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Abstract

Structural Health Monitoring (SHM) of existing bridges increasingly relies on dynamic
measurements to assess structural performance and detect potential damage. However,
the practical implementation of long-term vibration-based monitoring is still constrained
by the volume of data required and the complexity of continuous acquisition systems.
In the context of ensuring the safety and performance of existing bridge infrastructure,
vibration-based monitoring offers a powerful tool for detecting changes in structural be-
havior. This study presents an extended investigation of dynamic monitoring applied to
composite steel–concrete viaducts, focusing particularly on the signal-analysis framework
and methodological enhancements. Short-duration accelerometric records are processed
through an automated signal-selection pipeline and advanced modal-parameter extraction
algorithms to yield identification of modal features. Emphasis is placed on the statistical
evaluation of modal-parameter stability, effects of operational and environmental vari-
ability, and the potential for long-term trend detection. The results highlight the limits
of short-length recordings when OMA techniques are applied. Nevertheless, appropriate
signal processing and data handling can provide acceptable insights into the dynamic char-
acteristics of large bridge systems. The methodological findings provide a foundation for
improved monitoring workflows, showing the amount of information that can be retrieved
using a cost-effective hardware deployment and supporting further development toward
structural digital twins.

Keywords: bridge dynamic identification; Operational Modal Analysis; structural health
monitoring; composite bridge

1. Introduction
The structural safety and serviceability of existing bridges have become a critical con-

cern in many industrialized countries, where a large portion of the infrastructure network
was built between the 1950s and 1980s and has now reached or exceeded its original design
life. Aging, material degradation, and increased traffic loads have emphasized the urgent
need for reliable tools capable of assessing the structural performance of these systems and
detecting early signs of deterioration [1].

Within this framework, Structural Health Monitoring (SHM) represents a key strategy
for improving infrastructure management, offering the potential to transform traditional
inspection-based approaches into continuous, data-driven procedures that support predic-
tive maintenance and informed decision-making [2]. Among the various SHM techniques,
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vibration-based monitoring and Operational Modal Analysis (OMA) have proven particu-
larly effective for identifying the dynamic properties of bridges, such as natural frequencies,
damping ratios, and mode shapes, under ambient excitation [3–5]. These parameters pro-
vide valuable insight into the global stiffness and integrity of bridge systems and serve as
sensitive indicators of structural change.

Despite their advantages, the practical implementation of OMA-based monitoring in
real bridge infrastructure remains limited due to challenges such as the large volume of
acquired data, the complexity of continuous acquisition systems, and the computational
effort required for long-term processing [5–8].

Long-term monitoring studies have shown that environmental and operational ef-
fects, including temperature variations and traffic conditions, can significantly influence
the identified modal parameters, complicating their interpretation in terms of structural
condition [9,10].

Recent advances in wireless sensing, low-cost accelerometers, and IoT-based platforms
have enabled large-scale SHM deployments. However, the management and processing of
massive datasets remain critical bottlenecks.

While sensors have become more accessible, the cost, maintenance, and data-handling
requirements of continuous long-duration measurements are often unsustainable for exist-
ing bridges. As a result, increasing attention is being directed toward signal-efficient moni-
toring strategies that enable reliable modal identification using short-duration recordings
and a limited number of sensors [11–14]. In this context, several authors have investigated
automated and continuous OMA procedures aimed at reducing human intervention and
improving scalability in long-term applications [15,16].

Previous research has explored techniques to optimize the trade-off between data
length and identification accuracy, such as advanced signal processing, statistical filtering,
and automated selection of high-quality accelerometric data [17–19]. Specific studies have
addressed the influence of record length, excitation variability, and signal quality on the
stability of OMA results, highlighting the limitations of short-duration measurements
when applied without adequate selection and validation criteria [20,21]. However, the
influence of short record duration, variable signal quality, and environmental fluctuations
on the stability of modal parameters remains an open topic, particularly for composite
steel–concrete bridges, where material heterogeneity and boundary complexity strongly
affect the dynamic behavior [3,5].

This paper contributes to this ongoing discussion by providing a critical and realistic
assessment of a signal-based dynamic identification framework applied to an existing
set of composite steel–concrete bridges equipped with a minimal monitoring system.
The dataset is characterized by short, intermittent acceleration records (102.4 s) acquired
through a sparse network of wireless sensors, which represents a common but challenging
configuration in real-world SHM applications. The objective is not to demonstrate high-
end performance but to evaluate how much reliable information can be extracted from
limited and imperfect data, and to define the boundaries of applicability of short-duration
vibration-based monitoring.

The methodology integrates automated signal selection, OMA, and clustering for
extracting modal parameters from short acceleration records. Two complementary ap-
proaches are investigated and compared: a three-set approach, in which three independent
high-energy short datasets are analyzed separately; and a merged-signal approach, where
the same recordings are concatenated to simulate longer acquisitions.

The originality of the proposed framework lies in the way energetic recordings are
selected and synchronized across the monitoring system, rather than in the definition
of new modal identification techniques. In particular, signal selection is based on the
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combined use of multiple energy-related indicators and on their temporal recurrence, with
the aim of identifying acquisition instants that are consistently informative across different
criteria and sensors.

The proposed comparison allows for quantifying the effects of record length, excitation
variability, and data-handling strategy on modal identification accuracy and stability. The
analysis also explores the impact of environmental and operational conditions—such as
traffic intensity and temperature—on modal visibility and parameter consistency.

Overall, the study demonstrates that, although the monitoring system and the acquired
data are far from ideal, careful signal processing, energy-based selection, and statistical
validation can still provide meaningful insights into the dynamic behavior of large bridge
structures. The findings offer practical guidance for engineers working with limited
monitoring systems, showing that, despite significant constraints, it is still possible—by
fully exploiting the available information—to obtain a coarse but meaningful assessment of
the structural behavior.

2. Case Study and Monitoring Setup Description
The proposed signal-based identification framework was implemented and tested

on an existing composite steel–concrete bridge system forming part of a major highway
interchange in Northern Italy. The structure represents a typical example of medium-span
composite viaducts, characterized by repetitive span configurations and subjected to high
levels of traffic-induced vibration.

2.1. Structural Configuration

The interchange is composed of six viaducts, identified by specific numerical codes
and corresponding color labels shown in Figure 1, which presents the plan view of the
entire interchange. These are structures 2A2 (green), 223 (red), 210 (yellow), 233 (blue),
2B4 (orange), and 243 (violet).

 

Figure 1. Interchange overview. The arrows indicate the traffic direction.

