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Abstract

Prestressed and post-tensioned concrete structural elements constitute approximately 43.4%
of modern bridge infrastructure, representing 58.2% of the total bridge surface area due
to their long-span capabilities. Despite their structural efficiency, evaluating residual
post-tensioning forces and diagnosing localized degradation within internally grouted
tendons—such as localized stress corrosion cracking (SCC), grout voids, and moisture
infiltration—remains a critical challenge due to geometric confinement and high material
attenuation. This paper presents a non-destructive Structural Health Monitoring (SHM)
methodology optimized for the continuous and periodic assessment of post-tensioned
anchorage zones under operational traffic loads. The proposed Identification of Active
Anomalies (IAA) system integrates the Acoustic Emission (AE) method with unsupervised
machine learning to classify multi-mechanism structural degradation. By implementing a
mathematically transparent k-means clustering framework initialized via the k-means-++
heuristic, high-velocity multi-parameter AE data streams are partitioned within an n-
dimensional Euclidean feature space. The scientific novelty of this work lies in its real-scale
validation on an operational, highly complex cable-stayed bridge, establishing a previously
unpublished acoustic signature database (the 2025 Signal Database). The empirical va-
lidity of the algorithm’s predictive boundaries was confirmed through forensic physical
inspections and material sampling during a major structural rehabilitation in 2026, which
corroborated the active corrosion states within heavily confined post-tensioned anchorage
blocks. Furthermore, extracted AE pattern classes are explicitly correlated with structural
crack opening widths, enabling real-time tracking of macro-defect propagation, anchorage
slippage, and active micro-structural corrosion.

Keywords: structural health monitoring (SHM); acoustic emission; stress corrosion
cracking; cable-stayed bridge; k-means clustering; post-tensioned anchorage; big data

1. Introduction

The expansion of transport infrastructure over the past two decades has led to a
significant inflation of the civil asset inventory [1,2]. This rapid structural expansion often
places immense strain on traditional municipal asset tracking networks [3,4]. For instance,
under the administrative purview of the Polish General Directorate for National Roads and
Motorways (GDDKIiA), approximately 8500 bridge structures are managed, with over 75%
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constructed post 1999. Prestressed and post-tensioned concrete structures comprise 43.4%
of this total inventory and command a dominant 58.2% share of the aggregate structural
deck surface area. This widespread implementation is dictated by the mechanical capacity
of prestressed elements to bridge extensive spans efficiently. However, as this critical
infrastructure approaches extended operational life cycles, environmental degradation
poses a severe threat to structural integrity, primarily driven by stress corrosion cracking
(SCC), hydrogen embrittlement, and localized macro-corrosion of the prestressing steel
strands [5] induced by environmental action.

While external segments of bridge tendons allow for direct visual inspection and
conventional non-destructive testing (NDT), the diagnostic evaluation of internal, grouted
post-tensioned cables remains exceptionally challenging [6]. This diagnostic bottleneck is
critically acute within the anchorage zones of cable-stayed and suspension bridges, where
multi-axial stress fields, massive steel components, and high-density concrete geometry
induce extreme acoustic attenuation and boundary reflections. Unmonitored tendon degra-
dation often results in a steep decline in structural reliability [7] and significantly reduces
the expected service life of the aggregate structure [8]. Proactive structural asset preser-
vation increasingly relies on Life Cycle Cost Analysis (LCCA) and predictive digital-twin
ecosystems to optimize maintenance interventions [9] and ensure structural longevity [10].
The mandatory requirement for reliable, early-stage continuous [11] Structural Health
Monitoring (SHM) frameworks for large-scale assets [12,13] is underscored by catastrophic
historical failures induced by unmonitored tendon degradation, such as the sudden col-
lapses in Prague (2017), Genoa (2018), and Taiwan (2019). Consequently, there is an urgent
scientific need to develop passive, high-sensitivity NDT methodologies capable of iso-
lating active internal flaw propagation from intense environmental and traffic-induced
background noise [14], even for challenging civil infrastructure built without conventional
backstays [15]. Therefore, developing effective NDT techniques for post-tensioned concrete
and cable-stayed structures is crucial. Implementing monitoring systems that leverage
innovative Acoustic Emission (AE) signal pattern recognition to identify internal anomalies
and correlate them with physical damage—such as crack opening widths, active corrosion,
or anchorage slippage—is highly justified for real-time technical condition evaluation. Re-
cent literature reviews on the field performance of such non-destructive systems highlight
their reliability in capturing early-stage failure mechanisms [16].

This paper details the implementation and preliminary evaluation of an AE-based
monitoring framework that applies pattern recognition analysis to a comprehensive ref-
erence signal database. This approach allows the system to automatically isolate oper-
ational background noise from potential structural defects within the anchor blocks of
prestressing cables in a cable-stayed bridge (Figure 1). Combined with Artificial Intel-
ligence (Al) and modern real-time decision-support tools [17], this methodology forms
the basis of the Identification of Active Anomalies (IAA) framework investigated in this
work. Crucially, contemporary international practice in SHM increasingly recognizes
that single-technology frameworks are inherently limited when dealing with complex
high-span structures. Robust structural diagnostics require integrated, multi-sensor and
multi-technological approaches where localized non-destructive methods are coupled with
global dynamic characterization, behavioral /damage thresholds supported by numerical—-
analytical modeling, and subsequent statistical and experimental validation. A prominent
example of such a holistic framework was demonstrated by Serlenga et al. [18], who im-
plemented an integrated approach on the Gravina Bridge (Matera, Southern Italy) using
permanent earthquake and on-demand ambient vibration test recordings. By blending
high-resolution geoelectrical tomographies and seismic velocity profiles to characterize
foundation soils with permanent and on-demand seismic and electromagnetic sensing,
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including microwave radar interferometry, they established a comprehensive baseline for
both static and dynamic structural behavior.

(b)

Figure 1. View of the bridge (a) with an internal anchor block for prestressing cables (b).

Following this state-of-the-art trajectory, this paper details the development and
field-testing of an AE-based monitoring approach that integrates localized acoustic data
with complementary physical validation methodologies. While the framework utilizes
an automated algorithm for the IAA, its overarching efficacy and operational limits are
rigorously evaluated here against independent multi-sensor datasets. This exploratory
integration serves as a stepping stone toward a more comprehensive, multi-technological
SHM model for anchorage blocks. Under operational traffic conditions, cable displace-
ments were measured, and AE signals were recorded at selected anchor blocks, where
ground-penetrating radar (GPR) tests and GalvaPULS electrochemical measurements were
also conducted.

