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Abstract

This paper explores the advantages of Variational Mode Decomposition (VMD)
in detecting local damage on beam type structures (bridge) subjected to a sprung
mass (vehicle). VMD is used to decompose the acceleration time history of the
bridge at its midspan into its constitutive intrinsic mode functions (IMFs). The in-
stantaneous frequency (IF) and instantaneous amplitude (IA) of the first IMF show
irregularities at the damage position. We demonstrate through computer simula-
tion that VMD is superior for detecting damage when compared to the well-known
Empirical Mode Decomposition (EMD) method. A new damage sensitive feature
(DSF) is also introduced that considers synchronisation of peaks between the IA
and IF signals. The results show that the new DSF can enhance the peak at the
damage positions while suppressing peaks at other locations.
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1. Introduction

There are two types of damage that are addressed in the context of the structural
health monitoring of bridge structures (simply supported beam model). These are
(1) local stiffness reduction, such as open or breathing cracks [1, 2, 3] or bolt looseness
[4] which are, more often, modeled as a massless rotational spring with a stiffness
equal to the stiffness of the reduced section; and (2) Stiffness reduction of a more
extensive area of the beam due to fatigue damage [5]. The latter type of damage is
mostly modeled by multiplying the stiffness matrix of the defective element [6] by
a scalar constant 1 — A, where X is a damage index varying between 0 for a healthy
structure and 1 for a totally defective element. Equivalently, in other research, the
damage is simply modelled as a reduced cross section [7, 8, 9].

Having categorised the types of damage, there are generally two classes of tech-
niques to locate them on bridges. The first category, which is response-based and
therefore baseline-free, has roots in signal processing [10]. These methods often
seek a peak at the position of the local damage. To characterise the damage, the
signal needs to be decomposed into constructive narrow-banded components using
some signal decomposition algorithms such as wavelet transform (WT) [11], em-
pirical mode decomposition (EMD) [12, 2, 13], or variational mode decomposition
(VMD) [14]. Other signal-based techniques include those based on machine learning
algorithms such as deep-learning [15]. The second category is baseline based damage
detection techniques [16], in which one compares the response of the defective struc-
ture against the response of the healthy structure to derive information about the
damage. This often relies on the finite element (FE) model updating of the intact
structure. Both the above classes of techniques have been used to locate either local
crack or fatigue damage on beam structures in the literature.

A recent review of bridge structure damage identification methods [17] classifies
bridges as beam, truss, arch, cable-stayed or suspension, and within the beam bridge
category several techniques are described including acceleration-based time-domain
damage index waveform analysis. This paper deals with the first type of damage
(crack damage) and introduces an acceleration response-based damage detection

technique for local crack damage detection on beam bridge structures. Hence no
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baseline or FE model of the healthy structure is required for detection purposes.

A commonly used excitation for response-based techniques on bridges is the
moving load or mass. It has been shown that the deflection response of the beam
when using a small and uniform velocity of the moving load is analogous to the
Influence Line (IL) of the beam [18]. As such, a quasi-static moving load can be
traversed across the bridge to derive the beam IL. According to the Maxwell-Betti
principle of reciprocal deflection, the response at some point A on the beam is equal
to the deflection of the beam at each load point when a static force is applied to A.
This property has recently been used by Sun et al. [6] to obtain the curvature of the
beam. Yang et al. [19] had earlier shown that the curvature of the beam is sensitive
to damage and, therefore, can be considered a good damage indicator.

The dynamic component of the response has also been shown to contain useful
information about damage. For example, wavelet transformation has been used to
separate the dynamic response of the beam for damage detection. He et al. argue
that the moving load frequency component of the response of the beam is preferred
for damage localisation. Therefore, a multi-scale discrete wavelet transform is used
in their paper to separate the moving frequency component from beam frequency
component for damage localisation [8].

In terms of innovative signal processing used in response-based techniques, the
most significant and widely used recent contribution to the field of structural health
monitoring (SHM) is Empirical Mode Decomposition (EMD), first introduced by
Huang et al. [20]. This is a technique that interpolates splines between the average
of the peaks and troughs and recursively subtracts these curves (known as Intrinsic
Mode functions, or IMFs) from the original signal.

A key reason for the effectiveness of EMD is that it preserves the nonlinear re-
sponse of the bridge to the moving mass at the position of the local damage. These
nonlinear effects are known to be of higher frequency and therefore the higher fre-
quency bands of the signal (the first intrinsic mode functions, or IMFs) are more
sensitive to the damage [12]. Meredith et al. proposed a technique based on the
EMD to detect multiple damage on a simply supported beam subjected to a moving
load. However, the effect of the road roughness on damage detection is not con-

sidered in their work. Obrien et al. [21] used EMD for drive-by bridge damage
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detection. Although the effect of the road roughness profile is considered in their
paper, a difference in the acceleration signals on healthy and the corresponding dam-
aged structures is used, which must be obtained prior to applying EMD. Therefore,
the technique requires a baseline to be available from an experiment conducted on
the intact structure. However, He et al. argue that a baseline is not generally useful
due to the fact that a small fluctuation of the velocity of the moving mass can bring
about a discrepancy of the velocity profile for the moving mass (in the experiments
conducted on the intact and damaged beams) [7]. Therefore in this paper we pro-
pose a baseline-free method which can localise damage on a simply supported beam
subjected to a moving mass considering the road profile effects.

