
Research Article
Structural Dynamic Load and Parameter Identification Based on
Dummy Measurements of Displacement

Ting Wang,1 Zhimin Wan,1 Weiguang Zheng ,2 and Shuilong He2

1School of Mechanical Engineering, Nantong Vocational University, Qingnian Middle Road No. 89, Nantong, China
2Guangxi Key Lab of Manufacturing System and Advanced Manufacturing Technology,
Guilin University of Electronic Technology, Guilin, China

Correspondence should be addressed to Weiguang Zheng; weiguang.zheng@foxmail.com

Received 30 June 2020; Revised 21 August 2020; Accepted 9 September 2020; Published 18 September 2020

Academic Editor: Yongteng Zhong

Copyright © 2020 Ting Wang et al. ,is is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Structural load and parameter identification are the essential contents in the field of structural dynamics, and some studies pay
attention to the coupled recognition of uncertain structure parameters as well as unacquainted loads. Gillijns and De Moor
presented the Kalman-type filter, which was used in the work for coupled identification as the unabbreviated form of GDF.
However, it has been demonstrated that it is unstable for the extended GDF (EGDF) method, drifting in the identified un-
acquainted loads as well as displacement, just like most previous identification methods based on the least-square algorithm. In
order to deal with this unstable issue, this paper applied the dummy measurements of displacements on a position level and
modifies the EGDF algorithm using the information integration method about the accelerated measurements with dummy
measurements. Numerical example of a truss is used for validating the applicability of the method in the work, and an influence of
covariance matrices in dummy displacements is also considered.

1. Introduction

Structural external load is vital to structural optimization
design, failure diagnosis, and health monitoring [1, 2]. Since
the external load is difficult to measure by equipment in-
struments, various deterministic methods have been pro-
posed for load identification. However, structural
parameters of the system are uncertain [3], such as uncertain
stiffness and damping, which makes the load identification
not credible. In recent years, the uncertain methods for
structural load and parameter identification have been
attracted increasing attention in research.

,e simultaneous identification of the parameters of set
membership and a load was developed. Meanwhile, it is
unusual for the approach needing given states in the ap-
plications of engineering [4]. Aiming at the problem of state/
input/parameter coupling recognition in structure damage
recognition [5], they proposed an EKF (extended Kalman
filter algorithm), named EKF-UI, based on unacquainted
input load. In [6], EKF-UI was derived by the least-squares

estimation algorithm, indicating that complicated mathe-
matical reasoning was used to obtain the recursive solution.
,e above simplified EKF-UI in [6] was also applied to
identify nonlinear structure parameters. Nevertheless, der-
ivations in the simplified method may bring on the con-
fusion of the Bayesian framework when the prior probability
density functions (PDFs) at t + 1 were regarded as followed
PDFs [7]. Naets et al. [8] presented another algorithm called
the A-DEKF (augmented discrete extended Kalman filter) to
recognize coupled parameter/input/state. ,e A-DEKF al-
gorithm looks like the developed KF algorithm [9–11],
wherein parameters, uncertain loads, and structural states
constitute the extensive state vector in high dimension.More
importantly, the A-DEKF algorithm requires a matched
hypothesis about. A similar method has been used for the
offshore wind turbine for the simultaneous identification of
the system parameters based on stiffness, states, and the
hydrodynamic load in [12]. Lately, the approach of DKF-
UKF is proposed for the coupling recognition of states,
unknown loads, and parameters in [13, 14]. A dual KF (Dual
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KF) is adopted to estimate the load. Besides, the so-called
augment states are estimated by the UKF (unscented KF),
consisting of the structural states and the unknown pa-
rameters. Nevertheless, the research does not mention the
convergence analysis, observability, and stability of the DKF-
UKF method. Additionally, the DKF algorithm requires the
prior supposition about the load covariance, and the as-
sumption value strongly influences the Bayesian filters’
identification quality.

