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Integrating flexibility-based curvature with quasi-static features induced
by traffic loads for high-resolution damage localization in bridges

Said Quga®” and Luca Landi?
2 Department DICAM, University of Bologna, Viale del Risorgimento 2, 40136 Bologna, Italy

ABSTRACT

Curvature is one of the most popular damage-sensitive features in vibration-based structural health monitoring
applications, typically calculated from identified modal features. While the relevant strategic or historical
importance of bridges may justify dense sensor networks, a limited budget is generally assigned to monitor
“minor” viaducts, thus involving inexpensive devices or extremely sparse sensing solutions. Modal parameters
can only be obtained at instrumented locations. Thereby, damage assessment methods based on identified
features typically have a low spatial resolution, especially when using low-cost monitoring setups with a
modest number of sensing devices. This paper proposes an original identification method for the curvature of
bridges based on sparse acceleration measurements that can be collected using standard accelerometers. The
raw acceleration signal is processed through a particular filter bank that extracts dynamic and quasi-static
signal components. The first components are employed to identify modal parameters, from which sparse yet
robust estimates of the structural curvature are retrieved. On the other hand, the quasi-static acceleration
generated by the structural deflection induced by traffic load is used to identify the curvature influence lines
of the bridge, which are fused with modal estimates using a Kalman filter. The state variable of the analyzed
system, representing a dense curvature profile of the structure subjected to concentrated loads, can be used as
a damage-sensitive feature for high-resolution damage localization. The method is applied to a steel truss
bridge subject to different damage configurations.

KEYWORDS: Kalman filter, influence line, modal curvature, structural health monitoring, damage
identification.
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1. INTRODUCTION

Transport infrastructure ensures sustainable growth, social inclusiveness, and territorial cohesion.
Roadway and railway bridges deserve special attention because of their number and function within the global
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transportation networks. Vibration-based structural health monitoring (SHM) can be beneficial for bridge
managers to optimize maintenance and make appropriate decisions [1]. From this perspective, deploying
sensing systems is crucial for making bridges safer.

In vibration-based SHM, modal parameters and derived quantities, such as modal flexibility [2] and
curvature [3], are among the most popular damage-sensitive features (DSFs) due to their intuitive physical
interpretability [4,5]. However, the possibility of identifying these features only at the instrumented locations
makes dense sensor networks necessary to localize damage with satisfactory accuracy [6]. Moreover,
approximated approaches used to calculate typical damage indicators based on curvature may amplify the
effects of uncertainties of sparse modal parameters [7].

Damage localization using spatially sparse measurements has been typically achieved with the support of
finite element (FE) models [8,9]. Nevertheless, generating and updating FE models can be laborious.
Moreover, accurate geometrical details of the structure must be available, making the process particularly
challenging for complex systems. Roving sensors [10] or instrumented vehicles [11,12] have also been
employed to obtain dense structural features while using a modest number of sensing devices. However, these
applications require operator inspections, which may be expensive and time-consuming, not allowing
continuous monitoring. Recent studies processed the structural response collected through sparse sensors
deployed on bridges traveled by moving vehicles to identify their influence lines. These features represent the
variation of a given effect (typically displacement or strain) in a structural member due to a moving load as a
function of its location.

Cavadas et al. [13] applied moving principal component analysis and robust regression analysis to the
guasi-static displacement response of a bridge model traveled by moving loads to localize structural damage
in an entirely data-driven approach. While the mentioned study considered filtering techniques to extract the
guasi-static structural response, He et al. [14] used the displacement measurements of beam structures traveled
by low-speed loads (below 1 m/s) to suppress the dynamic effects. The identified displacement influence lines
were then used for damage localization. On the other hand, Zheng et al. [15] used displacement measurements
induced by high-speed vehicles, eliminating the dynamic component through the empirical mode
decomposition (EMD) [16]. Nevertheless, intrinsic mode functions (IMFs) obtained from different
measurements may have different frequency content, thus needing a further selection algorithm to automatize
the identification process [17]. Chen et al. [18] identified damage location and severity from displacement
influence lines using prior knowledge of the structural stiffness retrieved from an updated numerical model.
In general, displacement transducers and laser-based sensors can be expensive and need a fixed reference
point, which is typically challenging to find in long-term field applications [19].

Strain measurements were also employed to identify strain and stress influence lines. Chen et al. [20] used
the strain data collected during the passage of trains to determine the stress influence lines of railway bridges
through regularization approaches, which also allowed identifying multiple damaged elements. Moreover,
Froseth et al. [21] used strain data of railway bridges to identify strain influence lines using deconvolution in
the frequency domain. This method requires assuming a prior knowledge of the load pattern. Wang et al. [22]
modeled the quasi-static and dynamic parts of the structural response using a piecewise polynomial and a series
of harmonic sinusoids, respectively, which were employed to fit the dynamic structural response through a
least-squares method. This method was used to extract displacement and strain influence lines from vehicle-
induced vibration, forcing them to be piecewise cubic functions. Wu et al. [23] employed distributed strain
data collected through long fiber Bragg grating sensors to identify damage in a continuous concrete girder
bridge. In this case, the area of identified influence lines was used as a DSF. Although strain sensors are
generally cheaper than displacement transducers, Alamdari et al. [24] showed that a dense sensor layout (i.e.,
several strain gauges or distributed sensing devices) is typically necessary to identify damage with a high
resolution. The mentioned authors proposed a method to identify rotation influence lines considering only two
instrumented locations deployed at the bridge bearings. This method was particularly effective for assessing
cable losses in a cable-stayed bridge. However, the sensitivity of tiltmeters can be insufficient for small and
stiff bridges. Huseynov et al. [25] used high-grade uniaxial accelerometers and the inverse sine transform to
retrieve structural rotations. The difference in rotation influence lines obtained for healthy and damaged bridge
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states was used as a damage indicator in the mentioned study. The authors noticed that, in general, sensors
very close to the damage location were not particularly sensitive to damage, while the most convenient
locations were at the supports. However, vibration amplitude at the support may be insufficient for low-cost
instrumentation with a relatively high noise floor.

Cameras have also been employed to support or substitute other sensing devices. Zaurin et al. [26]
integrated measurements from strain gages with camera recordings to correlate sensor data and vehicle
locations for identifying strain influence lines. Martini et al. [27] exploited multiple camera measurements to
obtain the geometric configuration of vehicle tire loads, their location on the bridge, and the structural
displacement response at several target positions simultaneously, thus further limiting the sensing
instrumentation. However, cameras must be deployed on fixed reference points, similar to displacement
transducers.

In vibration-based SHM applications, accelerometers are still the most used sensors due to their simplicity
of use. However, acceleration measurements have rarely been exploited to identify low-frequency traffic-
induced effects on civil infrastructure. The primary issue, mainly related to traditional piezoelectric
transducers, is that their operating bandwidth may exclude the quasi-static frequency range. However, recent
force balance accelerometers (FBA) and micro-electromechanical system (MEMS)-based devices can collect
dynamic recordings down to direct current (DC).

The authors of this paper recently conducted a proof-of-concept study to identify curvature influence lines
of bridges only employing accelerometers [28]. Promising results showed that processing acceleration
recordings collected during the passage of vehicles through simple filtering techniques provides curvature
information with high spatial resolution. However, the results showed a high variance of the identified features
due to the variability of the instantaneous signal amplitudes recorded during different vehicle passages (with
varying speeds and positions on the deck). Also, a similar filtering scheme was applied to the same acceleration
signals to identify modal parameters (i.e., natural frequencies and mode shapes), which showed more
robustness compared to influence lines, as they were computed as an average estimate extracted on the entire
time histories [29]. It was also shown that a unified monitoring approach based on a particular filter bank for
extracting quasi-static and dynamic (modal) components could be employed to identify different structural
features in a computationally convenient fashion [30]. However, using the identified structural parameters to
obtain different damage indicators means conducting parallel damage identification processes, which may
provide different results and generate confusion in structural condition assessment.

