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Abstract. The quasi-static component of the moving vehicle-induced dynamic response is promising in damage detection as it
is sensitive to bridge damage but insensitive to environmental changes. However, accurate extraction of quasi-static component
from the dynamic response is challenging especially when the vehicle velocity is high. This paper proposes an adaptive quasi-
static component extraction method based on the modified variational mode decomposition (VMD) algorithm. Firstly the
analytical solutions of the frequency components caused by road surface roughness, high-frequency dynamic components
controlled by bridge natural frequency and quasi-static components in the vehicle-induced bridge response are derived. Then a
modified VMD algorithm based on particle swarm algorithm (PSO) and mutual information entropy (MIE) criterion is proposed
to adaptively extract the quasi-static components from the vehicle-induced bridge dynamic response. Numerical simulations and
real bridge tests are conducted to demonstrate the feasibility of the proposed extraction method. The results indicate that the
improved VMD algorithm could extract the quasi-static component of the vehicle-induced bridge dynamic response with high
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accuracy in the presence of the road surface roughness and measurement noise.
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1. Introduction

A large number of bridges have been built in the world
today, with 878,300 highway bridges in China alone by the
end of 2019. During the operation period, the accumulation
of bridge damage and the decay of resistance develop faster
than expected due to vehicle overload and factors such as
structural fatigue and material corrosion, which lay a huge
safety hazard for the normal operation of bridges (Li et al.
20006). Early detection of bridge damage through advanced
methods is expected to be an effective way to ensure
operation safety. Such methods constructed indicators
through the structural properties before and after the
damage (Liu ef al. 2020, Yu et al. 2015, Niu et al. 2015,
Kunwar et al. 2013, Roveri and Carcaterra 2012, He and
Zhou 2019, Kourehli 2016). Among them, vibration-based
damage detection methods (e.g., based on modal
frequencies (Narkis 1994), mode shapes (Jaishi and Ren
2006) and their derivatives (Jie and Zhao 2006)) have been
normally used in previous studies. However, structural
dynamic properties (e.g., frequency) are insensitive to local
damage or overly sensitive to changes in environmental
factors (e.g., temperature). Besides, accurate measurement
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of certain structural characteristic indices (e.g., mode shape)
requires the cooperation of a large number of sensors.
Compared with the above mentioned methods, the vehicle-
induced bridge dynamic response based damage detection
possesses the following advantages: (1) when the moving
load approaches the damage position, the bridge response
signal has larger amplitude, and the signal-to-noise ratio is
higher (Jie and Zhao 2006); (2) fewer sensors are required
during the detection process (Link and Weiland 2009). The
vehicle-induced bridge dynamic responses were composed
of quasi-static components and dynamic components
(Cheng et al. 2012, Sun et al. 2016, Kim and Kawatani
2008, Gonzalez and Hester 2013, Hester and Gonzalez
2017), and the former was found to be more suitable for
damage detection (He et al. 2017).

Though the quasi-static component response is
promising in the field of damage detection, how to
accurately extract it from the vehicle-induced bridge
dynamic response is challenging. Wang et al. (2011)
obtained the quasi-static response of a bridge through the
action of a slowly moving vehicle to reduce the effect of
vehicle-bridge interaction. Zhu and Law (2006) extracted
bridge quasi-static components by wavelet transform for
vehicle-induced bridge displacement response. Chen et al.
(2020) extracted quasi-static signals from dynamic strain
signals in real bridges based on the analytical mode
decomposition (AMD). However, manual intervention is
required during the extracting process for the wavelet
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transform and AMD based methods. On the contrary,
empirical mode decomposition EMD (Tsakalozos et al.
2012) is a recursive method for analyzing non-linear and
non-smooth signals in which the signal is adaptively
decomposed into oscillatory components (named as
intrinsic mode function (IMF)) based on the intrinsic
properties of the signal without manual intervention. Taking
advantage of this property, Meredith ef al. (2012) employed
the EMD and sliding average filtering to extract the quasi-
static components from the vehicle-induced bridge dynamic
response.

Studies indicated that the low-frequency quasi-static
components and the high-frequency vibration components
in the bridge response gradually form mode mixing as the
increase of the vehicle velocity and road surface roughness
(Roveri and Carcaterra 2012), which would result difficulty
in the extraction process. Thus, the extraction process must
be full-automatic and effective for response signal with
closely-space modes. However, several existing signal
processing methods are inadequate to achieve this objective.
For example, (1) the low-pass filtering method is less
effective in decomposing signal with closely-space modes;
(2) the selection of suitable mother wavelet in wavelet
transform requires rich experience (Hester and Gonzalez
2012); (3) the cutoff frequency needs to be set manually
when AMD is employed; (4) although the EMD does not
require manual intervention, it is less effective for the
decomposition of signal with closely-space modes (Rilling
and Flandrin 2007).

In this paper, a method for extracting the quasi-static
component from vehicle-induced dynamic response using
improved variational mode decomposition (VMD) is
proposed. The rest of this paper is organized as follows. In
Section 2, the relationship between the quasi-static
components of the dynamic response and the high-
frequency components controlled by the bridge natural
frequency and road surface roughness is investigated based
on the analytical solution of the vehicle -induced bridge
dynamic response. In Section 3, the main challenge of
extracting quasi-static components is confirmed. In Section
4, an improved VMD algorithm based on particle swarm
optimization (PSO) algorithm and mutual information
entropy (MIE) criterion is proposed to achieve the adaptive
extraction of quasi-static components from the vehicle -
induced bridge dynamic response. In Section 5 and Section
6, numerical examples and real bridge tests are carried out
to verify the accuracy, robustness, and applicability of the
proposed method. Conclusions of the research are presented
in Section 7.