The monitored viaduct system consists of multiple simply supported spans with
lengths ranging from 25 to 36 m. Each span is composed of a reinforced-concrete deck slab
supported by either two longitudinal steel girders (i.e., viaducts 210, 2B4, 2A2, and 243)
or four longitudinal steel girders (i.e., viaducts 223 and 233), as shown in Figure 2. These
girders are connected through transverse beams to ensure transversal distribution of the
vehicular loads. The superstructure rests on circular reinforced-concrete piers based on
shallow foundations.

https://doi.org/10.3390/infrastructures11020050
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(a) (b) 

Figure 2. Example of 4-beam viaduct (a) and 2-beam viaduct (b).

The support system adopted at the piers, shown in Figure 3, represents one of the most
distinctive features of this bridge type. In each pier region, one span rests directly on the
columns, transferring loads through conventional steel bearings, while the adjacent span
is suspended from the first one through a hanging-link system. As a result, each deck is
alternately supported and suspended: at one end it sits directly on the pier, whereas at the
opposite end it is hung from the neighboring span. This configuration produces a coupled
dynamic interaction between consecutive spans, modifying both the effective boundary
conditions and the modal characteristics of the decks. Although this arrangement efficiently
accommodates longitudinal displacements, it also introduces additional complexity in
interpreting the measured dynamic response as the stiffness of the hanger in the horizontal
transverse direction is quite uncertain.

  

Figure 3. Detail of the ‘Gerber’ pendulum support system on the piers.

2.2. Monitoring Instrumentation

The monitoring system installed on the bridge includes both dynamic and static sen-
sors, designed to capture complementary aspects of structural behavior. Static instrumenta-
tion comprises inclinometers and strain gauges, which are used to monitor slow-varying
phenomena such as deflection trends, long-term deformations, and stress variations in
critical sections.

In several viaducts, the monitoring system is installed on two contiguous spans,
allowing for the evaluation of coupled responses of adjacent decks. The measurement
layout adopted for this configuration is illustrated for a two-girder deck in Figure 4 and for
a four-girder deck in Figure 5.

The present study focuses exclusively on the dynamic components of the monitoring
system, which consist of a network of triaxial wireless accelerometers. These are composed
of compact, battery-powered triaxial sensors. Each unit is capable of measuring acceleration
along the longitudinal, transverse, and vertical axes, with a sampling frequency of 80 Hz.
The sensors communicate with a central gateway unit via a low-power wireless protocol,
enabling remote data acquisition and configuration without physical wiring.

This configuration drastically reduces installation time and maintenance requirements,
making it particularly suited for medium-to-long-term monitoring campaigns on opera-
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tional bridges. Each device includes an internal data buffer, temperature compensation,
and clock synchronization routines to ensure temporal alignment among sensors.

 
(a) 

 
 

(b) (c) (d) 

Figure 4. Typical arrangement of monitoring instruments on a double-girder viaduct. (a) Plan view.
(b) Section at the mid-span of the deck. (c) Section on the piers. (d) Detail of the bearing.

 
(a) 

   
(b) (c) (d) 

Figure 5. Typical arrangement of monitoring instruments on a four-girder viaduct. (a) Plan view.
(b) Section at the mid-span of the deck. (c) Section on the piers. (d) Detail of the bearing.

The sensors were installed at a limited number of representative locations along
selected spans:

• Mid-span (L/2), capturing the maximum vertical displacements;
• Quarter-span (L/4) and one-eighth span (L/8), corresponding to regions of high

modal curvature;
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• Pier tops, where acceleration levels are expected to be lower but phase information is
valuable for mode-shape identification.

The combination of these positions provides a minimal yet informative measurement
layout, allowing evaluation of how a reduced number of sensors affects the accuracy of
modal identification.

2.3. Data Acquisition Strategy

The accelerometers can acquire only short-duration acceleration records. Their use in
Operational Modal Analysis (OMA) and in the evaluation of vibration-based indicators of
structural performance is assessed in the paper.

Two complementary data acquisition modes were configured:

• Scheduled acquisitions, automatically performed at fixed time intervals (e.g., every 6 h
from January 2023 to December 2023), each lasting 102.4 s—equivalent to 8192 samples
per channel (the maximum length permitted by the memory of the sensor). These
measurements were primarily used for Operational Modal Analysis (OMA).

• Triggered acquisitions, activated when the measured acceleration exceeds a prede-
fined threshold. Each triggered record lasts 12.8 s (1024 samples) and captures short-
duration, high-intensity events such as the passage of heavy vehicles.

3. Motivation for the Proposed Signal-Based Strategy
During the preliminary phase of the study, it became evident that the direct appli-

cation of OMA techniques to all available acceleration records was neither practical nor
useful. Two main factors motivated the development of a signal-based procedure driven
by the energy content of the recordings: computational limitations and variability of
identification results.

The monitoring system produces a large number of scheduled acquisitions, one every
six hours, resulting in thousands of short acceleration records per year.

Performing a complete OMA on every single scheduled acquisition would require
substantial computational time and memory, as it is repeated for multiple viaducts.

Preliminary analyses also revealed a high temporal variability in the modal parameters
identified from each scheduled acquisition.

Each 102.4 s record captures the bridge response under specific and transient excitation
conditions—mainly affected by traffic intensity, but also by temperature, wind, or humidity.
Therefore, the number and stability of the identified modes vary considerably between
consecutive acquisitions.

Some recordings yield clear stabilization diagrams with multiple consistent modes,
while others produce only one or two weakly defined modes.

Figure 6 shows a collection of stabilization diagrams obtained over seven consecutive
days of monitoring (i.e., from Sunday 1 January 2023 to Saturday 7 January 2023). Each row
corresponds to one calendar day, while each column represents one of the four scheduled
acquisitions: at 01:00, 07:00, 13:00, and 19:00 h. The frequency range investigated is 0–5 Hz.

In each diagram, blue dots denote poles stable in frequency, damping, and mode
shape; green points indicate poles stable in frequency and damping only; and red points
correspond to unstable poles.

A clear variability is observed among the four daily scheduled acquisitions and
between consecutive days. Some time slots (for instance, daytime acquisitions around
07:00 and 13:00) show denser clusters of blue poles, indicating stronger excitation and
better modal visibility—likely due to heavier traffic levels and thus higher vibration energy.
In contrast, nighttime acquisitions (01:00) or those performed during calm environmental
conditions often show sparser stabilization diagrams, with only a few stable.
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Figure 6. Stabilization diagrams obtained from scheduled acquisition from 1 January 2023 to
7 January 2023.