Using different instrumentation such as a switch from the bridge to a passing
vehicle to collect indirect measurements for the bridge responses has been demon-
strated as a useful technique for bridge damage detection in recent years [1, 22].
Unmanned Aerial Vehicles (UAVs) has also been used as a new technique for bridge
inspection recently [23, 24]. More advanced strategy using this new technique has
been proposed in [25, 26].

Several authors have used the first (highest frequency) IMF for damage detection.
For instance, Roveri et al. [2] exploited the EMD algorithm to detect an open crack
on beams using the instantaneous frequency (IF) of the first IMF of the dynamic
deflection response of the bridge. In a study conducted by Quek et al., the au-
thors investigated the feasibility of application of the Hilbert-Huang transformation
(HHT) in locating any types of anomaly in structures using detected propagating
wave signals [27]. Pines et al. applied HHT to study damage in some 1D structures
by decomposing recorded time series to extract the phase, and damping informa-
tion [28]. These extracted data are then used to determine the underlying incident
energy propagating through the structure.

Cheraghi et al. introduced novel damage indices using EMD and Fast Fourier
Transform (FFT) integration for detecting any change in stiffness of a vibrating
pipe. The authors studied the first IMF for extracting information about damage.
A finite element simulation is carried out for both the healthy and damaged pipe.
The results show that the proposed damage indices are sensitive to the size and

location of the damage [29].
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In one of the first studies to apply EMD to VBI data with introduced noise in
the form of road surface roughness, OBrien et al. apply EMD to decompose the
acceleration signal of the beam subjected to a moving load into its component [21].
Then the first IMF is obtained from the decomposed acceleration signal to derive
information about damage. OBrien et al. define a damage indicator based on the
difference between the signals obtained from the intact and damage structure. It is
shown that this subtraction can remove the effects of road profile excitation as well.

However, in most of these EMD-based studies, either no noise is present, or
a baseline undamaged structure response is required. Many new advanced signal
processing techniques have been developed in recent years which can be exploited
to capture the nonlinear part of a time series [30, 31]. The following section briefly
describes and compares the HHT and EMD signal processing techniques, outlines
their shortcomings, and proposes variational mode decomposition (VMD) as an
alternative to EMD. VMD was first introduced in the 2014 paper of Dragomiretskiy
and Zosso [30], and has been widely used for fault detection in mechanical and
electrical applications (see for example [32, 33]).

The paper presents two key contributions as follows: (1) it demonstrates that
VMD can be deployed for damage detection on a simply supported beam subjected to
a moving mass, including the presence of the road roughness profile, and is superior
to EMD because the decomposition can be better controlled to exclude unwanted
features; and (2) the instantaneous frequency and amplitude data obtained from
the first IMF of the acceleration signal using VMD may be fused in order to better

localise damage, as well as to remove any peaks not related to damage.

2. Signal decomposition techniques

2.1. Hilbert transform

The Hilbert transform was first introduced by David Hilbert (1862-1943) [34].
In modern signal processing approaches, the Hilbert transform is widely used to
interpret signals. The basic condition for using the Hilbert transform is causality
which means that the signal at any time is not dependent on any future events or

conditions. It follows that the signal for negative time is zero. The general form of
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the Hilbert transform of a causal signal g(t) is defined as

1
g(t) = lim = 9(7)
e—0 T |r—t|>e t—T

dr, (1)

where, §(t) represents the Hilbert Transform of the signal ¢(t), and the limit satisfies
Cauchy principle value for the integral [35]. It can be shown that the integral of
Equation 1 converges and consequently the Hilbert transform is well-defined.
Physically, it is often valuable to define a quantity known as the ‘instantaneous
frequency’ (IF) when dealing with a non-stationary signal. Accordingly, an analytic
signal g, (t) is first defined (see Gabor [36]) in which the real and imaginary parts of
Gabor’s complex signal are the original signal and its Hilbert transform, respectively.