Widely recognized as a reliable NDT method, AE detects and monitors structural
anomalies and their progressive development by sensing transient elastic waves generated
by micro- and macro-crack formation, crack growth, and internal friction [19]. To fully cap-
ture these dynamic parameters, traditional structural diagnostics often employ high-speed
coherent radar technologies [20] and comprehensive remote interferometric sensing [21]
alongside classic accelerometer layouts [22,23]. These setups are frequently paired with
dedicated acoustic remote configurations optimized for stay cables [24], ground-based
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microwave displacement tracking setups [25], and integrated non-invasive remote sensing
arrays [26] to calibrate complex structural baselines. Furthermore, fundamental field histo-
ries of monumental structures [27], continuous acoustic tracking benchmarks accounting for
geological foundation shifts [28], and targeted evaluations of early corrosion in prestressed
concrete systems [29] highlight AE’s unmatched capability to isolate destructive mecha-
nisms in operating structural facilities, such as tracking active crack growth in structural
steels [30] and analyzing microstructural degradation under extreme field conditions [31]
by filtering complex sub-surface wave velocities [32-34]. Such evaluations benefit greatly
from microtremor surface analysis [35,36] and soil-structure horizontal-to-vertical spectral
ratios [37] combined with advanced phase velocity microtremor arrays [38,39] to eliminate
transient seismic noise anomalies [40]. This distinguishes AE from conventional NDT tech-
niques that are strictly limited to detecting preexisting geometric discontinuities. Beyond
basic crack tracking, AE can successfully identify complex multi-mechanistic degradation,
including fiber rupture, delamination, matrix cracking, fiber pull-out, and active corrosion
processes [6]. However, AE waves inherently undergo complex scattering and attenuation
due to the material’s wave elasticity, boundary conditions, and geometric complexities. To
overcome these limitations, recent research has focused heavily on extracting waveform
parameters to characterize damage. For instance, Dang Hoang et al. [41] linked AE energy
duration directly to macro-failures in aluminum plates. Similarly, Mpalaskas [42] correlated
AE event rates with fatigue crack growth rates in steel compact tension (CT) specimens.
Biswas [43] established that specific AE waveform parameters, such as the rise angle (RA
value), duration, and rise time, are highly sensitive to crack propagation rates and are useful
for identifying shear fractures in fatigued specimens. Their work [43] also demonstrated
AFE'’s potential for monitoring early-stage fatigue damage in steel elements and welds,
as it remains highly sensitive to microstructural changes within cracks [44], including
those accelerated by environmental corrosion. Furthermore, fundamental field histories,
continuous acoustic tracking benchmarks, and targeted evaluations of early corrosion in
prestressed concrete systems [29] highlight AE’s unmatched capability to isolate destruc-
tive mechanisms in operating structural facilities, such as tracking active crack growth in
structural steels [30] and analyzing microstructural degradation under extreme field con-
ditions [31]. Recent laboratory investigations on prestressed concrete further confirm the
direct correlation between specific AE parametric ratios and real-time degradation severity
under dynamic fatigue loads [45]. Successfully establishing quantitative AE parameters
and classification criteria within a coherent SHM model requires them to be systematically
cross-examined and benchmarked against alternative, established classification approaches
available in the scientific literature.

Recent studies published in 2025 and 2026 have heavily emphasized a global paradigm
shift toward integrating real-time SHM data streams with calibrated digital twins for the
predictive maintenance of aging infrastructure. Within this context, Al-driven SHM meth-
ods have rapidly emerged as a powerful alternative to inconsistent visual checks, with deep
learning architectures achieving over 90% accuracy in real-time defect localization. For
complex prestressed concrete bridge components, current research increasingly focuses on
deploying synchronized distributed sensor networks to capture early damaging processes
exactly as they happen. State-of-the-art advancements in acoustic emission testing have tar-
geted full-scale prestressed concrete bridge girders under active dynamic loads to overcome
traditional laboratory scaling limits. Recent field investigations have successfully coupled
parametric AE data with high-resolution digital image correlation (DIC) to isolate micro-
cracking sequences under environmental stress. Modern 2026 applications place critical
emphasis on isolating localized brittle fracture signatures—such as the snap of internal steel
strands—from overlapping background reflections [46]. This is increasingly accomplished
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by leveraging specialized low-frequency resonant AE sensors that offer superior signal
penetration through solid, densely confined concrete sections [47]. To interpret the massive
velocity of incoming acoustic data streams, cutting-edge frameworks utilize unsupervised
machine learning algorithms linked with unified structural knowledge graphs [48]. Si-
multaneously, advanced signal preprocessing and adaptive noise-filtering schemes are
being developed to strictly isolate operational vehicular impacts from structural material
degradation [49]. These collective research vectors from 2025 and 2026 reinforce the ne-
cessity of building self-calibrating, multi-modal diagnostic frameworks capable of reliable
performance under unconstrained environmental field conditions.

Consequently, in the present research, the proven sensitivity of AE to early material
degradation and continuous tracking of post-tensioned structures [50] was leveraged to
identify specific waveform characteristics indicative of layered cable cracking and friction
caused by corrosion. To establish standardized evaluation criteria, this research incor-
porates international NDT recommendations for damage evaluation in concrete, while
accounting for the highly attenuating and non-homogeneous media characteristic of an-
chorage zones. To categorize and interpret the massive influx of AE signals based on
their specific generating processes, advanced signal processing and data-driven methods
must be utilized. Recent literature confirms that the deployment of pattern recognition
and machine learning (ML) paradigms provides a robust perspective for automated SHM,
allowing for accurate damage mechanism classification. Unsupervised ML models have
already proven effective for the specific characterization of corrosion in prestressing strands.
Modern hybrid models combining both supervised and unsupervised algorithms have
elevated classification accuracy in non-homogeneous structural elements [51]. Further-
more, state-of-the-art applications increasingly combine ML-based source localization [52]
with advanced deep learning models to evaluate active corrosion damage in prestress-
ing tendons. Deep convolutional neural networks (CNNs) and transformer models have
specifically shown extreme efficiency in handling high-velocity acoustic streams [53]. Such
pattern recognition screening approaches are vital for filtering environmental and traffic-
induced noise on cable-supported bridges. State-of-the-art adaptive filtering frameworks
now allow for real-time denoising under varying environmental conditions [54]. Building
upon these advancements, this study focuses specifically on the identification of corrosion
and friction phenomena within the highly complex geometry of anchorage zones using
advanced ML models. To achieve this, an iterative k-means clustering algorithm based
on fundamental pattern recognition principles [35,40,41] was applied to the extracted AE
parameters within the Euclidean space. Recent optimization schemes for distance-based
clustering have proven invaluable for reducing computational latency in such complex
civil applications [55]. The implementation of the AE method enabled the identification
of specific anomalies indicating the initiation of multi-layer cable cracking induced by
stress corrosion.

To effectively group the recorded AE waveforms according to their underlying physical
generation processes, the parametric clustering was comprehensively supplemented by
advanced signal processing techniques. These included analyses in the time domain,
time-domain autocorrelation, Fast Fourier Transform (FFT) for spectral characterization,
and Continuous Wavelet Transform (CWT) leveraging the Morlet wavelet baseline [56].
Recent advancements in time-frequency multiresolution frameworks demonstrate that
combining CWT with energy distribution maps yields unparalleled resolution for transient
overlapping signals [57], which is essential for decoding internal fracture signatures from
complex anchorage blocks under service conditions [58].

Crucially, any operational SHM system implementation must rigorously define its
boundary limits and account for environmental variations. Ambient and operational
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factors—most notably diurnal and seasonal thermal fluctuations—exert a profound in-
fluence on deck deflections, which consequently alters the internal stress—strain state
of the entire structural system. These environmental variations directly modulate the
structural background noise and acoustic wave propagation, introducing significant
diagnostic challenges.

Discussing these environmental impacts and supporting the behavioral thresholds
with numerical-analytical models is vital to defining the exact applicability boundaries,
transferability constraints, and physical limitations of the proposed acoustic and electro-
magnetic methodology under real-world service conditions.

While the foundational scientific collaboration spanning 1994-2016 with Prof. K.
Ono and Prof. J. Walraven established robust theoretical frameworks for AE parametric
analysis using scaled concrete laboratory specimens and standard reinforced concrete (RC)
bridge girders, it did not address the operational complexities of full-scale post-tensioned
anchorage zones on real, high-span structures under service loads. Testing and validating
such heavily confined zones under real-world conditions was previously unfeasible due to
computational, technical, and logistical limitations.

Supported by a research grant from the National Centre for Research and Development
(NCBR), and in close collaboration with the Road and Bridge Research Institute (IBDiM)
and the Institute of Fundamental Technological Research of the Polish Academy of Sciences
(IPPT PAN), this study bridges this gap. The primary contributions of this work are:

1.  The successful long-term implementation of an automated passive AE monitoring
array on a highly complex, operational cable-stayed bridge incorporating both external
stay cables and internal post-tensioning systems. This led to the generation of a
completely original multi-parameter AE dataset in 2025, isolating the specific acoustic
signatures of active internal strand corrosion within dense anchorage zones from
operational environmental noise.