This pattern confirms that the modal visibility under ambient excitation depends
strongly on both the energy level and spectral content of the input and on environmental
and operational factors such as traffic, temperature, or wind [22,23].
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In several cases, the same vibration modes appear intermittently—well defined in
some diagrams and barely visible in others—demonstrating the high temporal variability
that characterizes non-controlled ambient-vibration tests.

Figure 7 shows all the natural frequencies identified during January 2023 from the
complete set of scheduled acquisitions for viaduct 2A2.

Figure 7. Natural frequencies identified from all scheduled acquisitions during January 2023 for
viaduct 2A2.

The plot highlights the large dispersion of results obtained when every available signal
is processed without any selection. Although several clusters of recurring frequencies can
be recognized—approximately around 2.8 Hz, 3.75 Hz, 4.0 Hz, and 4.2 Hz, corresponding
to the bridge’s main vibration modes—the number and clarity of the identified modes
vary considerably.

This variability reflects the influence of excitation level and environmental conditions
on the visibility of modes under ambient vibrations: some records, typically characterized
by higher energy, provide well-defined modes, while others yield only partial or noisy
identifications. The figure therefore illustrates the need for a selective processing strategy.

Such variability justifies the need for the energy-driven signal-selection procedure
adopted in this study. By identifying and analyzing only the most energetic recordings,
the methodology minimizes the inclusion of low-excitation or noisy signals, thus im-
proving the reliability and consistency of the OMA results while drastically reducing
computational demand.

Consequently, a selective approach was required to identify and process only those record-
ings containing sufficient dynamic energy to ensure robust and repeatable identification.

The adopted strategy—described in detail in the following section—therefore aims to
balance computational efficiency and modal reliability by automatically selecting a limited
number of high-energy, high-quality signals.

This approach drastically reduces processing effort while preserving the physical
representativeness of the dataset, enabling effective modal identification even within a
large, heterogeneous set of short acceleration records.

4. Methodology and Results
The methodological framework adopted in this study aims to extract reliable dynamic

characteristics (i.e., frequencies and modal shapes) of composite bridge decks from short-
duration acceleration records (102.4 s), while minimizing manual intervention in data
processing. The complete workflow consists of four main stages:

1. Preprocessing and signal conditioning,
2. Automated signal selection,
3. Modal-parameter identification,

https://doi.org/10.3390/infrastructures11020050
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4. Statistical evaluation and validation.

A schematic representation of the process is provided in Figure 8.

Figure 8. Schematic representation of the workflow.

In parallel, a complementary analysis was performed on the short triggered accelero-
grams (12.8 s), automatically recorded when acceleration thresholds were exceeded. These
data were processed to evaluate the peak dynamic response and its long-term evolution,
providing additional insights that support the interpretation of the modal identification
results discussed in Section 4.6.

4.1. Data Preprocessing and Conditioning

All acceleration records collected from the monitoring system are first subjected to a
standardized preprocessing routine, developed in MATLAB version 2023b [24], to ensure
consistency and comparability. Each raw signal is filtered using a band-pass filter tailored
to the expected frequency range of the bridge (0–20 Hz) [3,14], as shown in Figure 9.
Signals affected by data gaps or excessive noise are also automatically excluded through
quality-control metrics.

Figure 9. Example of raw and filtered accelerations.

4.2. Automated Signal Selection

A signal-selection algorithm was developed in MATLAB [18] to automatically identify,
for each month, the accelerograms with the highest energy and modal content.

For every triaxial sensor, three energy-based indicators were computed from each
102.4 s acquisition:

1. The standard deviation of the acceleration time history;
2. The area under the Power Spectral Density (PSD) curve in the frequency ranges under

investigation (0 to 20 Hz), as shown in Figure 10a;
3. The maximum peak of the PSD function in the frequency ranges under investigation

(0 to 20 Hz), as shown in Figure 10b.

Figure 10 reports an example of the second and third energy-based method applied
to four randomly selected acquisitions in January 2023 for viaduct 2A2 to illustrate the
criteria adopted for the automatic signal selection. The first plot (Figure 10a) refers to
the area-based approach, in which the total energy content of the Power Spectral Density
(PSD) curve is integrated over the frequency range of interest. The second plot (Figure 10b)

https://doi.org/10.3390/infrastructures11020050
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corresponds to the maximum-peak approach, where the signal is ranked according to the
highest amplitude observed in the PSD.

  
(a) (b) 

Figure 10. Example of signal selection based on energy content. (a) Method based on the maximum
area under the PSD. (b) Method based on the maximum peak of the PSD.

Table 1 reports the numerical results for the same four dates. As can be seen from
the comparison, the three methods generally identify the same recordings as the most
energetic. In many cases, but not always, the recordings with the largest integrated PSD
area coincide with the ones showing the highest spectral peak and the highest standard
deviation, confirming the consistency between the three selection criteria. Nevertheless, it is
possible, like in the example proposed in Figure 10 and in Table 1, that the different criteria
provide different results when asked to select the most energetic accelerogram. In this case
1 January 2023 h07:00 is the best sample of January in terms of standard deviation but the
second-best for PSD area and peak, whereas 20 January 2023 h13:00 ranks first according
to the area and peak but second for standard deviation. The third-best is unanimously
6 January 2023 h01:00.

Table 1. Example of signal selection based on energy content for four random dates in January 2023
for viaduct 2A2.

Date Standard
Deviation

PSD
Area

PSD
Peak

1 January 2023 07:00 5.80 × 10−3 (1st) 1.90 × 10−5 (2nd) 2.94 × 10−5 (2nd)
6 January 2023 01:00 3.50 × 10−3 (3rd) 1.05 × 10−5 (3rd) 1.42 × 10−5 (3rd)
20 January 2023 13:00 5.40 × 10−3 (2nd) 3.46 × 10−5 (1st) 4.52 × 10−5 (1st)
26 January 2023 07:00 2.80 × 10−3 (5th) 7.53 × 10−6 (4th) 7.96 × 10−6 (5th)
27 January 2023 01:00 3.40 × 10−3 (4th) 1.33 × 10−6 (5th) 1.07 × 10−5 (4th)

To ensure temporal consistency among sensors, the selected acquisitions were further
screened based on their recurrence in time.

For each sensor installed on a given structure, and for each selection metric (i.e.,
maximum standard deviation, maximum PSD peak, and maximum PSD area), the dates
of the three most energetic records were extracted on a monthly basis. An example of the
resulting candidates is reported in Table 2.