Therefore one may write
ga(t) = g(t) + j9(t). (2)

The resulting analytical signal g,(t) can be written using Euler’s formula in terms
of time-variant ‘instantaneous amplitude’ (IA) g,,(¢) and ‘instantaneous phase’ ¢(t)

Ya (t) = 9m (t)ejd)(t)a (3)

and g, (t) and ¢(t) are in turn

gm(t) = Vg*(t) + §2(1), (4)

#(t) = tan? <g8>. (5)

Finally, the instantaneous frequency (IF) can be evaluated by differentiating the

instantaneous phase with respect to time,

w(t) = 7R (6)

According to this definition, instantaneous frequency is well-defined when ap-
plied to a mono-component or monotonic signal, which means that at each time the
signal is not a combination of a number of different signals. Otherwise, the instan-
taneous frequency for a multi-component signal is meaningless. However, Huang
et al. introduced the Hilbert-Huang Transform (HHT) using an Empirical Mode
Decomposition (EMD) method to first separate a multi-component signal into its

constructive modes, each of which is mono-component (narrow-banded) [20], before
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applying the Hilbert Transform. The modes thus obtained are termed Intrinsic Mode
Functions (IMFs), and the original signal can be fully reconstructed by combining
them. The process through which these modes are obtained is a recursive sifting
process, described below.

It is shown that the HHT can be applied to a non-stationary non-linear sig-
nal, whereas the FFT by definition assumes an energy signal not suitable to non-
stationary signals, while the wavelet transform can be applied to non-stationary

linear signals.

2.2. Empirical mode decomposition (EMD)

As mentioned in the previous section, the EMD is an empirical decomposition
algorithm first introduced by Huang et al. in order to decompose a non-stationary
signal into its oscillation modes or IMFs [20]. Despite the traditional linear modal
analysis, IMFs extracted from EMD can be non-stationary, i.e. they can be mod-
ulated in both amplitude and frequency. However, in common with linear modal
analysis, each IMF is narrow band and approximately involves only one mode of

oscillation. Hence, the IMF’s characteristics can be summarized as follows:

1. as each IMF is narrow band, it involves only one mode of oscillation;
2. each IMF is modulated in both amplitude and frequency;

3. an IMF can be non-stationary.

Figure 1 shows the flowchart of the basic EMD algorithm applied to an arbitrary
signal X (t).

2.8. Shortcomings of EMD and alternative approaches

The EMD algorithm has been shown to be very effective in decomposing non-
stationary and nonlinear signals into its components and, therefore, has been em-
ployed as an effective method for damage detection and other SHM contexts by
many researchers [28, 29, 38, 39, 40].

However, although the HHT is considered a good method for studying non-
stationary signals, current implementations exhibit some shortcomings rooted in

the use of EMD to decompose the signal [41].
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Figure 1: Flowchart for the EMD algorithm [37].
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EMD, being an empirical method, sometimes fails to decompose a signal into
perfectly narrow-banded components. As a results, the change in instantaneous
frequency cannot be detected when the extracted IMF covers a wide-band frequency
range. Hence, several modifications have been introduced by researchers to improve
the performance of HHT in decomposing a signal into mono-component parts [42,
43].

It has also been argued that EMD shows limitations in terms of sensitivity
to noise and sampling [44] and several researchers have introduced new schemes
that overcome these limitations. Recently Dragomiretskiy et al. introduced a new
method, called variational mode decomposition (VMD), for adaptive decomposition
of a signal into its components [30]. The method is a generalization of the classic

Wiener filter. Consequently, in contrast to EMD, VMD is entirely non-recursive.

2.4. Variational mode decomposition (VMD)

New signal decomposition methods have been proposed to deal with the short-
comings of EMD. As such, VMD is a newly proposed signal decomposition technique
that seeks to decompose a real valued signal X (¢) into its components. Since the
criteria for a mode to be considered as an IMF slightly changed [45, 46], VMD de-
fines an IMF as an Amplitude-Modulated-Frequency-Modulated (AM-FM) sinusoid

with the following additional characteristics:

1. the phase corresponding to an IMF is a non-decreasing function;
2. the envelope of the IMF' is non-negative;
3. both the envelope and the instantaneous frequency corresponding to an IMF

vary much more slowly than the phase;

As such, the IMF can be written as

ug(t) = Ag(t) cos(gr(t)) (7)

where Ag(t) is the instantaneous amplitude and and ¢ (t) represents represents the
phase. Note that, from Equation 6, wi(t) = <Z>;€(t).
Comparing the new definition of IMF with the original one introduced by Huang

et al., it is clear that the new definition is slightly more restrictive. As a result, this
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forces a mode to have a smaller frequency domain support, complying with the
concept of a mono-component signal.

The main algorithm of the VMD method can be found in Dragomiretskiy and
Zosso’s original paper [30], and the MATLAB code for implementing the algorithm
can be found online [47]. Figure 2 shows the general scheme of VMD. In implement-
ing the algorithm, although two further terms are added to the goal function of the
optimisation problem, which are (1) a quadratic penalty at finite weight, and (2)
a Lagrangian multiplier to strictly enforce the constraint (the reader is referred to
the original paper for further details [30]). The former will further guarantee the
achievement of convergence in the presence of noise in the signal. As such, three

main parameters have to be set in the MATLAB program as follows:

1. a quadratic penalty term («), higher values of which decrease noise in the de-
composed IMFs. However, increasing « also decreases the bandwidth, which
decreases the accuracy with which the center frequency of each mode is cap-
tured. It is noted that the noise thus eliminated does not appear in the IMFs,
hence a version of the original signal with reduced noise is recovered when all
the extracted IMFs are summed.