2. Vehicle-induced bridge dynamic response
2.1 Simulation of road roughness

Road roughness is the main excitation source causing
vehicle vibration, and affects the safety and smooth comfort
of vehicle in operation (Li et al. 2020). In this paper, the
road roughness is simulated using the power spectral
density (PSD) (Morelli ef al. 1974) recommended by the
International Organization for Standardization. The road

roughness displacement PSD function (S;(f)) is

Sa(f) = Safo) - (f/fo)™* (M

where f is the spatial frequency per unit length; ais the
power spectral density index; f, (=0.1m 1) is the
reference spatial frequency; S;(fy) is the displacement
PSD function value.

The superposition of sinusoidal functions with different
spatial frequencies is employed to simulate the road
roughness y(x), i.e.

y(x) = /45 (£,)Af cos(2rf,x + 6,) )
le a\Jp 14 14

where f, = pAf is the spatial frequency, Af = Nl—A, A is
the load shift step; N is the number of sampling points; 6,
is the random phase angle (6, € (0,2m)) which obeys
normal random distribution. Noting that x = vt and 2, =
27 fv, thus Eq. (2) can be rewritten as

N
y(t) = Z Y, cos(2,t + 6,) (3)
p=1

where V), is the amplitude of the road roughness.

2.2 Bridge response induced by moving vehicle

As shown in Fig. 1, a single-degree-of-freedom vehicle
is assumed to pass over a simply supported bridge at a
uniform velocity v, where the contact point between the
wheel and the bridge keeps in contact.

The moving vehicle force F is composed of a constant
force (F;) represented by the vehicle's self-weight and an
excitation force (F;) caused by the road roughness.

N
F=F+F,=M,g+k,- Z Y,cos(2,t +6,) (4
p=1

where M, is the vehicle weight; g is the gravitational
acceleration; k, is the vehicle stiffness.

The bridge displacement response induced by moving
vehicle can be regarded as the sum of the displacement
components caused by the constant force and the simple
harmonic force with different frequencies, respectively.

(1) Displacement component caused by the constant
force
Suppose the vertical load F; moves with the velocity

FF+F; — —>

~

2 : ]

Fig. 1 Vehicle model
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Fig. 2 Simply supported bridge subjected to a moving load

v on a simply supported bridge without considering the
damping effect (Fig. 2), the load-displacement differential
equation of the bridge can be established as follows

azu(x,t)+ 02 £l
at? dx? [

0%u(x,t).
—5a 1 = s —vt) (5)

where u(x,t) is the displacement response of the bridge,
x and t are the location and time of the response; E and
I are the modulus of elasticity and moment of inertia; L is
the span length; p is the mass density of the bridge; A is
the cross-sectional area; 6(x) is the Dirac function.

By assuming the initial displacement and velocity of the
bridge are zeros, Yang and Lin (2005) derived the analytical
solution for Eq. (5) based on the modal superposition
method. The analytical solution of the total displacement
response induced by the movinl

g load (uy) can be decomposed into the moving load
frequency component (u;) with low frequency and the
bridge natural frequency component (u;, ) with high
frequency.

U = u; +uy (6)

The low-frequency component u; controlled by the
moving-frequency ? is

N
213F, 1 _ imx
w =g 2 =D sin w, tsmT (7
i=1

inv

where w, = and S; is a dimensionless velocity

parameter defined as
imv

Si = ®)

Lo,

The high-frequency component u; controlled by the
bridge natural frequency is

AIE S, _ imx .
_7'[4EI ‘ 1i4(1_5i2)51nwitSlTlT ( )
i=

u, =

where w; is the it" natural frequency of the beam.

According to Egs. (6)-(8), the amplitudes of the
components u; and u, decrease i* exponentially with
the mode order. Therefore, only the contributions of the first
N orders are need to be considered in Eq. (6).

(2) Displacement component caused by the simple

harmonic excitation force.

The load-displacement differential equation of the
bridge subjected to the excitation force (F,;) caused by the
road roughness can be established as

0%u(x, t)

0%u(x,t 02
pa >0 ) = R (10

— [EI
at? * dx? [
The bridge displacement subjected to simple harmonic
excitation can be obtained by using the modal superposition
method as

N
2F; 1 .
ud(x, t) = pﬂ £, {m {sm[(ﬂp - a)v)t
i=
. . imx
+ 01,] - sm(ult} smT
N (11a)
2F; 1
— ———sin|(Q t
PAL L, {1 —G v syr onl(@ + )
i=
. o imx
+ 9p] - smwlt} smT
where
Fi =k)Y, (11b)
A =00/ w; (11c)

The response in Eq. (11) can be decomposed into two
frequency components as

Ug = Ugy + Ugy 12)

The frequency component u,4; controlled by Q, — w,
is
2F, % 1
1 .
Ugy =—" . {—1 — G5 {sin[(Q, — w,)t + 6,]
i=1 (13)
imx
— Sin w; t}} sinT

The frequency component u,, controlled by Q, + w,
is

N
_ 2F; 1 '
) e T GaT T
= . (14)
LTXx
— sin w; t}}SinT

The following conclusions can be drown from Eq. (12):
(1) The response of the simply supported bridge is the
superposition of the forced vibration with frequencies of
2, + w, and Q, — w, caused by the road roughness; (2)
the vibration amplitude of the dynamic component is
proportional to the square root of the road roughness
coefficient, i.e., the lower the pavement grade, the greater
the dynamic component amplitude.