Table 2. Viaduct 2A2, January 2023. Monthly selection of the three most energetic accelerometric
records for each sensor and selection criterion.

Vertical direction
Pier L/8 L/4 L/2

Standard
Deviation

1st 2023-01-31_07-00 2023-01-02_07-00 2023-01-27_01-00 2023-01-27_01-00
2nd 2023-01-13_13-00 2023-01-27_01-00 2023-01-06_01-00 2023-01-06_01-00
3rd 2023-01-19_13-00 2023-01-06_01-00 2023-01-02_07-00 2023-01-02_07-00
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Table 2. Cont.

Vertical direction

PSD
Peak

1st 2023-01-17_07-00 2023-01-27_01-00 2023-01-27_01-00 2023-01-27_01-00
2nd 2023-01-19_13-00 2023-01-06_01-00 2023-01-06_01-00 2023-01-06_01-00
3rd 2023-01-31_07-00 2023-01-26_07-00 2023-01-10_13-00 2023-01-10_13-00

PSD
Area

1st 2023-01-31_07-00 2023-01-27_01-00 2023-01-27_01-00 2023-01-27_01-00
2nd 2023-01-13_13-00 2023-01-20_13-00 2023-01-06_01-00 2023-01-06_01-00
3rd 2023-01-19_13-00 2023-01-02_07-00 2023-01-31_07-00 2023-01-31_07-00

Longitudinal direction
Pier L/8 L/4 L/2

Standard
Deviation

1st 2023-01-17_07-00 2023-01-31_07-00 2023-01-26_07-00 2023-01-26_07-00
2nd 2023-01-26_07-00 2023-01-26_07-00 2023-01-17_07-00 2023-01-17_07-00
3rd 2023-01-31_07-00 2023-01-17_07-00 2023-01-19_13-00 2023-01-19_13-00

PSD
Peak

1st 2023-01-17_07-00 2023-01-17_07-00 2023-01-26_07-00 2023-01-26_07-00
2nd 2023-01-31_07-00 2023-01-26_07-00 2023-01-17_07-00 2023-01-19_13-00
3rd 2023-01-26_07-00 2023-01-19_13-00 2023-01-19_13-00 2023-01-17_07-00

PSD
Area

1st 2023-01-17_07-00 2023-01-31_07-00 2023-01-17_07-00 2023-01-26_07-00
2nd 2023-01-26_07-00 2023-01-26_07-00 2023-01-26_07-00 2023-01-17_07-00
3rd 2023-01-31_07-00 2023-01-17_07-00 2023-01-19_13-00 2023-01-19_13-00

Transverse direction
Pier L/8 L/4 L/2

Standard
Deviation

1st 2023-01-31_07-00 2023-01-19_13-00 2023-01-19_13-00 2023-01-19_13-00
2nd 2023-01-19_13-00 2023-01-26_07-00 2023-01-31_07-00 2023-01-31_07-00
3rd 2023-01-23_13-00 2023-01-31_07-00 2023-01-20_13-00 2023-01-20_13-00

PSD
Peak

1st 2023-01-31_07-00 2023-01-19_13-00 2023-01-19_13-00 2023-01-19_13-00
2nd 2023-01-19_13-00 2023-01-31_07-00 2023-01-14_13-00 2023-01-31_07-00
3rd 2023-01-14_13-00 2023-01-14_13-00 2023-01-31_07-00 2023-01-14_13-00

PSD
Area

1st 2023-01-31_07-00 2023-01-19_13-00 2023-01-19_13-00 2023-01-19_13-00
2nd 2023-01-19_13-00 2023-01-26_07-00 2023-01-31_07-00 2023-01-31_07-00
3rd 2023-01-26_07-00 2023-01-31_07-00 2023-01-20_13-00 2023-01-20_13-00

Based on the acquisition dates identified in Table 2, a recurrence analysis was then
performed by counting how often each date appears across the different sensors and
selection criteria. This procedure allows the identification of the acquisition instants shared
by the largest number of sensors.

Complete simultaneity of peak energy values across all sensors is not required, as it is
rarely achieved in operational monitoring conditions. Instead, the selection process aims to
identify the time windows with the largest number of high-energy synchronous recordings
available for each viaduct.

Using a single energy metric, i.e., PSD peak, PSD area, or signal standard deviation,
generally leads to results similar to the ones obtained combining the three approaches, but
sometimes one single metric identifies accelerograms that are not the most energetic. In
particular, the max PSD peak misleads the selection in roughly 8% of cases, whereas PSD
area and standard deviation generally agree. The advantage of the proposed multi-metric
framework is the increase in the robustness of the procedure by reducing the dependence
on a single indicator and mitigating possible discrepancies or errors.

The resulting recurrence counts, which quantify the level of temporal synchronization
among sensors, are reported in Table 3.

At the end of the selection process, three datasets were defined for each month (the
first and second time windows count 22 out of the 36 most energetic occurrences, whereas
the third only counts 16 out of 36). The time window with the highest recurrence was
assigned to Set 1, the second most recurrent date to Set 2, and the third most recurrent
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date to Set 3. These three datasets were then used for the subsequent Operational Modal
Analysis (OMA).

Table 3. Viaduct 2A2, January 2023. Recurrence analysis of acquisition dates across sensors and
selection criteria. Green first set, blue second set, yellow third set.

Vertical Direction Longitudinal Direction Transverse Direction
Pier L/8 L/4 L/2 Pier L/8 L/4 L/2 Pier L/8 L/4 L/2
22 4 9 9 13 22 16 16 22 22 22 22
2 9 8 8 16 16 13 13 22 16 22 22

22 8 4 4 22 13 22 22 1 22 5 5
13 9 9 9 13 13 16 16 22 22 22 22
22 8 8 8 22 16 13 22 22 22 4 22
22 16 2 2 16 22 22 13 4 4 22 4
22 9 9 9 13 22 13 16 22 22 22 22
2 5 8 8 16 16 16 13 22 16 22 22

22 4 22 22 22 13 22 22 16 22 5 5

This approach allows the analysis to exploit the maximum possible spatial information
while preserving temporal consistency among sensors. The synchronization and selection
procedure was performed individually for each viaduct, ensuring that each dataset used
for OMA represents the most complete and temporally consistent configuration of the
available measurements.

Although in this study the selection was carried out on a monthly basis, the procedure
is fully scalable in time and can be applied over different aggregation intervals—such as
weekly or quarterly windows—depending on signal quality, monitoring objectives, and
the desired temporal resolution of the analysis.