We developed an approach in terms of the GDF algo-
rithm towards the coupling recognition topic, which is called
as the extended GDF (EGDF) algorithm [15]. ,e EGDF
algorithm is proposed based on the EKF algorithm’s line-
arization. Undetermined parameters are added to the
structural states forming the extensive ones for recognition.
New equations of measurement and state transmission
become nonlinear, and the first-order Taylor expansions are
used for linearizing these two equations. ,e EGDF algo-
rithm and the standard GDF algorithm have a uniform
structure, containing updates of time and measurement and
load recognition.,eir primary difference refers to the state-
space formulas’ sensitivity matrices. Nevertheless, the
conventional GDF method has been demonstrated to be
inherently unstable based solely on limited accelerated
measurements. In this situation, it results in the false drift of
low frequency in recognizing shift and load [16]. In [15], the
information integration of acceleration response and the
shift is also used for solving the spurious low-frequency drift
problem. However, the displacement transducer has a much
larger volume than the acceleration sensor.,e introduction
of the displacement transducer requires alteration to the
structural characteristic of the system, which is unwanted
and unpractical. Also, the price of the displacement trans-
ducer is higher than that of the acceleration sensor. Ac-
celeration sensors combined with numerical simulation also
can be used to detect mechanical faults of gears and bearings
[17, 18].

In this paper, only adopting the acceleration responses is
taken as the measure signals to modify the EGDF algorithm
based on the dummymeasurements of displacements. First, the
dummy displacement measurements equation is built. ,en,
the dummy displacement is combined with the measured ac-
celeration responses to filter the unknown load and parameters
for obtaining the stable estimated results. Final, the numerical
example of a plane truss structure is conducted for validating the
algorithm in the work.

2. Reviewing the EGDF Algorithm

,e normal formula of movement for the multi-degrees-of-
freedom’s damped linear structure is expressed as

M€p (t) + C _p(t) + Kp(t) � Huu(t), (1)

where K, C, and M represent the structure’s stiffness ma-
trices, damping, and mass, respectively; p(t) is the vector of
the nodal displacement; €p(t) and _p(t) are the structure’s

acceleration and velocity responses; u(t) indicates the ex-
ternal load vector; Hu is the impact matrix related to the
external load u(t). Usually, the structure’s mass can be
obtained accurately. ,us, the mass matrix M is given.

In structure system equation (1), it is assumed that C and
K include the unacquainted parameters α to be identified;
thus, the initial structural status vector is rewritten as the
extensive one.

z(t) � p(t) _p(t) α( 
T
, (2)

in which α � α1 α2 . . . αα 
T represents an uncertain

argument vector for estimation. Δt refers to the time step
size; so the transmission and measurement equations of the
system state are changed into the following discrete-time
forms taking the sampling frequency of 1/Δt as

zk+1 � fk zk, uk(  + wk, k � 1, 2, . . . , T, (3)

yk � hk zk(  + Dkuk + vk, k � 1, 2, . . . , T. (4)

In these equations, zk � z(kΔt), yk � y(kΔt), and f(·)

and h(·) are the two nonlinear functions associated with the
augment state vector. ,e vectors vk and wk represent the
vectors of measurement and system noises, which are
supposed to be zero-mean, irrelevant, and white stochastic
signal with the given covariation matrices Gk and Rk
separately.

It is assumed that uk and zk|k represent the posterior
estimates of uk and zk separately, according to the observed
vector (y0, y1, y2, . . . , yk). ,e state variance is denoted as
Pz

k|k ≡ E[(zk − zk | k)(zk − zk | k)T], and z0|−1 and Pz
0|−1 are the

initial unbiased state estimate vector and the corresponding
variance matrix, respectively, which are supposed to be
given. Also, the EGDF formula works requiring the two
following conditions: (i) the number of measured signals
needs to be more significant compared with that of unac-
quainted loads. (ii) Since the weighted least-squares esti-
mation is used to calculate the unacquainted input load
inversely, the accelerated response signal at the unac-
quainted input position should be determined.

Based on the above declaration, the EGDF algorithm can
be obtained by the following three steps.