Combining the Eq. (6) and Eq. (12), the bridge
displacement response can be rewritten as

u(x,t) = us(x,t) + ug(x, t)
2 sinE (15)
_ s 1 . )
= 75l ey % {sinw,t — S, sinw; t}
i=
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N
F 1
7 Z {m {sin[(Q, — w,)t +6,]
i=1

. L inx
—sinw; t} smT

2F, 1 (1

. . inx
— Sin w; t} SlTLT

It is assumed that 2, >> w, for the highway bridges.
Thus, the bridge response can be expressed as a
combination of three types of response components with
different frequencies. The quasi-static component is
controlled by frequency w,,, the high frequency component
is controlled by the bridge natural frequency w,, and the
remainder component is controlled by vibration frequency
{2, caused by the road roughness.

When the velocity is close to zero, the moving load can
be approximated as a quasi-static load. Then Eq. (15) can be
used to derive the analytical solution of the quasi-static ug;
component of the dynamic response considering the
influence of road roughness as

N

1 . | inx
Ug = uozi—451nwv tsmT (16)
i=1

where X = vt denotes the location of the load. As the time
t for the vehicle passing the bridge changes with the
vehicle velocity v, the product of the vehicle velocity v
and the time t remains the same, thus the quasi-static
component is not affected by the vehicle velocity.

3. Challenge in quasi-static component extraction

In this section, the effect of the vehicle velocity on the
low-frequency and high-frequency components of the
vehicle-induced bridge response is investigated via
numerical examples, and the main challenge of extracting
the quasi-static components is confirmed.

The parameters of the bridge are shown in Table 1. The
parameters of the three-parameter vehicle model are as
follows: massm,, = 4.0 X 103 kg, spring stiffness k, =
6.0 X 10° N/m, and damping c, = 1.0 X 103 Ns/m. The
road roughness displacement PSD function is set to be
V64 x 1076 m? for B-grade pavement. The measurement
point is located in the middle of the span (x = L/2). Then
the bridge responses induced by the vehicle with different
velocities (5 m/s and 20 m/s) are calculated via Eq. (15).
Fig. 3 shows the different components (the total
displacement response u, bridge natural frequency
component u;, moving load frequency component ugy,
and quasi-static component uy,) of the bridge displacement
response corresponding to a load velocity of 5m/s. The
displacement curve of the simply supported bridge
subjected to the moving load is a superposition of three
sinusoidal curves. The quasi-static component ug is

Table 1 The main parameters of the bridge

Parameter Value
Span length (L) 20m
Elasticity modulus (E) 2.75 x 101% N/m?

Moment of inertia (I) 0.12 m*
Density (p) 1200 kg/m3
Cross-sectional of area (4) 2.0 m?

%10

Displacement(m)

0 5 10 15 20
Location (m)

Fig. 3 Different components of the bridge dynamic response
(5 m/s)

a sinusoidal half-wave curve and similar to constant force
induced response. It is the main trend term of the response
controlled by moving-frequency w,,.

In order to explore the relationship between the bridge
response components and of the vehicle velocity, the
spectrogram of the responses when the vehicle velocity is
v=>5m/s and v = 20 m/s is presented in Fig. 4. Arrows
wy, Wy, and (2, denote the frequency of the vehicle, the
first natural frequency of the bridge, and the high-frequency
component, respectively. The blue dashed lines are the
frequency demarcation lines to make the different
frequency components more clearly. It can be seen that
under the excitation of road roughness, the high-frequency
component ({2,,) controlled by a series of spatial frequencies
of the road roughness power spectrum contains rich
frequency components; the bandwidth occupied by the
moving load frequency component (w,) is positively
correlated with the vehicle velocity, while the frequency
magnitude of the bridge natural frequency component (w;)
is independent of the vehicle velocity, but the amplitude of
the spectrum is positively correlated with the vehicle
velocity.
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Fig. 4 The amplitudes and frequency of the different
response components
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As the velocity increases, the bandwidth occupied by the
moving load frequency component gradually increases, and
the moving load frequency component and the bridge
natural frequency component gradually become closely-
space modes. For the closely-space modes, the common
low-pass filters (such as Butterworth low-pass filter and
Gaussian low-pass filter) are insufficient to extract the
quasi-static component form the total response.

4. Quasi-static component extraction based on
improved VMD algorithm

As stated in the previous section, the vehicle-induced
bridge dynamic response consists of a low-frequency quasi-
static component and a high-frequency dynamic
component, both of which are linear combinations of
different frequency sinusoidal functions. As the velocity
increases, the bandwidth occupied by the quasi-static
components in the frequency domain gradually increases
while the position of the bridge natural frequency
components remains unchanged. Thus, when the velocity
increases to a certain value, the quasi-static components and
the bridge natural frequency components gradually
approach to become closely-space modes. The
decomposition capability of EMD for signals with closely-
space modes is insufficient (Zosso and Dragomiretskiy
2014), which leads to modal overlapping and distortion of
the decomposed signal. This section aims to propose a
quasi-static component extraction method based on the
improved VMD algorithm.

4.1 Introduction of the VMD algorithm

VMD is an adaptive signal processing tool developed
based on EMD, which uses Wiener filter and Hilbert
transform to construct a variational problem for an input
signal f (Zosso and Dragomiretskiy 2014). The center
frequency and bandwidth of each intrinsic mode component
are determined by iteratively searching for the optimal
solution of the variational model to achieve effective
separation of the signal from low to high frequencies. This
variational problem is solved using the alternating direction
method of multipliers algorithm (Boyd et al. 2010). The
specific implementation processes are as follows

(1) Initializing parameters ({u}}, {wi}, A%, and n = 0).