The proposed selection algorithm ensures that only high-quality signals with suffi-
cient excitation energy are processed, drastically reducing computational demand while
preserving the representativeness of the dataset. It also enables consistent temporal sam-
pling of the structure’s dynamic behavior, facilitating long-term monitoring and statistical
trend analysis.

4.3. Operational Modal Analysis (OMA)

Modal identification is carried out using the Covariance-driven Stochastic Subspace
Identification—(SSI-Cov) algorithm [3,25], implemented in MATLAB [24].

In SSI-based identification, two parameters strongly affect the accuracy, robustness,
and computational cost of the analysis: the model order, which defines the dimension of
the state-space system to be identified, and the number of block rows, which determines
the size of the block Toeplitz (or Hankel) matrices used to project the system dynamics in
the subspace domain [26].

If the model order is set too low, physical modes may merge or be partially represented,
producing biased estimates and spurious damping values. Conversely, an excessively high
model order introduces a large number of mathematical (noise-related) modes, complicat-
ing the stabilization diagram and significantly increasing computation time and memory
usage [26].

Similarly, the number of block rows influences the conditioning of the identification
matrices: a small number leads to ill-conditioned systems and poor separation between sig-
nal and noise, while an excessive number increases numerical instability and computational
demand without improving accuracy [26].
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According to the sensitivity analyses and recommendations of [26], reliable and sta-
ble results for civil structures are typically obtained when the maximum model order is
conservatively chosen between 60 and 100 and the number of block rows is selected so as
to ensure adequate over-specification of the system while keeping the inversion problem
well posed. Increasing either parameter enhances stabilization up to a point, beyond which
spurious modes begin to appear and the benefit on modal accuracy diminishes.

Based on preliminary calibration analyses performed on the present dataset, and
following the guidance above, the maximum model order was set to 100. This value repre-
sents a practical balance between accuracy and computational efficiency, ensuring that all
relevant vibration modes are captured without excessive redundancy. The number of block
rows i was set as a function of the maximum model order nmax and the number of measured
outputs m, enforcing im ≥ 2nmax (i.e., i = ⌈2nmax/m⌉) to ensure a sufficiently tall extended
observability matrix and reduce ill-conditioning of covariance/Hankel matrices [26].

For each structure, stabilization diagrams were generated for the three data sets
(Set 1, Set 2, and Set 3) of each month. The stable poles were identified as those fulfilling
the stabilization conditions defined by Equation (1), which simultaneously evaluate the
convergence of frequency, damping ratio, and mode-shape correlation across increasing
model orders.

| f (n)− f (n + 1)|
f (n)

< 0.01 (1a)

|ζ(n)− ζ(n + 1)|
ζ(n)

< 0.05 (1b)

1 − MAC({Φ(n)}, {Φ(n + 1)}) < 0.02 (1c)

where n indicates the model order. MAC measures the similarity between two modal
shapes. It varies between 0 and 1; 0 represents no correspondence between modal shapes,
while 1 represents maximum correspondence between modal shapes. The MAC between
two modal shapes, in the most general case of complex-valued vectors, is calculated
as follows:

MAC({Φ1}, {Φ2}) =
|{Φ1}H ·{Φ2}|

2(
{Φ1}H ·{Φ1}

)
·
(
{Φ2}H ·{Φ2}

) (2)

The OMA procedures adopted yield complex eigenvalues and complex mode shapes.
A distinction must therefore be made between normal (real) modes, characterized by
in-phase motion of all Degrees of Freedom (DOFs), and complex modes, where phase
differences occur among DOFs. In normal modes, all points reach their maximum and
equilibrium positions simultaneously, whereas in complex modes these instants differ
across the structure [3,27,28].

Complex modes may arise from non-proportional damping, nonlinearities, or physical
coupling effects, but they can also result from measurement noise and limited signal quality.
In practical applications, complex mode shapes are usually converted into real-valued
vectors by adjusting the phase of each component to either 0◦ or 180◦, ensuring a consistent
and physically interpretable representation of the structural vibration patterns [27,28].

Figure 11 presents the stabilization diagrams obtained for Set 1, Set 2, and Set 3,
corresponding to the three groups of synchronous accelerometric recordings selected
for January 2023 for viaduct 2A2. Each diagram shows the poles identified by the SSI-
Cov algorithm as a function of natural frequency and model order. The color coding
differentiates between unstable poles (red), poles stable in frequency and damping (green),
and poles stable also in modal shape (blue).

https://doi.org/10.3390/infrastructures11020050

https://doi.org/10.3390/infrastructures11020050


Infrastructures 2026, 11, 50 14 of 24

Figure 11. Example of stabilization diagrams obtained for January 2023 for viaduct 2A2. (a) Results
for Set 1. (b) Results for Set 2. (c) Results for Set 3.

Across the three datasets, a consistent pattern of stable poles is observed, confirming
the repeatability of the identified dynamic characteristics. The most pronounced vertical
alignments of blue markers, corresponding to stable poles in all parameters, occur in the
frequency range between 3 Hz and 5 Hz, which represents the dominant vibration region
of the structure. Compared to Figure 6 (i.e., same structure and same month), it is possible
to note a stable presence of certain alignments (i.e., 3.75 Hz, 4 Hz, and 4.2 Hz).

Figure 12 shows the stabilization diagram obtained from an artificial dataset, obtained
by merging the accelerograms of Set 1, Set 2, and Set 3 one after the other for each sensor.
A comparison with the stabilization diagrams shown in Figure 11 is discussed. The
purpose of this comparison is to assess whether an artificial increase in signal duration,
obtained by gluing nonconsecutive shorter acquisitions, improves the quality and clarity of
modal identification.

Figure 12. Example of stabilization diagrams obtained for January 2023 for viaduct 2A2 from the
combination of the three datasets.

The combined dataset shows a stabilization pattern broadly consistent with those
obtained from the individual sets. The same dominant modes appear clearly around 3–5 Hz.
However, the extended signal length does not result in a significant enhancement of the
stabilization diagram: the distribution of stable poles remains comparable to that of Set 1.

On the contrary, the artificial concatenation of signals slightly increases the number of
spurious poles and local numerical instabilities, likely due to discontinuities and differences
in excitation characteristics between recordings.
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Overall, the results suggest that merging multiple short-duration recordings provides
limited benefits in terms of modal clarity while introducing potential inconsistencies related
to excitation variability and noise heterogeneity.

