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solutions. Recent studies have demonstrated that bridge curvature profiles can be identified from
sparse acceleration measurements collected during vehicle passages using standard accelerome-
ters. However, existing approaches for estimating curvature from acceleration data often struggle
to suppress dynamic effects induced by moving vehicles. These methods typically rely on low-pass
filters with a rigid cutoff threshold, which can compromise accuracy, especially during high-speed
vehicle passages. To overcome this limitation, this study introduces a novel approach based on
the continuous wavelet transform to isolate the quasi-static curvature profile and effectively
remove dynamic components. The method is tested on a model that incorporates vehicle-bridge
interaction effects and road roughness. Sensitivity analyses show that the proposed method
outperforms standard filtering techniques across various sensor configurations, damage locations,
severities, and multiple damage scenarios, even at relatively high vehicle speeds. Validation using
field data further confirms the effectiveness and generality of the proposed approach.

1. Introduction

Bridges are essential components of modern transportation infrastructure. Over time, cyclic loading and environmental factors can
accelerate material degradation and lead to structural damage, compromising their safety. Timely and accurate assessment of bridge
health is therefore crucial for planning effective maintenance and intervention strategies.

In the last decades, vibration-based structural health monitoring (SHM) has gained significant attention for detecting anomalies in
bridges [1-3]. Various algorithms have also been developed to localize damage using vibration data [4-6]. However, these methods
often rely on dense sensor networks, leading to high instrumentation costs. To overcome this issue, the mechanical and dynamic effects
induced by moving loads have been recently exploited to achieve effective anomaly detection and damage localization while limiting
the instrumentation costs [7]. In particular, influence lines have emerged as a robust tool for deriving damage-sensitive indicators with
clear physical interpretation [8-10].
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Influence lines derived from displacement [11-14] or strain [15-17] measures are mature techniques thoroughly discussed in the
literature. However, displacement transducers can be expensive and need for a fixed reference point, which is typically challenging to
find in long-term field applications [18]. Strain measurements, on the other hand, were proved to be reliable only close to the sensor
positions [19,20].

Recently, Quqa et al. [21-23] proposed a method to identify curvature profiles, which can be interpreted as proportional to
curvature influence lines for simply supported structures, directly from acceleration responses. This method is particularly attractive
for damage localization, as acceleration signals can be efficiently collected using cost-effective sensor networks with standard ac-
celerometers. Within this framework, the approach proposed by Quqga et al. enables the derivation of a spatially dense damage index
from curvature profiles reconstructed with sparse accelerometer networks, such as those commonly used in vibration-based SHM. The
method relies on filtering the acceleration response to isolate its quasi-static component, associated with the structural deflection
induced by a moving vehicle, which can then be interpreted as a curvature profile by exploiting fundamental static relationships. Lu
et al. [24] further investigated this method using laboratory experiments to verify its effectiveness and accuracy. While effective, this
method can suffer from reduced localization accuracy at high vehicle speeds. This limitation stems from the use of a low-pass filter with
a rigid cutoff, which may inadequately separate dynamic components from the quasi-static response.

The main challenge in applying low-pass filtering for high-speed applications is that the quasi-static component of the structural
acceleration response (representative of the curvature profile) can partially overlap with dynamic components of the bridge vibration
caused by resonant modes. In such cases, a rigid frequency cutoff used in traditional low-pass filters removes all content above the
threshold, potentially discarding higher-frequency elements that are essential for capturing sharp features of the response, such as the
peak of a triangular quasi-static response. This limitation highlights the need for a more flexible thresholding approach that can better
preserve the shape of the extracted component.

In this context, the continuous wavelet transform (CWT) [25] emerges as a promising tool. CWT has been extensively investigated
for signal processing for SHM [13,26-31]. However, previous applications of CWT to acceleration signals have primarily focused on
analyzing variations in the energy distribution of dynamic components, rather than exploiting the wavelet transform to extract or
examine quasi-static components [30,31].

The key idea of this paper is instead to apply the CWT to the bridge acceleration response induced by a moving vehicle to extract its
quasi-static response. This is achieved by exploiting a set of scaled versions of a mother wavelet whose shape resembles the expected
quasi-static response (e.g., nearly triangular). These components are then isolated and used to efficiently approximate the ideal quasi-
static response.

The method is particularly appealing due to the compactness of the wavelet in time and the flexibility to choose its shape based on
specific requirements [32]. Unlike Fourier bases, which have a strictly defined frequency content [33], an appropriate selection of the
mother wavelet enables the decomposition of a signal into components with distinct waveforms, even when their frequency repre-
sentations overlap.

The proposed method is demonstrated using simulated datasets that incorporate vehicle-bridge interaction (VBI) effects and road
roughness, highlighting its advantages over existing state-of-the-art approaches. Robustness is assessed through sensitivity analyses
involving various sensor configurations, damage scenarios, and vehicle speeds. Additionally, a real-world case study is analyzed to
validate the effectiveness and generality of the method in real and more complex applications.