(2) Updating u;, and wj according to Egs. (17)-(18).
Where, u,(w) is a frequency domain signal,
converted from a time domain signal, according to
Parseval/Plancherel’s theorem. The value of
ul*!(w) is updated to

" (w)

_f(@) = Tk 0" (@) + Tisi B (@) + (A(w)/2)(17)
- 14 2a(w— wp)?

where « is the penalty parameter and f(w) is a
frequency domain signal converted from a time
domain signal.

Likewise, the center frequency of each mode

component wy, is the conversion from a time signal
to a frequency domain signal, whose value is
updated to

0 ~
Jy @i (w)I?d,,

Jo gt (@)1? dy,

n+l _
k =

(18)

(3) Updating Lagrange multiplier 4 by Eq. (19), the
value of 1"*!(w) is updated to

() = (@) + 7 (f(w) - az“w) 19

k

In the formula, T represents the noise tolerance
parameter.

(4) Repeating Steps (2)-3). If Xllap* — a3/
[a%||3 <& or n=N, then ending the whole
circulation and obtaining & narrowband IMF
components.€ is the given discriminant accuracy.

Compared with normally used EMD, VMD possessed
the following advantages:

(1) The decomposition mode of VMD has a solid
theoretical foundation, and the decomposition
results are stable without modal mixing effect as in
the EMD (Isham et al. 2018).

(2) VMD is essentially composed of a series of Wiener
filter groups with strong refinement ability for time-
frequency signals. VMD can successfully separate
two pure harmonic signals with similar frequencies,
and the separated signals are extremely similar to
the original signal waveform in the aspect of
frequency and other parameters (Fu et al. 2018).

However, there are two major problems when applying
VMD to extract low-frequency quasi-static component,
specific as:

(1) Parameter selection: the number of decomposed
IMF components needs to be predetermined when
processing signals by the VMD algorithm. The
penalty parameter a in the VMD algorithm has a
significant impact on the decomposition results.
Due to the complexity and variability of the bridge
response signal, the selection of the appropriate
combination of K and a is a key issue for
extracting the low frequency quasi-static signal by
the VMD algorithm (Wang ef al. 2015).

(2) Boundary effect: the signal truncation and Hilbert
transform both produce boundary effects, which
affects the analysis accuracy. Especially for signals
with a high level frequency band overlapping, the
VMD algorithm suffer from severe modal mixing
and boundary effects, which will lead to
decomposition failure (Liu et al. 2016).

In view of this, this study proposes an adaptive
parameter selection strategy for VMD algorithm based on
PSO and an improvement strategy to reduce boundary
effect based on MIE criterion.
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4.2 Adaptive selection of VMD parameters based
on PSO algorithm

In this section, the PSO algorithm with good global
search capability is used to optimize the two parameters of
the VMD algorithm in parallel automatically, thus avoiding
the intervention of subjective factors. The PSO algorithm
uses the interactions between individuals in a swarm of
particles to find the optimal region of a complex search
space (Clerc and Kennedy 2002), and its solution processes
are summarized as follows.

Supposing ina D -dimensional space, the population of
M particles is X = (X, X5, -, Xy). The position in the D
-dimensional search space, velocity, and individual local
extremum of the i particle are X; = (xy1, X2, Xip)
Vi= Wiy, vig, -, vip) ,  and P = (pin, Piz - Pin) >
respectively. The population global extreme is G; =
(9i1, iz ++» 9ip), and each particle updates its velocity and
position by iterating through the individual local extremum
and the population global extremum, expressed as in Eq.
(20) (Kennedy et al. 2001).

kel _ ok K k k_ ok
vl = wvly + ein(ply — xfy) + eon(gl - xid)} (20)
X = kg pht

where w is the inertia weight; d =1,2,---,D ; i =
1,2,--+,M; k is the number of current iterations; c; and
c, are the acceleration factor; n is a random number
between [0,1].

In order to ensure that the quasi-static components can
be extracted accurately and adaptively, a fitness objective
function should be determined when searching for the
influence parameters of the VMD algorithm using the PSO
algorithm. The fitness value is calculated and updated each
time when the particle updates its position. As discussed in
the previous section, the quasi-static component is more
concise and similar to the vehicle-induced bridge dynamic
response than the high-frequency vibration component in
the vehicle-induced bridge dynamic response. The fitness
objective function is defined as in Eq. (21).

target = argmin(Ed + SampEn) Q1)
i=1,2,.M

where Ed is the Euclidean distance between the coordinate
x(j) of the peak of the j™ separated signal and the
coordinate y of the peak of the vehicle-induced bridge
dynamic response signal, which is used to evaluate the
similarity between separated signals and response signal.

Ed = /Z(x(j) —y)? (22)

SampEn is the sample entropy of the i separated
signal, and used to evaluate the complexity of the separated
signal.

D)

bi*() @)

SampEn(m,r,N) = —In [

The magnitude of the sample entropy value reflects the

uniformity of the probability distribution. The most
uncertain probability distribution has the largest entropy
value, and the more complex time series corresponds to
larger sample entropy (Tuzikov and Sheynin 2002). It can
be seen that the sample entropy value is related to the
parameters m and r. However, the trend of the sample
entropy is not affected by m and r. In general, when m
istaken as 1 or 2 and r is taken as 0.1-0.25 SD (SD is the
standard deviation of the data series), the calculated sample
entropy has more reasonable statistical characteristics
(Zweig and Hufnagel 1990).