4.4. Clustering Process

The automatic identification of stable poles in stabilization diagrams has been exten-
sively investigated in recent years and is widely discussed in the literature on Operational
Modal Analysis. Several algorithms have been proposed to improve the objectivity and re-
peatability of modal-parameter extraction, reducing the dependence on user interpretation
and enhancing the robustness of long-term monitoring applications [29–33].

The DBSCAN (Density-Based Spatial Clustering of Applications with Noise) algo-
rithm [34] is applied in the frequency–damping space [33] to automate the detection of
consistent poles. Clusters of stable poles represent the identified natural modes of the
structure. In this study, the clustering parameters were defined to ensure both statistical
robustness and selectivity: the minimum number of poles required to form a valid cluster
was set equal to 50% of the maximum model order, while the maximum Euclidean distance
between each pole and the cluster centroid was limited to 0.01; this value was determined
through a sensitivity-based tuning process, seeking an optimal balance between cluster
compactness and robustness of the modal identification results. These thresholds were
chosen to guarantee the physical consistency of the identified modes and to filter out
spurious poles associated with noise or weak stabilization.

Figure 13 illustrates an example of the clustering procedure applied to the stable poles
identified through the SSI-Cov analysis.

  
(a) (b) 

Figure 13. Example of application of the clustering algorithm for January 2023 for viaduct 2A2.
(a) Plot of stable poles in the damping frequency space. (b) Clustering result.

Figure 13a shows the distribution of all stable poles in the frequency–damping space,
obtained after the application of the stabilization criteria defined in Equation (1). Each
point corresponds to a pole that remained stable across consecutive model orders.

Figure 13b presents the result of the DBSCAN clustering algorithm, used to automati-
cally group poles associated with the same vibration mode.

In the figure, each color corresponds to a distinct cluster, while the label—1 identifies
poles that do not belong to any cluster and are thus considered isolated or noise-related.

This automated clustering procedure allows for the objective identification of consis-
tent modal frequencies and damping ratios, filtering out spurious poles and ensuring that
each detected cluster represents a physically meaningful structural mode.
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Once stable clusters are established for each month, their centroids are computed to
determine the mean modal frequencies and damping ratios, while the corresponding mode
shapes are reconstructed from the identified state-space matrices.

4.5. Estimation of Modal Parameters

The modes identified according to the procedure described in Section 4.3 were aggre-
gated on an annual basis for each monitored viaduct. This resulted in a comprehensive
dataset including all the modes identified throughout the year.

On this annual dataset, the identification of the structure’s fundamental modes was
carried out through a DBSCAN clustering algorithm [34]. The DBSCAN clustering was
applied in the frequency–MAC space, where each identified mode is represented by its
natural frequency and by the Modal Assurance Criterion (MAC) values computed with
respect to all other modes identified during the same year.

Figure 14 illustrates an example of the DBSCAN clustering process applied to the
annual dataset of identified modes.

 
(a) (b) 

Figure 14. Example of application of the clustering algorithm for identifying recurring modes. (a) Plot
of modes in the MAC frequency space. (b) Clustering result.

Figure 14a represents the distribution of all modes in the frequency–MAC space,
where each point corresponds to a mode identified during the year. The Modal Assurance
Criterion (MAC) quantifies the correlation between each mode and the other identified
modes, allowing the assessment of their similarity in modal shape. Only modes with MAC
values greater than 0.9 are displayed, as this threshold was adopted as the lower limit to
ensure the inclusion of only highly correlated and physically meaningful modes. All modes
with MAC < 0.9 were excluded from further analysis to prevent the influence of poorly
correlated or spurious shapes.

Figure 14b shows the results of the clustering algorithm, where each color represents a
distinct cluster corresponding to a recurring mode of the structure. The label—1 identifies
isolated points that do not belong to any cluster. In the clustering configuration, the maxi-
mum Euclidean distance of each mode from the cluster centroid was set to 0.075, ensuring a
compact grouping of modes with similar frequencies and modal shapes. The clustering dis-
tance parameter was selected through a sensitivity analysis of the clustering procedure. Due
to the presence of closely spaced modes with very similar mode shapes, the chosen value
represents a compromise that allows nearby modes to be distinguished without merging
them into the same cluster, while avoiding ambiguous or unstable clustering results.

https://doi.org/10.3390/infrastructures11020050

https://doi.org/10.3390/infrastructures11020050


Infrastructures 2026, 11, 50 17 of 24

This procedure effectively groups modes that exhibit both frequency and modal-shape
consistency throughout the year, thereby enabling the identification of the structure’s
fundamental modal families.

Figure 15a shows the final outcome of the annual modal identification and clustering
procedure. Each colored series corresponds to one of the modes identified through the
DBSCAN analysis described.

  
(a) (b) 

Figure 15. Example of modes identified for viaduct 2A2 in the year 2023. (a) Results for analysis of
the three selected sets of 102.4 s. (b) Results obtained by merging the three sets of 102.4 s. Black Mode
1, red Mode 2, and blue Mode 3.

For each mode, the thick central line represents the mean value of the natural frequency,
while the shaded area of the same color indicates the confidence interval corresponding
to the 5th and 95th percentiles of the normal distribution associated with that mode.
The distribution of the identified modal frequencies was checked and was found to be
approximately normal, with minor deviations at the tails. Therefore, non-parametric
confidence intervals based on the 5th–95th percentiles were adopted to ensure robustness
without relying on strict normality assumptions.

Figure 15b presents the results obtained by merging the three selected 102.4 s record-
ings for each month into a single dataset prior to modal identification. The results show
frequency values and variability trends consistent with those obtained from the indepen-
dent datasets. The confidence bands remain of similar width, and the number of identified
modes is unchanged. In some cases, the artificial concatenation of short records may
even introduce small inconsistencies due to non-stationary excitation conditions between
different acquisitions.

Both methodologies (i.e., the three-set approach and the merged-signal approach)
successfully identify the main modal alignments already visible in Figure 7, which reports
the identification results for all scheduled recordings during January for viaduct 2A2. The
frequencies obtained with both procedures are approximately 3.75 Hz, 3.95 Hz, and 4.20 Hz,
matching the dominant clusters observed in the full-month analysis (shown in Figure 7).

However, one mode observed in Figure 7 at about 2.8 Hz is not captured by either of
the two refined methodologies. This mode predominantly appears during nighttime or
low-traffic conditions, when the excitation level is low and the vibration energy content is
insufficient to activate the higher modes. In contrast, the high-energy records used in the
present analysis correspond mainly to periods of intense traffic, in which that low-energy
mode becomes less visible or completely suppressed.

https://doi.org/10.3390/infrastructures11020050

https://doi.org/10.3390/infrastructures11020050


Infrastructures 2026, 11, 50 18 of 24

Consequently, because the signal-selection strategy was driven by energy content, the
methodology inherently filters out low-energy events, thereby improving the reliability of
the dominant mode identification but losing information on the less-excited lower mode
around 2.8 Hz.

