, = 2.5 x 10?kg, secondary
suspension stiffness &1 = 6.0 x 10° Nm, secondary
suspension damping ¢ = 1.0 x 10° Nsm!' and primary
suspension stiffness k» = 8.5 x 10°Nm''. The moving speed
is set to 8.4 ms™'. Besides, assume there is no other external
excitation. The vehicle motion equation is shown in Eq.
(23).

myily + c(Uy —Up) + k(U —uy) =0
{mzﬁz + (i — ) + ky(uy —wy) + kp(uy —u(x(®) —rx(®)) =0

where u, u and i represent the vertical displacement,
velocity and acceleration of the vehicle body or bogie
respectively, among which subscript 1 represents the
vehicle body and subscript 2 represents the bogie; u(x(¢))
represents the vertical displacement of the bridge at position
x(?); r(x(¢)) represents the roughness of the bridge at
position x(¢); x(¢) is the position of the vehicle at time ¢.

The formula of vehicle bridge interaction force is
deduced as Eq. (24).

Fint(t)
=(my +my)g +k, (uz — u(x(t))r(x(t))) (24)
= (my + my)g — myily — myil,

Through Eq. (24), the vehicle bridge interaction force is
closely related to the mass and acceleration of the vehicle
body and bogie, which provides relevant ideas and methods
for practical measurement. Based on the coupling
relationship between contact force and displacement, the
motion control equation of the vehicle bridge system is
established, as shown in Eq. (25).

MU(t) + CU(t) + KU(t) = F(t) (25)
Where
M, L'm; L'm, c, 0 0
M=|0 my 0 |, C=|0 ¢ —cl,
0 0 m, 0 —c ¢
u, (t)
Ut) = |u(t)
uy(t)
K, 0 0 L'[(my + my)g]
K = 0 kl _kl ) F = 0
_kzL _kl k1 + k2 kZT(X(t))

The above M, C and K denote the mass, stiffness and
damping matrices of the VBS, respectively; U, U and
U represent the displacement, velocity and acceleration
responses, respectively; F stands for the excitation. Other
symbols are consistent with the above.

3.2 Bridge time-variant parameters identification

The main mechanical function of the simply supported
bridge is bending resistance. When the bridge section form,
materials and reinforcement are determined, the parameter
affecting its bending stiffness is mainly the elastic modulus.

(23)

Therefore, the elastic modulus E is taken as the parameter
to be identified in this part.

After trial and error, it is found that synchronously
identifying all the elastic modulus (Ei~Es) of the bridge
(Fig. 3) is hard. From a mathematical point of view, the

reason may be that the beams @ and ® in Fig. 3 are not

sensitive to the same observation values. To explain the
reason, a brief analysis is given here. In the analysis, we use
the same observation values to identify each beam element
respectively by UKF. This means that a total of six parallel
simulation experiments are set up. Each test assumes that
only one beam element is unknown, and the time-variant
characteristics of the unknown beam element are the same.
Considering the convenience of practical measurement and
the high accuracy of multiple measurement points, here
takes the five vertical displacements of nodes 2 ~ 6 in Fig. 3
as the observation values. Other settings remain the same for
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Fig. 5 Comparison of results

Table 1 The true values and calculated initial values of the state vector

State parameters um) u(ms') Es Es(Nm?) E> (x 10'°"Nm?) E3 (x 10'Nm?)
2.40 0<t<08
True values® O Oin 24x100  E,=1496-32t 08<t<11 E;= {f";g 0085 <tt< <°é85
1.44 11<t<25 ’ o
Initial values of identification 01xn 01xn 2.64 x 1010 2.64 x 1010 2.64 x 1010
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scientific comparison. The specific results can be seen in
Fig. 5 and it can be concluded that: (1) the identification
results of elastic modulus of beam @ and ® are bad; (2)
the variation characteristics of # of beam @ and ® are
not obvious; (3) the sensitivity of beam @ and ® to the
same observation values are poor.

Because the research on the sensitivity of different
observation values does not belong to the scope of this
paper. To identify more conveniently, it is assumed that the
elastic modulus of @ and ® in Fig. 3 at both ends of the
bridge are known in advance. Such operation has no effect
on the verification of the proposed adaptive algorithm.
Certainly, you can reduce the size of beams @ and ® as
much as possible to consider more middle parts.