When the i™" particle locates at position X;
(corresponding to a@and K), the fitness values of all signal
components obtained by VMD at this position are
calculated accordingly. The smallest one is deemed as the
local minimal fitness value (denoted by mintarget), and the
corresponding signal component contains rich structural
feature information in the group. In order to search for the
global best component that contains the most feature-rich
information from the bridge displacement signal, the local
minimum entropy value is used as the fitness value in the
optimization process, and the minimization of the local
minimum entropy value is used as the final search goal. The
procedures to optimize the VMD coefficients aand K are
summarized as follows.

(1) Initializing the parameters of the PSO algorithm and
determining the fitness function in the optimization
search process.

(2) Taking the parameter combination [a, K] as the
particle position, generate a certain number of
influencing parameter combinations as the initial
position of the particle, and initializing the moving
velocity of each particle.

(3) Applying VMD on the signal under different
particle positions and calculating the corresponding
fitness value (target) according to Eq. (21).

(4) Comparing the fitness values, and updating
individual local extremes and population global
extremes.

(5) Updating the velocity and position of the particle
using Eq. (20).

(6) Repeating iterations and go to step (3) until the
number of iterations reaches the maximum set
value, and then outputting the best fitness value and
the position of the particle.

It should be noted that improved VMD algorithm
automatically selects the best parameters that suitable for
extracting the quasi-static components in which the
extraction error due to the manual selection [, K] can be
effectively avoided.

4.3 VMD boundary effect improvement based on
MIE criterion

The MIE is used to describe the difference in
uncertainty between two random variables in the statistical
relevance sense. It can be expressed as

I(X,Y) = HYY) — HY|X) (24)
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where H(Y) is the information entropy of the signal Y;
H(Y|X) is the conditional entropy of Y when X is
known, they can be calculated through the methods in
Cover and Thomas (2005). The theorem of data-processing
inequality “If X Y > Z, then I(X,Y)>I1(X,Z)” in
Cover and Thomas (2005) shows the same change trend of
MIE and data inequality. Hence, MIE, which has the same
role as inequality in this study, increases with the
correlation between X and Y (Hausser and Strimmer
2014), thus it can be used to judge the correlation level
between sub-waveforms in the original signal. The signal
segment with the largest mutual information value to the
signal at the boundary is taken out from the original signal
as the best matching signal segment based on the MIE.
Further it is translated to both ends of the original signal for
the signal extension.

The improved VMD algorithm uses the MIE criterion to
extend the signal of the vehicle-induced bridge dynamic
response, which effectively avoids the signal discontinuity
caused by the incoming and outgoing bridges of the vehicle
and the spectral leakage caused by Hilbert at the
boundaries.

4.4 Extraction procedure

The procedure to extract the quasi-static components
from the vehicle-induced bridge dynamic response is
provided in Fig. 5, specific as:

Step 1: Obtaining the bridge displacement response
induced by the moving vehicle;

Step 2: Extending the signal of the vehicle-induced
bridge dynamic response based on the MIE

Input bridge displacement response

)

Extension of displacem ent response based

on mutual information entropy criterion

Initialization parameters [K; ;]

Update iP articles

ot =k G+en(ph - Ki )= em (g -K5)|

K =Ki+af

Update targetibased on VMD

target —argmin (Ed-SampEn )
w2,

No

Determine the optimal parameters

[Kege gl
\f}ml

Output quasi-static signals

Fig. 5 Flow chart of quasi-static signal extraction

criterion to obtain a continuous and stable signal;

Step 3: Finding the value of the globally minimized
objective function using the PSO algorithm and
determine the optimal number of modes Ko
and penalty parameter p;

Step 4: Extracting the low-frequency component of the
bridge dynamic response through the VMD
method.

5. Numerical examples

In this section, numerical examples of a simply
supported bridge and a two-span continuous girder are used
to verify the feasibility of the proposed quasi-static
component extraction method in terms of accuracy,
robustness and applicability, respectively.

5.1 Accuracy verification

In the previous sections, the moving force model is used
instead of the moving vehicle model by assuming that the
vehicle mass is much smaller than the bridge mass.
However, the vehicle itself is a combined system of rigid
body, damping, and spring, and the dynamic characteristics
of the vehicle affect the interaction force. In this section, a
three-parameter model of mass-spring-damping is used to
simulate the moving vehicle (Fig. 6).

The governing equation of the vehicle-bridge system
with N finite elements can be expressed as (Li and Au

2014)
d=1o wltl+le, @)
Pv 0 Mv qv va Cv QV (25)
n [Kb Kbv] {ub}
Kvb Kv v

where M, and K, are the system mass matrix and
stiffness matrix of the bridge, respectively; C, is the
damping matrix which can be represented as C, = a; M, +
a,K,, a; and a, are the two parameters in the Rayleigh
damping model; ii,, 1, and u, are the acceleration,
velocity, and displacement response of the bridge,
respectively; M,, C, and K,, are the mass, damping and
stiffness matrix of the vehicle, respectively; §,, ¢, and g,
are the acceleration, velocity, and displacement response of
the vehicle, respectively; P, and P, are the external loads.
The main parameters of the bridge are shown in Table 1.
The vehicle model is same as in Section 3, and the vehicle
velocities are v =20km/h, v=50km/h, and v=
100 km/h, respectively. The measurement point is located
at the middle span, and the sampling frequency is set to
be1000 Hz. Fig. 7 shows the measured displacement

ity

A Measuring point
X
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Fig. 6 Vehicle-bridge coupling model
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Fig. 7 Vehicle-induced bridge displacement response
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Fig. 8 Bridge displacement response extension

response induced by the vehicle with different moving
velocities. It can be seen that the number of vibration
periods of the bridge response decreases and the high
frequency vibration amplitude increases with the increasing
of the vehicle velocity.