This paper presents a unified monitoring process for high-resolution damage localization, exploiting the
robustness of modal parameters, which are defined only at sparse instrumented locations, and the spatial
density of quasi-static features identified during vehicle passage, which, however, may be very sensitive to
noise and transient phenomena. Therefore, the final goal of the proposed procedure is to obtain a single reliable
and accurate DSF by fusing dynamic and quasi-static parameters obtained by sparse (and thus low-cost)
instrumentation, which could be employed for monitoring minor bridges. Ultimately, analyzing the
acceleration time histories collected on simply supported bridge decks while a vehicle travels with
approximately constant speed, this method provides an estimate of the structural curvature when a set of
concentrated loads are applied at the instrumented locations.

The main novelties introduced by this paper are the following:

1. Anoriginal procedure to identify dense structural curvature from acceleration data is proposed, which
consists of fusing modal parameters and curvature influence lines through a Kalman filter, which also
estimates the identification precision.

2. A novel strategy is introduced to remove flicker noise that may affect the low-frequency range of
acceleration response using the EMD, which is very effective in the proposed framework due to the
particular structure of the filtered acceleration signal.

Compared to state-of-the-art damage identification methods based on influence lines, the strategy
proposed herein is only based on acceleration data, directly employed to calculate curvature based on a simple
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physical rationale. Besides, compared to modal and flexibility curvature-based methods, this procedure is less
sensitive to the errors that may derive from merely differentiating sparse mode shapes or derived guantities
(e.g., those related to the central difference method [31]).

The proposed method is applied to acceleration measurements collected on a steel truss bridge tested with
traffic-induced vibration under different real damage configurations. The analyses were conducted using
different sensor layouts, proving that high-resolution damage localization can be achieved even using
extremely sparse measurements.

2. IDENTIFICATION OF STRUCTURAL FEATURES

Vehicular traffic induces a variety of effects in the structural vibration response, namely (1) quasi-static
effects due to the structural deflection under the weight of the passing vehicles; (2) dynamic effects due to the
instantaneous equilibrium between inertial, elastic, and dissipative forces; (3) short-term effects mainly given
by the interaction between the vehicle wheels and the uneven road surface.

Quasi-static effects are closely related to the instantaneous location of the vehicle and mainly affect the
lowest (typically sub-hertz) frequency range in the spectrum of the structural response. On the other hand,
dynamic effects can be modeled as the superposition of a set of vibration modes relevant to the structure, the
vehicle, and their interaction. The first and most significant vibration modes populate the frequency range
between a few hertz and a few dozen hertz for the most common viaducts. Finally, noise typically affects the
entire spectrum, with most of its energy concentrated at the low (instrumental flicker noise) and high (road
roughness effects) frequencies.

This section reports the theoretical background of the identification methods that can be employed to
obtain dense curvature estimates from dynamic (modal) and quasi-static components of the structural vibration
response. Moreover, a novel strategy is proposed to mitigate the effects of low-frequency instrumental noise.
Throughout the paper, it is assumed that only accelerometers are employed to collect dynamic acceleration
time histories of the structural response.

2.1 Structural response of a simply supported deck traveled by a vehicle

The acceleration signal in time t collected at a given section z of a bridge deck modeled as a one-
dimensional simply supported beam, traveled by a vehicle having a weight P and a constant speed v can be
represented as:

0%u(z,t) P dou(z,t) EId*u(zt)

= 8(z —vt) — — 1
at? “6(2 vt) u ot u  oz4 @)

ii(z,t) =

where u(z, t) is the structural displacement, and the parameters u, d, E, and I denote the mass per unit length,
the damping coefficient, the elastic modulus of the material, and the inertia of the cross-section of the beam,
respectively. Besides, in Equation (1), 6 represents a Dirac delta function. Assuming a beam length equal to I,
the application of P is bounded in the interval t € [0,[/v].

Assuming a linear-elastic structural behavior and the validity of the superposition principle, ii(z, t) can
also be expressed as the linear combination of modal contributions:

i6(,6) = ) $m(Diin(® @

where ¢,,(2) is the amplitude in z of the m-th mode shape of the structure, while g, (t) is the m-th modal
acceleration response. In undamped cases, using a closed-form solution [32], Equation (2) can also be
expressed as:
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where 1,,,(t) and p,,, (t) represent the quasi-static and dynamic components of g, (t), respectively. The former
is given by the deflection of the beam subject to the moving load P, applied statically. In Equation (3), the
parameter a and the quasi-static component A,,,(t) have the following expressions:

= (P2 (2

with [](t) denoting a rectangular function used to limit the support of 4,,,(t) to the load application interval.
On the other hand, p,,(t) is the impulse response of the structure relevant to the m-th mode, which has a
frequency content condensed around the m-th damped circular frequency wg ,, that, in the case of low
damping, can be assumed as:

— (6)

This study investigates damage localization along the longitudinal axis of the structure, i.e., z. However, in
general, the bridge is a three-dimensional element, and vehicles move on the horizontal plane of the road.
Specifically, different parallel lanes can be described using a further dimension in the equations above. Besides
this, sensors are not generally deployed at the geometrical axis of the bridge in real setups, and their location
can also be described using two (or three) coordinates. The concept of influence surface should be considered
to take into account these aspects, making the analytical formulation more complex. However, a one-
dimensional representation of the bridge can still be considered for the original purpose of this paper without
affecting the results substantially (see Section 4.3 for more details).

2.2 ldentification of curvature from modal parameters

Consider a set of natural frequencies w,, and mode shapes ¢,,,(z;), withm = 1, ..., M representing the number
of identified modes and i = 1, ..., n the number of z; instrumented locations, identified using a given modal
identification algorithm. They can be organized in two matrices such that A = diag{wZ,} and [®];,, = ¢ (2).
Here, the operator diag{m} represents a diagonal matrix with the elements in its argument arranged on the
main diagonal, while the notation [m],; denotes the scalar element at the a-th row and b-th column of the
matrix m.

An estimate of the flexibility matrix of the monitored structure can be calculated as F = ®A 1T,
Besides, the deflection shape of the structure subjected to a set of unitary loads applied at the instrumented
locations can be calculated as follows:

y=Fp=®AdTp @)

withp = [1, ...,1]T € R™ representing the load vector. The vector y will be referred to as the uniform load line
(ULL) vector hereafter. In order to calculate the actual flexibility matrix, mode shapes should be mass-
normalized. However, normalized flexibility is not necessary for this study. Later in this paper, a normalization
criterion will be shown to obtain a suitable proportional flexibility matrix for data fusion.

In the literature, the curvature is typically calculated using the central difference approximation directly
on mode shapes or the ULL [33]. However, special care is required if sensors are not equally spaced. In this
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case, a viable criterion is interpolating the identified modal amplitudes to a given function and then calculating
its curvature. This study exploits the concept of shape functions typically employed in FE modeling. Equation
(7) represents the structural deflection under a set of concentrated loads. Since a simply supported beam is
considered in this paper, its bending moment (and curvature) diagram is piecewise linear. Assuming that
curvature is the second derivative of displacement, the structural deflection can be effectively fitted using cubic
polynomials, which have a linear second derivative. Specifically, a cubic spline is interpolated to the structural
deflection y in this study. Thus, the curvature of the interpolating spline can be obtained by solving the
following tridiagonal system [34]:

Uc=d (8)

where ¢ € R"™ is the curvature at the spline knots, i.e., the instrumented locations, while d = VWy € R™. In
the case of a natural spline (i.e., with zero curvature values at the extrema), U € R™*" is defined as [U];, =
2(gj_1+ &) ifi =m, [U]y, = g ifi =m — 1, and [U];;, = &, iIfi = m + 1. Moreover, in this formulation,
W € R™" with [W];,, = —1/¢; if i = mand [W];,, = 1/¢; ifi = m — 1, except for i = n, where [W];,, =
0 vm, while V. € R™" with [V];,, = 6 ifi = m and [V];, = 6 withi =m + 1, exceptfori =1 and i = n,
where [V];;, = 0 vm. These matrices can thus be represented in their extended forms as follows:

2¢, 0 0 0 0 0
81 2(81 + 82) 82 b 0 0 0
0 82 2(82 + 83) b 0 0 0
v=|: : : : : : 9)
0 O 0 b Z(En_3 + 871—2) 87’1—2 0
0 0 0 : En—2 2(ep—2t €n1)  Ep-a
[0 0 0 0 0 26,1
1 1
-— = 0 0
& &
1 1
0 - = 0 0
& &
W= 1 (10)
0 0 0 0
En—2
1 1
0 0 0 -
€n-1 En-1
0 0 0 0 0
0 0 O 0 0 O
-6 6 0 0 0 O
0O -6 6 - 0 00
v=|: i 11)
0 o 0 - 6 0 O
0 o 0 - —6 6 0
L0 o o0 - 0 0 o

with &; = x;,1 — x;, and x; represents the one-dimensional coordinate of the i-th instrumented location. The
curvature ¢ of the structure subjected to a given set of concentrated loads can thus be calculated from
displacement values as:

c=U"lvwy (12)
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In Equation (12), c is defined only at the instrumented locations. Due to the linearity of curvature in the
studied case, the curvature can be calculated at a user-defined dense grid of N “inspection” locations &, with

j =1,...,N, using the following relation:
é=Sh (13)

where ¢ € RV*? s the “extended” curvature vector, and S € R¥*" is a block matrix for linear interpolation,
defined as:

(= &) (&1 —xp) 0 0 0
& &
(r; = &) (&2 —x1) 0 0 0
&1 &
S, (xz _Stj) (fj_xl) 0 0 0
S, & €
o || 14
: 0 (x3 - fj+1) (fj+1 — x2) 0 0 -
Sn_1 &y &2
. (x3 = &142) (a2 — ) 0 0
52 82
0 0 0 (on =) G = %us)
En-1 En—1

with b = 1, ...,n — 1 indicating the block index, and [S,]im = (xp+1 — &) /&p If m is odd, while [Sp];, =
(&; — xp) /e if mis even.

In summary, the extended curvature vector of the structure subjected to a set of unitary loads at the
instrumented locations, defined at a dense spatial grid, can be calculated from modal estimates as follows:

¢ =SU 'VWy = SUT'VWPA 1o Tp (15)

Modal parameters have been largely employed in the last decades for SHM, and several algorithms exist
for their identification in the time [35], frequency [5], and time-frequency [36] domain. Recently, an algorithm
for identifying modal parameters in near-real-time was presented, which uses bandpass filters to extract the
modal contributions included in the structural response, and can be employed to calculate instantaneous mode
shapes and natural frequencies using nonlinear energy operators [29] or the Hilbert transform [37].

Assuming the use of a bandpass filter with impulse response b, [7] centered at the m-th natural frequency
of the monitored structure, the dynamic part of the m-th modal contribution at the i-th instrumented location
can be calculated as ii,,[z;, t] = ii[z;, t] * b,,[T], Where * denotes the convolution operator. The instantaneous
natural frequency of the relevant mode can be calculated using the Hilbert transform of ii,,[z;, t]. Also, an
overall estimate of the natural frequency can be computed by averaging the identified instantaneous frequency
over a user-defined time window. On the other hand, the instantaneous mode shape can be identified by
calculating the ratio:

um[zil t]
Pmlzit] = |

(16)
where z,. is a reference instrumented location. Similar to natural frequencies, a more robust estimate of mode

shapes can be calculated as the average of instantaneous values identified in a given time interval. It is worth
noting that a preliminary estimate of the natural frequencies of the structure must be known a priori to design
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suitable filters b,,,[t]. This can be done by applying a simple peak-picking procedure to ambient vibration data
collected before starting the long-term monitoring process. As an alternative, automatic methods exist to build
suitable filter banks, which are not the focus of this paper. Thereby, the reader is remanded to [29,37] for more
details on this topic.

It is worth noting that, in general, Equation (16) does not provide a mass-normalized estimate of &, which
needs further normalization to obtain the real structural curvature. Mass information is typically hard to retrieve
for existing structures. In this study, a normalization strategy is proposed to obtain realistic curvature estimates,
as will be shown in Section (3.1). However, the mode shapes should be preliminarily normalized to a mass-
proportional vector. If the monitored structure has a nearly constant cross-section or masses can be assumed
as evenly distributed along the structural axis, mode shapes can be normalized to an identity matrix [29]. In
this way, the matrix F can be considered proportional to the flexibility matrix of the structure.

2.3 ldentification of curvature from quasi-static acceleration

Since the term A,,,(t) of the structural response under moving loads does not include dynamic effects, the
dependence of time in Equation (5) is only given by the varying location of the applied load. Thereby, the
derivation variable can be easily changed with Z = vt, i.e., the space traveled by the passing vehicle. In this
perspective, the quasi-static component of Equation (3) can be interpreted as a representation of the beam
curvature in z (i.e., the double derivative in space of the deflection displacement) as a function of 2. This
interpretation coincides with the definition of the curvature influence line of the beam calculated in the section
z. Introducing the nondimensional variable ¢ = z/I, the curvature influence line of the beam calculated in the
section ¢ can be obtained analytically from Equations (3) and (5) as:

P w m2v? sin(mmnq) mm2 z2 1
D151 = — i Z_Z
e T T Zl 12(m? — a?) Sm( l )H<l 2) n
e

This component is superimposed on the dynamic contributions in the structural response. However, the
non-negligible components of the summation in Equation (17) are those with a low m index, and thus with a
low frequency. Specifically, the most significant components of h($)[2] typically populates the sub-hertz range
of the structural response in the frequency domain. Also, for typical bridges and vehicle speed, « is generally
very small. Neglecting its contribution, the first term of the summation in Equation (17) has an amplitude that
is generally higher than 61% of the total amplitude of h(©)[2]. This result comes from the Basel problem,
according to which, Y50_; 1/m? = n2/6 ~ 1.64, while the amplitude of the first component is 1. Similarly,
the sum of the first four components in Equation (17) has an amplitude that is about 87% of the total amplitude
of K9 [2]. Therefore, a good estimate of the quasi-static contribution can be extracted using a suitable lowpass
filter with a cutoff frequency that includes the first terms of the summation in Equation (17). For instance, a
cutoff frequency larger than 2v/1 can be employed to extract the combination of the first four contributions.
It is worth noting that the cutoff frequency should always be lower than the first natural frequency of the
structure to avoid including dynamic contributions in the estimate of h(©[Z].

Adopting this criterion and assuming by[t] as the impulse response of a suitable lowpass filter, the
curvature influence line can be extracted from the acceleration response as:

hO[2] = (ii(z, ) y=¢1, t=2/v * bo)[Z] (18)

Regarding the filter properties, the width of the transition band, the stopband attenuation, and the passband
ripple influence the filtering outcome and depend on the filter order (and length). An attentive trade-off
between filter performance and its length should be considered during filter design if the filtering task is carried
out onboard smart sensing nodes to optimize the efficiency of edge computing. A recent study showed that the
lowpass reverse biorthogonal wavelet filter with 3 vanishing moments has good selectivity and may be suitable
for this task [30]. However, if the first natural frequency of the monitored structure is close to the cutoff
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frequency of the lowpass filter, the side lobes in the frequency spectrum of b,[t] may include non-negligible
dynamic components that contaminate the estimate of h(%)[2].