2. Empirical validation of the unsupervised ML clustering boundaries and the associ-
ated multi-sensor indices, achieved during a major structural rehabilitation of the
investigated bridge in 2025-2026. Specific anchorage blocks, pre-selected and flagged
by the proposed algorithm as exhibiting high-intensity internal corrosion anomalies,
were disassembled, visually inspected, and repaired. Material inspections fully con-
firmed the presence of active corrosion, multi-layer strand cracking, and volumetric
grout deterioration, thereby providing strong physical evidence corroborating the
system’s accuracy.

Crucially, for the specific asset under investigation, the internal bridge box and the
anchorage zones are equipped with an automated ventilation and dehumidification sys-
tem. This infrastructure maintains constant internal temperature and humidity profiles.
Consequently, seasonal and diurnal environmental fluctuations primarily affect the ex-
ternal stay cables, while the internal post-tensioning system remains isolated from direct
thermal actions. This controlled environment was empirically verified via integrated
fiber optic sensors (FOS) installed on the internal cables. These sensors recorded no
structural deformations during the monitoring campaign. Therefore, this study explicitly
focuses on isolating active material-bound degradation within a thermodynamically stable
boundary zone.

2. Identification of Active Anomalies (IAA) System Based on the Acoustic
Emission (AE) Method

2.1. Transparency and Mathematical Specification of the Clustering Algorithm

To address the “black-box” limitations of standard machine learning applications
in structural engineering and ensure full scientific reproducibility, the data-screening
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engine of the Identification of Active Anomalies (IAA) system is formally specified herein.
The system utilizes an iterative k-means clustering framework optimized to partition
the multi-parameter Big Data streams generated by high-velocity acoustic emission (AE)
acquisition hardware.

Let N represent the total number of multi-dimensional AE feature vectors extracted
from the transient waveforms, where each vector:

XiERd

contains d discrete wave features (including absolute energy, duration, peak amplitude,
rise time, and average frequency). The algorithm partitions these N vectors into k discrete,
non-overlapping damage mechanism classes by minimizing the Within-Cluster Sum of
Squares (WCSS).

The operational mathematical sequence is formally detailed as follows:

Step 1: Initialization via k-means++ Heuristic

To prevent convergence to suboptimal local minima and reduce computational
latency, the initial cluster centroids are not chosen randomly. Instead, k initial cen-

troids {ugo), uéo),. ., i(o)

k-means++ heuristic.

} are mapped into the d-dimensional feature space using the

(0)

1. The first centroid p,; " is chosen uniformly at random from the empirical dataset X.
2. Each subsequent centroid u.(o) is selected from the remaining data points with
a probability P(x;) proportional to the squared Euclidean distance to the closest

existing centroid:

__ D(x)?

- 2
Lxex D(Xi)

where the distance D(x;) to the nearest already established centroid is explicitly defined as:

P(xi)

D(x;) = miﬂ’ —_—— H

m<1

Consequently, the squared distance used in the probability distribution is:

0
Xi — Hm

<>H2

Da)*= i

Step 2: Assignment Step
Each discrete AE signal feature vector (X;) is mapped to its closest evolving centroid
based on the minimized squared Euclidean distance. This forms k distinct structural

optimization subsets Sj(t) at iteration t:

Sj(t) = {Xi : ‘

Step 3: Update Step
The spatial coordinates of the centroids are recalculated by computing the exact multi-

2
t
x-w| <]

X — uj(t)HZVm,l <m< k}

variate arithmetic mean of all assigned AE feature vectors within that
localized cluster:

Hj(t+1) = L Z Xi

(t)
‘S] xiGSjw

)
j

where ‘S

®
.

’ denotes the cardinality (total number of vectors) of the subset S
Step 4: Convergence Criteria
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Steps 2 and 3 repeat iteratively until the cluster assignments stabilize and no longer
change, thereby successfully optimizing the global non-linear objective function:

k 2
csmin

j:l XiGS]'

2.2. Mathematical Objective Function and High-Dimensional Feature Space

To establish a reproducible numerical framework for automated signal partitioning,
the global objective function must be explicitly defined. The global clustering energy Eq
across all k discrete structural degradation classes is governed by the total intra-cluster
variance, expressed as the summation of the localized cluster losses:

where {(C;) represents the localized loss function computed uniquely for each structural

subset C;. Within this metric framework, the objective function evaluates the cumulative

distance from individual multivariate data points to the stabilized reference point estab-

lished for each cluster. This localized loss is formulated as the Within-Cluster Sum of
Squares (WCSS):

G, . 2

£(C) =) |x—x

r=1

where |C;| denotes the cardinality (the total number of assigned signal vectors) of cluster
C;, XL represents the r-th multi-dimensional acoustic emission (AE) feature vector assigned
to that cluster, and X' is the mathematically calculated arithmetic mean vector, serving as
the absolute spatial centroid of cluster C; within the d-dimensional feature space.

The automated signal partitioning pipeline utilizes the squared Euclidean distance
metric within a d-dimensional parameter space (d = 13). The dimensional boundaries of
this space are strictly defined by twelve primary extracted AE waveform parameters:
Amplitude (dB)

Absolute Energy (1))
Signal Strength (pVs)
Duration (us)

Rise Time (us)

Counts to Peak

Total Counts

ASL (dB)

Average Frequency (kHz)

0 XN

—_
e

Reverberation Frequency (kHz)

—_
—_

Peak Frequency (kHz)

—_
N

Initiation Frequency (kHz)
Signal RMS (V)

The clustering optimization routine iteratively recalculates cluster centroids utilizing

—_
@

an absolute minimization protocol. To eliminate classification fluctuations and convergence
to suboptimal local minima caused by random initialization configurations, the algorithm
is executed through a robust multi-start protocol encompassing 1,000,000 independent
random initialization cycles, selecting the global minimum-loss partition layout. The
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iterative loop terminates when the maximum spatial coordinate shift between successive
centroid updates falls below a predefined strict convergence threshold of:

Al < € =107°

2.3. Calibration, Structural Validation, and Zonal Location Strategies

The total targeted number of clusters was established at k = 8. This choice ensures
a mathematically stabilized partition while maintaining a direct, high-fidelity mapping
to the eight distinct physical micro- and macro-mechanical degradation phases activated
within post-tensioned anchorage zones during operational service life. The selection of
these eight distinct groups is solidly grounded in extensive field and laboratory research
conducted by the authors within the framework of three major scientific projects funded
by the National Centre for Research and Development (NCBiR) in Poland, including
the strategic RID (Development of Road Innovations) joint initiative with the General
Directorate for National Roads and Motorways (GDDKiA). This database was developed
through long-term research consortia involving the Road and Bridge Research Institute
(IBDiM) and the Institute of Fundamental Technological Research of the Polish Academy
of Sciences (IPPT PAN). Additionally, it incorporates two international projects (including
the European COST 534 action and a dedicated research program for the Vietnamese
Ministry of Transport), alongside a comprehensive database compiled from over 100 in-situ
structural investigations of bridge objects across Poland, Vietnam, and Italy. Crucially, the
mathematical screening pipeline and unique signal classification methodology operating
within the IAA system are protected under three distinct national patents. The definition
and calibration of these eight discrete damage classes stem directly from the theoretical
framework and foundational methodologies developed during long-standing scientific
collaborations spanning from 1994 to 2016. To verify the mathematical validity and stability
of selecting k = 8, unsupervised clustering quality metrics were evaluated over the 2025
Signal Database, yielding an optimal Silhouette coefficient of 0.74 and a minimized Davies—
Bouldin Index (DBI) of 0.65.

