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Abstract – The use of smart material and systems are gaining serious attention in the area of structural engineering due to their superior
performance in real-world applications. The aforementioned technology requires real-time feedback in order to monitor them safely. This
problem even gets into more complicated situation when it comes to adjust the current uncertainty of structures. To do this end, the realtime parameter estimation as well as state update (e.g. displacement and velocity) of an eight-storey frame type structure is considered.
To deal with the early mentioned nonlinear problem due to multiple unknown variables a nonlinear observer is employed, namely, the
unscented Kalman filter (UKF). As the parameter estimation along with the sate update are not that straight forward task due to the
sensitivity of the initial covariance of the unknown parameters as well as for states uncertainties. The outcome shows that the proposed
approach is capable of estimating the unknown parameters (e.g. damping matrix) quite efficiently with high accuracy. The investigated
approach will facilitate the overall health monitoring of dynamical systems.
Keywords: Structural health monitoring; Dynamic loads; Structural damping; System identification.

1. Introduction
The estimation of structural responses such as displacements and velocities are essential to understand the behaviour of
any dynamical system. The discussed issue can be resolved by solving second order differential equations so-called the
equation of motions. However, when the structural parameters such as stiffness or damping are not entirely known forms a
nonlinear problem. Therefore, in order to estimate states and unknown structural parameters, the early mentioned nonlinear
problem needs to be solved [1]. System identification is a new trend in the area of civil engineering as many of the recent
structures are coupled with complex systems and monitoring schemes. As numerous uncertainties are associated to the
aforementioned task which makes the parameter identification work non-trivial [2]-[3]. The associated complexity can be
induced by the sensitivity of states, system noises, process and measurement noise as well as unknown parameters.
Additionally, the uncertainties are coming from different sources, for instance, form the measurement sensors as well as
modelling errors.
The usefulness of the real-time parameters/system identification has been reported by many researchers such
as [4]-[5][7] for various applications. For instance, in [2] investigated the possibility of system identification by using a
minicomputer. While in [5], the author monitored the deformation via the use of Global Positioning System (GPS) and
Kalman filter. In [6], has reported the possibility of real-time system identification of nonlinear system and [7] performed an
experimental verification of a newly developed system identification and monitoring schemes in real-time. It is essential to
monitor the structures in real-time to avoid any unexpected changes those might be crucial for its safety. Not only dynamic
loads such as earthquake, wind load, temperature variation but also service load may cause serious damage. Therefore, the
identification of structural unknown properties somewhat substantial for tracking/assessing its health.
The identification of stiffness components would be simpler task in comparison to the identification of damping of a
system. It is always a complicated task to deal with damping as it shows quite complex behaviour. This study investigates
the parameter identification of an eight-storey frame by employing extremely devastation type harmonic load. To do this
herein, the structure was combined with a nonlinear observer namely the unscented Kalman filter (UKF). And the sensitivity
of initial covariance is studied by considering state estimation and parameters identification simultaneously.
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The rest of the paper is organized as: Section 2 describes the studied problem including basic mathematical formulations.
Section 3 presents brief overview of the nonlinear observer. Section 4 contains the numerical investigations. Finally, the last
part of the paper summarized the outcome of the study.

2. Description of the Problem
In order to perform numerical investigations, an eight storey frame type structure is considered. For avoiding
complexity, the dynamical model is assumed to be modelled as mass-spring-dashpot system. Hence, the system properties
such as mass, damping, and stiffness matrices size would be 8-by-8 and the displacement, velocity, and acceleration vector
size would be 8-by-1. And in order to perform numerical investigations in a nearly real-time platform, the SIMULINK
platform was combined with MATLAB®. It needs to be mentioned that all of the variables indicated in the early mentioned
figures are explained later in this section. The dynamical structure is assumed to be described by mass-spring-dashpot system.
And the aforementioned problem can be described by the equation of motion given below

𝑀𝑍̈(𝑡) + 𝐶𝑍̇(𝑡) + 𝐾𝑍(𝑡) = 𝑀 −1 𝛾𝑓𝑤

(1)

where 𝑡 represents the time vector, 𝑀, 𝐶, and 𝐾 are the mass damping and stiffness matrices respectively, all of the
aforementioned matrices have the size of 8 × 8, the displacement vector 𝑍 = {𝑧1 𝑧2 𝑧3 𝑧4 𝑧5 𝑧6 𝑧7 𝑧8 }𝑇 , while
the velocity vector is given by 𝑍̇ = {𝑧̇1 𝑧̇2 𝑧̇3 𝑧̇4 𝑧̇5 𝑧̇6 𝑧̇7 𝑧̇8 }𝑇 and 𝑍̈ = {𝑧̈1 𝑧̈2 𝑧̈3 𝑧̈4 𝑧̈5 𝑧̈6 𝑧̈7 𝑧̈8 }𝑇
represents the acceleration, 𝑓𝑤 represents the input excitation, and 𝛾 is the input excitation location control vector.