The side lobes of frequency-selective filters are typically well separated by high-attenuation regions.
Therefore, if the same filter is applied to different intervals of the structural response, the dynamic effects
selected by the side lobes have a similar pattern and generate contaminating components with well-separated
frequency contents. This phenomenon makes the removal of dynamic effects included by side lobes
particularly easy using the EMD [38]. This technique allows decomposing a given signal into different IMFs
that generally span different frequency ranges. Such IMFs are characterized by the following properties: (1)
the number of extrema and zero-crossings of each IMF must be equal or differ at most by one, and (2) at any
point, the mean of the minima and maxima envelopes of each IMF must be zero [39]. Therefore, the signal
can be expressed as a sum of IMFs plus a residual, which does not have the aforementioned properties. This
decomposition can be applied to the identified influence lines as follows:

RO = ) hP12] + 1Lz (19)

k=1

where h,(f) [2] is the k-th IMF and r(©[2] is the residual of h(9)[2]. High-attenuation bands between lobes in
the filtered structural response prevent mode-mixing in the formation of IMFs and guarantee that the quasi-
static component selected by the main lobe and the dynamic components selected by the side lobes are divided
into different IMFs. Thereby, this study proposes removing the first IMFs from the estimate of h(9[2] to
eliminate possible dynamic components and improve the readability of identified influence lines. In general,
if the stopband attenuation is high or the natural frequency of the structure is far from the cutoff frequency,
removing a single IMF is enough to improve the quality of identified features.

Besides dynamic components, flicker noise typically populates the low-frequency range of raw
acceleration data, thus adding drifts to the extracted feature. For this reason, the EMD residual should also be
removed from the identified influence line, obtaining:

O] = ) rO[7] (20)

Due to the presence of the square function [J(t) in Equation (5), this estimate of 2€)[2] is only meaningful
while the load is traveling on the monitored bridge span. For this reason, the identified feature should be cut
(possibly, after filtering to avoid end effects [39,40]) at the instants where the vehicle enters and leaves the
bridge. This process can be done with the help of optical sensors that collect the time references of these two
instants or by observing the acceleration peaks of acceleration time history generated by the vehicle wheels
hitting the expansion joints that divide simply supported bridge spans [28]. Moreover, the average vehicle
speed can be identified from the length of the collected time history.

Due to the aforementioned properties of IMFs, the initial and last points of R(6)[2] are generally different
from zero. However, the curvature at the supports should be null due to the static properties of the simply
supported beam. In order to fix this issue, a linear trend can be removed from 2()[2], obtaining:

WL = A
RO[2] = RO[2] — RD[0] - wi (21)

where L is the number of samples of the identified influence line.

Although this study assumes that the vehicle speed is constant in a given recording (typically the case for
bridges with a length up to 50-100 m in light traffic conditions), different vehicles may have different average
speeds. Since the sampling rate of the accelerometers is always constant during the monitoring process, the
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length of K9 [2] is variable. Therefore, interpolating the identified influence line to a user-defined fixed spatial
greed is necessary for further processing. Specifically, for the aims of this paper, the inspection grid introduced
in Section 2.2 with N locations should be used for interpolation.

It is worth noting that, potentially, the EMD could be used directly on the raw vibration data for extracting
the influence line [15]. However, IMFs obtained from different acceleration time histories may be numbered
differently based on disturbing factors or nonstationary components. This phenomenon would make automatic
signal processing challenging [17]. Furthermore, the high-attenuation regions in the filtered response spectra
minimize the occurrence of mode mixing issues.

3. FEATURE FUSION AND DAMAGE IDENTIFICATION

This study aims to fuse the ULLs obtained from modal parameters, as explained in Section 2.2, with dense
curvature estimates identified from accelerations recorded during the passage of vehicles, as shown in Section
2.3. This is achieved using a Kalman filter (KF). However, preliminary data normalization is necessary to
make the two estimates consistent.

3.1 Feature normalization

The feature obtained from Equation (18) represents a curvature estimate but physically is an acceleration.
The first step for data normalization is thus finding a scale factor a}(wi) that transforms the acceleration sequence

R©[¢1] into a curvature sequence ¢)[¢1] with suitable physical dimension (the inverse of a length).

As already mentioned in Section 2.3, for ordinary bridges and vehicle speed, a? « 1. Thereby, the
maximum of the identified influence line (which is at 2 = ¢l for a simply supported beam, with ¢ indicating
the instrumented location) can be calculated from Equation (17) as follows:

nzvals,\(,,O
48E]

max(h©®) = RO[¢l] ~ (22)

©

where s,,” is a parameter that only depends on the instrumented location and the cutoff frequency of the

lowpass filter. Indeed, M is the number of quasi-static components in the summation of Equation (17) included

in the passband of the filter. The term slff) is thus defined as:

Sg) _ i sin(mmn{)? 23)

m2
m=1

The theoretical curvature maximum of a simply supported beam loaded at Z = {I can also be calculated
as:

Ol = ——

Therefore, the scale factor that transforms A()[¢1] into ¢(©[¢1] can be calculated as the ratio between
Equations (22) and (24):

R[] B nzslff)

O =380 -0 @)

(C9]
ald ) =

which depends on the vehicle speed, instrumented location, and filter cutoff frequency. Figure 1 reports s,f,f)

and a]f,f)/v2 for different values of { and M.
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Figure 1 — Scale factors for influence line scaling

For linear-elastic and statically determined structures, according to the Maxwell-Betti theorem, the
influence line of a given effect calculated in a section of the structure is equal to the relevant deformed shape
of the structure subject to a concentrated load applied at that section. Therefore, the calculated influence line
can also be interpreted as the curvature diagram of the structure (proportional to the bending moment diagram)
generated by a force applied at the instrumented location. Multiple influence lines can thus be summed by
exploiting the superposition principle, obtaining the curvature diagram of the structure subjected to a set of
uniform concentrated loads applied at all the instrumented locations, as follows:

n

ol
elz] = Z % (26)

i=1 M

This result is equivalent to the outcome of Equation (15) obtained from modal parameters, except for a
scaling factor. The elements of ¢[2] can be arranged in a column vector € € R to facilitate feature fusion
through the KF.

With mass-normalized mode shapes, Equation (7) can be used to obtain the displacement profile of the
structure subjected to a set of unitary loads applied at the instrumented locations. However, the curvature
estimates of Equation (21) obtained from the quasi-static structural response also contain information about
the vehicle weight. Thereby, in general, in order to make the two estimates comparable, both the vehicle load
and the structural masses should be known. Alternatively, the use of masses can be avoided by directly scaling
the displacement profile y to an expected profile obtained by knowing the structural scheme and its stiffness.
This can be done assuming that the cross-section of the structure is constant and an inspection vehicle with
known weight is used at the beginning of the monitoring process. In this case, Equation (22) can be inverted
to evaluate the flexural stiffness of the bridge deck (or an equivalent quantity if the structure has a non-uniform
cross-section). For instance, using an accelerometer deployed at the midspan (¢ = 1/2) and a filter such that
M = 4, the flexural stiffness can be estimated as:

El ~ 022820 @7)
TR Ram[2]

Using this estimate, the displacement profile can thus be normalized as follows:

_ PP (G -4)?
y= ETU]Y (28)
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where y; [i] is the i-th element of the vector y; = ®A~1dTp; and p; is a zero-valued column vector with the
i-th element equal to 1.

After obtaining an estimate of EI, since the vehicle weight is unknown during the ordinary monitoring
phase, Equation (27) can be inverted to obtain P for each vehicle run and apply the normalization criterion of
Equation (28) to the following identified ULLs. It is worth noting that, in contrast to the dense of curvature

estimates, for which every h($[2] needs to be normalized using a different scale factor that depends on the
instrumented location, Equation (28) can be applied using any i value.

3.2 Feature fusion

For feature fusion, the discrete-time KF is employed in this study. Specifically, the state variables are
defined as the real curvature values of the bridge deck at the user-defined dense grid of inspection locations
defined in Section 2. The state vector at the k-th inspection instant is indicated as x;. This vector is updated
using the KF at every new inspection, i.e., as soon as a new set of modal parameters or dense curvature
estimates is available.