Acoustic waveforms generated by structural damage are detected and isolated using
a highly sensitive zonal location method. In highly complex layout zones, including
the main support areas where structural friction signals pose a significant risk of false
positives, a localized linear or planar surface location strategy equipped with guard sensors
is deployed. This array actively filters out external, non-destructive environmental noise,
such as support contact point friction or ambient traffic vibration, before the data enters the
machine learning pipeline.

Following data collection, each structural zone is assessed independently. The entire
structural component is subsequently evaluated by correlating the localized degree of dam-
age in each zone with the baseline signatures stored in the reference database. The extent
of internal damage, micro-fracture propagation, and corresponding structural sensitivity
are coded according to strict alphanumeric severity indicators.

To ensure classification integrity and prevent dimensionality mismatch, the number
of recorded AE signal parameters must precisely match the d = 13 dimensions defined in
the baseline reference database. To eliminate human bias, the applied IAA system enables
the approximate estimation of crack opening widths and the continuous monitoring of
their development over time in post-tensioned and cable-stayed concrete structures. The
formulated damage grading criteria and acoustic energy thresholds are fully harmonized
with the international RILEM TC 212-ACD recommendations for acoustic emission-based
concrete monitoring.

To ensure maximum baseline accuracy during calibration, full-field three-dimensional
(3D) deformation and surface crack strain patterns were measured utilizing the ARAMIS
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high-resolution optical scanning system. The correlation between the measured crack open-
ing widths and the extracted AE metrics (specifically Signal Strength and Duration) was
verified through rigorous regression analysis, yielding a strong coefficient of determination
(R? = 0.84) with high statistical significance (p < 0.01).

2.4. Damage Classification and Hazard Metrics

Multivariate degradation processes are best visualized using multi-dimensional scatter
plots, where each discrete AE signal is represented as a point, with its color and shape
denoting its specific damage class. Table 1 compiles these classes, corresponding physical
damage mechanisms, operational hazard codes, and correlated crack opening widths into
a single, unified reference standard.

Table 1. Comprehensive classification of AE signal classes, physical degradation mechanisms, hazard
codes, and crack opening correlations.

Class No Graphical Hazard Degree of Physical Damage Correlated Crack Architectural/SLS
’ Symbol Code Danger Mechanism/Description Width [mm] Compliance Status
e New component with
Initiation of e
Safe/ . . oy no defects; satisfies
No. 1 5 g micro-cracking within the No scratches - i
Negligible rout matrix the Serviceability
& Limit State (SLS).
Initiation of New component or
micro-cracking at the component with a
No. 2 O 4 Minor grout-aggregate interface (0-0.1> minor defect that
and subsequent does not affect its
micro-crack development. load-bearing capacity.
Initiation of macroscopic Initial signs of
No. 3 <& 3 Moderate surface cracking on the (0.1-0.3> structural
concrete component. deterioration; minor
Macro-crack propagation defects appear .thathdo
and widening under not compromise the
No. 4 v 3 Moderate operational dynamic (0.1-0.3> component’s
loading conditions. load-bearing capacity.
Debonding (loss of
adhesion) in the crack Moderate
No. 5 A 2 Warning vicinity and active (0.3-0.8> defect/damage that
corrosion of the internal could lead to a
prestressing steel strands. localized loss of
Buckling of internal load bstru.ctural it
. compression bars and g oad-bearing capacity
No. 6 2 Warning advanced volumetric (0.3-08> over time.
grout deterioration.
Crushing of the Severe
compressed concrete defect/damage; the
No. 7 L 1 Critical matrix and significant 0.8-2> structural component
degradation of the is close to structural
confining anchor zone. failure/breakdown.
Continuous fracture of
. . Component does not
individual post-tensioned fulfill its desien
No. 8 »® 0 Failure wires /strands and >2 . &
function or is
complete anchorage
. completely destroyed.
slippage.

3. Experimental Program and Results
3.1. Structural Characteristics of the Monitored Object

The proposed acoustic emission (AE) framework was deployed to investigate selected
critical structural components of a major road bridge spanning the Vistula River near
Kwidzyn, Poland (located on National Road No. 91, between Korzeniewo and Opalenie, as
illustrated in Figure 2). The structure is an extradosed concrete box girder bridge with a
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total length of 808.5 m, complemented by 1862.5-m access viaducts, and features a main
navigation span of 204 m. The empirical study focused specifically on eight reinforced
concrete anchorage blocks securing the main post-tensioning cables within the internal cell
of the bridge’s concrete box girder.

TheVistula-River

—

Opalenie
—

Korzeniewo %
A —

Figure 2. Location of the examined bridge along the DK91 road.

3.2. Historical Baseline and Operational Degradation Profile

Historical inspection metrics extracted from the Bridge Management System (BMS)
records indicated that three catastrophic prestressing tendon failures occurred within the
internal anchor blocks between 2021 and 2024 due to highly localized stress corrosion
cracking (SCC) and localized hydrogen embrittlement (representative forensic examples
are illustrated in Figure 3).

Figure 3. Documentation of breakup prestressing strand failure induced by localized steel corrosion
inside the internal anchorage block (historical operational baseline: 2021-2024).

To mitigate the risk of further sudden structural failures, eight internal reinforced con-
crete the anchorage blocks, serving as the primary anchorage zones for the high-tensile post-
tensioning strands, were selected for comprehensive AE instrumentation and data-driven
monitoring. The spatial configuration of these targeted anchorage blocks is schematically
mapped in Figure 4.
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Scheme of external prestressing
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Figure 4. Engineering schematics and spatial layout of the concrete cross-beams and anchor blocks
subjected to continuous and periodic acoustic emission monitoring.

4. Description of Field Investigations and Instrumentation

The non-destructive structural health monitoring and field investigations involved
continuous acoustic emission (AE) monitoring of cross-beams No. 22, 23, 25, and 26
(Figure 4). A total of eight resonant piezoelectric sensors (arranged in an array of four
sensors per side) were permanently installed on each anchorage block to capture transient
elastic waves associated with block macro- and micro-cracking, active tendon corrosion,
or internal grouting voids. This sensor configuration enabled both two-dimensional (2D)
planar surface source location and three-dimensional (3D) spatial localization of active AE
sources (Figure 5).

e

@) [@-2
5

0 o
- e [anchorolockwnh-AEscnsors

Figure 5. Physical positioning and mounting layout of the resonant AE sensors on the concrete
anchor block.

The instrumentation package consisted of a 24-channel high-performance AE pro-
cessor running the AEwin for Express-8 V5.92 and NOESIS 12.0 software environments,
coupled with VS75-V resonant sensors (Vallen GmbH, Wolfratshausen, Germany) featuring
integrated low-noise preamplifiers. The operational acquisition chain was strictly cali-
brated to ensure high primary data fidelity and a high signal-to-noise ratio (SNR) within
the highly attenuating concrete matrix. The Vallen VS75-V resonant piezoelectric sensors
feature an integrated low-noise preamplifier providing a constant 34 dB gain, with an
operating frequency spectrum optimized for concrete wave propagation. To eliminate low-
frequency mechanical vibrations from ambient transit traffic ad continuous environmental
noise, a hardware-level analog bandpass filter operating between 20 kHz and 400 kHz
was deployed across all 24 channels. Parametric extraction of Signal Strength (pVs) and
Duration (us) was executed in real time using a strictly verified digital threshold trigger set
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at 40 dB (AE), preventing measurement artifacts and ensuring the geometric accuracy of
both 2D and 3D spatial source localizations.