2. Theoretical background
2.1. Curvature profile from acceleration data
The acceleration response of a bridge induced by a traveling load can be modeled as the superposition of a dynamic component

(due to the inertial effects) and a quasi-static component (resulting from the static deflection of the beam under the moving load).
Consider a single load P moving at constant speed v on a simply supported Euler-Bernoulli beam having flexural rigidity EI and
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Fig. 1. Quasi-static components of the structural response calculated at { = 1/2: (a) in the space domain, (b) in the frequency domain, and (c)
cumulated curvature profile.
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length L, being E the Young’s Modulus and I the cross-section moment of inertia. A closed-form solution of the acceleration (denoted as
Yg(2,t), where t denotes the time variable) at a fixed reference section z (i.e., a sensor location on the bridge) can be represented as
[34]:

a(5.0) = 2200 " in (") Uin(©) + )] W

where A,(t) and pp(t) are the quasi-static and dynamic components of the acceleration response, respectively, projected on the m-th
mode shape of the structure.

In this formulation, the dynamic component is separated into individual modal responses, while the quasi-static component
(defined as the acceleration of a point moving under the applied load while neglecting inertial effects and considering only elastic
deformation) is decomposed into its sine components (shown in Fig. 1(a)), as follows:

Amlt) = — <%>zsin (’"T”"t) @

The time dependence in Eq. (2) is only determined by the changing load location, i.e., the space traveled by the moving load (z =
vt). Previous studies [22,23] have shown that, under constant vehicle speed, the quasi-static component of the acceleration structural
response is proportional to the curvature profile of the structure generated by a point load applied at location z. This relationship is
grounded in the Maxwell-Betti reciprocal work theorem, according to which, the displacement profile induced by a point load at a
fixed location (say 2) is equivalent to the displacement influence line at that same location, that is, the displacement in z as a function of
position of the moving load (2). When the sensor measures acceleration, it captures the time second-order derivative of displacement.
In the quasi-static regime and under constant speed (v), this time second-order derivative can be related to the position of the moving
load (z = vt). By applying the reciprocity principle, the second-order derivative with respect to time becomes equivalent to the second
spatial derivative of the displacement profile induced by a point load moving along the structure, i.e., the curvature profile.

In this condition, the quasi-static component can be interpreted as a representation of the bridge curvature in section z as a function
of 2. Introducing the nondimensional variable ¢ = z/L that represents the sensor position normalized to the beam length, the curvature
profile (denoted as h“)[2]) can be expressed as:

9z = —

2 ﬁsin(mﬂg)sin
m=1

L 3)

2PLv? 1 1 (m;rf)

Fig. 1 shows the contributions of the components of Eq. (3) calculated for different modes (a), as well as their frequency repre-
sentations (b), and the cumulated results (c), which tends to a triangular shape, corresponding to the curvature profile induced by a
point load. This highlights the importance of higher-frequency components in accurately reconstructing the curvature profile. It is
important to note that the frequencies shown here do not correspond to the natural frequencies of the structure, but rather to spatial
frequencies (represented in Fig. 1(b)), i.e., the inverse of the mode shape wavelength. Since the vehicle moves at constant speed, these
spatial frequencies can be mapped onto the time domain and interpreted as effective temporal frequencies. These effective frequencies
are generally lower than the natural frequencies of the structure and vary with the vehicle speed.

However, when the components with relatively higher frequency approach or overlap with the dynamic components (particularly
for high-speed vehicles, where the effective frequencies become comparable to the natural frequencies of the structure), the con-
ventional filtering method used for separating quasi-static and dynamic components becomes less effective. In this case, a large cutoff
threshold allows residual dynamic components to distort the curvature profile, while a small threshold suppresses the high-frequency
part of the quasi-static response, resulting in an overly smooth curvature estimate.

Although this interpretation applies in general to statically determinate Euler-Bernoulli beams, where the curvature profile is
piecewise linear, the theoretical background of this paper focuses on simply supported beam-like structures, for ease of interpretation.
Nevertheless, the approach can be applied to a wider range of structures, in which the local variation of the quasi-static component is
sensitive to local damage while the rigorous interpretation in terms of curvature does not hold, as shown in Section 6.

2.2. Continuous wavelet transform

As anticipated, the core idea is to exploit the CWT to estimate the curvature profile from acceleration responses. The CWT of a
signal x(t) can be defined as [32]:

Wy, (b,s) = ﬁ [ Z x(t)y' (?) dt “)

where W, (b, s) represented as the wavelet coefficient; y*(t) is the complex conjugate of y(t), which is the basis function of the wavelet
transform, also referred to as the “mother wavelet”; b is a translation factor in time; and s is the scaling factor, which is inversely
proportional to the center frequency of the scaled wavelet function.