Since damage is not expected to occur in ordinary situations, the state transition model, i.e., the evolution
of x, between the (k — 1)-th and k-th instants is assumed as a “random walk” model, i.e., with a state
transition matrix equal to the identity matrix (I), considering the uncertainty given by a normally-distributed
process noise vector w;, ~N (0, Q;) with zero mean and covariance matrix Q. Therefore, the state transition
model reads:

Xie+1 = DX + Wy (29)

Depending on the available measurement (here indicated with the vector z;), the observation model is
different. Specifically, if the new measurement consists of a set of modal parameters, they are first used to
calculate the ULL, which is then used as input to update the state of the system. In this case (z, = ¥), the
observation model reads:

y = (SUT'VW)Tx, + vi* (30)

where mT denotes the Moore-Penrose pseudoinverse of the marix m. On the other hand, if a new estimate of
dense curvature is available (z;, = c), the observation model is represented by the equation:

c=1Ix, +vt (31)

In Equations (30) and (31), the measurement noise vectors of the ULL and dense curvature estimate obtained
from the influence lines, v/~ (0, RVY) and vi“~ (0, R™), respectively, are assumed as time-invariant,
i.e., they do not depend on the inspection time.

The KF operates through two recursive steps: the prediction and update steps, which alternate. The former
step uses the quantities identified up to the (k — 1)-th instant to predict the state at the k-th instant and the
associated covariance matrix Py. This step is represented by the following relations:

2k|k—1 = 2k—1|k—1 (32)
Pri—1 = Proqje—1 + Qie—1 (33)

Here ¥, indicates an estimate of x,, and the notation ¥y, indicates the estimated state vector at the k-
th instant considering the measurements obtained up to the (k — 1)-th instant.

The update step involves the calculation of the Kalman gain K, and the update of the state vector and
covariance using a new measurement. It can be carried out by calculating the following quantities:

12
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-1

Ky = Pk|k—1HE(HkPk|k—1le + Rk) (34)
e = X1 + Kk(zk - ka(k|k—1) (35)
Pk|k =I- Kka)Pka—l (36)

In these equations, H, = (SU~'VW)T if z, = y, while H, = I if z;, = C. Besides, the measurement noise
covariance Ry, is selected accordingly for each update. For initializing the KF, the initial state can be set as
Koo = SU~lVWy, using the first estimate of ¥ (see Equation 15) and the initial state covariance Py can be
assumed as a diagonal matrix with non-zero elements in the order of the diagonal elements of RIL.

3.3 High-resolution damage localization

This study considers the updated estimate of the curvature ¥, as a dense DSF which is representative of
the structural stiffness. Thereby, a damage index at the instant k can be defined as the difference

AXk = Xk — Xp18 (37)

between the estimate at the inspection instant and a baseline estimate X ;. It is also possible to determine the
variance of the damage indicator, which can be interpreted as a quality index of the damage estimate, as:

o7 = diag(Pyx + Ppip) (38)

Specifically, the precision of an estimate can be calculated as the inverse of its variance. Thereby, local
precision parameters can be calculated as 1/a% for all the points of the inspection grid.

The instant  where the baseline condition is selected should be assumed when the values of Py, become
stable with increasing updates, i.e., when

iag(Prjx — Pr—qjk-1)|| =1
||diag(Pyysc — P, I < (39)

with n a user-defined parameter. Therefore, observing the evolution of diag(Pk| k) in time is helpful to select
a suitable baseline for damage identification when the state variance is low.

In summary, the entire identification method proposed in this paper is schematized in Figure 2. A
preliminary initialization phase is carried out to build the bandpass filters based on the resonant frequencies of
the structure to extract the relevant mode shapes. Then, the acceleration time histories collected during a
vehicle passage are filtered using both the lowpass and bandpass filters to obtain influence lines and mode
shapes, respectively. From these features, a dense curvature profile and a sparse displacement profile of the
structure subjected to concentrated loads at the instrumented locations are calculated and fused into a robust
curvature estimate through the KF, upon normalization. Then, monitoring the state evolution over time allows
for identifying localized stiffness variations with high resolution.

The method proposed in this paper can be applied to different types of simply supported bridges. While it
assumes that (1) instrumented locations and vehicle loads are on the geometrical axis of the bridge, and (2) the
structure has a constant cross-section, acceptable identification results can also be obtained for more general
cases in which these assumptions are not strictly verified. Section 4 presents real and simulated applications
relevant to a steel truss bridge with a varying cross-section and eccentric sensors and loads.

The method can also be used for reinforced concrete bridges, which typically have a constant cross-section
(e.g., prestressed overpasses). In the proposed formulation, Equation (1) does not explicitly include
prestressing forces. Since the damage indicator employed in this study is based on curvature difference, the
authors believe that the curvature variation due to prestress losses (which generally manifest in the long term)

13
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would not affect the capability of the algorithm to quantify localized anomalies. Indeed, in general, prestressed
elements have a fully compressed cross-section. Modest prestress force losses not leading to material cracking
do not modify the section stiffness. On the other hand, if prestress forces become very low, the effective
compressed section may reduce, thus involving a local stiffness reduction that can be identified through the
proposed method [41]. The effect of prestressing forces needs to be analyzed in detail in future studies.

Initialization Inspection

Influence lines

Normalization
factors

Lowpass

Natural
frequencies

Mode shapes

Figure 2 — Scheme of the proposed identification procedure

4. APPLICATIONS

The monitoring approach proposed in the previous sections is herein applied for damage localization in a
real steel truss bridge. Both experimental and simulated data are employed in this section. The latter is obtained
using a finite element model built according to the geometry of the real bridge. Two sensor setups are
considered to investigate the quality of identification results with different levels of sparsity. Before discussing
the results, a brief description of the case study is provided.

4.1 Description of the case study

The Old ADA Bridge (Figures 3 and 4) was built in 1959 in Japan and demolished in 2012 after conducting
an experimental campaign aimed at collecting ambient and vehicle-induced vibration data under different
damage configurations. The structure consisted of two lateral steel Warren trusses supporting a steel and RC
deck. The span length and deck widths were 59.2 m and 3.6 m, respectively. The thickness of the RC deck
was 210 mm, and the steel elements had I, T, and box sections, described in detail in [42].
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Figure 3 — Scheme of the case study, sensor layout, and damage configurations; adapted from [42], units in cm.

Experimental tests were conducted before demolition [43]. During the tests, traffic was blocked to deploy
a sensor network of 8 accelerometers on the bridge deck and use a single test vehicle to excite the bridge
(Nissan Serena, with an approximate total weight of 21 kN, shown in Figure 4c). The front and back wheel
axles of this vehicle were 2.7 m distant, while the track width was 1.5 m. The authors who conducted the tests
identified the first resonant frequency of the vehicle at 1.7-1.8 Hz. On the other hand, the first five identified
resonant frequencies of the bridge were 2.975 Hz, 6.872 Hz, 9.608 Hz, 10.559 Hz, and 13.418 Hz [44].

The accelerometers used to collect vibration data in the vertical direction (sampled at 200 Hz) were
produced by Tokyo Measuring Instruments (ARS-A model) and have a nominal responding frequency from
DC to 30 Hz. Acceleration data collected in ambient and traffic conditions are freely available in an online
repository [43]. In this study, only the data collected by five accelerometers deployed in a line, as shown in
Figure 3, have been considered.