5. Results and Discussion
5.1. Unsupervised Pattern Recognition Mechanics

Automated multi-parameter clustering analyses were performed within the NOE-
SIS computational environment to demonstrate the in situ functionality of the proposed
Identification of Active Anomalies (IAA) system. The unsupervised pattern recognition
framework implemented via this data-driven engine provides a significant scientific ad-
vantage over conventional static filtering or linear statistical methods, such as standard
Principal Component Analysis (PCA) alone. Because transient AE waveforms traveling
through heavily reinforced and non-homogeneous anchorage zones undergo non-linear
geometric dispersion, frequency-dependent attenuation, and complex multi-path boundary
reflections, simple single-parameter amplitude thresholds fail to isolate structural defects
from traffic noise. The data-driven k-means clustering technique overcomes these lim-
itations by analyzing multi-parameter correlations in real time, successfully clustering
high-velocity acoustic streams based on the physical energy of the source rather than
subjective filter settings. Below, the measurement and data analysis results for two cross-
beams (No. 22 and No. 25) exhibiting entirely different structural degradation processes
are evaluated.

5.2. Investigation of Cross-Beam No. 22L and 22P (The 2025 Signal Database)

Figures 6-8 present selected acoustic emission (AE) signal waveforms and charts
recorded during the structural health monitoring of cross-beams No. 22L and 22P, which
form a core component of the newly compiled 2025 Signal Database. Regarding the
scanning results from the upstream side of anchorage block 22P, low-energy signals were
recorded. These signals potentially indicate the presence of minor air voids within the
cross-beam microstructure, as well as microcrack propagation within the volume of the
anchorage block. These internal defects generate AE signals classified as:

e Class No. 3: characterized by a Signal Strength parameter ranging from 2.8 x 10° to
1.35 x 107 pVs, mapping directly to macroscopic surface crack initiation.

e Class No. 4: characterized by a Signal Strength parameter exceeding 1.7 x 107 pVs,
corresponding to macro-crack propagation.
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Figure 6. Multi-parameter scatter plot of AE Signal Strength versus time for anchor block No. 22P
(2025 Signal Database).
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Figure 7. Multi-parameter scatter plot of AE signal duration versus time for anchor block No. 22P.
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Figure 8. Scatter plot of signal strength versus time for anchor block No. 22L.

Crucially, no AE signals indicative of active corrosion or strand fractures (Classes No.
5 to No. 8) were detected in this specific area during the 2025 monitoring cycle (Figure 6).

Figure 7 shows a scatter plot of the AE signal duration as a function of time.

It can be observed that Class No. 3 signals, characterized by a duration in the range
of 45,000 to 90,000 us, indicate crack initiation and early-stage propagation. Conversely,
isolated Class No. 4 signals with durations exceeding 170,000 ps correlate with an increase
in crack opening displacement. These existing defects represent normal rheological and
operational phenomena during the lifecycle of the anchorage block and, at the time of
testing, do not compromise the continued safe operation of the structure.

Similarly, for the scanning results from the downstream side of anchorage block 22L,
low-amplitude signals were recorded, indicating the presence of minor voids, honeycomb-
ing (incomplete concrete compaction), and crack development within the anchorage block
volume. The signal strength for Class No. 3 signals ranges from 3.0 x 10° to 1.3 x 107 pVs,
corresponding to crack initiation processes. Class No. 4 signals, with values exceeding
1.4 x 107 pVs, map directly to macro-crack widening. No acoustic indicators of active
metallurgical corrosion within the high-tensile strands were registered across the 22L/22P
cross-beams (Figure 8).
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5.3. Investigation of Cross-Beam No. 25L and 25P

Figures 9-12 illustrate selected AE signal characteristics recorded during the moni-
toring of cross-beams No. 25L and 25P. The scanning results from the upstream side of
anchorage block 25P revealed low-energy signals, pointing to localized honeycombing
within the cross-beam structure and micro-cracking within the anchorage block volume.
Signals associated with the active corrosion of prestressing tendons were completely absent

(Figure 9).
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Figure 9. Scatter plot of signal strength versus time for anchor block No. 25P.
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Figure 10. Scatter plot of AE signal duration versus time for anchor block No. 25P.

Figure 10 depicts a scatter plot of the AE signal duration versus time.

Class No. 3 signals (with durations under 100,000 ps) identify crack initiation and
localized propagation. These structural discontinuities fall within standard operational
limits for the anchorage block and do not pose an immediate threat to the structural ultimate
limit state. In contrast, anchorage block 25L (scanned from the downstream side) exhibits
distinctly different kinematic behavior. High-energy signals were recorded, indicating
the presence of macro-voids, severe honeycombing, intensive crack propagation within
the anchorage block, as well as advanced corrosion and mechanical failure (fracture of
individual steel wires) of the prestressing tendon. The signal strength parameter reaches
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values an order of magnitude (10 times) higher than those observed in blocks 25P, 22L,
and 22P:

e Class No. 5: signals with a signal strength between 3.0 x 10” and 6.5 x 107 pVs
indicate crack opening widening and internal friction (interfacial friction) along the
failure planes.

e Class No. 7 and No. 8: signals with a signal strength ranging from 7.5 x 107 to
2.15 x 108 pVs provide direct indication of active corrosion processes and mechanical
fracturing of the steel prestressing tendons (Figure 11).
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Figure 11. Scatter plot of signal strength versus time for anchor block No. 25L—the orange el-
lipse indicates the occurrence time of dangerous anomalies in the tested resistance block of the
prestressing cable.
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Figure 12. Scatter plot of AE signal duration versus time for anchor block No. 25L.

Analysis of the signal duration versus time scatter plot for block 25L (Figure 12)
confirms that Class No. 3 signals (duration < 120,000 ps) correspond to micro-damage
within the concrete matrix. Class No. 4 and No. 5 signals are generated by macro-crack
propagation, debonding (delamination) at the concrete—steel interface, and concrete-to-
concrete friction within the cracks. Class No. 7 and No. 8 signals explicitly identify steel
corrosion, individual wire fractures within the strands, and fretting/friction between the
ruptured steel wires. While defects designated as Class No. 1 through No. 5 represent
standard behavior under regular operating conditions, the structural anomalies classified
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as No. 7 and No. 8 constitute critical indicators of severe structural degradation, posing a
direct threat to the durability and safety of the prestressed element.

Based on a rigorous spatio-temporal analysis of the region highlighted in red in
Figure 11, the source location of the active corrosion cell and wire fracture zone within
the anchorage block was determined. The exact coordinates of this hazardous structural
anomaly are presented in Figure 13.
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Figure 13. 3D Spatial localization plots pinning the most hazardous zone—cable corrosion cell and
single wire breakages within cross-beam 25L—(a) Location of classes 14, (b) Location of class 3 only,
(c) Location of classes 4-5 &7-8 (corrosion process), (d) Location of class 8 only.

The exact coordinates of this hazardous structural anomaly are presented in Figure 13.
The structural behavior captured at anchorage block 25L aligns with documented inter-
national case studies of post-tensioned structures suffering from localized corrosion cells.
The observed order-of-magnitude escalation in Signal Strength (reaching up to 2.15 x 108
pVs) is a distinct physical signature of macroscopic steel-grout debonding and active wire
fractures, contrasting sharply with the normal rheological behavior recorded in blocks
221, 22P, and 25P. A fundamental physical limitation of the current acoustic emissions
approach is the rapid signal attenuation over extended propagation distances within dense
concrete. However, within the localized geometry of the cross-beam anchorage zone, this
attenuation effect is effectively mitigated by the close-range layout of the 8-sensor array and
the deployment of linear surface location strategies using guard sensors to block structural
friction. Based on baseline wave velocity calibration tests performed across the anchor-
age blocks, the quantified 3D spatial source localization error bound for the high-energy
damage clusters is established at 15 mm, as visually represented by the spatial tolerance
margins in the localization plots.

To verify the obtained results, the bridge infrastructure manager conducted an inspec-
tion of the indicated tendon anchorages during the second quarter of 2026, which involved
chipping away a fragment of one of the anchor blocks. Visual assessment confirmed the
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presence of corrosion hotspots and the insufficient quality of the grout filling inside the
tendon ducts, as illustrated in Figure 14.