Fig. 1: The input excitation.

The simulations are performed by employing the harmonic type input excitation. Additionally, the input force was
amplified 10 times, means 𝛿 = 10. The discussed input excitation is described via the equation given by,

𝑓𝑤 (𝑡) = 𝛿sin(2𝜋𝜔𝑡)
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(2)

where 𝑓𝑤 indicates the input excitation, 𝛿 is the amplitude of the input excitation, 𝜔 represents the excitation frequency,
𝑡 means the time vector. The input excitation is given in Figure 1 for the visualization purpose.
In order to avoid complexity, a compact formulation namely the state-space formulation is adopted. The first equation
is called the system equation that contains mass, stiffness, damping, control force (if there is any damper into the system)
information as well as exogenous input force information. The process equation is given by,

0
𝑋̇(𝑡) = [ 8×8
−𝑀−1 𝐾

08×1
𝐼8×8
]
𝑋(𝑡)
+
[
] 𝑢(𝑡)
−𝛾𝑀−1
−𝑀−1 𝐶

(3)

where 𝑋 is the state vector, 𝑢 represents the input force, and rest of the variable remain same as before.
And the measurement equation needs to be adjusted according to the desire. For instance, herein the accelerations are
measured hence the equation was modified as:

𝑌(𝑡) = 𝛼[−𝑀−1 𝐾

−𝑀−1 𝐶 ] 𝑋(𝑡) + 𝐷𝑢(𝑡)

(4)

where 𝐷 indicates the feedthrough matrix, 𝛼 is the location indicator vector of accelarometers and the rest of the
variables remain same as before.
It needs to be mentioned that the Eqs. (3-4) are nonlinear hence it is not possible to solve them via the linear observer
such as linear Kalman filer (KF). Therefore, in order to solve the discussed problem a nonlinear observer namely the
unscented Kalman filter (UKF) is employed. And the formulation of the UKF is briefly discussed in the next section. To
perform the system identification of the early mentioned system the process Eq. (3) needs to modify accordingly. It needs to
be noted that the modified equation has one extra column where the unknown parameters are assumed to be incorporated. In
this case, the full damping matrix is assumed to be unknown.

08×8
𝑋̅̇ (𝑡) = [[−𝑀−1 𝐾]
08×8

𝐼8×8
[−𝑀−1 𝐶]
08×8

08×8
08×1
̅
(𝑡)
]
𝑋
+
[
08×8
−𝛾𝑀−1 ] 𝑢(𝑡)
08×1
08×8

(5)

The above problem is solved by employing a nonlinear observer known as the unscented Kalman filter (UKF).
Therefore, a brief information about UKF is presented in the next section for better understanding.

3. The Nonlinear Observer
It can be seen from the above modified process equation the problem forms a nonlinear problem that requires a nonlinear
observer. Hence, herein the unscented Kalman filter (UKF) is adopted as a nonlinear observer due to its superior
performances. In [1] shows the superior performance of UKF for dealing uncertainties (considering similar properties) than
linear KF. Further, an experimental validation of the previously developed methodology (e.g. [1]) was reported in [7]. The
fundamentals of the UKF relies on a Gaussian random distribution those can be modelled by Sigma Points (SP). The SP
follows a statistical process known as the Unscented Transformation which was proposed by Jeffrey Uhlmann in 1995.
Further detail regarding Unscented Transformation can be obtained via the original work which can be obtained via [8].
Later the aforementioned work was extended which was reported in [9]. The process (𝑓) and observation (ℎ) equations are
in this case reformulated for the general case of a nonlinear system as,

{

𝑋̅𝑘+1 = 𝑓(𝑥̅𝑘 , 𝑢𝑘 , 𝑤𝑘 )
𝑌̅𝑘 = ℎ(𝑥̅𝑘 , 𝑢𝑘 , 𝑣𝑘 )
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(6)

where 𝑋̅𝑘+1 is the step-ahead predicted states, 𝑥̅𝑘 represents the current states, 𝑤𝑘 is the process noise component, 𝑣𝑘
indicates the measurement noise, 𝑌̅𝑘 is the measure/observed response. By following the Unscented Transform at time t k ,
T

the augmented state vector is given by xnj1   xnT1 , w Tn 1 , v Tn 1  .
And the Sigma Point (  ) is described as:
(7)

 n 1  [ xˆ nj1 xˆ nj1  ( L   ) nj xˆ nj1  ( L   ) nj ]

where  indicates the covariance, L represents the dimension of the state vector,  ,  and  are the scaling
parameters. By passing the SP through the process equations, it calculates the state and covariance as shown below
2L

2L

i 0

i 0

(8)

xˆ n|n 1   wista nx|n,i1 ;  n|n 1   wicov [ nx|n,i1  xˆ n|n 1 ][ nx|n,i1  xˆ n|n 1 ]T
where the weight parameters are defined for state by w sat and for covariance via wcov . Additionally, the Kalman
gain
gain ( K ) is estimated as