At the same time, when Wy, (b, s), w(t), b and s are known, the time domain signal x(t) can be reconstructed based on the inverse
continuous wavelet transform (iCWT) process, which is defined as [35]:
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As shown by Egs. (4) and (5), the CWT provides the time-scale (or time-frequency) representation of the input signal, while the
iCWT reconstructs it in the time domain. By adjusting the integration limits in Eq. (5), one can isolate specific scale (or frequency)
ranges and time intervals of interest, thereby enabling both filtering and time windowing. This capability will be exploited to extract
the quasi-static component of the acceleration response that will be used for damage localization, as further detailed in Section 3.2.

Curvature profiles for simply supported beams under a point load have a triangular shape. This study uses the generalized Morse
wavelet (GMWs) [36] as a mother wavelet with a shape that resembles a triangle [36-39], which can be represented as:

P2

Wp, (@) = U(w)ap,07 e’ 6)

where U(w) is the unit step function, ap,, is a normalizing constant, P? is the time-bandwidth product, and the parameter y characterizes
the symmetry of the GMW [37]. In this study, y is chosen to be 3 to make the wavelet symmetric, while P? is set to 3 to make the wavelet
cover the smallest frequency range [36].

Fig. 2 shows time and frequency domain representations of the natural GMW (i.e., considering the unscaled function, s = 1). The
representations highlight the compact support in both time and frequency. Specifically, the compactness in time makes it suitable to
describe local phenomena in the signal (such as local stiffness variations, for instance, due to damage [22]) while its compactness in
frequency makes it suitable for separating signal components with different frequency contents and isolating local distortions
potentially due to damage.

Moreover, as shown in Fig. 2(b), the s = 1 wavelet function corresponds to a specific center frequency f:

1 P\
fe= O (7—2> )

which in this case is equal to 0.11 Hz but spans a wide frequency range. This characteristic distinguishes it from the Fourier basis,
which is confined to a narrow frequency band.

3. Proposed damage localization method

After collecting the acceleration time histories at selected instrumented locations during vehicle passages in both the “baseline” and
“possibly damaged” conditions (Fig. 3(a)), the proposed identification procedure can be applied. The process, also illustrated in Fig. 3,
consists of the following steps:

1) Signal pre-processing: a time range of interest of the signal is selected and a padding process is applied to mitigate boundary effects
(Fig. 3(b));

2) Curvature profile identification: the CWT is applied to transform the time-domain signal into a time-scale representation, i.e., the
scalogram (Fig. 3(c)). Then, a portion of the time-scale diagram is selected corresponding to large wavelet scales (i.e., low fre-
quencies) as well as the original time range before padding (Fig. 3(d)). In these intervals, the iCWT is applied using only the selected
low-frequency components to reconstruct the quasi-static signal, which can be interpreted as a curvature profile - or, for structures
differing from an Euler-Bernoulli beam, as a curvature-like feature (Fig. 3(e));
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Fig. 2. Unscaled Morse wavelet: (a) time-domain representation, (b) frequency-domain representation.
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Fig. 3. Scheme of the proposed identification procedure: (a) acquisition of the bridge response, (b) signal pre-processing, (c) calculation of the CWT
scalogram, (d) effective range selection, (e) curvature profile identification, (f) damage index calculation.

3) Damage index calculation: the estimated curvature profiles are compared to a baseline configuration at periodic intervals to
identify any differences that potentially indicate structural damage (Fig. 3(f)).

3.1. Signal pre-processing

When the CWT is evaluated near the signal boundaries, it performs a convolution between the scaled wavelet function (which can
be seen as a filter impulse response) and the initial or final portion of the acceleration signal. At very low or high time-shift indices (i.e.,
close to the start or end of the signal) this convolution cannot be computed correctly, as the filter impulse response would extend
beyond the available data. In signal processing, replication or mirroring of the signal is a standard approach to address this limitation
[40].

For the proposed method, a pre-processing step is applied to the acceleration signal with this purpose. First, the signal is trimmed to
the time interval between the vehicle entering and leaving the bridge (i.e., tmin and tmax, respectively), which can be accurately
identified using laser barriers positioned at the edges of the bridge. Then, to avoid the aforementioned issues at boundaries, the
selected signal is extended by mirroring it with reversed sample order and inverted sign multiple times, as illustrated in Fig. 3(b). This
creates a longer signal where only the outermost segments are affected by the boundary limitations. This approach also ensures that the
low-frequency components of the signal approach zero when the vehicle is near the structural boundaries, which aligns with the
physical expectation that the quasi-static curvature of a simply supported bridge vanishes at the ends.

3.2. Curvature profile identification

As discussed in Section 2.1, for Euler-Bernoulli beams, the quasi-static component of the acceleration response can be interpreted as
the curvature profile of a beam subjected to a point load. To retrieve this information, the proposed CWT-based method is used to
isolate the quasi-static component from the full acceleration signal measured by the accelerometers.