The specific state vector form is shown in Eq. (26).
Since the number of degrees of freedom of the bridge is n =
14 and the number of parameters to be identified is m = 4,
then the (2n + m) order vector is taken as the state vector in
which the total number of degrees of freedom is 32. The
true values and calculated initial values of the state vector
are shown in Table 1 where the mixed parameter variation
is considered including the abrupt change and gradual
change. In the simulation, the values of E, and Ej start to
change at 0.8 s. In addition, for the sake of application
habits, the identification results are characterized by
stiffness which equals EI. The process noise covariance and
observation noise covariance matrices are taken as 1 x 10781
respectively in the following simulation. The value related
to the displacement and velocity in Py is taken as 1 x 1078,
while the value related to the £ is taken as 0.01. The five
vertical displacements of nodes 2 ~ 6 in Fig. 3 are taken as
the observation values and the specific observation equation

i s a s Y=[1 Y2 Y3 Ya Ys]T=
[Ups Upe Upg Upio u12]T
X(t) = [up(t)1x1atp (£)1x1401xa]” (26)

where 0 represents the elastic modulus to be identified, and
the dimension is m = 4; ‘p X g’ represents a vector or matrix
with p row(s) and g column(s).

Up (t) 141
X(®) = |itp () 1ax1
B
"o @7
= [Mz*(LF () — Cpu(t) — Kpu(D))
04x1

where the quantities appearing in Eq. (27) are defined as
Up = [Up1, Upz) Ups) s Up1alT, O = [Ez, E3, By, Es]”

3.2.1 Identifying with low sampling frequency

In the beginning, the sampling frequency (SF) is set to
100 Hz without considering the influence of noise. The
specific comparison results are shown in Fig. 6.

As can be seen from Fig. 6, when the structural
parameters have time-variant characteristics, the UKF
cannot identify the true parameters with SF = 100 Hz, while
the AUKF-FF can quickly and accurately converge to the
true values, and has a strong parameter tracking ability.
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Fig. 7 Stiffness identification results with noise
(SF = 100 Hz, Stiffness = Y-axis value x 10°)

Since the elastic modulus of beam @ and @@ starts to
change at 0.8 s, some identification results may generate
mutation at this moment (as shown in Figs. 6(c) and (d)).

To explore the robustness of AUKF-FF, the noise which
obeys normal distribution is set to 1%, 2%, 3% and 5%
successively. The noise over 5% is not considered because
the wvariable characteristics of #x will disappear. The
identification results are shown in Fig. 7.

As shown in Fig. 7, when the noise is 1%, 2% and 3%,
the AUKF-FF can converge to the true values quickly,
relatively smoothly and accurately. Even when the noise is
up to 5%, it can still track and identify structural parameters
successfully although there are some big fluctuations
existing.

3.2.2 Identifying with high sampling frequency
Let SF = 1000 Hz and the comparison results with 0
noise are shown in Fig. 8, from which it can be concluded
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that the UKF also can acquire the ability to track the time-
variant parameters when SF = 1000 Hz, but the AUKF-FF
has faster convergence speed and higher convergence
accuracy.

To verify the identification effect of the proposed
adaptive method under 5% noise when SF =
1000 Hz, here compares three cases: the AUKF-FF
algorithm with 100 Hz and 1000 Hz respectively, and the
UKF algorithm with 1000 Hz. The specific comparison
results are shown in Fig. 9.

As shown in Fig. 9, when SF = 1000 Hz, the robustness
of the AUKF-FF algorithm has been improved, and the
identification process becomes smoother. Compared with
the UKF under 5% noise, the AUKF-FF can better track the
time-variant characteristics.
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Fig. 10 Stiffness identification results with 1% noise
(SF = 1000 Hz, Stiffness = Y-axis value x 10%)

3.2.3 The effects research of different no

When calculating 7o, there still exists a problem of
trying. So, it is worthwhile to study the effects of different
no on the condition that the identification results are
convergent. Based on this idea, take the case of SF = 1000
Hz with 1% noise for example. The comparison results are
shown in Fig. 10.

From Fig. 10, it can be found that the smaller the 7o, the
more the identification results can reflect the time-variant
characteristics of the parameters. And Fig. 10(a) is more
obvious. The identification error can be errorgo=s) <
ITOT(;0-10) < €ITOI(y0=15) < €ITOI(;0-20). Besides, the smaller the
no, the bigger the fluctuation at the initial time and
parameter change time. Therefore, given stability and
accuracy, we should choose a moderate 7, value.