During the tests, four damage scenarios were induced artificially. First, the central vertical truss element
(T1) at one side of the deck was reduced by half (Figure 4d). This structural configuration will be referred to
as “DCI1” in this paper. Then, the same truss element was completely cut (configuration “DC2”), as shown in
Figure 4e. The central truss element was then repaired by soldering the damaged element (Figure 4f) after
lifting the bridge to the original position (“DC3”). Afterward, the element T2 was damaged by completely
cutting the element (“DC4”). In this study, the condition “DCO0” represents the “undamaged” configuration
before inducing the first damage.
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Figure 4 — Pictures of the old ADA Bridge [42,44]: (a) side view, (b) front view, (c) vehicle used for dynamic tests, (d)
partial cut of the damaged element, (e) total cut of the damaged element, (f) retrofit of the damaged element

In each configuration (from DCO to DC4), different time histories of ambient and vehicle-induced
vibration data were collected using the accelerometers deployed. For the latter test type, three different vehicle
speeds were used in configuration DCO (i.e., 30, 40, and 50 km/h), while vibration data were only collected
with the vehicle traveling at 40 km/h in the other configurations. During these tests, the vehicle was moving
in Direction 1 (see Figure 3). The exact location of the vehicle was not specified in the dataset documentation.
Moreover, three optical sensors (PZ-G52 by Keyence Co.) were used to track the time when the vehicle passed
on the bridge supports and the midspan. No substantial temperature change was observed during the tests.

In this study, an FE model of the bridge was built according to the geometry details given in [42]. Beam
elements were used for the truss structure, the bracing, and the floor beams, while shell elements were modeled
to simulate the RC deck. The first five natural frequencies of the simulated structures were 2.958 Hz, 7.005
Hz, 9.821 Hz, 10.673 Hz, and 13.227 Hz, with an average absolute error of 1.41% with respect to the
experimental results mentioned above. In this simulation, absolute acceleration data were generated at the
nodes Al and A5 of the scheme reported in Figure 3 during the passage of one concentrated moving load along
two different axes and in two different directions, simulating the passage of a vehicle in different lanes.
Specifically, the first lane was modeled considering a horizontal axis distant 5.4 m from the instrumented edge,
with the vehicle moving in Direction 1 (see Figure 3). On the other hand, the second lane was modeled
considering a horizontal axis distant 2.6 m from the instrumented edge, with the vehicle moving in Direction
2. Three incremental damage conditions were simulated in the FE model, reducing by 10% the cross-sectional
areas of elements T3 (condition DCs1), T3 and T4 (condition DCs2), and T3, T4, and T5 (condition DCs3).
The results of this simulation are commented on in Section 4.3, while Section 4.2 reports and discusses the
results obtained using the experimental data.

4.2 Discussion of the experimental results

In this study, 55 experimental acceleration datasets (15 in configuration DCO and 10 in DC1, DC2, DC3,
and DC4) were used to apply the proposed identification method. Each dataset consists of acceleration time
histories with a duration of about 45 s, collected at all the instrumented locations during the vehicle passage.
50 datasets were collected with the vehicle passing at 40 km/h (10 for each damage configuration), while 5
additional datasets were collected with the vehicle passing at 50 km/h in DCO. These last records were only
used to validate the scaling factors, as will be shown later.
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Each dataset represents an inspection, in which a set of modal parameters (natural frequencies and mode
shapes) and curvature influence lines were identified using the procedures presented in Sections 2.2 and 2.3.
Specifically, a bank of five filters was employed to decompose the acceleration signal at all the instrumented
locations. The first filter of the bank is a lowpass filter obtained by cascading 8 reverse biorthogonal wavelet
lowpass filters with three vanishing moments (rbio3.1) [45]. The resulting equivalent filter is thus a lowpass
filter with a cutoff frequency of F,/2°, where F, is the sampling frequency of the signal. Considering F, = 200
Hz, the cutoff frequency of the lowpass filter is 0.39 Hz. The other filters of the bank are bandpass filters
obtained by cascading eight Fejér-Korovkin wavelet lowpass and highpass filters with four vanishing moments
(fk4) [46] to obtain equivalent bandpass filters with a narrow passband (0.39 Hz wide), each including one
resonant frequency of the structure [30]. It is worth noting that the bandpass filters can be built by changing
the cascading order based on the natural frequencies of the structure, which must be known a priori (e.g., by
applying a simple peak-picking procedure on ambient vibration data collected before starting the long-term
monitoring process).

According to Equation (18), the outcome of the lowpass filter is an estimate of the curvature influence
calculated at the instrumented location, which must be further processed through the EMD to obtain the result
reported in Equation (21).

On the other hand, the outcome of the m-th bandpass filters represents ii,, [z;, t] in Equation (16), which
can be employed to obtain the instantaneous mode shapes of the structure in the inspection window. As
mentioned in Section (2.2), the instantaneous mode shapes can be averaged to obtain a more robust estimate,
which can thus be processed to obtain the ULL y. In this application, the first four modes of the structure
preliminarily identified by Kim et al. [42] were tracked during the following monitoring process.

Upon filtering, the output of the lowpass filter was cut at the instants identified through the optical sensors
when the vehicle entered and left the bridge. On the other hand, full time histories resulting from the bandpass
filter of about 45 s containing the effects of vehicle passage and the following free-response vibration were
used to identify modal parameters.

At the beginning of the monitoring process, the scale factors for both the ULLs and the influence lines
must be determined. Equation (27) was first applied to a set of 10 influence lines identified at the midspan in
configuration DCO (5 with a vehicle speed of 40 km/h and 5 with a vehicle speed of 50 km/h). In this
initialization phase, the vehicle weight was assumed as known, simulating the use of an inspection car. The
average maxima of the identified influence lines were A(1/2)[1/2] = 0.0024 m/s? for the lower speed and
R(/2[1/2] = 0.0039 m/s? for the higher speed recordings, resulting in EI ~ 1.4581 - 107kN - m? and EI ~
1.4778 - 107 kN - m?, respectively. The low variability of these results obtained for two different speeds
confirms the robustness of the estimate.

The identified flexural stiffness was thus employed to normalize the ULLs using Equation (28). On the

other hand, individual influence lines are scaled using the coefficients defined in Equations (23) and (25). For

this case study, the cutoff frequency of the lowpass filter includes the first four components of s,ff); thereby,

in this case, M = 4. The values of the scale factors calculated at the instrumented locations are reported in
Table 1.

Table 1 — Scale coefficients at the instrumented locations for M = 4
7 1/4 3/8 12
s 0.806 1057 1111
a®p? 0883 0928 0914

4.2.1 Full sensor setup

First, the results obtained using the full sensor setup (i.e., A1, A2, A3, A4, and A5) are presented. In this
case, the scaled influence lines identified at all locations were summed to obtain the curvature of the structure
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subjected to a uniform set of concentrated loads applied at the instrumented locations, according to Equation
(26).

In this study, a monitoring process is simulated with periodic inspections. The 50 datasets collected from
DCO0 to DC4 are thus assumed as consecutive inspections (10 for each damage configuration) carried out during
a monitoring period. In this period, different damaging events occur, as well as a retrofit intervention between
DC2 and DC3. The scaled ULLs and dense curvature estimates obtained in the different inspections are
reported in Figure 5. These parameters have a color from light green (DCO) to dark green (DC4), which
changes as a function of the inspection time.

It is worth noting that the ULLs are only defined at the instrumented locations (indicated as vertical dashed
lines in Figure 5). Therefore, the displacement profile between different estimates is piecewise linear. Although
the robustness of these estimates is higher, as a single set of modal parameters is obtained from a set of
acceleration time histories with a relatively long duration (i.e., about 45 s), observing the ULLs would not
allow accurately localizing concentrated defects. On the other hand, the curvature profiles obtained from
influence lines are represented by the instantaneous filtered acceleration of the structure, thus showing more
variability depending on the specific vehicle speed and path, as well as the recording noise. Specifically, the
time histories used to identify influence lines are about 5 s long, as they are limited to the time interval in
which the vehicle is on the bridge.