In principle, the three-set approach should produce up to three modal estimates per
month—one for each dataset—while the merged-signal approach should yield only one
estimate. Nevertheless, in some months, four or five frequency values are observed in the
first case and two or three in the second. This behavior can be attributed to several factors:

• The presence of closely spaced or interacting modes, which may occasionally be
resolved as distinct clusters [35–37];

• Slight environmental or operational variations within the month (e.g., temperature
changes or traffic-induced excitation differences) that cause small frequency shifts and
lead the clustering algorithm to separate them into different modal groups [38];

• In the case of the merged dataset, non-stationary excitation introduced by concatenat-
ing signals from different recordings, which can generate duplicate poles around the
same frequency band [39].

The mean frequency values and their temporal distribution obtained with the merged
signals are very similar to those obtained with the three-set analysis, demonstrating that the
artificial extension of record length does not lead to a substantial improvement in frequency
stability or accuracy.

Table 4 reports the mean natural frequencies identified for each monitored viaduct,
together with the corresponding standard deviation and coefficient of variation (CoV)
computed over the annual dataset of short-duration recordings. The results show that the
first-mode frequencies are generally in the range between approximately 2.5 Hz and 3.8 Hz,
while the second modes are mostly identified between about 3.5 Hz and 5.0 Hz. Where
a third mode is consistently detected, its frequency typically lies between roughly 4.2 Hz
and 7.5 Hz.

Table 4. Summary of identified natural frequencies and statistical variability for the monitored
viaducts in the year 2023.

Viaduct Mode Mean Std CoV

2A2
1 3.74 0.051 1.36%
2 3.97 0.035 0.88%
3 4.17 0.045 1.08%

2B4
1 2.59 0.071 2.73%
2 4.96 0.088 1.78%
3 6.02 0.031 0.53%

210
1 3.73 0.096 2.58%
2 4.33 0.096 2.21%

223
1 3.71 0.052 1.41%
2 4.35 0.075 1.72%
3 7.52 0.140 1.87%

233
1 3.02 0.033 1.11%
2 3.55 0.043 1.22%
3 2.59 0.036 1.37%

243
1 2.46 0.039 1.59%
2 3.82 0.053 1.39%
3 4.77 0.036 0.76%
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The variability of the identified frequencies is limited for all structures, with CoV
values ranging from about 0.5% to 2.7%. Overall, the statistics reported in Table 4 indicate
stable and repeatable frequency estimates across the annual monitoring period despite the
use of short-duration records.

Table 5 summarizes the mean frequency, standard deviation, and coefficient of varia-
tion (CoV) computed for the three identified modes using both approaches (i.e., separated
102.4 s records and merged 102.4 s records) for viaduct 2A2. Similar considerations apply
to all other viaducts.

Table 5. Comparison between separated 102.4 s approach and merged 102.4 s approach for viaduct
2A2 in the year 2023.

Separate 102.4 s Records Merged 102.4 s Records

Mode Mean Std CoV Mean Std CoV

1 3.74 0.051 1.36% 3.75 0.045 1.19%
2 3.97 0.035 0.88% 3.95 0.012 0.31%
3 4.17 0.045 1.08% 4.16 0.041 1.00%

The differences between the two methods are minimal: the mean frequencies vary by
less than 0.01 Hz, and the CoV values remain below 1.5% for all modes.

The merged dataset yields marginally smaller standard deviations, confirming the
statistical consistency of the results but indicating no significant gain in information with
respect to the separate analysis of the short-duration records.

The mode shapes associated with each identified mode were obtained by computing
the average of all mode shapes belonging to the same cluster.

Figure 16 presents the first three modal shapes identified for the monitored viaduct
using the three-set approach.

Figure 16. Identified modal shapes for the viaduct 2A2.
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All three modes exhibit a predominantly vertical character. However, since the moni-
toring system was installed only on one of the two longitudinal girders, it is not possible to
clearly distinguish whether the detected modes are purely flexural or include a torsional
component of the deck.

The horizontal displacements are generally small compared to the vertical ones, par-
ticularly for Mode 1 and Mode 2, which display nearly pure vertical motion. In Mode 3,
horizontal movements become slightly more pronounced, indicating a modest increase in
coupling effects between vertical and lateral responses.

From the plan view, the relative horizontal motion of the two adjacent spans is clearly
visible and provides experimental evidence of the decoupled behavior introduced by the
support system. Specifically, the suspended span does not follow the motion of the span
directly supported on the pier, but exhibits an independent displacement pattern. This
confirms the influence of the hanging-link connection, which allows the two spans to
vibrate with distinct dynamic characteristics despite their physical continuity.

The procedure described above results in a comprehensive characterization of the
dynamic behavior of each monitored structure.

4.6. Analysis of Short Triggered Recordings

In addition to the scheduled 102.4 s acquisitions used for Operational Modal Analysis,
the monitoring system also produced short triggered accelerograms of 12.8 s duration (cor-
responding to 1024 samples per axis), automatically recorded when acceleration thresholds
were exceeded. These data provide valuable information on the bridge response to transient
or high-intensity events, such as heavy-vehicle passages or sudden dynamic excitations.

Although the primary focus of this study is on the modal identification based on
scheduled records, the triggered acquisitions were also systematically processed to evaluate
the peak dynamic response of the structure and its temporal evolution.

For each sensor, the peak-to-peak acceleration was computed from every triggered
record, and the resulting maxima were aggregated on a monthly basis to identify possible
variations or trends in structural behavior over time.

This indicator provides a concise yet effective metric for assessing the evolution of
structural response over time.

Figure 17 shows the monthly trend of the maximum peak-to-peak accelerations mea-
sured in the vertical (gravitational) direction for all accelerometers installed on the compos-
ite viaduct 2A2. The sensors are mounted on the edge girder of span 4 (C4) and span 5 (C5)
at three longitudinal positions—L/8, L/4, and L/2—while two additional sensors (P5 N
and P5 S) are located on the pier between the spans.

Figure 17. Maximum monthly peak-to-peak accelerations of viaduct 2A2.
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The curves indicate that the highest vertical accelerations are consistently observed at
L/4 and L/8, whereas the mid-span (L/2) positions exhibit slightly lower amplitudes.