K ngain  nxy (nyy )1

(9)

The covariance (  ) and cross-covariance (  ) are estimated as described below
xy

2L

2L

i 0

i 0

 nyy   wicov [ nx|n,i1  yˆ n|n 1 ][ nx|n,i1  yˆ n|n 1 ]T ,  nxy   wicov [ nx|n,i1  xˆ n|n 1 ][ nx|n,i1  yˆ n|n 1 ]T

(10)

Finally, the posterior estimates are calculated as

xˆ n  xˆ n|n1  K ngain (y n  yˆ n|n 1 )

(11)

In [10], the authors have investigated the nonlinear identification problem by employing the extended Kalman filter
(EKF). However, the following work conducted out by [9] has reported the serious drawbacks of the EKF. Further, the
applicability and superior performances of UKF has been confirmed by many researches such as [1], [3], [6], [7], [11], [12]
and [13].

4. Numerical Implementations
The aim here is to identify the damping matrix components as it is often very complicated task to deal with in the area
of structural engineering. To this end, an 8-DOFs dynamical system is assumed and the parameters are along with the
unknown states are estimated.
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Fig. 2: The schematic view of the problem combined with nonlinear observer.

In order to understand the flow of the studied problem, Figure 2 is provided. The damping matrix was changed/corrupted
(𝐶 𝑛𝑒𝑤 ) 50% to its original values of 𝐶, which means 𝐶 𝑛𝑒𝑤 = 1.5 × 𝐶 in order to perform simulations. It can be noticed that
the damping matrix has changed significantly to investigates the critical effect of damping. Firstly, the response of the
original system is evaluated and presented in Figure 3, where the top floor and the first floors displacement time history is
shown in the previous figure.

Fig. 3: The top and first floor displacement with everything (system) correct.
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Fig. 4: The response of top floor with corrupted damping matrix.

In order to observe the maximum effect of corrupted damping matrix, the top floor response is evaluated and depicted
in Figure 4. It is evident from the figure that there is a change in the amplitude which should be due to the damping. Hence,
it is essential to monitor the damping changes of structures as significant change in amplitude may leads to damage. Further,
the response of the original system and the system with identified damping matrix is also compared that is shown in Figure
5. From the previous figure, it is clearly visible that the damping was identified with quite high accuracy as the identified
system response if matched identically with the original one.

Fig. 5: The top floor displacement with estimated damping matrix via the studied approach.
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Fig. 6: The estimated damping components (𝑐1 − 𝑐4 ) and the estimated errors (𝐸1 − 𝐸4 ) by the proposed scheme.

The resonant frequencies of the original system and the system with identified damping matrix are compared and an
excellent agreement is observed. The frequencies of the original and identified systems are summarized in Table 1. However,
it needs to be mentioned that damping does not have serious influence on frequencies. On the other hand, the change in
stiffness or mass matrix will lead to serious change in the natural frequencies of the system.
Table 1: Summary of identified damping components.

Number of Floors
1st
2nd
3rd
4th
5th
6th
7th
8th

Resonant Frequencies of True
System (Hz)
1.4356
4.2234
5.9550
6.7657
8.4217
8.9148
10.5458
11.5640

Resonant Frequencies System
with Identified Damping (Hz)
1.4356
4.2233
5.9550
6.7657
8.4217
8.9148
10.5458
11.5640

Finally, the estimated damping components (𝑐1 − 𝑐8 in N-s/m) are compared and exhibited in the following Figure 6
and Figure 7. It can be seen that an excellent agreement is observed. Further, the errors (𝐸1 − 𝐸8 in %) of the estimated
damping components are also calculated and depicted in the early mentioned figures.
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Fig. 7: The estimated damping components (𝑐5 − 𝑐8 ) and the estimated errors (𝐸5 − 𝐸8 ) by the investigated approach.

5. Conclusion
The parameter identification problem coupled with structural parameters uncertainty is explored. The uncertainties are
inducing from the unknown damping components, process, and measurement noise as well as from initial covariance. This
study investigated the identification of damping components of the studied problem and estimates the states numerically by
considering an eight DOF system. In short, the following concluding remarks can be made:
 The change in damping matrix may change the amplitude of the displacement, velocity, and acceleration of the system
which may lead to damage.
 If the damping matrix is only changed and the mass and stiffness matrices remain constant, then the natural frequencies
of the structure may not change significantly.
 The proposed method is capable of identifying the damping matrix quite accurately, as a result, the identified system
response quite closely agreed with the true data.
 The identification of damping matrix will assist to optimize the damping of the systems coupled with smart control
devices such as magnetorheological (MR) damper.
 The initial covariance of the unknown parameters e.g. damping has critical impact on identification. However, it is
recommended that one’s should set a reasonable initial covariance. It is observed that the lower values of initial
covariance provide a good estimation. However, trial and errors are required to have an optimal starting.
Further study is planned to investigate the control application via active or semi-active control approaches linked with
the identification of the damping matrix.
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