3.2.4 Comparison of calculation efficiency

In reality, the earthquake duration is usually transient.
To quickly evaluate the structural health status and provide
reasonable suggestions for post-disaster decision-making,
the calculation efficiency of the program is a key issue. All
the results presented in 3.2 were obtained using a laptop
computer with Intel(R) Core(TM) i7-6700HQ CPU @ 2.60-
GHz processors with 4 cores and 8-GB random-access
memory. The specific time consumption is shown in Table
2.

From Table 2, it can be concluded that the time
consumption of UKF and AUKF-FF under the same SF is
basically equivalent, indicating that the AUKF-FF

Table 2 Calculation time comparison

Algorithm  Sampling frequency (Hz) Computing time (s)
UKF 10.16
100
AUKF-FF 10.12
UKF 99.19
1000
AUKF-FF 102.57
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algorithm does not need additional computing time.
Therefore, from a comprehensive comparison, considering
timeliness and accuracy, the proposed AUKF-FF algorithm
is better than the conventional UKF.

4. Field test validation of adaptive UKF with
forgetting factor

4.1 Calculation model simplification

On May 21, 2021, an earthquake of magnitudes 6.4 (M;
6.4) occurred in Yangbi County, Dali Prefecture, Yunnan
Province, China, with a focal depth of 8 km, followed by
several aftershocks. The research object, built in 2013, is a
six-story concrete frame structure with a building height of
22.95 m and has withstood M; 4.1, M 3.6 and many other
small earthquakes successively. After the earthquake,
according to the deployment of the China Seismological
Bureau, the Institute of engineering mechanics of China
Seismological Bureau took the lead in rapidly entering the
disaster area to carry out a scientific investigation on the
mechanism of strong ground motion and engineering
earthquake damage. Fig. 11 are some post-earthquake
pictures of the six-story frame structure. According to Fig.
11, the seismic damage is mainly cracked, and no serious
seismic damage is found.

Because it is necessary to evaluate the safety of post-

(d) Vertical cracks in walls

(b) Cracks at the bottom of lintel at
widow opening

w

(e) Concrete beam bottom crack

earthquake structures, the correct calculation model for in-
depth analysis becomes urgent. According to the design
drawings, the initial stiffness of each floor can be calculated
by the D-value method, and the mass of each floor can also
be obtained. See Table 3 for specific parameter values. For
the convenience of calculation, the concrete frame structure
is simplified into a shear model, and the Rayleigh damping
type is adopted, in which the structural damping ratio is set
to 0.025 according to the specification. The motion control
equation of the structure under earthquake is shown in Eq.
(28).

MX; + CXs + KX = —MLX, (28)

where My, C; and K, are the mass, damping and stiffness
matrices of the structure, respectively; X, X, and X
represent the displacement, velocity and acceleration,
respectively; Xg stands for the seismic acceleration, and L
is the position vector.

Before model updating, we need to check the
effectiveness of the simplified shear model for two
purposes: (1) to verify the rationality of the shear model
hypothesis; (2) to judge whether the structural parameters
change with time. Therefore, we select the acceleration
responses, measured by the wireless acceleration sensor
during the M; 3.6 earthquake, as the test data. Since the
acceleration values of the 1st, 4th and 6th floors (Fig. 12)
were collected during the earthquake. We take the 1st-floor

L gl
(c) Veneer at the bottom of the column
falls off

(f) Cross inclined cracks in walls

Fig. 11 Post-earthquake structure

Table 3 The mass and stiffness of each floor of the frame structure

Floor Ist floor 2nd floor 3rd floor  4th floor  5th floor  6th floor
Mass (x 10° kg) 404.3 459.1 398.0 366.1 366.1 234.5
Stiffness (x 10® Nm'!) 80.56 117.99 172.42 172.42 172.42 58.4
Updated Stiffness (x 10° Nm™) 80.5598 117.99 172.42 172.42 172.42 58.4354
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(a) Front view

(b) Side view

Fig. 12 Acceleration sensors arrangement (The red triangle represents the sensor)
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Fig. 13 Seismic excitation input and comparison of
acceleration responses

acceleration as the seismic excitation input (Fig. 13(a)) and
use the Newmark-f method to calculate the responses of the
4th and 6th floors. The specific comparison results are
shown in Fig. 13.