First, the CWT is applied to transform the time-domain acceleration signal into a time-scale representation. To facilitate the CWT
process, a CWT filter bank at specified scale values is first established. Specifically, this filter is formed of a set of scaled versions of the
mother wavelet function that, convoluted with the input signal, result in the wavelet coefficients at different scales (as illustrated in Eq.
(4)). The energy of these components can be depicted on a time-scale map and represents the scalogram reported in Fig. 3(c).

The scales included in the filter bank are determined by the lowest and highest usable pseudo-frequencies. The minimum ad-
missible frequency depends on the signal length, since wavelets with excessively large temporal support cannot be meaningfully
applied. The maximum admissible frequency is constrained by the Nyquist limit, f;, = F;/2 (where F; denotes the sampling frequency),
which prevents aliasing. To obtain finer resolution at low frequencies, the usable frequency interval is discretized on a logarithmic
grid. Specifically, the frequency range is divided into octaves, and each octave is split into ten logarithmic substeps, resulting in the
frequency sequence:

fi=2"" k=1,-,n-1 ®

where n is the total number of wavelets in the filter bank. Each pseudo-frequency is then mapped to its corresponding scale through the
standard CWT scaling law:



S.-W. Zhang et al. Mechanical Systems and Signal Processing 246 (2026) 113881

fCFS

S ©

Next, a portion of the total time-scale representation is selected to isolate the quasi-static component of interest. The bounds of this
interval, denoted spin and smax, are chosen as follows. Because the quasi-static component exhibits a triangular shape in the time
domain, and the generalized Morse wavelet closely resembles this shape, the quasi-static content is concentrated at large scales.
Accordingly, smax is set equal to the largest scale allowed by the signal length. Conversely, syin is chosen such that its associated pseudo-
frequency remains below the first natural frequency of the bridge, thereby excluding dynamic contributions (see Section 4.4 for a
sensitivity analysis).

Finally, the curvature profile is reconstructed by performing the iCWT using only the selected wavelet components, as follows:

Sk

tmax ‘Smax t— b
Xfiltered (t) = / vall’ (b, 5)1// (T) dsdb (10)
tmin

Smin

where tni, and tyay are the time indices that represent the original (unpadded) portion of the signal.

It is worth noting that, although selecting sy,;, may appear analogous to applying a hard frequency cutoff, each wavelet at a given
scale spans a broad frequency band. This overlap naturally includes higher-frequency content that is essential for accurately repro-
ducing waveform features such as sharp peaks. Consequently, the reconstructed signal retains greater fidelity and exhibits less
smoothing than signals obtained using traditional low-pass filters with rigid cutoff thresholds. Moreover, performing filtering in the
Fourier domain implicitly decomposes the signal into a basis of harmonic functions with infinite temporal support [41]. Accurately
representing localized distortions in this framework requires a large number of Fourier components. In contrast, the compactness of
wavelet functions in time and frequency makes them inherently well suited for capturing short-duration, localized phenomena.

3.3. Damage index

In practice, structural damage is typically assessed by comparing a “baseline” condition of the structure with a “test”, i.e., possibly
damaged, condition [23]. In this study, damage is modeled as a localized loss of flexural stiffness. Since the structure is assumed
statically determinate in this study, changes in the curvature profile due to damage are confined to the vicinity of the damaged region.
Consequently, the damage index (defined as the difference between curvature profiles identified under the baseline and test condi-
tions) will exhibit a peak at the damage location.

In real-world conditions, collected signals are affected by factors such as instrumentation noise, road roughness, and VBI effects.
These influences can reduce the accuracy of curvature profiles derived from individual vehicle passages. To mitigate this limitation,
averaging the curvature profiles over multiple passages can enhance the robustness and reliability of the resulting damage index [7].
Thus, a damage index D[Z] can be defined as follows:

D] = 2 h' 2] Yrehy) 2] an

Ttest Tbaseline

where hfi? [z] and hlf) [] are curvature profiles identified at a sensor section ¢ with i-th vehicle passage for the test and baseline con-
ditions, respectively, and riest and rpaseline are the number of vehicles considered for the test and baseline conditions, respectively.

While the proposed method assumes that the vehicle travels at nearly constant speed during each passage, different passages may
naturally occur at different speeds. This variation affects the quasi-static component only by changing its duration in time and,
consequently, the number of spatial samples obtained given the sampling frequency of the acquisition system. When different passages
yield curvature profiles with different numbers of samples, they can be mapped onto a common spatial grid using simple linear
interpolation before calculating the average, as demonstrated in [22,23].

4. Numerical benchmark

A numerical benchmark based on a VBI model is used to simulate the responses of simply supported bridge decks in both

= Sensor Posible damage
10m } 10m } 10m } 1)
DI | 2 | D3 |
SL ¥ SM ¥ SR JAY
10m | 10m | 10m | 10m

Fig. 4. Scheme of the VBI system.
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undamaged and damaged conditions. Road roughness is also included to account for surface irregularities. This setup is employed to
evaluate the damage localization performance of the proposed method.