2. the number of modes into which the signal is chosen to be decomposed (k). In
contrast to EMD, VMD can decompose the signal into an arbitrary number
of IMFs. However, a good decision on the optimum number of IMF's depends
on a knowledge of the physics of the studied system. In EMD, the signal is
recursively decomposed, therefore the user cannot a priori control the number
of decomposition steps. This may over-decompose the signal into too many
IMF's, especially in the presence of noise, hence individual IMFs may have
missing information.

3. the convergence tolerance level (€), which controls the relative error in the
reconstructed modes. For small values of € the decomposition is essentially

independent of the value chosen.

10
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Figure 2: Scheme of the VMD.

3. Vehicle Bridge Interaction (VBI) simulation considering road rough-

ness

In this section, a finite element model of the vehicle bridge interaction is devel-
oped, taking into account the road roughness (Figure 3). The example studied in
this paper is identical to the one used in [1]. Accordingly, a sprung mass m, with
the stiffness k, and damping ratio ¢, is considered to travese the bridge (simply
supported beam) at constant velocity, and the interaction between the mass and the
bridge is taken into account. Hermite cubic shape function for beam elements are

used as follows for finite element modeling,
Ny =1-3¢2+2¢
N2 = Le (¢ =26+ (%)
N3 =3¢%-2¢3
Ni=Le (=3 +¢7).
As such, the cubic Hermitian interpolation vector [IV]. evaluated at the contact point

is constructed and used in the finite element model of the bridge-vehicle interaction

11
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as follows [1],

my 0 { ijv }+ c —cof{ N}I { I }

0 [m) {an} —c{N}e o] + c{N}AN}T {dv}
Ky —c, VIN'}T — ko {N}T Yo

—ko{N}e [ke] + coVIN}ANIT + ko {N}AN}T { {a} }

+
(9)

{ e V1l + kit }
—c VI {N}e = kyre{N}e — myg{N}.

where [my], [cp], and [kp] represent respectively the mass, damping and stiffness
matrices of the finite element model of the beam and, as mentioned above, m,,, ki,
and ¢, represent respectively the moving mass and its suspension system. Note that
in the above equation 7 and ' represent respectively the transpose of a matrix and
derivative with respect to the position, and y, and {q,} represent respectively, the
vertical displacements of the moving mass and the nodal degrees of freedom (vertical
translations and rotations) of the VBI elements.

The damping in this equation is modelled as Rayleigh damping, i.e. of the form
[c] = a[m| + Blk]. The Rayleigh constants o and /5 were set to achieve the target
damping ratios specified in Table 1 at the first two natural frequencies, namely 5%
and 10% for the beam and suspension respectively.

Finally, r. denotes an artificial road roughness generated by the following equa-

tion from [48], which in turn is based on ISO 8608,
N n
k -3 0 .
E Vi - T + o 1
re(z) - 2" x107° x VAn (z n) cos (2miAnx + ¢;) , (10)

where the constant (2¥ x 1073) has units m*/2? and An has units m~!, hence . has
units m. The constant scalar & depends on the ISO road profile classification and
takes an integer from 3 to 9, corresponding to the profiles from class A to class H (in
this paper k = 3), and ng = 0.1 m~!. Also in Equation 10, 2 denotes the variable
abscissa on the road with respect to the reference point, ¢; is a random phase angle
within the range of 0 to 27 with a uniform probabilistic distribution, and N = L/B
and An = 1/L, where L is the length of the road profile and B is the wavelength of

the shortest spatial component of the roughness profile.

12
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The finite element model of Equation 9 can be solved using Newmark constant
average acceleration method in MATLAB with 5 = 0.25 and v = 0.5. In order to
achieve a reasonable initial condition, it is assumed that the mass has been moving
over the rough road with a length equal to the length of the bridge L before it arrives
at the left hand side of the bridge, and continues moving over the bridge until it
reaches the right hand side. Therefore, a road profile for a length of 2L is generated

and used in simulations.

Neglected mass
Road roughness

Figure 3: Moving load with suspension system over a bridge with rough surface.