(i) Input identification step is

Rk � ∇zhk · Pz
k|k−1 · ∇zhk( 

T
+ Rk, (5)

Jk � DT
k

R
− 1
k Dk 

− 1
DT

k
R

−1
k , (6)

uk � Jk yk − hk zk | k−1  , (7)

Pu
k � DT

k
R

− 1
k Dk 

− 1
. (8)

(ii) Measurement update step is
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Kk � Pz
k|k−1 ∇zhk( 

T R
−1
k , (9)

zk|k � zk|k−1 + Kk yk − hk zk | k−1  − Dkuk , (10)

Pz
k|k � Pz

k|k−1 − Kk
Rk − DkP

u
kD

T
k KT

k , (11)

Pzu
k � Puz

k( 
T

� −KkDkP
u
k. (12)

(iii) Time update step is

zk+1|k � fk zk | k, uk , (13)

Pz
k+1|k � ∇zfk ∇ufk 

Pz
k | k Pzu

k

Puz
k Pu

k

 
∇zfk( 

T

∇ufk( 
T

⎡⎢⎣ ⎤⎥⎦ + Gk,

(14)

where ∇zfk, ∇ufk, and ∇zhk are the sensitivity matrices as

∇zfk �
zf(z, u)

zz

z�zk|k,u�uk

, (15)

∇ufk �
zf(z, u)

zu

z�zk|k,u�uk

, (16)

∇zhk �
zh(z, u)

zz

z�zk|k−1 ,u�uk−1

. (17)

It is found that the EGDF algorithm is actually depen-
dent on the EKF method. Using the first-order Taylor di-
vision to linearize formula (4) of nonlinear state
measurement and transmission, the normal GDF formula is
appropriate to identify the augmented states and unac-
quainted offered burden of an approximately linear power
system. In addition, it is proved that edge-type algorithms in
terms of the limited accelerated measurements are naturally
labile and produce the false displacement of low frequency
during identifying input loading and shifts [19]. ,e
accelerated insensitivity to quasi-static components of ex-
ternal loads causes this displacement [16]. ,e author

presented the extension of the EGDF algorithm to recognize
the extrinsic loads and structure parameters in terms of
fusing the date of shift and acceleration [15]. However,
displacement transducers have a large volume and are not
suitable for placement in some situations, which also may
alter the system properties. It is necessary to develop a novel
algorithm based solely on acceleration measurements in
engineering applications.

3. The EGDF Algorithm Based on
Dummy Measurements

In this paper, data fusion of the accelerometers and dummy
measurements of displacements is developed based on the
EGDF algorithm for structural dynamics load and parameter
identification. ,e dummy measurements approach is
motivated by the one proposed by Chatzi and Fuggin [19, 20]
to make themonitoring for civil structure stable. Usually, the
deformation of a structural system is bounded to a limited
range. Besides, an order of magnitude for deformation is
used as a priori estimate that may be implemented in
simulation. ,e work regards the boundary of transfor-
mation as the uncertainty of virtual measurement and points
out that the assumed transformation is zero. Analog mea-
surements of displacement has the following measurement
equation:

Hdmp + vdm � 0, (18)

where Hdm is the impact matrix related to the dummy
displacements. ,e formula expresses that, under the un-
acquainted vdm of the covariationRdm, the location variation
of the degrees of freedom is 0. ,e matrix Rdm can be used
for the tuning of the KF to obtain the desired results, and it
ought to choose a higher order of magnitude than the
practical movement of the structural systems. ,e high
covariance based on virtual measurements cannot appro-
priately limit the drifting in recognition. If the covariance is
chosen too small, the estimates will be constrained to
generate erroneous results.