4.1. Vehicle-bridge interaction model

The structure considered here is schematized as a 40 m long simply supported beam with an elastic modulus E = 3 x 10'° N/m? and
a cross-sectional moment of inertia I = 3.532 m* [23] (see the scheme in Fi g. 4). The mass per unit length mg is 10000 kg/m. The beam
is modeled using one-dimensional elements with a spatial discretization of 0.25 m. The first four modal frequencies of the bridge are
3.196 Hz, 12.783 Hz, 28.7612 Hz, and 51.132 Hz, respectively. Rayleigh damping is adopted to simulate structural dissipation. The
Rayleigh coefficients are computed from the first two resonant modes, for which a damping ratio of 5% is prescribed.

The vehicle is modeled as a spring mass my of 1750 kg with a suspension spring stiffness ky of 1.8 x 10’ N/m and damping cy =
1.44 x 10° N-s/m [23,42]. With these parameters, the modal frequency of the vehicle is calculated as 16.141 Hz. The structural
response is sampled at a rate of F; = 200 Hz. These parameters are based on a real structure analyzed in a previous study [23]. The VBI
model also includes road roughness, modeled as Class C in accordance with the ISO 8608 standard [43] based on the Power Spectral
Density method [44].

The VBI system of equations (see Appendix A for details) is solved using the Newmark-beta method to obtain the dynamic responses
of the bridge. Fig. 5 shows the displacement and acceleration collected at the mid-span (i.e., though sensor SM in Fig. 4) when a vehicle
crosses the undamaged bridge with a speed of 5 m/s.

4.2. Estimation of the curvature profile from an individual vehicle run

The first test in this section aims to estimate the curvature profile from a single structural response, specifically the acceleration
time history shown in Fig. 5(b). To reduce boundary effects introduced by the CWT, the signal pre-processing strategy described in
Section 3.1 is applied before analysis. First, the effective range is defined as the interval during which the vehicle is on the bridge, i.e.,
tmin = 3.6 s and tyax = 11.6 s, as observed in Fig. 5. Then, the signal within the effective range is extracted and mirrored by reversing
both its sign and sample order. The original and mirrored signals are then concatenated and repeated three times to generate an
extended signal for wavelet analysis, as illustrated in Fig. 6.

Next, the CWT is applied to the pre-processed signal using a wavelet bank consisting of 132 scaled versions of the mother wavelet.
This number results from the process described in Section 3.2. Fig. 7 shows the scalogram obtained by performing CWT for the pre-
processed acceleration response.

The effective range highlighted by the white box in Fig. 7 is used to reconstruct the curvature profile. The selected scale limits are
Smin = 53.8 and spmax = 3224.4. According to the inverse proportional relationship between scale and frequency (see Eq. (9)), these
correspond to center frequencies fyax = 0.40 Hz and fnin = 0.007 Hz, respectively (see Section 4.4 for more details). The inverse CWT is
then performed using only the selected components, while maintaining the same parameters as in the forward transform.

The resulting curvature profile estimated at the mid-span is shown in Fig. 8(a), with the corresponding time-scale representation
provided in Fig. 8(b).

The extracted curvature profile exhibits a nearly triangular shape with its peak at the sensor location, closely matching the
theoretical profile shown in Fig. 8(a). This indicates that the quasi-static component (i.e., the curvature profile) has been accurately
extracted.
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Fig. 5. Structural responses generated using the VBI model at the midspan: (a) displacement, (b) acceleration.
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4.3. Damage localization from multiple vehicle runs

To evaluate the damage localization capability of the proposed approach, a damaged condition is simulated by reducing the elastic
modulus of the element located at 30 m (i.e., D3 in Fig. 4) by 20%.

The procedure described in Section 4.2 is then repeated using the same vehicle and bridge parameters for two simulation sets: one
with 100 vehicle passages over the baseline (undamaged) bridge and the other with 100 passages over the test (damaged) bridge. In
both cases, road roughness profiles are changed randomly for each passage. Other vehicle parameters are kept constant in this test.

The curvature profiles obtained in the baseline and test conditions are then averaged, and a damage index is calculated according to
Eq. (11). The mean curvature profiles for the two conditions are shown in Fig. 9 and resemble the reference profile presented in Fig. 8.
The corresponding damage index is illustrated in Fig. 10.

Notably, the damage index exhibits a clear peak at 30 m along the bridge, corresponding to the location of the simulated damage at
D3, while remaining low elsewhere. The robustness of this method under varying conditions will be further examined in the sensitivity
analysis presented in Section 5.

4.4. Frequency threshold selection and comparison with state-of-the-art method

In the state-of-the-art approach based on low-pass filtering [21,23], the cutoff frequency defines a strict threshold: all frequency
components above it are removed. This often produces an overly smoothed curvature profile, which may weaken the capability of
identifying localized distortions due to damage. Increasing the cutoff frequency can partially mitigate this limitation by improving
spatial localization, but it also reintroduces unwanted high-frequency content linked to the dynamic response, generating artefacts
unrelated to damage.