In this paper, the damage is introduced as a zero-length spring located between
two standard beam elements, with rotational and translational stiffnesses of &, and

ky, respectively [49, 50]. As such, the stiffness matrix of the crack element is

ky = . (11)

In the case that both k, and k; are chosen to be sufficiently large, the two section
of the beam are fully connected and damage does not exist. Since usually only the
loss of the rotational stiffness is considered (representing an open crack) k; is taken
to be a large value of 10?* N/m in this paper. In order to calculate k;, the following
formula is used [51],

-1

=7 (1 — a> (5.93 — 19.69c + 37.140° — 35.84° + 13.12a") (12)

r =

where the damage parameter o = 1 represents no damage (k, = 00) and o = 0

indicates a completely defective section (k. = 0).

13
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The beam is divided into 35 two-dimensional beam elements with rotational and
translational degrees of freedom at each node, as shown in Figure 4. Note that the
crack elements are not shown in this figure, and that the relevant nodes need to be
duplicated.

1

112 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36

0
|3 O O O 2 2 XA 2 2
oA

23 45 6 78 9
LI X 20 2

1

)
£
Figure 4: The beam is divided into 35 beam elements bounded by the nodes shown. In addition, to

simulate damage, crack elements with stiffness given in Equations 11 and 12 are inserted at nodes

10 only, or 10 and 27, according to the scenarios in Table 2.

4. Numerical Results and Discussions

In this section, the finite element model outlined in the previous section is used
to simulate the traverse of a moving mass across a beam with the properties given
in Table 1, which give an undamped first natural frequency for the beam alone of
2.67 Hz and an undamped natural frequency suspended mass (in single degree of
freedom vibration) of 3.05 Hz. Note that the beam width w does not affect these
natural frequencies, it essentially only changes the relativity of the moving mass to
the beam mass, so affects the interaction, in particular the overall magnitude of the
forcing and response.

Figure 5 shows the road roughness profile used in the simulations generated using
Equation 10. Note that, as mentioned above, in order to have realistic and consistent
initial conditions when the moving mass enters the bridge, the mass travels one full
bridge length before its arrival on the bridge, thus the actual bridge span is from
35 m to 70 m in Figure 5.

Both single and multiple damage scenarios are studied—Table 2 shows the two
scenarios considered. While the both methods are computationally efficient in terms
of the time required for decomposing the acceleration signal into its IMF's, the aim is

to compare the effectiveness of EMD and VMD in detecting these damage scenarios.

4.1. Using EMD for damage detection
It is noted that although OBrien et al. [21] detected damage in a cracked beam by

applying EMD to the VBI acceleration data, they needed to subtract the acceleration

14
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Table 1: VBI simulation model constants.

Quantity nomenculture Value
Beam modulus of elasticity E 32.5 GPa
Beam density p 2500 kg/m?
Beam damping ratio G 5%
Beam length L 35 m
Beam cross-section height 2 m
Beam cross-section width w 1m
Moving mass magnitude My 1500 kg
Moving mass velocity v 5m/s
Suspension stiffness Ky 550 kN
Suspension damping Co 10%
Sampling frequency Sy 1000 Hz

Table 2: Simulated damage scenarios: node positions are shown in Figure 4 (i.e. Nodes 1 and 36

are the ends of the beam) and severity is the quantity (1 — «) in Equation (12).

Damage scenario | Damage position | Damage severity
Single (D1)
Multiple (D2)

Node 10 50%
Nodes 10 & 27 50% & 50%

recorded on the undamaged beam from that of its damaged counterpart to eliminate
the road roughness effects. However, more often, the acceleration data from the
undamaged beam is not available, and in any case would require the moving mass
path and velocity to be absolutely identical in order to experience the same response
to road roughness.

In this section therefore, we explore whether an EMD based HHT can detect
damage using VBI data from only the damaged beam through studying the instan-
taneous frequency (IF) or instantaneous amplitude (IA) as defined in Section 2.1.

To that end the following steps are followed:

1. EMD is used to decompose the acceleration signal measured at the midspan

of the beam into its IMFs.

15
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Figure 5: Road roughness profile used in simulations (see Equation 10). The beam spans from 35 m

to 70 m.

2. the instantaneous frequency (IF) and instantaneous amplitude (IA) of the first
(i.e. highest frequency) IMF are calculated as outlined in Section 2.1. In order
to apply Equations 6 in MATLAB, the function hilbert is first used to obtain
Gabor’s complex signal as defined in Equation 2. Then, the command shown
in Equation 13 is used to obtain the instantaneous frequency of the constructed

analytical signal from the first IMF of the acceleration signal [2, 21],

IF = fs/(2*pi)*diff (unwrap(angle(h))); (13)

Figure 6, shows the noise-free simulated acceleration signal at node 19 (the nearest
node just to the right of the mid-span) for both damage scenarios. Note that the
damage locations correspond to the moving mass positions at normalised times'
of 9/35 = 0.257 and 26/35 = 0.743. As is evident in this figure, the acceleration
amplitude in the multiple damage case (Scenario D2) is smaller than in the single
damage case (Scenario D1). This is due to the greater relative stiffness reduction of
the beam in Scenario D2 compared to Scenario D1.