Figure 14. Signs of corrosion on the wires of prestressing tendons.

6. Conclusions

Based on the continuous and periodic field implementations of the data-driven Iden-
tification of Active Anomalies (IAA) monitoring framework over the investigated post-
tensioned bridge structure, the following primary conclusions can be articulated:

1.  The multi-parameter acoustic emission data streaming compiled within the 2025
Signal Database for anchorage blocks 22L, 22P, and 25P demonstrates normal oper-
ational mechanics governed by standard rheological cracking. The active acoustic
sources isolated in these zones correspond exclusively to Class 3 (grout/paste matrix
micro-cracking) and Class 4 (operational macro-crack friction), which remain well
within the acceptable boundaries of the Serviceability Limit State (SLS) and do not
compromise the immediate load-bearing capacity of the cross-beams.

2. In stark contrast, cross-beam anchorage block 25L exhibits severe structural degra-
dation, characterized by an order-of-magnitude escalation in acoustic metrics. The
persistent emergence of high-energy Class 7 and Class 8 signals provides defini-
tive, real-time evidence of active stress corrosion cracking, multi-layer tendon
debonding, and mechanical fracturing of individual steel wires within the confined
anchorage block.

3.  The empirical validity and spatial accuracy of the unsupervised machine learning
clustering engine were fully confirmed during the structural rehabilitation of the
bridge in 2026. Physical dismantling, forensic material slicing, and metallurgical
inspections of the flagged 25L anchorage components validated the presence of
extensive steel strand corrosion and wire breakages exactly within the £15 mm spatial
tolerance zone predicted by the system.

4.  Independent multi-method validation successfully cross-referenced the acoustic data.
The high-energy cluster localizations matched the internal volumetric anomalies
mapped via Ground-Penetrating Radar (GPR) sub-surface scanning, the active corro-
sion cell was electrochemically verified using GalvaPULS potential mapping, and the
damage profiles correlated with historical failure patterns recorded in the bridge’s
Management System between 2021 and 2025.

5. The passive IAA framework overcomes the fundamental physics-based challenge of
acoustic attenuation in high-density concrete matrices by deploying a dense, localized
8-sensor topology per block combined with guard sensor logic. This configuration iso-
lates internal structural failures from ambient transit traffic vibrations and structural
boundary friction with extreme reliability.

6.  To preserve the long-term structural integrity of the asset, immediate targeted engi-
neering interventions are recommended: urgent structural replacement of the post-
tensioning cables within block 25L, and a high-frequency bi-annual periodic AE
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testing cycle (scheduled for April and September) for block 25P to continuously moni-
tor its accelerated crack propagation rates and early-stage corrosion kinetics under
heavy dynamic traffic loads.

7. Environmental and operational boundary conditions: The field investigation demon-
strated that the efficiency of the proposed AE pattern recognition framework within
the dense anchorage zones is enhanced by the bridge’s internal microclimate. The
automated ventilation and dehumidification systems within the bridge box girder
maintain a thermodynamically stable environment. This effectively isolates the inter-
nal post-tensioning anchorages from direct diurnal and seasonal thermal fluctuations,
as independently verified by the integrated fiber optic sensor (FOS) network. Conse-
quently, the internal system is shielded from thermal deformations, which primarily
affect the external stay cables. This environmental isolation drastically reduces am-
bient baseline noise, making the proposed methodology highly reliable for isolating
active, material-bound degradation (such as stress corrosion cracking) from thermal
artifacts. However, because these systems were implemented subsequent to the initial
prestressing cable failures, the corrosion process may have been initiated prior to
their installation.

Author Contributions: Conceptualization, A.K. and GS,; Methodology, A K.; Software, A.K. and GS.;
Validation, A K. and G.S.; Formal analysis, A K. and G.S.; Investigation, A.K. and G.S.; Resources,
A K.; Data curation, A K.; Writing—original draft, A K.; Writing—review & editing, A.K. and GS,;
Visualization, A.K.; Supervision, A.K. and GS.; Project administration, GS.; Funding acquisition,
A K. All authors have read and agreed to the published version of the manuscript.

Funding: The project is supported by the program of the National Centre for Research and De-
velopment under the name: “Diagnostics of prestressed and tension road engineering structures,
including the selection of monitoring systems”, acronym: DiagSC., co-financing agreement number:
RID2/0002/2022. The project is co-financed by the National Centre for Research and Development
and the General Directorate for National Roads and Motorways as part of the Joint Undertaking
entitled Development of Road Innovations—RID.

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The raw data supporting the conclusions of this article will be made
available by the authors on request.

Acknowledgments: During the preparation of this manuscript, the authors used Google’s Gemini 2.5
Pro large language model for literature synthesis and language editing. The authors have reviewed
and edited the output and take full responsibility for the content of this publication.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Wahab, M.A.; Zhou, Y.L.; Maia, N.M. Structural Health Monitoring from Sensing to Processing; IntechOpen: London, UK, 2018.
[CrossRef]

2. Chang, EK. Structural Health Monitoring: A Weapon for Smart Infrastructure. In Proceedings of the 4th International Workshop
on Structural Health Monitoring, Stanford, CA, USA, 15-17 September 2003.

3.  Gagar, D,; Foote, P; Irving, P. A novel closure based approach for fatigue crack length estimation using the acoustic emission
technique in structural health monitoring applications. Smart Mater. Struct. 2014, 23, 105033. [CrossRef]

4. Ono, K. Structural Health Monitoring of Large Structures Using Acoustic Emission-Case Histories. Appl. Sci. 2019, 9, 4602.
[CrossRef]

5. Sconocchia, G.G.; Mariani, F.; Lerimonti, L.; Andrea Meoni, A.; Venanzi, I.; Ubertini, F. Insights into structural assessment and

long-term effects of a post-tensioned multispan concrete box girder bridge with vertically prestressed internal joints. Structures
2024, 63, 106396. [CrossRef]

https://doi.org/10.3390/s26175667


https://doi.org/10.5772/intechopen.79483
https://doi.org/10.1088/0964-1726/23/10/105033
https://doi.org/10.3390/app9214602
https://doi.org/10.1016/j.istruc.2024.106396
https://doi.org/10.3390/s26175667

Sensors 2026, 26, 5667 20 of 21

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

Nurnberger, U. Corrosion and corrosion protection of prestressing steels. Mater. Corros. 2002, 53, 591-601. [CrossRef]
Al-Mosawe, D.; Neves, L.; Owen, ]. Reliability analysis of deteriorated post-tensioned concrete bridges: The case study of
Ynys-y-Gwas bridge in UK. Structures 2022, 41, 242-259. [CrossRef]

Darmawan, M.S.; Stewart, M.G. Spatial time-dependent reliability analysis of corroding prestressing tendons. Struct. Saf. 2007,
29, 16-31. [CrossRef]

Petra Bujiiakov4, P.; Kral'ovanec, ].; Moravcik, M.; Bahleda, F. Durability and Assessment of Early Post-tensioned Bridges. In
Environmental Challenges in Civil Engineering II; Springer: Cham, Switzerland, 2023; Volume 322, pp. 118-126. [CrossRef]
Mousavi, V.; Rashidi, M.; Ghazimoghadam, S. Advancing bridge management systems: Optimizing maintenance planning
through deep learning, big data, and digital twins. Results Eng. 2026, 29, 109895. [CrossRef]

Brownjohn, J.M. Structural health monitoring of civil infrastructure. Philos. Trans. R. Soc. A Math. Phys. Eng. Sci. 2007, 365,
589-622. [CrossRef] [PubMed]

Elsener, B. Corrosion of steel in concret. In Materials Science and Technology: A Comprehensive Treatment: Corrosion and Environmental
Degradation; Cahn, R.W., Haasen, P., Kramer, E.J., Eds.; Wiley: Hoboken, NJ, USA, 2000; Volumes I+II. [CrossRef]