Adopting the idea of the dummy measurements, the
conventional EGDF algorithm can be extended with (18).
Equations (5), (10), and (17) are changed into

Rk � ∇zhk · Pz
k|k−1 · ∇zhk( 

T
+

Rdm 0

0 Rk

⎡⎢⎢⎢⎣ ⎤⎥⎥⎥⎦,

zk|k � zk|k−1 + Kk

0

yk

⎡⎢⎢⎢⎣ ⎤⎥⎥⎥⎦ −

Hdmpk | k−1

hk zk | k−1  + Dkuk

⎡⎢⎢⎢⎢⎢⎢⎢⎣
⎤⎥⎥⎥⎥⎥⎥⎥⎦

⎛⎜⎜⎜⎝ ⎞⎟⎟⎟⎠,

∇zhk �

Hdm 0 0

−HaM
− 1K −HaM

− 1C −HaM
− 1zK

zα
p(k) − HaM

− 1zC
zα

_p(k)

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
.

(19)
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And also, the matrix Dk in (6) is changed as

Dk �
0

HaM
− 1Hu

 , (20)

where Ha represents the influence matrix related to the
extrinsic loading, and, from (20), it can been seen that the
matrix Dk is a constant matrix in this paper.

,ey do not benefit quick estimation needed for load
estimation because of great uncertainty about the virtual
measurement. However, they can stop long-term displace-
ment caused through accelerated measurements and sta-
bilize the approximated filter covariance. If the constant
location of the given structural system is not zero, this
behavior need to be taken into account for the dummy
measurements to obtain a more accurate identification.
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Figure 1: (a) Structure of plane girder. (b) FE model on sensor and truss configuration.
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Figure 2: Identification of external load u1.

Time (s)
0 5 10 15 20

Fo
rc

e 2
 (N

)

–5

0

5

10

Actual
Identified

Figure 3: ,e actual and identified results of external load u2.
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4. Numerical Simulation

A numeric example of a plane truss is expressed to estimate
the modified EGDF formula in the work based on the
dummy measurements. ,e plane truss structure is

supported at two ends, modeling through thirty-one finite
elements of the plane truss, the lateral and longitudinal
degrees of freedom of free nodes (See Figure 1). All horz and
vert members have been with the lengths of 2 and

�
2

√
m,

respectively. Besides, the cross-sectional area of all elements
is 8.95 × 10− 5 m2, and assuming Rayleigh damping, the
related coefficients are β � 4.6503 × 10− 4 and α � 0.1523.
,e specific mass is 7.85 × 103 kgm−3; moreover, the elastic
coefficient is 2 × 107 Pa. First, inherent frequencies of the
structure are 0.15, 0.41, 0.86, 1.02, 1.39, 1.77, 2.14, and
2.29Hz, respectively, based on the finite element (FE)
computation. At nodes 4 and 9, we apply two external loads,
respectively. Load u1 is sin excitation.

u1 � 20 sin(24πt) + 20 sin(48πt). (21)

And the other load u2 is an impact input.
Assume the rigidities for truss elements 17, 15, 14, 10, 7,

and 5 are unacquainted parameters for identification, with
their original values of 633.0, 759.5, 1,163.5, 1,342.5, 633.0, and
759.5N/m separately.,us, the extended status vector refers to
p1, p2, . . . , p30, _p1, _p2, . . . , _p30, k5, k7, k10, k14, k15, k17 

T.
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Figure 4: (a) ,eoretic and determined vertical shift at node 7. (b) ,eoretic and determined vertical speed at node 7.
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Figure 5: Identification of external load u1 through fusing data.

Time (s)
14 14.1 14.2 14.3 14.4 14.5

Fo
rc

e 1
 (N

)

–40

–20

0

20

40

Figure 6: Amplification of the clip (14–14.5 s) of Figure 5.