In the present work, EMD decomposes the acceleration signal into 7 and 8 IMF's
for damage scenarios D1 and D2 respectively. Figure 7 shows the first (highest

frequency) of these IMFs for each scenario, and their corresponding IF and TA2. As

can be seen from this figure, there are no obvious features that can be associated

HNormalised time’ indicates the relative position of the load on the beam, where 0 and 1 corre-

sponds respectively to the load entering and exiting the beam span.
2In order to exclude end effects at both ends of the signal, the first and last 10 samples of IA
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Figure 6: VBI acceleration data at node 19 for both damage scenario, simulated for a rough road

surface but with no added signal noise.

with damage in either the IMF or its IF or IA. The remaining (lower frequency)
IMFs were also investigated and similarly found to present no features that could
be associated with the cracks.

As such, EMD fails to detect damage on a rough cracked beam subjected to a
moving load using data measured only on the damaged beam. In contrast, we show
in the next section that VMD is able to detect damage without the baseline state,

even with additional noise introduced to the simulated acceleration signals.

4.2. Using VMD for damage detection: noiseless case

A similar procedure to the one discussed in Section 4.1 is followed for damage
detection, but using VMD as the decomposition method. However, as discussed in
Section 2.4, unlike EMD, the user must make some choices when using VMD. For
example, one can specify the number of IMFs into which the signal is decomposed.
This is a very important feature of VMD, which helps to manage information in
IMF's according to some knowledge about the physics of the system. In the present
work, we expect the main responses to be due to the road surface roughness and to
the resonant responses of the VBI system, so we choose k = 3. Larger values of k

lead to duplication of qualitatively similar IMFs, which is not physically meaningful.

and IF are deleted throughout this paper (as recommended in [52, 53]), representing approximately

0.00143 units of normalised time from each end.
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Figure 7: First (highest frequency) IMFs of VBI mid-span acceleration data, decomposed using
EMD, and their corresponding IF and IA for damage scenarios D1 (a, ¢, and e) and D2 (b, d, and
f).
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In this section the same acceleration data are used for the damage detection as
were used in Section 4.1, i.e. VBI mid-span acceleration for a rough road surface, with
no added signal noise. The case of added noise will be investigated in Section 4.2,
but for the no added noise case the number of IMFs is set to three (k = 3 in the
VMD).

Figure 8 shows results using VMD for both damage scenarios. Note that in this
case, since there is no noise present in the signal the quadratic penalty term o may
be selected as a relative small number of 10000, thereby increasing the accuracy of
the center frequency of the modes, while the convergence tolerance level is set to
€ = 10~". We explore the use of both the IA and IF of the first (highest frequency)?
IMFs for damage detection.

Figure 9 shows the IA of the first (highest frequency) IMF for each damage
scenario. It is seen that the peaks in the TA plots give a good indication of the
location of the damage (at normalised times of 0.26 for D1, and 0.26 and 0.74 for
D2). Note that the IA also shows a peak at normalised time of zero—this is not
actually damage, but reflects the fact that the beam is simply supported and so may
rotate relative to the approaching road, which is the same behaviour as would be
produced by a crack.

Next, in Figure 10, we show that the IF may also be used to detect damage. In
this case a higher value of « is selected to minimise the high frequency noise-like
disturbances caused by the road roughness since the IF requires differentiation of
the instantaneous phase angle for its evaluation (Equation 6); we use o = 90000
for scenario D1 and 18000 for scenario D2. As such, the IMFs obtained are not the
same as those in Figure 8, for which o = 10000. As is evident in Figure 10, the
large value of o suppresses noise significantly, hence a much lower center frequency
is obtained for the first IMF to the extent that this IMF looks much like the second
or third IMF of Figure 8.

3Note that the numbering sequence of IMFs for EMD is from highest frequency to lowest since
they are extracted recursively in that order. However, for VMD they are extracted simultaneously
so the numbering is arbitrary. Dragomiretskiy and Zosso number the highest frequency IMF last

[30], but to minimise confusion we have kept the same ordering as for EMD.
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Figure 8: IMFs of VBI mid-span acceleration of Figure 6, decomposed using VMD with k& = 3,
a = 10000 and € = 10"".
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Figure 9: TA of the first IMFs from VMD of the mid-span acceleration with & = 3, « = 10000 and
e = 107". The corresponding IMFs are shown in Figures 8a and 8b respectively. The acceleration

signal was simulated for a rough road surface but with no added signal noise.
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Figure 10: First (highest average frequency) IMFs and their IFs from VMD of the mid-span VBI
acceleration with k = 3 and e = 1077, a = 90000 for damage scenario D1 (a and c) and o = 18000
for scenario D2 (b and d).
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4.8. Using VMD for damage detection: Noisy scenario

In this section, the simulated acceleration data are assumed to be contaminated
by noise. To that end, a formula introduce in [18] is used as follows,

P KR
5 = 6 + ﬁnnoise 0(6), (14)

where & represents the vector of noisy measured translational DOF data, § is the
corresponding noise-free vector with standard deviation o(d),  is the noise level in
percent (= 10 in the present work) and nyise is a vector with the same length as ¢
of random independent variables following a standard normal distribution.