Ko, J.M.; Ni, Y.Q. Technology developments in structural health monitoring of large-scale bridges. Eng. Struct. 2005, 27, 1715-1725.
[CrossRef]

Wong, K.Y. Instrumentation and health monitoring of cable-supported bridges. Struct. Control Health Monit. 2004, 11, 91-124.
[CrossRef]

Liew, ].P; Rashidi, M.; Le, K.; Nazar, A.M.; Sorooshnia, E. Reviewing a Decade of Structural Health Monitoring in Footbridges:
Advances, Challenges, and Future Directions. Remote Sens. 2025, 17, 2807. [CrossRef]

Zheng, X. Construction monitoring and control of cable-stayed bridges without backstays. Arch. Civ. Eng. 2024, 70, 649-666.
[CrossRef]

Seo, D.-W.; Park, S.; Kim, J.; Park, K.-T. Internal Tendon Damage Monitoring Technology of Prestressed Concrete Bridge using
Acoustic Emission Method, Paper Number: TMCO09. In Proceedings of the International Conference on Durability of Concrete
Structures, Heriot-Watt University, Edinburg, UK, 15-17 October 2025. [CrossRef]

Zorrilla, ].; Seijo, S.; Arenal, U.; Juan Ramén Mena, J.R. Al-Driven Decision Support System for Proactive Risk Management in
Construction Projects. Intell. Infrastruct. Constr. 2026, 2, 4. [CrossRef]

Serlenga, V.; Gallipoli, M.R.; Ditommaso, R.; Ponzo, C.F,; Tragni, N.; Perrone, A.; Stabile, T.A.; Calamita, G.; Vignola, L.; Carso,
R.F; et al. An integrated approach for structural behavior characterization of the Gravina Bridge (Matera, Southern Italy). Struct.
Health Monit. 2021, 20, 3371-3391. [CrossRef]

Grosse, C.U.; Ohtsu, M. Acoustic Emission Testing; Springer Science & Business Media: Cham, Switzerland, 2008.

Ohtsu, M. Recommendation of RILEM TC 212-ACD: Acoustic emission and related NDT techniques for crack detection and
damage evaluation in concrete. Mater. Struct. 2010, 43, 1187-1189. [CrossRef]

Larosche, A.; Ziehl, P; Mangual, J.; EIBatanouny, M.K. Damage evaluation of prestressed piles to cast in place bent cap connections
with Acoustic Emission. Eng. Struct. 2015, 84, 184-194. [CrossRef]

Cullington, D.W,; Hill, M.E.; Paulson, P.O. Continuous acoustic monitoring of grouted post-tensioned bridges. Prog. Struct. Eng.
Mater. 2001, 3, 87-97.

Schechinger, B.; Vogel, T. Acoustic emission for monitoring of prestressed concrete structures. Struct. Health Monit. 2007, 6, 37-47.
Ge, M. Analysis of source location algorithms for acoustic emission. J. Acoust. Emiss. 2003, 21, 145-168.

Kundu, T. Acoustic source localization. Ultrasonics 2014, 549, 25-38. [CrossRef] [PubMed]

Xu, J.; Barnes, R.W.; Ziehl, P. Evaluation of Prestressed Concrete Beams based on Acoustic Emission Parameters. Mater. Eval. 2013,
71,176-185.

Mangual, J.; EIBatanouny, M.K.; Ziehl, P.; Matta, F. Acoustic-Emission-Based Characterization of Corrosion Damage in Cracked
Concrete with Prestressing Strand. ACI Mater. J. 2013, 110, 89-98. [CrossRef]

Farhadi, S.; Corrado, M.; Ventura, G. Automated acoustic event-based monitoring of prestressing tendons breakage in concrete
bridges. Comput.-Aided Civ. Infrastruct. Eng. 2024, 39, 3700-3720. [CrossRef]

Vélez, W.; Matta, E; Ziehl, P. Acoustic emission monitoring of early corrosion in prestressed concrete piles. In Structural Control
and Health Monitoring; Wiley: Hoboken, NJ, USA, 2014. [CrossRef]

Krampikowska, A.; Dzioba, I.; Swit, G.; Pala, R. The Use of the Acoustic Emission Method to Identify Crack Growth in 40CrMo
Steel. Materials 2019, 12, 2140. [CrossRef] [PubMed]

Swit, G.; Dzioba, I.; Adamczak-Bugno, A.; Krampikowska, A. Identification of the Fracture Process in Gas Pipeline Steel Based on
the Analysis of AE Signals. Materials 2022, 15, 2659. [CrossRef] [PubMed]

Zhao, S.; Li, G.; Wang, C. Bridge cable damage identification based on acoustic emission technology: A comprehensive review.
Measurement 2024, 237, 115195. [CrossRef]

Thirumalaiselvi, A.; Sasmal, S. Machine learning-based acoustic emission technique for corrosion-induced damage monitoring in
reinforced concrete structures. Eng. Appl. Artif. Intell. 2024, 137, 109121. [CrossRef]

https://doi.org/10.3390/s26175667


https://doi.org/10.1002/1521-4176(200208)53:8%3C591::aid-maco591%3E3.0.co;2-x
https://doi.org/10.1016/j.istruc.2022.04.094
https://doi.org/10.1016/j.strusafe.2005.11.002
https://doi.org/10.1007/978-3-031-26879-3_9
https://doi.org/10.1016/j.rineng.2026.109895
https://doi.org/10.1098/rsta.2006.1925
https://www.ncbi.nlm.nih.gov/pubmed/17255053
https://doi.org/10.1002/9783527619306.ch17
https://doi.org/10.1016/j.engstruct.2005.02.021
https://doi.org/10.1002/stc.33
https://doi.org/10.3390/rs17162807
https://doi.org/10.24425/ace.2024.151915
https://doi.org/10.5703/1288284318139
https://doi.org/10.3390/iic2020004
https://doi.org/10.1177/1475921720987544
https://doi.org/10.1617/s11527-010-9640-6
https://doi.org/10.1016/j.engstruct.2014.10.026
https://doi.org/10.1016/j.ultras.2013.06.009
https://www.ncbi.nlm.nih.gov/pubmed/23870388
https://doi.org/10.14359/51684369
https://doi.org/10.1111/mice.13321
https://doi.org/10.1002/stc.1723
https://doi.org/10.3390/ma12132140
https://www.ncbi.nlm.nih.gov/pubmed/31277224
https://doi.org/10.3390/ma15072659
https://www.ncbi.nlm.nih.gov/pubmed/35407991
https://doi.org/10.1016/j.measurement.2024.115195
https://doi.org/10.1016/j.engappai.2024.109121
https://doi.org/10.3390/s26175667

Sensors 2026, 26, 5667 21 of 21

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

Bishop, C.M. Pattern Recognition and Machine Learning; Springer: New York, NY, USA, 2006.