As shown in Fig. 13, the calculated values of the shear
model are basically consistent with the measured ones,
although there are some small differences existing. The
discrepancy may be that the structural parameters has
changed during the earthquake interaction. Because the
differences are small, it is speculated that the earthquake did
little damage to the structure. Generally, it is considered that
the structural mass remains unchanged, so it is inferred that
the stiffness parameters of the structure need to be fine-
tuned and corrected. Although the above results are not the
exactly same, it also shows that it is reasonable to simplify
the six-story concrete frame structure into a shear model,
and what needs to be done is to further optimize the
structural parameters.

4.2 Model updating

This part studies the model updating of the six-story
concrete frame structure based on the AUKF-FF algorithm
and takes the structural stiffness as the parameter to be

identified. Since the state vector is mainly composed of the
displacement, velocity and stiffness parameters, and the
initial displacement and velocity are considered to be zero
before the earthquake. In addition, the initial stiffness of the
original structure has been calculated through the D-value
method. So, the reliability of the initial state information is
very high. According to the setting method proposed in
Section 2.2, Py is set to 1 x 10°I. As the observed
accelerations are actually measured, the observed noise
covariance matrix here is set to 1 x 10°L. Meanwhile, due
to the rationality of the shear model, the process noise
covariance matrix is also set to 1 x 10*L.

Because the six-story concrete frame structure has
experienced earthquakes of M 4.1 and M, 3.6 successively,
and the acceleration responses of the 1st, 4th and 6th floors
are collected (Fig. 12), the stiffness parameters are
corrected respectively through these two earthquakes, and
the stiffness values of the initial state vector in the second
identification are equal to the results of the first
identification. During identification, the 1st-floor
acceleration is taken as the seismic excitation input, as

Identified Value = = -Measured Value
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Fig. 14 The comparison of acceleration results
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Fig. 15 Stiffness parameter identification results

shown in Fig. 13(a).

The state vector form and state equation of this
identification are similar to those of VBS in Section 3.1. For
details, please refer to Eqs. (26)~(27). The initial values of
the state vector are listed in Table 3, and the accelerations of
the 4th and 6th floors are selected as the observed values.
The specific comparison of acceleration results is shown in
Fig. 14.

As shown in Fig.14, the calculated accelerations of the
4th and 6th floors are in good agreement with the measured
ones. It means the identification results are reliable.
Besides, the specific parameter identification results are
shown in Fig. 15. According to Fig. 15, the stiffness
parameters of the frame structure are updated iteratively and
tend to be stable after being corrected by AUKF-FF. The
final stiffness parameter values after correction are shown
in Table 3.

It can be concluded from Table 3 that the stiffness
changes of the frame structure are very small. Even after
rounding, it is found that the stiffness from the 2nd floor to
the 5th floor has not changed at all, which also shows the
earthquake did not cause substantial damage to the
structure, confirming the speculation in Section 4.1. The
conclusion also shows good agreement with what Fig. 11
reflects. In short, the six-story concrete frame structure is
safe at present. And after scientific analysis, it provides
some theoretical support and kind of technical method for
assessing the structural healthy state.

5. Conclusions

Based on the time-variant characteristics of structural
parameters under extremely large external excitations, an
adaptive UKF with forgetting factor algorithm which can
better identify and track the time-variant parameters is
proposed in this paper.

* The adaptive algorithm introduces a forgetting factor
to modify the state covariance, innovation
covariance and cross covariance at the same time, so
as to expand the role of new measurement and
weaken the cumulative error of previous data.

* Compared with the conventional UKEF, it has a faster
convergence speed, higher accuracy and better
adaptability to a lower sampling frequency.

* The computational efficiency of the adaptive
algorithm is basically the same as that of the
conventional UKF algorithm, without introducing
additional computational power.

* The calculation model updating case of the six-story
concrete frame structure under real earthquakes
shows that the proposed AUKF-FF method can be
applied to practical problems.

Furthermore, due to the small earthquake magnitude
considered in this study, the frame structure did not produce
substantial damage, thus not involving significant parameter
changes. Therefore, the earthquake case in this paper can
only verify the safety of the structure, and the ability of
AUKEF-FF to solve other practical problems will be further
studied in the future.
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