Time (s)
0 5 10 15 20

Fo
rc

e 2
 (N

)

–5

0

5

10

Actual
Identified

Figure 7: Identification of external load u2 through dummy
measurements.
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Seven accelerated signals, determined for recognition, are the
horizontal ones at node 9, as well as the vertical ones at nodes
10, 9, 7, 5, 4, and 3. At the same time, the measurement signals
was used for simulation by adding 4% ambient noise. Original
augmented status covariance Pz

0|−1 is composed of three parts
which are the covariance vector of the displacement, velocity
(Pd

0|−1, P
v
0|−1), and unknown stiffness (Pα

0|−1), and Pz
0|−1 is

considered as

Pd
0|−1 � diag 10− 16, 10− 16, . . . 1×ndof ,

Pv
0|−1 � diag 10− 8, 10− 8, . . . 1×ndof ,

Pα
0|−1 � diag 1014 × 0.52, 1014 × 0.52, . . . 1×6,

(22)

in which ndof� 30 represents the amount of trussed
structures.,e covariant matrices of the system noisewk and
the measured noise vk have been assumed asRk � 0.01I6 and
Gk � diag [0, 0, . . .]1×2×ndof , [108, 108, . . .]1×6  separately. In
terms of the proposed formula, two external loads have been
recognized with recognized curves (see Figures 2 and 3),
comparing the active curves of loads. Both identified loads
have the drift problem compared with the real values.
Structure shift and speed are recognized together. Figure 4
shows the recognized outcome of vertical displacement and
velocity at node 7 and theoretic values. Recognized velocity
is precise; however, recognized displacement has the drift
problem in low frequency due to the sole acceleration
measurements.

,erefore, local dummy measurement shifts have been
introduced to the measurement accelerations. Vertical shifts

of nodes 4 and 9 have been taken as dummy measurements
together with the above seven accelerations, and Rdm � diag
[10−4, 10−4]. Figure 5 shows the comparisons of the iden-
tified results of load u1, and Figure 6 shows the amplified
segment (14–14.5 s) in Figure 5 for better illustration. Fig-
ures 7 and 8 show the identified load u2, shift, and speed.
Spurious drift reduces obviously using the proposed EGDF
based on dummy measurements of displacement. Table 1
shows the identified stiffness values. Recognized relative
error (RE) is defined as follows:

RE �
kidentified − kexact

����
����

kexact
����

����
× 100%. (23)

,e recognized parameters are precise.
As in the above description, the covariance matrix Rdm

influences the estimations much. ,e two following cases
demonstrate the effect of Rdm value. One is a smaller value as
Rdm � diag [10−6, 10−6], and the other is a larger value as
Rdm � diag [10−2, 10−2]. ,e identified results are shown in
Figures 9–11. It is found in Figures 9 and 10 that the load is
not identified accurately, especially the low-frequency
components, and the identified displacement is smaller
compared with the accurate value due to the smaller Rdm.
From Figures 11 and 12, it is found that the identified load is
not accurate as the actual load, and the identified dis-
placement has the low-frequency drift problem due to the
larger Rdm.
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Figure 8: (a),eoretic and determined vertical shift at node 7 through dummymeasurements. (b),eoretic and determined vertical speed
at node 7.

Table 1: Comparison of the stiffness parameters of the identified truss elements.

Element no. 5 7 10 14 15 17
ki (N/m) exact 1265.9 1265.9 895 895 1265.9 1265.9
ki (N/m) identified 1265.3 1260.6 900.878 889.758 1277.2 1257.7
RE (%) 0.05 0.42 0.66 0.59 0.89 0.65
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Figure 9: Identification of external load u2 with smaller Rdm.
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Figure 10: (a) ,eoretic and determined vertical shift at Node 7 with smaller Rdm. (b) ,eoretic and determined vertical velocity at node 7.
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Figure 11: Identification of external load u2 in the case of a smaller Rdm.
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5. Conclusions

,ework proposed the modified formula by fusing the data
about determining acceleration and dummy shift reaction
for coupled dynamic load and parameter identification. It
reduces the false displacement of low frequency in esti-
mating loads and shifts effectively, which can be seen in the
conventional EGDF algorithm using acceleration mea-
surements solely. ,e algorithm is useful depending on the
covariance matrix of dummy displacements. ,e covari-
ance are selected to be an order of magnitude greater
compared with the system’s real movement for a suitable
estimate. A numerical example is presented for proving the
formula in the work, including the influences of different
levels of dummy displacement covariance. Additionally,
the algorithm is suitable for the modal domain of
identification.
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