Conversely, the CWT uses scaled versions of the mother wavelet, each spanning a broader frequency band (Fig. 2(b)). This wider
coverage enables a more complete reconstruction of the triangular curvature profile, while still capturing short-duration irregularities
associated with damage. This feature is particularly advantageous when vehicles travel at high speed.

In both approaches, selecting an appropriate threshold is critical for accurate curvature estimation and damage localization. In the
lowpass filter-based method, this threshold is defined by the cutoff frequency, while in the proposed CWT-based method, it corre-
sponds to the minimum scale sy, used in the reconstruction.

To compare the performance of both methods, damage localization is performed for the same bridge and road roughness profiles
described in Section 4.3. The analysis is conducted using cutoff frequencies and corresponding fiax of 0.2 Hz, 0.3 Hz, 0.4 Hz, and 0.5 Hz
for the lowpass filter-based and CWT-based methods, respectively. The comparison results, including the averaged curvature profiles
and the damage indices, are shown in Figs. 11(a) and (b), for the proposed method and reference approach, respectively.

The identified curvature profiles (left panels) in Fig. 11 show that, for the same frequency threshold, vibration-induced fluctuations
are more pronounced in the results of the state-of-the-art method, while the CWT-based method better preserves the expected
triangular shape of the quasi-static curvature profile, with reduced interference from dynamic effects.

This distinction is further evident in the damage index plots (right panels). In all cases, increasing the frequency threshold sharpens
the main peak of the damage index. However, in the reference method, the damage effect is reconstructed from a limited set of
harmonics below the cutoff frequency, which can limit localization precision. In contrast, the CWT leverages scaled versions of the
mother wavelet to more compactly and accurately represent the localized peak associated with damage.

As a result, the CWT-based method consistently identifies the damage location without ambiguity across all tested thresholds.
Based on the outcomes shown in Fig. 11(a), the optimal frequency threshold for this 40 m simply supported beam is fn,x = 0.40 Hz,
which provides a good balance between accurate damage localization and suppression of unwanted high-frequency components.
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Fig. 9. Averaged curvature profiles: (a) baseline condition, (b) test D3 condition.
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However, variations in the selected threshold within the range discussed in Section 3.2 have only a minor impact on the overall
performance of the method.

5. Sensitivity analysis

In this section, a sensitivity analysis is performed to test the robustness of the proposed method to (1) sensor parameters (position
and noise level), (2) damage parameters (location, severity, spatial extension, and number), and (3) vehicle speed.
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5.1. Sensitivity to sensor parameters

Two parameters are considered for the sensitivity analysis regarding the sensing instrumentation, namely the sensor position along
the structure and the acquisition noise level, which are representative of different sensor models. First, the proposed procedure is
applied using the structural response collected at three sensor positions (i.e., SL, SM, and SR in Fig. 4). A total of 100 tests were
performed using the same parameters described in Section 4.3, assuming a vehicle speed of 5 m/s and a localized damage at position
D3 with an extent of 0.25 m and a 20% reduction in stiffness. The averaged curvature profiles identified in the baseline configuration
and the damage indices evaluated for the three sensor positions are presented in Fig. 12.

Notably, the shape of the averaged curvature profile changes in the three cases, showing a peak value at the sensor position.
Nevertheless, the damage index has a sharp peak at the damage location, consistent across all sensor positions.

In field tests, a typical accelerometer for SHM applications is affected by noise with a signal-to-noise ratio (SNR) of 40-50 dB [45].
Different cases are then analyzed by adding white Gaussian noise components with SNR = 50 dB, 40 dB, and 30 dB to the recordings.
Fig. 13 shows the damage index results for different SNRs obtained using sensor SM.

The comparison between Figs. 12(b) and 13 reveals a twofold impact of white Gaussian noise on the damage index. First, it can
introduce spurious peaks at non-damaged locations. Second, it generally elevates the overall level of the damage index, reducing
contrast. As the SNR increases, the peak associated with the actual damage becomes more pronounced, with higher kurtosis, making
the damage location easier to identify. Conversely, high noise levels, as in the case of SNR = 30 dB, noticeably degrade the results.
Despite this, under typical noise conditions (SNR between 40 dB and 50 dB), the proposed method remains effective in clearly
identifying the damage location, even with a single sensor.

5.2. Sensitivity to damage parameters

To assess the robustness of the proposed method to different types of damage, multiple analyses are performed considering different
damage locations, namely D1, D2, and D3 (see Fig. 4). In this case, a vehicle travels at a speed of 5 m/s on a bridge with a single damage
characterized by a length of 0.25 m and a 20% reduction in element stiffness, with data collected from the SM sensor. The results for D3
(with and without noise) are already shown in Figs. 12 and 13. The results for other damage locations are presented in Fig. 14. As
expected, the proposed method works well for different damage locations. Although spurious peaks arise with increasing noise, they
are generally modest compared to the maximum peak due to the damage.