In this section, the number of IMFs into which the signal is decomposed is
maintained at k = 3, as in the previous section. Accordingly, one may expect that
the noise must therefore be distributed amongst those three IMFs. However, as
discussed above, one needs to minimise the effect of the noise in the resulted IMFs
when using IF as a damage locator. This is mainly due to the fact that calculation
of the IF requires numerical differentiation of the phase angle, which will amplify
any noise.

As mentioned, using a larger value of « will decrease the effect of the noise on each
extracted IMF as the effect of Lagrange multiplier in the optimisation goal function
is reduced, which can subsequently lead to some of the IMFs being qualitatively
similar. In Figure 11, relatively large values of o has been used for both single and
double damage scenario. In the case of single damage, since the distortion in the
signal is less severe, a very large value of & = 90000 may be used to increase the
detactability of the damage, while for the case of a more distorted signal from the
double damage scenario a value of 29000 for « is sufficient for detecting damage.
Again, the damage locations (at normalised times of 0.26 for D1, and 0.26 and 0.74
for D2) are clearly evident in Figure 11.

In contrast to using IF for damage detection, IA does not need such a large value
of a to be set due to the fact that there is no differentiation in the formula of TA
(Equation 4) and therefore, the effect of noise is not amplified. Figure 12, shows
the result obtained from VMD and IA by choosing a considerably smaller value of
9000 for both damage scenarios, and again the single and multiple damage sites are

clearly detected.
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Figure 11: First (highest frequency) IMF's and their IFs from VMD of the mid-span VBI acceleration
with k = 3 and € = 107°: damage scenarios D1 (a and ¢, o = 90000) and D2 (b and d, a = 29, 000)

with 10% added noise.
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4.4. A new damage sensitive feature

In this section a new damage sensitive feature (DSF) based on the synchroni-
sation of peaks in both TA and IF signals is introduced. To that end, we propose
multiplication of two signals TA and IF as a new DSF. The intuitive idea behind
the proposed DSF comes from the fact that both IF and IA must show a peak at
the position of the damage, however, while peaks not associated with damage may
occur at other locations in one of the signals it is less likely to be seen in the other
one at the same position. Therefore, by multiplying the two signals element-wise,
one obtains a new signal with an enhanced peak at the damage position and sup-
pressed peaks at other locations. For instance, it is evident from Figure 10c that
the obtained IF also shows a peak not associated with damage at a normalised time
(i.e. position) of around 0.11, and several smaller peaks. However, this is not the
case for the corresponding IA signal shown in Figure 9a.

As such, the proposed DSF is obtained by first normalising the absolute value of
both TA and IF with respect to their maximum values, then multiplying the results

as follows,
|[TA| ® |IF]

DSk = max(|IA[) x max(|IF|)’

(15)

where in Equation 15, ® represents the element-wise multiplication of the absolute
value of two signals [A and IF. The DSF obtained thus for the two damage scenarios
without signal noise is shown in Figure 13, while Figure 14 shows the DSF for both
damage scenarios when IA and IF are obtained from noisy acceleration signal as
discussed in Section 4.3. We see now that (excluding end effects) the peaks of the

new SDF are confined just to the damage locations.

4.5. Rationale behind the proposed techniques

In this section, the reasons why the obtained results are achieved are discussed.
At first, we provide some examples in the literature in which VMD outperforms
EMD and related methods, and then we discuss possible reasons reasons why that
is the case in the present work.

The superiority of VMD over EMD has been reported in other area of research.
For instance, in speech recognition related work, it has been reported that VMD

outperforms EMD due to its self-optimisation algorithm and using the Weiner filter
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Figure 14: Obtained DSF for the noisy damage scenarios.
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Figure 15: PSD corresponding to the noise-free acceleration signals measured at node 19 for different

damage scenarios.

adaptively [54]. In other work related to the forecasting of carbon price using Spiking
Neural Networks (SNNs), it has been shown that a VMD-SNN forecasting model
outperforms EMD-SNN due to the fact that VMD decomposes the price signal more
accurately [55]. The superiority of VMD over modified versions of EMD in damage
diagnosis has also been mentioned by others. For instance, it has been reported that
a VMD based notch filter approach outperforms the EEMD (Ensemble Empirical
Mode Decomposition [56]) algorithm [57].

In terms of the present results, Figure 15 shows the power spectral density (PSD)
of the noise-free acceleration signal of the VBI experiment measured at node 19. It
is noted that most of the signal energy is concentrated in a low frequency range of
2-4 Hz. EMD and VMD are further used to decompose the signal and the PSD
corresponding to each mode is extracted.