This spatial distribution is consistent with the first vertical bending modes of the
deck, where maximum curvature—and therefore higher acceleration—is expected near
the quarter-span locations under the predominant traffic-induced excitations acting on the
edge girder.

The pier sensors record very low vertical acceleration levels, as expected in re-
gions of constrained vertical motion, confirming the expected boundary behavior of the
monitored spans.

Over the monitoring period (January 2023–December 2023), the vertical acceleration
levels remain remarkably stable, exhibiting only minor seasonal variations—slightly higher
during colder months and lower during summer. These fluctuations are plausibly asso-
ciated with temperature-dependent stiffness variations in the steel–concrete composite
system [38,40]. No progressive drift or sudden changes in acceleration amplitude are
observed, suggesting the absence of any significant stiffness loss or structural degradation
during the observation period.

Overall, the results confirm a consistent vertical dynamic response across all sensors
and throughout time.

The stable acceleration trends obtained from the triggered recordings provide an
independent validation of the overall structural performance and complement the modal
identification results discussed in Sections 4.4 and 4.5, where the focus shifts to the analysis
of scheduled acquisitions for Operational Modal Analysis.

5. Discussion of Results
While the proposed methodology has proven effective in extracting stable and re-

peatable modal parameters from short-duration acceleration records, several inherent
limitations must be acknowledged. These constraints are mainly linked to the short record
length and poor sampling frequency. Moreover, the small number of acquisition points
(sensors) on each deck influenced the accuracy and robustness of the identification process.

A first limitation concerns the frequency resolution, which is directly proportional
to the duration of the recorded signals. For the adopted 102.4 s acquisitions, the spectral
resolution is approximately 0.01 Hz, which may not be sufficient to fully resolve closely
spaced or interacting modes—a common feature in composite steel–concrete decks [36,37].
This results in some ambiguity in separating adjacent modes, particularly at higher orders
or where coupling effects are significant. The comparison between the three-set and merged-
signal approaches confirms this behavior: although the merged dataset provides slightly
finer frequency sampling, it does not yield appreciably more accurate or stable modal
frequencies. Extending the signal length artificially therefore offers only limited benefit for
improving resolution.

A second limitation is related to the signal-to-noise ratio of the short recordings. These
signals are more sensitive to transient disturbances and operational variability, which can
bias the estimation of damping ratios and occasionally generate spurious poles in the
stabilization diagrams [41]. The automated signal-selection algorithm mitigates this effect
by prioritizing the most energetic recordings, yet some variability in damping estimates
remains unavoidable. Moreover, concatenating multiple short recordings does not improve
the signal-to-noise ratio; on the contrary, it can introduce non-stationary effects, such as
minor phase discontinuities and duplicated poles, caused by different excitation conditions
between consecutive acquisitions.

A further source of uncertainty lies in the spectral content of the ambient excitation.
The bridges are mainly excited by random traffic loads, which are inherently non-uniform
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in frequency and amplitude. Consequently, some vibration modes, especially those weakly
excited by operational loads, may not appear consistently in every dataset. This limitation
is intrinsic to ambient-vibration testing rather than to the proposed processing method
itself [38].

It should be noted that, in long-term OMA applications on bridges in service, the
type of excitation strongly influences modal observability. Modes that are excited under
purely ambient conditions may become less visible or be masked when traffic-induced
excitation dominates specific frequency ranges. For this reason, structural assessment
and damage evolution tracking in operational conditions typically rely on modes that
are consistently excited under traffic, whereas low-energy modes may provide limited
robustness for continuous monitoring.

Finally, the sparse spatial density of sensors affects the completeness and resolu-
tion of the identified mode shapes. The limited number of accelerometers, selected for
cost-efficiency and ease of installation, restricts the capability to reconstruct higher-order
or localized modes. While the main global modes are clearly captured, asymmetric
or torsional responses cannot be fully characterized, and the results must therefore be
interpreted cautiously.

In summary, these limitations define the boundaries of applicability of short-duration
OMA for bridge monitoring. The comparison between the three-set and merged-signal ap-
proaches demonstrates that artificially extending the signal duration does not significantly
enhance modal identification and may even introduce additional artifacts. Nevertheless, by
maximizing the information extracted from limited data, the proposed procedure allows
a coarse yet meaningful evaluation of the structural dynamics, which can still provide
practical insight for assessing the condition of large bridge systems and for informing
future monitoring strategies within digital-twin frameworks. In the proposed case study,
the number of sensors was clearly not enough to validate a digital twin, as the available
modal information was constrained by the limited sensor density and cannot support a
detailed reconstruction of torsional or axial modal shapes.

6. Conclusions
This study presents a critical evaluation of a signal-based methodology for the dynamic

identification of composite steel–concrete bridges using short acceleration records. The moni-
toring system used was extremely simple, composed of only a few wireless accelerometers
collecting brief and intermittent recordings of 102.4 s. Although such a configuration is
far from ideal for high-resolution Operational Modal Analysis, the work demonstrates that,
through careful data selection, filtering, and statistical validation, it is still possible to obtain
physically meaningful insights into the structural behavior of the bridge.

The proposed methodology, integrating energy-driven signal selection, SSI-Cov iden-
tification, and DBSCAN clustering, is able to identify the main vibration modes of the
monitored viaducts. Both the three-set and merged-signal approaches reproduce the dom-
inant modal alignments observed in the full dataset. However, the comparison clearly
shows that artificially extending the signal duration by concatenating short recordings does
not lead to any improvement in the stability or accuracy of the modal parameters and may
even introduce non-stationary effects and numerical artifacts.

The results confirm that, when data are carefully processed, short independent record-
ings can provide stable estimates of the fundamental frequencies and mode shapes. Never-
theless, the analysis remains inherently coarse. The limited spatial coverage, low sampling
frequency, and high variability of ambient excitation prevent a detailed or fully quantitative
characterization of the structure. The methodology essentially squeezes all usable informa-
tion from the dataset, producing a basic yet credible dynamic fingerprint of the bridge.
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The frequency resolution of the short records constrains the separation of closely spaced
modes, while the variability of the excitation and the modest signal-to-noise ratio affect the
damping estimates and the visibility of higher modes. In addition, the reduced sensor layout
limits the identification of torsional or localized behaviors. Despite these intrinsic constraints,
the study demonstrates that, even under severe data limitations, a minimal monitoring system
can yield some useful results when supported by a robust processing workflow. The resulting
modal parameters allow a first-level, coarse evaluation of structural performance, sufficient to
identify major changes or degradation trends over time.
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