0 DCO DCI — DC2 — DC3 — DC4 %107 DCO DC1 — DC2

T T T T T T T T ‘
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1 |
1 I
I I

001

Displacement |m]
\
Curvature [1/m]

I
— : 15}
L m L

I 1 1 I . M L .
] 10 20 30 40 50 60 0 10 20 30 40 50 60

Location [m] Location [m]
(a) (b)

Figure 5 — Identified parameters: (a) uniform load lines from modal parameters, (b) dense curvature profiles from
quasi-static structural response

The KF was thus employed to fuse these two features to obtain dense and robust estimates of the structural
curvature, together with the relevant covariance matrix. In order to initialize the KF, the initial state was
selected as ;0 = SU™*VWY, while the initial state covariance matrix was set as Py = R'", where R'" is the
noise covariance matrix of the dense curvature profile. This matrix was set as a diagonal matrix with constant
non-zero elements equal to the mean of the diagonal of the covariance matrix obtained from 10 estimates of
the dense curvature profile identified in DCO. The result of this operation is R'" = 4.85 - 10~7I m2. Similarly,
RYL = 1.25-1071°I m~2 was obtained as the mean of the diagonal of the covariance matrix obtained from
10 ULL estimates identified in DCO.

The process noise covariance matrix determines the uncertainty level of the process model. The larger the
values in Q, the higher the uncertainty and the faster the state adapts to the measurements. If the initial state is
different from the following measurements, a variable (depending on the magnitude of Q) time interval from
initialization is necessary for the state to stabilize. The baseline condition for damage identification should not
be taken in this interval, as residual curvature differences due to state adaptation may lead to false positives in
the monitoring process. Figure 6 shows (a) the KF state, (b) the damage indicator defined in Equation (37),
and (c) the variance of the state estimates. These results are obtained for two different process noise matrices.
Specifically, the figures on the left-hand side are obtained using Q = RY:/10, while the ones on the right-
hand side are obtained using Q = RU“/100. As expected, the updated states and damage indicators have a
higher variance in the first case, as the incidence of measurements on updates is higher. On the other hand,
lower process noise leads to more robust estimates, which have a slower stabilization, as shown in Figure 6c.
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These results included an initial monitoring phase in which the states and relevant covariance stabilize by
repeating the inspection carried out in DCO twice. Indeed, Figures 6a and 6¢ represent 60 inspections (a set of
10 inspections in DCO for initialization and a set of 50 inspections from DCO to DC4 representing the regular
monitoring process). The baseline state for damage identification was selected as X110, When identification

precision was almost stable. After this instant, 50 estimates of the damage index were computed (reported in
Figure 6b).
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Figure 6 — Outcomes of the Kalman filter for different process noise: (a) updated state, (b) damage index, (c) state
covariance

In order to better visualize the damage index, the results obtained at the last inspection of each damage

configuration are reported in Figure 7a for Q = RY:/100. Besides, Figure 7b shows the curvature difference
between consecutive damage scenarios using the same process noise.

In the results of this study, after inducing the first damage to the vertical element T1, a considerable
curvature variation is visible for the entire structure, with a maximum at the midspan, which is the location of
the damaged element. A following complete cut of the element (DC2) led to a further variation of the curvature
profile, which is modest compared to the first. It should be noted that DC1 can be considered as a minor
damage condition, as the element T1 is almost unloaded during ordinary loading conditions due to the almost
coaxial elements of the top chord of the truss structure.

The retrofit intervention between DC2 and DC3 did not restore the original structural configuration, as
the absolute magnitude of the curvature variation of DC3 is considerably lower than that of DC1 in Figure 7b.
This curvature variation is almost triangular, with a peak at the location of the retrofitted element, reflecting
the expected curvature variation.
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Figure 7 — Damage index at five inspection instants: (a) difference from the baseline, (b) difference from the previous
configuration

Considering the last damage configuration, Figure 7a shows a global curvature variation similar to that of
DC3, with an additional clear peak at the location of T2. This confirms an accurate localization of the structural
anomalies. Since the structure in DC3 is still damaged due to the residual curvature difference with respect to
the baseline DCO, condition DC4 represents the case of multiple damages, both in T1 and T2. Also, Figure 7b
shows an oscillatory curvature variation profile between the retrofitted configuration and DC4. This can be
explained considering that, in the case of a truss structure with traffic loads traveling on the deck, the
reconstructed curvature profile is relevant to the bridge deck, which is retained by the nodes of the truss
structure. Also, in contrast with the damage in T1, damage in T2 does not cause a considerable variation in the
global structural behavior, mostly affecting the lower horizontal elements between sensors A3 and Ab5.

Figure 8 shows the results for the same five inspection instants obtained by updating the state of the system
using a single type of measurement, i.e., (a) modal parameters or (b) influence lines. If the state is updated
using only modal parameters, the curvature estimate is almost coincident in DCO and DC1, thus resulting in a
false negative when the vertical element T1 is partially damaged. Similar to the results found by Chang and
Kim [44], DC2 has a considerably higher damage indicator. Kim et al. [47] observed a stress redistribution
between DCO and DC1, which may justify the slight variation of the damage indicator between the two
configurations. Besides, using only modal parameters, damage in T2 is identified very well, as its location
coincides with that of sensor A4.

On the other hand, in general, the influence line-based estimates are closer to the result obtained in Figure
7, yet, less sharp, especially in DC3, in which a clear peak is not identified in Figure 8.
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Figure 8 — Damage index at five inspection instants computed with respect to the previous configuration: (a) state
updated using only modal parameters and (b) state updated using only quasi-static features

The main difference observed between the damage indicators obtained from modal parameters and
influence lines is that, in the first case, DC1 variates slightly from the baseline, while DC2 has a considerable
curvature increment. On the other hand, using influence lines, DC1 and DC2 both present an evident curvature
variation from the baseline, while the variation is less pronounced between the two damaged configurations.
This result may be justified considering the nonlinear behavior of the structure. If, after the first cut of T1, the
structure experienced a residual deformation (with a plastic elongation of the element T1), modal parameters
may not be substantially affected by this phenomenon, as the element T1 has a residual stiffness in DC1, which
contributes to the dynamic equilibrium between elastic and distributed inertial forces. The damage becomes
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evident in DC2, as noted by Chang and Kim [44], when the element T1 is completely cut and does not
contribute to the structural stiffness. On the other hand, the influence lines are the double derivatives of the
deflection of the bridge due to a concentrated traveling load. After the first cut of T1, the bridge may experience
a higher displacement under traveling loads, which reflects in a higher identified curvature. Moreover, after
the first reduction of the cross-sectional area of T1, the structure accumulated a residual inelastic deformation
due to the structural and vehicle weight, as evident in Figure 4e. Starting from this relaxed configuration, it is
possible that a complete cut of T1 generated a less apparent effect on the quasi-static structural response
induced by concentrated traveling loads compared to that of the first partial cut.

4.2.2 Partial sensor setup

In general, all the results reported so far represent the real damage location accurately. However, the
locations of damaged elements were coincident with some instrumented sections. A further study is carried
out to identify high-resolution damage locations using only the two side sensors (i.e., Al and A5), not deployed
at the locations of damaged elements. Figure 9 reports the ULLs and dense curvature profiles obtained using
modal parameters and quasi-static features, respectively, when only the data of the side sensors are employed.
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Figure 9 — Identified parameters using only the side sensors: (a) uniform load lines from modal parameters, (b) dense
curvature profiles from quasi-static structural response

The KF is applied with the same parameters as described in the application with the full sensor setup, and
a process noise matrix defined as Q = RU:/100. Figure 10 shows the state update and damage indicators
calculated with respect to the baseline curvature profile obtained for all the 60 inspections (considering the
first 10 samples as an initialization interval). Similar to the application shown in Section 4.2.1, the state
estimates are considerably more stable than the individual curvature measurements in Figure 9, and their
evolution over time is clear.
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Figure 10 — Outcomes of the Kalman filter using only the side sensors. (a) updated state and (b) damage index

Figure 11 shows the damage indicator computed with respect to (a) the baseline and (b) the previous
damage configuration, considering three inspection instants selected at the end of the intervals relevant to DC1,
DC3, and DC4. It is worth noting that, although the sensors employed in this analysis were not deployed at the
damage locations, the maxima of the damage indicators are close to T1 (in DC1 and DC3) and T2 (in DC4).
Maximum values are highlighted using small circles in Figure 11b, which are almost in the same location as
Figure 7. This result confirms that high-resolution damage localization can also be achieved by employing
extremely sparse sensor networks.
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Figure 11 — Damage index at three inspection instants using only the side sensors: (a) difference from the baseline and
(b) difference from the previous configuration

It is worth noting that, while the procedure proposed in this paper was formalized for uniform beams, the
ADA bridge has a varying cross-section. Nevertheless, the results have shown that the method can still localize
damage with high resolution. More details on the effects of a varying-cross section are reported in Section 4.4.