The quasi-static components are extracted from the
measured responses (Fig. 7) using the improved VMD
algorithm described in Section 4.4. Firstly, the bridge
responses are extended by the MIE criterion described in
Section 4.3, and the corresponding results are plotted in Fig.
8. Secondly, the PSO algorithm is used to find the globally
optimal number of modes K and penalty parameter a by
iteration (Fig. 9). The population size S of the PSO
algorithm and the maximum number of iterations of the
population are both set to be 20 (Clerc and Kennedy 2002).
The acceleration factors ¢; and ¢, are set to be 1.5 (Clerc
and Kennedy 2002). The bridge response induced by the

0.062 -
0.06
0.058

0.056

target

0.054 -

0.052

0.05

1 2 4 6 8 10 12 14 16 18 20
Number of iterations

(a) Iterative curves of local adaptation minima

vehicle moving at a very low speed is considered as the
theoretical static response. Fig. 9 indicates that the quasi-
static component extraction results tend to be stable. The
error between the extracted quasi-static component and the
theoretical static response decreases with the iteration
process, and tends to be zero expect the areas near the
supports when the iteration number is 20. Finally, the quasi-
static components are extracted via the improved VMD
algorithm based on the MIE criterion and the optimal
parameters selected by PSO algorithm. The extraction
results are presented in Fig. 10. The extracted quasi-static
components are well identical with the theoretical static
response when the moving velocity is v = 20 km/h, which
clearly indicates that the proposed method can extract the
quasi-static components adaptively and accurately.

The performances of the VMD method, the traditional
low-pass filtering represented by Butterworth, AMD, EMD,
wavelet transform and single channel blind source
separation methods are compared to verify the superiority
of the proposed method. The quasi-static extraction results
obtained by the above mentioned methods are plotted in
Fig. 11. Both AMD and VMD perform well when the
velocity is 50 km/h (Fig. 11(a)). However, the mode
mixing aggravates when the velocity reaches 100 km/h as
the low-frequency quasi-static signal is gradually close to
the high-frequency signal (Fig. 11(b)). Compared to the
theoretical static components, obvious errors can be
founded in the quasi-static components extracted by the
traditional low-pass filtering method, AMD, and EMD
algorithms (Fig. 11(b)). The selected wavelet scales in the
wavelet transform have a great influence on the extraction
accuracy (Fig. 11(c)). Desirable results are obtained when
Daubechies 10 (db10) is selected while remarkable errors
appear when Daubechies 6 (db6), and Daubechies 8 (dbS8)
are selected (Fig. 11(c)). Thus, the difficulty in selection of
wavelet scales would hinder the application of wavelet
transform in quasi-static components extraction. As the fast
moving vehicle-induced dynamic response is measured via
a single sensor, only the single-channel based signal
processing tools are applicable to fulfill the extraction
target. The performance of the single-channel blind source
separation algorithm does not comply with the
requirements, which may be caused by the fact that the
quasi-static components and the high-frequency

<107

0 —
—Quasi static
[Kn,no}
-0.5
[Kgs0t,]
g
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(b) Extraction results with different optimal parameter combination

Fig. 9 PSO iterative process
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%10

Location (m)

Fig. 10 VMD extracted quasi-static components at vehicle
speed of 20 km/h

components of the vehicle-induced dynamic response are
not in a mutually independent state (Castiglione et al. 2018,
Sadhu et al. 2017).

In order to quantify the discrepancy between the
identified results and theoretical results, three indexes, i.e.,
relative error of the peak value, relative error of the peak
value position, and total relative error are defined for
comparison.

Upmax — Ui,max

5= x 100% (26)

ul,max

where U mq, and U, denote the maximum values of
the theoretical static response and the extracted quasi-static
component, respectively.

The relative error of the peak value position is defined
as

— X(al,max) - X(ul,max)

k T X 100% 27)
3
0 >§10 :
N — Static
N\ === VMD
050\ AMD
—_ i\
& 4
7
-1.5
2 J
0 5 10 15 20
Location (m)
(a) VMD and AMD (50 km/h)
0 x107 ‘ ‘ :
) Static
5F
E 10
7
-15 -
0 5 10 15

Location (m)

(c) Wavelet Transform method

where X(sy) isthe x -coordinate of the data point s,.
The total relative error is defined as

Ll () — w ()]

T i@l

where #; and u; denote the theoretical static response and
the extracted quasi-static component, respectively.

The evaluation indexes calculated according to Egs.
(26)-(28) are listed in Table 2. When the velocity is
20 km/h, the three evaluation indexes §, k and r are all
less than 0.1%, which indicate that the low-frequency quasi-
static components extracted by the proposed method are
very close to the theoretical solution. However, the three
evaluation indexes gradually increase with the increase of
the vehicle moving velocity. When the velocity is
100 km/h, the evaluation index r calculated from the
quasi-static response and the theoretical static response
extracted by the AMD algorithm reaches 6%, and the peak
magnitude and position are greater than 3%. However, the
error of the quasi-static response extracted by the improved
VMD method is less than 3% with respect to the theoretical
static response for all three indexes. Compared with AMD,
the improved VMD algorithm proposed in this paper can
extract the quasi-static components of the vehicle-induced
bridge dynamic response more accurately and without
manual intervention during the extraction.

x 100% 28)

5.2 Robustness verification

(1) Road roughness
Road roughness is one of the main excitation sources for
the vertical vibration and significantly affects the dynamic

Static

0 5 10 15
Location (m)

(b) VMD and AMD (100 km/h)