Next, the sensitivity of the proposed method to the severity of damage is investigated by reducing the elastic modulus E to 80%,
95%, and 98% of its original value. For brevity, only a 0.25 m damage at location D3 with data from sensor SM and a 5 m/s vehicle is
analyzed herein. The 80% case is examined in Section 5.1 (see Figs. 12 and 13), while results for other damaged entities are reported in
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Fig. 12. Identification results for different sensor positions: (a) baseline curvature profile, (b) damage index.
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Fig. 14. Damage index obtained for different damage locations and noise levels: (a) D1, (b) D2.

Fig. 15. These results demonstrate that, in the analyzed scenario, the proposed method can theoretically detect very small degrees of
damage, even 2%. Moreover, the magnitude of the damage index increases approximately proportionally with the damage severity.
Although the localization capability decreases with lower SNR, the damage-induced peak remains distinguishable in most cases.

The impact of the damage extension on the proposed damage index is also investigated. Specifically, damage extensions of 0.25 m,
2m, and 4 m, located around D3, are analyzed using data from the SM sensor with a 5 m/s vehicle. The first case (0.25 m) is discussed
in Section 5.1 (see Figs. 12 and 13), while results for the other cases are presented in Fig. 16. The results show that the peak of the
damage index consistently aligns with the center of the damaged region. As the damage length increases, the peak value of the damage
index also rises, reflecting the sensitivity of the method to the overall damage severity. Notably, the influence of noise reduces as the
damage extension increases.

Finally, a multiple-damage scenario is analyzed, involving two damaged regions of 0.25 m located at positions D1 and D3 (see
Fig. 4). Each damage is modeled as a 20% reduction of E. Acceleration signals are collected from sensor SM, and the vehicle speed is set
to 5m/s. Fig. 17 presents the results for the double-damage condition under different noise levels. In all three cases, the two damage
locations can be identified accurately. Furthermore, fluctuations are induced by noise similar to the previous analyses.
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5.3. Sensitivity to vehicle speed

Vehicle speed is a critical parameter in the proposed method, as the conventional approach based on low-pass filtering demon-
strated high sensitivity to it, limiting its applicability to relatively modest speeds. In this section, two cases are analyzed with vehicle
speeds equal to 40 km/h and 80 km/h, the results of which are shown in Fig. 18. The maximum frequency thresholds of the proposed
method are selected as 0.8 and 1.05 for 40 km/h and 80 km/h, respectively.

As expected, increasing the vehicle speed significantly amplifies spurious peaks caused by dynamic components of the structural
response. However, localization accuracy remains unaffected. These findings underscore the superior ability of the CWT to effectively
separate dynamic and quasi-static components.

6. Real benchmark

To assess the generality of the proposed damage localization method, acceleration data from field monitoring of a real bridge, the
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Fig. 18. Damage index obtained for typical operational speeds and noise levels: (a) 40 km/h, (b) 80km/h.
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Old ADA Bridge in Japan [46], are used in this section. The analyzed bridge is illustrated in Fig. 19.

The structure is a simply-supported steel truss bridge with a main span of 59.2 m. The speed of the vehicle in the tests is
approximately a constant of 40 km/h, and its axle spacing is 2.7 m. Four scenarios are considered in this field test, each obtained by
artificially inducing a different damage configuration to the structure:

Case A, Intact: no damage condition;

Case B, Damage 1: 50% cross-sectional reduction of the element at midspan on one side of the deck (T1, see Fig. 19);

Case C, Damage 2: 100% cross-sectional reduction of the same element considered in Case B;

Case D, Recovery, repair of the cut vertical member through soldering;

Case E, Damage 3, 100% cross-sectional reduction of the vertical element at 5/8 of the span on one side of the deck (T2, see Fig. 19).

For each case, 10 vertical acceleration time histories are collected by 5 sensors on the side of the damaged truss member (A1l to A5,
see Fig. 19(b)) with a sampling frequency of 200 Hz. More details can be found in Ref. [46].

It is worth noting that the structure considered in this case study is not a strictly simply supported beam with a uniform cross-
section. As a result, the expected quasi-static component of the bridge acceleration cannot be strictly interpreted as a curvature
profile induced by a point load and may not be triangular. Reference curvature shapes for such configurations can be found in previous
studies [22].

Fig. 20(a) and (b) show the mean quasi-static profiles obtained from different sensors for cases A and B. Although the profiles
deviate from ideal triangular shapes (due to the specific geometry of the truss structure), the peak values consistently occur at the
sensor locations, in agreement with the numerical results presented in Section 5.1.

Fig. 20(c) to (e) display the damage index values obtained using different sensor configurations. Specifically, panel (c) presents the
damage index at the central sensor, while panels (d) and (e) show the sum of damage indexes from all five analyzed positions and from
only the two lateral sensors, respectively.