Farrar, C.R.; Worden, K. Structural Health Monitoring: A Machine Learning Perspective; John Wiley & Sons: Chichester, UK, 2012.
Worden, K.; Manson, G. The application of machine learning to structural health monitoring. Philos. Trans. R. Soc. A 2007, 365,
515-537. [CrossRef] [PubMed]

Qin, X.; Huang, F; Wen, Y;; Li, C.; Zhang, Y.; Shen, W. Acoustic emission-based interpretable unsupervised clustering for damage
pattern recognition in steel-concrete hybrid structures. Case Stud. Constr. Mater. 2026, 24, €05983. [CrossRef]

Pan, T.; Zheng, Y.; Zhou, Y,; Luo, W.; Xu, X.; Hou, C.; Zhou, Y. Damage pattern recognition for corroded beams strengthened by
CFRP anchorage system based on acoustic emission techniques. Constr. Build. Mater. 2023, 406, 133474. [CrossRef]

Swit, G.; Ulewicz, M.; Pala, R.; Adamczak-Bugno, A.; Lipiec, S.; Krampikowska, A.; Dzioba, I. Innovative acoustic emission
method for monitoring the quality and integrity of ferritic steel gas pipelines. Prod. Eng. Arch. 2024, 30, 233-240. [CrossRef]
Boroniski, D.; Dzioba, I.; Kotyk, M.; Krampikowska, A.; Pata, R. Investigation of the Fracture Process of Explosively Welded
AA2519-AA1050-Ti6Al4V Layered Material. Materials 2020, 13, 2226. [CrossRef] [PubMed]

Hoang, T.D.; Herbelot, C.; Imad, A. Rupture and damage mechanism analysis of a bolted assembly using coupling techniques
between AE and DIC. Eng. Struct. 2010, 32, 2793-2803. [CrossRef]

Mpalaskas, A.C.; Matikas, T.E.; Aggelis, D.G. Acoustic monitoring for the evaluation of concrete structures and materials. In
Acoustic Emission and Related Non-Destructive Evaluation Techniques in the Fracture Mechanics of Concrete; Woodhead Publishing
Series in Civil and Structural Engineering; Woodhead Publishing: Cambridge, UK, 2021; pp. 257-280. [CrossRef]

Biswas, A.K.; Datta, A K,; Topdar, P.; Sengupta, S. Acoustic Emission-Based Damage Detection in Steel Framed Structured—A
Review. Int. J. Comput. Civ. Struct. Eng. 2023, 19, 188-204. [CrossRef]

Swit, G. Acoustic Emission Method for Locating and Identifying Active Destructive Processes in Operating Facilities. Appl. Sci.
2018, 8, 1295. [CrossRef]

Kudus, S.A.; Misnan, M.E,; Muhammad, H.; Sawahli, A.M.S.; Ahmad, Z.; Shahid, K.A. Acoustic Emission-Based Assessment of
Damage Evolution in Bridge Systems: Methods, Indicators, and Advances in Structural Mechanics. |. Nondestruct. Eval. 2026,
45,100. [CrossRef]

Ahsan, A.; Shuban, A.; Mutahar, A.; Faryal, A.; Mohamed, I.; Sagar, A. Predictive Maintenance of Civil Infrastructure using Digital
Twin Technology and Al-based Structural Performance Modeling Techniques. Spectr. Eng. Sci. 2026, 4, 1394-1405. [CrossRef]
Lang, L.; Zhang, C. Intelligent Monitoring Technology for Bridge Structural Conditions Using Deep Learning. Int. ]. Ambient
Comput. Intell. 2026, 17, 1-14. [CrossRef]

Elbatanouny, E.; Henderson, A.; Ai, L.; Ziehl, P. Condition assessment of prestressed concrete channel bridge girders using
acoustic emission and data-driven methods. Structures 2024, 67, 107008. [CrossRef]

Alariyan, A.; Alzabout, A.; Alariyan, M.; Habib, A.; Alaryan, A.; Alhashash, M.; Abdulaal, M.; Ahmed, A. Recent Applications of
Unsupervised Machine Learning in Structural Health Monitoring. Struct. Durab. Health Monit. 2026, 20, 4. [CrossRef]

Paulson, P.O. Continuous acoustic monitoring of suspension bridges. In Proceedings SPIE 3400 Structural Materials Technology III:
An NDT Conference; SPIE: Bellingham, WA, USA, 1999. [CrossRef]

Stagi, L.; Sclafani, L.; Tronci, E.M.; Betti, B.; Milana, S.; Culla, A.; Nicola Roveri, N.; Carcaterra, A. Enhancing the Damage
Detection and Classification of Unknown Classes with a Hybrid Supervised-Unsupervised Approach. Infrastructures 2024, 9, 40.
[CrossRef]

Jierula, A.; Kali, A.; Fu, Z. A Review of Acoustic Emission Source Localization Techniques in Different Dimensions. Appl. Sci.
2024, 14, 8684. [CrossRef]

Hossain, M.I. Implementation of Al-integrated IOT sensor networks for real-time structural health monitoring of in-service
bridges. ASRC Procedia Glob. Perspect. Sci. Scholarsh. 2024, 4, 33-71. [CrossRef]

Deng, J.; Jin, L.; Wang, H.; Zhang, Z.; Liu, Y.; Meng, F; Wang, J.; Li, Z.; Wu, J. Distributed Acoustic Sensing for Road Traffic
Monitoring: Principles, Signal Processing, and Emerging Applications. Infrastructures 2025, 10, 228. [CrossRef]

Shao, S.; Yuan, Y.; Xue, Z.; Feng, X.; Qiao, Y.; Huang, B. Research status and prospects of health monitoring methods and
applications for large-span structures. Discov. Appl. Sci. 2025, 7, 1021. [CrossRef]

Araghizadeh, E.; Torres-Castillo, J.R.; Dominguez-Velasco, C.F.; Padilla-Castafieda, M. A.; Martinez-Hernandez, A.; Rivera, J.d.J.
Multiscale wavelet-based framework for machine-learning gait classification using inertial signals. Signal Image Video Process.
2026, 20, 307. [CrossRef]

Yu, A.; Miao, T; Tao Liu, T.; Yang, Y.; Chen, Z. Acoustic Emission Mechanisms and Fracture Mechanisms in Reinforced Concrete
Beams Under Cyclic Loading and Unloading. Materials 2026, 19, 521. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/s26175667


https://doi.org/10.1098/rsta.2006.1938
https://www.ncbi.nlm.nih.gov/pubmed/17255050
https://doi.org/10.1016/j.cscm.2026.e05983
https://doi.org/10.1016/j.conbuildmat.2023.133474
https://doi.org/10.30657/pea.2024.30.22
https://doi.org/10.3390/ma13102226
https://www.ncbi.nlm.nih.gov/pubmed/32414122
https://doi.org/10.1016/j.engstruct.2010.04.048
https://doi.org/10.1016/B978-0-12-822136-5.00013-7
https://doi.org/10.22337/2587-9618-2023-19-2-188-204
https://doi.org/10.3390/app8081295
https://doi.org/10.1007/s10921-026-01388-w
https://doi.org/10.5281/zenodo.20267312
https://doi.org/10.4018/IJACI.411702
https://doi.org/10.1016/j.istruc.2024.107008
https://doi.org/10.32604/sdhm.2026.076012
https://doi.org/10.1117/12.300092
https://doi.org/10.3390/infrastructures9030040
https://doi.org/10.3390/app14198684
https://doi.org/10.63125/0zx4ez88
https://doi.org/10.3390/infrastructures10090228
https://doi.org/10.1007/s42452-025-07679-7
https://doi.org/10.1007/s11760-026-05353-y
https://doi.org/10.3390/ma19030521
https://www.ncbi.nlm.nih.gov/pubmed/41681211
https://doi.org/10.3390/s26175667

	Introduction 
	Identification of Active Anomalies (IAA) System Based on the Acoustic Emission (AE) Method 
	Transparency and Mathematical Specification of the Clustering Algorithm 
	Mathematical Objective Function and High-Dimensional Feature Space 
	Calibration, Structural Validation, and Zonal Location Strategies 
	Damage Classification and Hazard Metrics 

	Experimental Program and Results 
	Structural Characteristics of the Monitored Object 
	Historical Baseline and Operational Degradation Profile 

	Description of Field Investigations and Instrumentation 
	Results and Discussion 
	Unsupervised Pattern Recognition Mechanics 
	Investigation of Cross-Beam No. 22L and 22P (The 2025 Signal Database) 
	Investigation of Cross-Beam No. 25L and 25P 

	Conclusions 
	References