0 %1073
— Static
----VMD
05
E 4
i
A5¢
oL . . J
0 5 10 15 20

Location (m)

(d) Blind source separation method

Fig. 11 Comparison of quasi-static components and theoretical static components extracted by different method
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Table 2 Evaluation indexes under different vehicle speed

Vehicle speed Ugt max Ugt max X(ﬂst,max) X(ust,max) 8 (%) k (%) r (%)
(km/h) (107 m) (10° m) (m) (m) VMD AMD VMD AMD VMD  AMD
20 1.532 1.5318 10.00 9.999 0.013 / 0.001 / 0.008 /
50 1.532 1.533 10.00 9.833 0.065 0.56 0.83 2.68 0.61 0.63
100 1.532 1.515 10.00 9.722 1.110 3.95 1.39 4.71 2.51 6.00
3

0 ?10 . 7 the optimal parameter combinations. Fig. 13 provides the

\ B wa extracted low-frequency quasi-static components, and they

081\ ¢ . / are found to be in good agreement with the theoretical static

= “\ // response. The corresponding evaluation indexes are

5 o o ’ calculated according to Egs. (26)-(28) and summarized in

s ""7\7\\/% [97\3 ! Table 3. The maximum values of §, k and r are 1.31%,

A 0.91% and 1.18%, respectively, which demonstrates that the

P proposed method can accurately extract the quasi-static

0 5 10 15 20

Location (m)

Fig. 12 Bridge displacement response at different road
surface roughness

response of bridges. Therefore, this subsection analyzes the
effect of road roughness (grade A, B, and C) on the
proposed method. The vehicle-bridge model is the same as
in the previous sections, and the vehicle velocity is set to
be50 km/h. The dynamic responses of the bridge with
different road grade are shown in Fig. 12. It can be seen that
the magnitude of the bridge response increases with the
road grade. Then the optimal parameter combinations are
calculated based on the PSO algorithm as [a,, K] =
[5,500], [ag, Kz] = [5,1045], and [a., K-] = [8,508] for
the grade A, B, and C road, respectively. The vehicle-
induced bridge responses are extended based on the MIE
criterion and then processed by the VMD algorithm with

components with different road roughness.

(2) Measurement noise

In practice, the dynamic response signals are inevitably
polluted by measurement noise. The Gaussian white noise
with zero mean value is added into the bridge response.

u, =u+ EpNnoise X G(u) (29)

Where u, is the displacement response signal with
noise; E, is the noise level; Ny, is a vector of
independent random variables following a standard normal
distribution, and o(u) is the standard deviation of the
bridge displacement response.

The parameters of the vehicle-bridge model, the moving
vehicle velocity, and the location of the measurement points
are kept the same as in the previous sections. Three noise
levels, i.e., 1%, 5%, and 10% are considered separately, and
the bridge displacement response with 10% noise is plotted

-3
x10 -3 -3
0 . . . 0 10 0 10
Static Static
---VMD ==~ VMD
-0.5 051
E E 4 E 4
5 - -
1.5 1.5
2 oL . . ol . .
0 5 10 15 20 0 5 10 15 20 0 5 10 15 20
Location (m) Location (m) Location (m)
(a) Grade A (b) Grade B (c) Grade C

Fig. 13 VMD extracted quasi-static components with different road surface roughness

Table 3 Evaluation indexes under the different road grade

Road grade (lﬁ;g”;f) (lﬁ;g"g) X(a(sé»;)"ax) X (u(SI;r)nax) ( ;} ) ( 0’;0 : (02)
A 1.532 1.535 10.00 10.144 0.19 0.72 1.08
B 1.532 1.536 10.00 10.182 0.26 0.91 0.44
C 1.532 1.552 10.00 10.072 1.31 0.36 1.18
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o 20? . r Table 5 The main parameters of the bridge
\\ ,;' Parameter Value
05!
\ W’ Span length (L) L=20mx2
E m 'fnl Elasticity modulus (E) 2.75 x 101% N/m?
S h . : 4
5, ‘mw Moment of inertia (I) 0.12m
45| w"‘\m / Density () 2400 kg/m?
_ Cross-sectional of area (4) 2.0 m?
2 5 10 15 20
Location (m)
Fig. 14 Bridge responses with 10% noise 10 x10% e
™ ----50 kmh
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ol . ‘ ‘ | Fig. 17 Displacement response of bridge caused by
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Location (m)

Fig. 15 VMD extracted quasi-static components with
different noise level

in Fig. 14. Following the same procedures as in “(1) Road
roughness”, the low-frequency quasi-static components are
extracted and presented in Fig. 15. The extracted results fit
well with the theoretical static solution when the noise
levels are 1% and 5%. However, vibrations can be found in
the quasi-static component when the noise level is 10%.
The corresponding evaluation indexes are compared in
Table 4. The maximum values of §, k and r are 0.67%,
1.20% and 2.62%, respectively, which demonstrates that
measurement noise doesn’t affects the performance of the
proposed method too much.

vehicle with different speed

5.3 Applicability verification

In this subsection, the influence of bridge type on the
proposed method is investigated using a two-span
continuous bridge. The bridge diagram of the two-span
continuous bridge can be seen in Fig. 16, and the
parameters are shown in Table 5. The vehicle model is the
same as in the previous subsection and the vehicle
movement velocity is set to be v=20km/h, v=
50 km/h, and v = 100 km/h respectively. Fig. 17 shows
the bridge displacement responses caused by the moving
vehicle with different velocities. The low-frequency quasi-
static components are extracted by the improved VMD
algorithm as in Section 5.2 (Fig. 18), and they coincide with
the theoretical static solution. Table 6 lists the evaluation
indexes calculated by Egs. (26)-(28). When the velocity is

Table 4 Evaluation indexes under different noise level

Noise level Ust max Ust,max X(ast,max) X(ust,max) 5 k r
(%) (103 m) (10 m) (m) (m) (%) (%) (%)
1 1.532 1.5217 10.00 9.95 0.67 0.25 1.56
5 1.532 1.5224 10.00 9.92 0.63 0.40 1.68
10 1.532 1.524 10.00 9.76 0.52 1.20 2.62

[ T T T T T T T T T T T J T T T T T T T T T T T T T T T T T T1T]
7&1,23 €5 6 7 8 910 11 12 13 14 15 16 17 18 1920Q)21 22 23 24 25 26 27 28 29 30431 32 33 34 35 36 37 38 3911;?”