Figure 16 shows the one-sided PSD corresponding to the IMFs extracted using
EMD (16a and 16b) and VMD (16¢ and 16d) algorithms, applied to the acceleration
signals of the VBI experiment measured at node 19. Note that VMD decomposition
has been performed using o = 90000 and « = 29000 for D1 and D2, respectively,
keeping it in line with the previous sections. Neglecting energy levels less than
—80 dB, it is apparent from these figures that EMD suffers from the commonly
reported mode mixing problem, especially in the few first IMFs (i.e. in the IMFs

that show higher energy level for larger normalised frequencies). However, in the
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case of VMD it can be seen that the energy of the different frequency bands is well
separated. This advantage is achieved due to the control over the number of IMFs
into which the signal is chosen to be decomposed.

The second phenomenon that is evident from the PSD corresponding to modes
of EMD is that the noise is distributed among different modes, which itself interferes
with proper separation of modes. In contrast, using VMD, one can deal with this
problem by setting « to an appropriate value. As such, VMD can repress the effect
of noise in the IMFs better than EMD.
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Figure 16: PSD of the IMF's obtained from VMD and EMD decomposition.

As for the proposed damage sensitive feature, we assume that a can be properly
set so that the probability of obtaining a peak at the damage location for both IF
and TA equals 1. On the other hand, this probability is significantly less than one
in at least one of IF and IA for a peak to appear at a point not associated with

damage. Since the IF and IA can be assumed to behave as two independent random
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variables, due to the fact that two different procedures are followed to calculate IF
and IA mathematically, the probability of the the existence of a peak is equal to the
multiplication of two probabilities. The probability of detecting spurious peaks is
therefore low, corresponding to the probability of such a peak occurring simultaneous
in both signals, while the probability remains close to unity for a point genuinely

associated with damage.

5. Conclusions

In this paper we compared two main techniques for decomposing the acceleration
signal of a VBI model into its IMFs for the purposes of damage detection: EMD
and VDM. In accordance with previous studies [21, 12] the first (highest frequency)
IMF was then used for damage detection when crack damage was present on the
beam. To that end, two main damage detector, i.e. IA and IF, are applied to the
derived/extracted IMF to find the damage-induced local change to the signal that
was acquired when the vehicle passed over the defective section. The acceleration
signal of the VBI model is simulated through a MATLAB code as suggested by [1]
and two damage scenarios are considered.

The present study sought to overcome problems that arise when the beam surface
roughness is taken into account, which has been shown to interfere with damage
detection when using EMD as a decomposition technique. Accordingly, the following

novelties were introduced in this study:

1. We showed that, in both damage scenarios, EMD was not able to detect dam-
age using either IF or IA when no baseline from the undamaged beam exist.
Some researchers, however, have shown that by subtracting the acceleration
data from damaged and undamaged beams, it is possible to detect damage in
the presence of road roughness using EMD [21].

2. We showed that VMD can be used successfully to decompose the acceleration
signal obtained only on the damaged rough beam subjected to a sprung mass
for damage detection. Accordingly two different damage indicators, i.e. IA and
IF, can both be used for damage detection without reference to the baseline

(undamaged) case.
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3. We showed that Both IA and IF are quite successful in detecting damage even
in the presence of additional random signal noise.

4. We showed that in the case of using IA for damage detection, one may use a
small value of a in the VMD algorithm and, therefore, allow more noise into
the decomposed IMF. This is due to the fact that IA will not amplify the effect
of noise.

5. We showed that in case of using IF, a relatively large value for « is preferable.
This is due to the fact that IF can increase the effect of the noise as its
extraction requires differentiation. The large value of a in VMD reduces the
effect of noise in the decomposed IMF's, which itself makes the detectability of

the damage possible.

Finally a new damage sensitive feature based on synchronisation of peaks be-
tween TA and IF derived from the acceleration signal using VMD is proposed. The
new DSF shows enhanced peaks at the location of damage while the peaks occur-
ing in other locations are suppressed. While the principle has been demonstrated,
further investigation on the application of state-of-the-art signal processing tech-
niques associated with signal synchronisation (for instance based on [58]) could be
the subject of future work.

In summary, we conclude that VMD can be used successfully along with TA or
IF for damage detection on bridge structures with a surface roughness subjected to
a moving vehicle. It is also recommended that both damage indicators IA and IF
be used together to increase the reliability and precision in the damage detection
using the proposed DSF. However, further study is suggested in order to conclu-
sively establish the applicability of the proposed damage detection strategy of using
synchronisation of the IF and IA peaks of the IMF with highest centre frequency
obtained using VMD. Furthermore, the applicability to bridges consisting of inter-

connected beams is also recommended as the subject of future work.
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