It is important to note that, due to the structural characteristics of the steel truss bridge, the resulting damage index patterns differ
from those observed in the numerical benchmark of beam-like bridges. In this case, the imposed damage (achieved by reducing the
depth of a truss member) produces index profiles that do not exhibit the typical single-peak shape commonly seen in beam structures.
Instead, the truss bridge shows a more complex distribution, reflecting load-path redistribution within the structural system. While
using a single sensor (Fig. 20(c)) may lead to a slightly distorted estimate of the maximum variation of the quasi-static feature,
combining information from multiple sensors provides a clearer and more accurate identification of the damage location.

Similarly, Fig. 21 presents the results obtained between scenarios A and C, which also show a positive correlation between the
severity of damage and the corresponding damage index. This behavior also aligns with the results reported in Section 5.2.

Fig. 22 presents the damage index results comparing scenarios D and E. In this case, the damage index peak shifts toward the
location of the damaged element, demonstrating responsiveness to different damage locations. However, accurate detection requires
data from multiple sensors, even if they are not positioned directly at the damaged location, as illustrated in panel (c).

7. Conclusions

A novel damage localization method for bridges is proposed in this study, leveraging curvature profiles derived from structural
acceleration responses via the continuous wavelet transform. Compared to state-of-the-art low-pass filtering approaches, the proposed
method offers a flexible threshold strategy and enables more accurate and stable curvature profile extraction, particularly under high-
speed conditions. This improvement contributes to more efficient and sustainable infrastructure monitoring and management.

A comprehensive parametric study, considering sensor position, noise level, and vehicle speed, confirms the robustness of the
approach for simply supported bridges. Field validation further demonstrates its applicability to actual non-ideal beam bridge
structures.

It is worth noting that several assumptions are made in this study. First, the simplified single-axle vehicle model may not fully
represent real traffic conditions. Second, the method is applied only to statically determinate structures. These limitations will be

Tl

740

5920
(a) (®)

Fig. 19. Real bridge benchmark: (a) picture of the old ADA bridge (from [27]), (b) scheme of the tested bridge and sensor setup (dimensions in cm).
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Fig. 21. Damage indices obtained for case C: (a) considering only sensor A3, (b) considering all sensors, (c) considering sensors Al and A5.
further investigated in future studies.
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Appendix A. Vehicle-bridge interaction model

Fig. A.1. Scheme of the VBI system.

A VBI system [47] is considered in this study, which includes a bridge subjected to a vehicle moving with a constant speed v along
the axis of the bridge, as shown in Fig. A.1. In this model, the vehicle is simplified as a sprung-mass system with mass my, spring
stiffness ky, and viscous damping cy. The road profile of the bridge is modeled as a line with irregularity 5(z). The bridge is regarded as
a simply supported beam with a length of L. The equations of the VBI system can be described as [48]:

64)'3(27 t) aZyB(z’ t) 0},3(27 t) _
EI oz +mg o +cs Fra 5(z —v)f(t) (A1)
gy + v (y'v et - 7'1(2)) kv (v — ya(z0) — n(z)) =0 A.2)

where 6 represents the Dirac delta function, EI is the flexural stiffness of the beam, given by the elastic modulus E and the moment of
the cross-sectional inertia I, cg denotes the damping coefficient of the bridge, and mg is mass per unit length. In these equations, yz(z, t)
is the structural vertical displacement, modeled as a function of space z and time t, y, is the vertical position of the vehicle mass, while f
(t) is the force impressed by the vehicle on the beam, which can be expressed as:

0= ~mu(g+3,) (A3)

where g is the acceleration of gravity. The dot notation indicates derivation in time.
According to the superposition principle, the vertical displacement of the bridge excited by the moving vehicle can be written as a
linear combination of modal responses:
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Y8(2,t) = i P (2)qm(t) (A.4)

where ¢, (x) is the m-th mode shape, and g,(t) is the m-th displacement time history in the modal coordinates. For simply supported
beams, the normalized mode shape can be written as:

h(2) = \/%sin (?) (A.5)

Substituting Egs. (A.4) and (A.5) into Egs. (A.1) and (A.2), multiplying the equation by a mode ¢, and integrating over z from O to L,
the VBI system can be expressed as:

mqu + 2memwB,m4m + mBa)g,mqm

) o ) LI o0 (A.6)
=cvty Yy = 1= Y bl — D Vum | + kvt [ Yy =1 =D bllm | — mvge);
m=1 m=1 m=1
myyy + ey +hvyv —¢v Y bulin— v D Vnlm —kv Y budm = cvij+kvn A7)

m=1 m=1 m=1

where the prime notation indicates derivation in space, wp n is the m-th natural frequency of the bridge, and &, is the corresponding
damping ratio, which can be expressed as follows:

onn = (") /2 .8

Cp

= S 9

$m

The acceleration response of the bridge can be solved numerically, for instance, using the Newmark-beta method.

Data availability

Data will be made available on request.
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