Fig. 16 Vehicle-bridge coupling mod
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Fig. 18 VMD extracted quasi-static components with different speed of the continues beam

Table 6 Evaluation indexes of the continuous bridge under different speed

Vehicle speed Ust max Ust,max X (ﬂst,max) X (ust,max) 8 k r
(km/h) (10°m)  (10%m) (m) (m) @ %) )
20 7.806 7.818 10.00 10.04 0.15 0.20 0.61
50 7.806 7.831 10.00 10.15 0.32 0.75 1.57
100 7.806 7.980 10.00 10.07 2.23 0.35 430
20 km/h, the three evaluation indexes are all less than 1%, ! U 2 13 !
which means that the quasi-static components extracted by - —— 7
the proposed method are very close to the theoretical static | f ‘ Ll 12 13 ‘ ‘
30m 30m . 30m

solution. The three evaluation indexes and the extraction
errors of the low-frequency quasi-static components
increase with the vehicle velocity. This conclusion is similar
as in the simply supported beam.

6. Real bridge applications

The Tongan Line of the Xiamen Bus Rapid Transit
System (BRT) starts from Binhai Avenue, and ends at
Tongan Junction Station. The selected test bridge is a three-
span concrete box girder bridge with a total length of 90 m
(Fig. 19). During the normal operation of BRT, strain
sensors are placed at 1/4, 1/2 and 3/4 of the main span. The
bridge and the corresponding sensor locations (L1, L2 and
L3) are shown in Fig. 20. The strain responses of the bridge
are measured and stored in the health monitoring system
platform. The strain responses measured during the time
period of November 2, 20:00-20:30 are selected in this
study, and the strain responses at L1 are shown in Fig. 21.

e TSR

Fig. 19 Elevation of BRT

Fig. 20 The arrangement of the strain sensor

—bus1

Strain (p&)

0 30 60 90
Location (m)
Fig. 21 Measured strain response at the L1 measurement
point

Strain (p€)

0 30 60 90
Location (m)
Fig. 22 Quasi-static strain responses of L1 measurement
points extracted by the improved VMD
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Fig. 23 Extraction results of improved VMD algorithm

During this period, there were 4 vehicles passed through the
bridge in the forward direction (Tongan Station - Binhai
Station).

It should be noted that the load weights acting on the
bridge vary due to the different passenger number of the
BRT vehicle, which results in different peak locations and
magnitudes in the strain responses at the same location. The
improved VMD algorithm is applied on the strain responses
(Fig. 21), and the extracted quasi-static components are
presented in Fig. 22. The extracted quasi-static strains are
smooth in shape for each vehicle, but the maximum strain
values vary slightly due to the different number of
passengers in each BRT vehicle. In order to avoid the
influence of the weight variation caused by the different
number of passengers, the measured strain data are
normalized to the maximum strain. Then the normalized
measured strain responses are used as the input signal to
extract the quasi-static components via the improved VMD
algorithm, and the results are presented in Fig. 23. The
extracted quasi-static components are very close in peak
position, peak value and strain shape for each vehicle at
different measurement points. The quasi-static components
are identified stably for different measurement points even
under the adverse effects induced by road roughness and
measurement noise, which convincingly verifies the
effectiveness of the proposed method.

7. Conclusions

This paper investigated the accurate and adaptive
extraction of quasi-static components from the dynamic
response of a bridge moving at high velocity. Firstly, the
analytical solutions of the frequency components caused by
road roughness, high-frequency dynamic components
controlled by bridge natural frequency and quasi-static
components in the vehicle-induced bridge response were
derived. The quasi-static components were found to be
independent of the vehicle velocity and road roughness, and
could better reflect the inherent characteristics of the bridge.
Secondly, the main challenge of extracting the quasi-static
components from the vehicle-induced bridge dynamic
response was systematically analyzed. The increase of
vehicle velocity would cause the high-frequency and low-
frequency components of the vehicle-induced bridge
dynamic response to gradually approach each other in the
frequency domain and form mode mixing, which revealed

the reason why the extraction effect of quasi-static
components by the common low-pass filtering method
decreased as the velocity increased. Then the relationship
between the quasi-static components and the vehicle-
induced bridge dynamic response was analyzed
systematically, and an improved VMD algorithm for
adaptively extracting the quasi-static components was
proposed based on the PSO algorithm and the MIE
criterion. The numerical examples and real bridge tests
verified that the improved VMD algorithm could extract the
quasi-static component of the vehicle-induced bridge
dynamic response with high accuracy considering the road
roughness, vehicle dynamic effect, vehicle velocity,
measurement noise and different bridge. Compared to the
traditional low-pass filtering represented by Butterworth,
AMD, EMD, wavelet transform and single channel blind
source separation methods, the proposed method had
obvious superiority in extracting the quasi-static
component.
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