4.3 Effects of different lanes

This section reports the results obtained using the FE model of the ADA Bridge described in Section 4.1 for
the simulated conditions DCs1, DCs2, and DCs3. In the simulations, 20 vehicle passages (10 for each direction,
with a vehicle speed of 40 km/h and weight of 21 kN) were simulated for each damage condition and for an
undamaged (reference) condition. The acceleration signals were corrupted by adding white Gaussian noise
with a standard deviation equal to 1% of that of the original signal. This noise level is considered realistic, as
the vibration amplitude induced by moving vehicles is relatively high.

The acceleration signals collected at locations A1l and A5 were processed using the same filter bank
described in Section 4.2. The filtered signals were then employed to calculate ULL curvature and quasi-static
features, fused using the same KF described in the previous section. The noise covariance matrix was set as a
diagonal matrix with constant non-zero elements equal to the mean of the diagonal of the covariance matrix
obtained from the 10 estimates of the dense curvature profile identified in the undamaged condition. In these
analyses, Q = RU:/10.

The resulting states of the KF updated at each new inspection (i.e., vehicle passage) are reported in Figure
12. Here, all the inspections are represented as fine lines, while the last inspection for each damage condition
is represented with a thicker line. Also, Figure 12(a) shows the curvature variations with respect to the baseline
condition obtained for the vehicles traveling in Direction 1, while Figure 12(b) shows the same damage index
obtained for the vehicles traveling in Direction 2. It is possible to notice that, for both directions, clear local
maxima are identified at the locations of the damaged elements. In particular, the damage index in DCs1 shows
a prominent peak close to element T3. The curvature variation in DCs2 is very similar to that in DCs1, although
affecting a wider structural portion on the side of element T4 (this is especially visible in Figure 12(a)). Lastly,
the curvature variation in DCs3 also presents an additional peak at the location of T5.
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Figure 12 — Damage index for the simulated structure: (a) vehicle moving in Direction 1, (b) vehicle moving in
Direction 2
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It is worth noting that, in general, the damage index is higher when the vehicles travel in Direction 2, as
they are closer to the instrumented locations. On the other hand, the side of the damaged element is not directly
correlated with the amplitude of the damage index, as the different peaks identified in DCs3 (relevant to
damaged elements on the two sides of the bridge deck) have a similar magnitude for both directions.

4.4 Effects of non-uniform cross-section

The procedure presented in Section 2 is specialized for simply supported structures with a uniform cross-
section. However, the procedure can still be used for bridges with a non-uniform cross-section, accepting
higher errors in the normalization process.

Five different beam configurations (C1, C2, C3, C4, and C5) were modeled with an overall length of 59.2
m and divided into 8 segments with the same length having a piecewise constant stiffness equal to EJ; . = 2 -

1078; kN - m?, where c denotes the beam configuration number (C1-C5), i is the segment index, and 8; is a
stiffness factor reported in Table 2 for each configuration and segment index.

Table 2 — Stiffness distribution factors

Element 1 2 3 4 5 6 7 8
C1 1 1 1 1 1 1 1 1
C2 0.85 0.9 0.95 1 1 0.95 0.9 0.85
C3 0.7 0.8 0.9 1 1 0.9 0.8 0.7
C4 0.4 0.6 0.8 1 1 0.8 0.6 0.4
C5 0.1 0.4 0.7 1 1 0.7 0.4 0.1

In order to quantify the uniformity of the cross-section along the beam, a uniformity parameter 0 is defined
as follows:

n 2
0, = (Ei16ic)” (40)

2
n Z?=1 Bi,c

with n denoting the total number of segments. Specifically, ®, = 1 if the beam is uniform (i.e., in C1) and O,
decreases as the beam becomes more non-uniform.

Figure 13 shows the equivalent (El,,) and identified (El;q) overall stiffness for the different
configurations, together with the relative error between these two estimates. Specifically, the equivalent
stiffness was calculated using the following equation, which represents the relation between the stiffness and
displacement (d) at the midspan of a simply supported beam with uniform cross-section loaded at the midspan
with a unitary load:

l3
EJeq = 184 (41)

On the other hand, the identified stiffness was calculated using Equation (27).
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The results show that, even in configuration C1, the error is non-zero (precisely, 12.5%) due to the
approximations considered in the method. However, up to configuration C4, with a uniformity index equal to
0.907, the error is around 20% (precisely, 22.0%). On the other hand, a strongly non-uniform configuration
(e.g., C5) may lead to errors of about 50% (in this case, 46.9%).

It should be noted that errors in the identified overall stiffness affect the feature normalization and,
therefore, the relative contribution of modal parameters and quasi-static features in the determination of the
damage index. While an exact quantification of the curvature variation may be difficult for bridges with
strongly varying cross-sections, the localization ability of the algorithm is modestly affected, as evident from
the results obtained in Section 4.2.

5. CONCLUSIONS

This paper presented an original method to identify dense and robust bridge features from sparse
acceleration measurements collected during the passage of moving vehicles. Raw accelerations were
decomposed into quasi-static and dynamic components, from which curvature influence lines and mode shapes
were calculated. This process was carried out by filtering acceleration time histories through lowpass and
bandpass filters, constituting a unique filter bank. Quasi-static and dynamic features were then employed to
obtain two different estimates of the structural curvature, which were fused using a Kalman filter.

The state of the system, representing the dense curvature profile of the structure at the latest inspection
time, has shown to be an effective damage-sensitive feature. Indeed, an indicator with a high spatial resolution
for damage identification was obtained simply by subtracting the updated state of the system and a baseline
estimate obtained at the beginning of the monitoring process or in a previous inspection time.

The method was applied to a real case study consisting of a steel truss bridge with artificially induced
damage configurations and a simulated finite element model of the same bridge. Accurate results were obtained
for different damage and retrofit configurations, both for dense sensor layouts involving devices deployed
close to the damaged elements and for extremely sparse sensor layouts consisting of two uniaxial
accelerometers deployed far from the damaged parts. The damage indicator presented the same maximum
locations using the two sensor configurations, showing that effective damage localization is possible even with
low-cost setups. However, more prominent peaks were obtained in the full sensor setup.

Besides, the effects of different load locations and structural configurations were investigated, showing
that the method can be applied even for structures that do not fully respect the assumptions of the method,
obtaining however higher errors.

In the Kalman filter, different choices of the process noise led to different evolution speeds of the state
vector. However, considering that degradation phenomena are typically slow in civil infrastructure, low
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process noise provided more robust estimates, which may limit the occurrence of false positives in the damage
identification process. Moreover, different choices of the process noise determine different lengths of the
optimal initial stabilization interval of the state vector, thus impacting the selection of the baseline
configuration.

Compared to an updating process based only on dynamic parameters, quasi-static features improved the
spatial resolution of the damage index considerably. On the other hand, considering only influence lines in the
updating process can generate spurious oscillations in the damage indicator related to the uncertainties of these
features identified from very short datasets.
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