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Abstract

The increasing demand for reliability and safety in naval and offshore structures has accel-
erated the adoption of advanced Structural Health Monitoring (SHM) techniques. Among
them, acoustic methods—ranging from passive acoustic emission monitoring to guided
ultrasonic waves—have demonstrated exceptional potential for early detection, localization,
and characterization of structural damage under harsh marine environments. This review
provides a comprehensive and critical synthesis of the state-of-the-art in acoustic-based
SHM applied to ships, submarines, offshore platforms, and floating renewable energy
systems. Special emphasis is placed on the comparative performance of different acoustic
techniques, their integration with numerical modeling and data-driven methods, and their
suitability for real-world deployment considering hydrodynamic, operational, and envi-
ronmental constraints. By bridging current achievements with future challenges, the paper
highlights research gaps and outlines key directions to accelerate the transition of acoustic
SHM technologies from laboratory studies to widespread industrial applications. This
review aspires to serve as a reference work for both academic researchers and practitioners,
consolidating knowledge and inspiring innovation in the field.

Keywords: structural health monitoring (SHM); acoustic emission; guided ultrasonic
waves; naval and offshore structures; marine structural integrity

1. Introduction
Naval vessels and offshore installations represent indispensable components of the

global economic and energy system. International commerce relies heavily on seaborne
transportation, which accounts for the vast majority of cargo flow worldwide, while
offshore infrastructures play an increasingly strategic role in supplying fossil and renewable
energy resources. The reliability of such assets is intrinsically linked to their capacity
to operate safely under highly demanding service conditions, characterized by cyclic
hydrodynamic actions, aggressive corrosive environments, long-term fatigue loading, and
occasional accidental events. Progressive material deterioration and the accumulation of
damage over the service life gradually reduce structural safety margins, thereby elevating
the probability of failure and exposing society to significant environmental, financial, and
human risks [1–3].

Structural Health Monitoring (SHM) has become a fundamental strategy for safe-
guarding the performance and safety of complex maritime and offshore systems. Through
the continuous acquisition and interpretation of physical, mechanical, or chemical re-
sponse data from structural elements, SHM enables the early identification of damage
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processes, supports informed maintenance decision-making, and contributes to prolong-
ing operational lifetimes. Recent progress in sensing technologies, signal analysis, and
digital connectivity has driven a transition away from fixed-interval inspections toward
condition-driven maintenance approaches, allowing real-time assessment of structural
behavior under actual service conditions [4].

Within the broad spectrum of SHM strategies, acoustic-based approaches—encompassing
passive acoustic emission and ultrasonic-guided wave techniques—offer distinctive advan-
tages for monitoring structures operating in severe environments. Their high sensitivity
to damage-related mechanisms such as micro-fracture initiation, delamination, corrosion
activity, and fatigue progression enables the identification and localization of incipient
defects well before they become apparent through conventional inspection methods. In
addition, acoustic techniques are well suited to a wide range of structural materials, from
metallic alloys to advanced composites, and can be effectively applied to the complex
layouts and boundary conditions characteristic of ships, submarines, offshore installations,
and floating renewable energy infrastructures [5].

Acoustic methods have a long-standing presence in the field of Structural Health
Monitoring. Initial studies were largely confined to controlled laboratory experiments
aimed at identifying fatigue cracking or localized corrosion damage. In contrast, over the
last two decades, these techniques have evolved significantly, supported by large-scale
international research initiatives—such as SHIP INSPECTOR—which have driven their
transition from experimental validation to practical implementation on full-scale maritime
structures [6] or MONITAS JIP [7] have proven their effectiveness in operational settings
beyond the laboratory. At the same time, major classification societies—such as DNV, ABS
and Bureau Veritas—have gradually incorporated hull condition monitoring frameworks
in which acoustic-based techniques are recognized as either optional enhancements or, in
some cases, mandatory elements for vessels operating under demanding environmental
and loading conditions [8–11]. In recent years, investigation efforts have expanded toward
offshore wind energy systems, compliant offshore platforms, and subsea pipeline networks,
where the analysis of acoustic wave propagation and emission activity offers insights not
only into structural integrity but also into the coupled effects between the structure and the
surrounding hydrodynamic environment [12–16].

Recent progress in advanced signal analysis techniques, artificial intelligence, and
Digital Twin paradigms has significantly strengthened the contribution of acoustic methods
to SHM. Modern data-driven frameworks are increasingly effective at managing large-scale
acoustic datasets, suppressing operational and environmental noise, and extracting weak
signatures associated with early-stage damage. When integrated within Internet of Things
(IoT) architectures, acoustic sensing systems are evolving toward decentralized, wireless,
and self-adaptive solutions, enabling persistent and autonomous monitoring of offshore
and remote maritime structures [17–20].

This review presents a comprehensive synthesis of the state-of-the-art in acoustic-
based Structural Health Monitoring (SHM) for naval and offshore structures. Particular
emphasis is placed on the theoretical foundations of acoustic monitoring techniques, their
practical implementation, and their applicability to complex marine environments. The
article is organized as follows: Section 2 introduces the fundamental principles of acoustic-
based SHM, including wave propagation, sensor technologies, and signal characteristics
in structural applications. Section 3 reviews Acoustic Emission (AE) techniques, focusing
on their mechanisms, signal features, and damage characterization capabilities. Section 4
discusses representative applications of acoustic SHM in metallic and marine structures,
highlighting damage mechanisms relevant to naval and offshore assets. Section 5 addresses
ultrasonic-guided waves, with particular attention to Lamb wave propagation, excitation,
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and sensing strategies for damage detection. Section 6 examines passive acoustic moni-
toring approaches and their suitability for continuous, in-service surveillance. Section 7
explores hybrid and advanced acoustic SHM methodologies, including the integration of
multiple acoustic techniques with data-driven approaches. Section 8 reviews applications
across different industrial sectors, emphasizing transferability and lessons learned for naval
and offshore contexts. Section 9 outlines current challenges, limitations, and emerging
trends that will shape the future of acoustic SHM technologies. Finally, Section 10 presents
the main conclusions and identifies key directions for future research.

2. Fundamentals of Acoustic-Based SHM
Acoustic Emission (AE) is a passive and highly sensitive non-destructive technique

that detects ultrasonic waves generated by irreversible damage processes such as microc-
racking, fatigue and corrosion in stressed materials. By capturing damage at its earliest
stages, AE plays a central role in predictive maintenance and Structural Health Monitoring
(SHM). In naval and offshore structures, where complex interactions occur between plates,
stiffeners, welds and joints, the propagation of elastic waves provides valuable information
on both global structural behavior and localized degradation. Recent advances in signal
processing and machine learning have further enhanced the reliability of AE for damage de-
tection, localization and classification under noisy operating conditions, making it a robust
and versatile tool for monitoring the integrity of large-scale engineering systems [21–24].

Acoustic Emission (AE) is a passive, highly sensitive NDT technique that captures
elastic waves generated by microcracking, corrosion, delamination, or impact, offering
earlier damage insights than deformation-based sensors. In acoustic-based SHM, these
waves propagate through plates, stiffeners, welds, and joints, encoding both global re-
sponses and localized damage phenomena. Field implementations—such as the monitoring
of fracture-critical eyebars in the San Francisco–Oakland Bay Bridge—demonstrate AE’s
ability to detect and locate damage initiation and growth in real time, even under intense
noise, thanks to robust pattern-recognition algorithms. Studies on steel bridges, pressure
vessels and metallic components show that AE parameters such as amplitude, energy,
duration and event count correlate not only with fatigue crack evolution, but also with
corrosion activity, frictional damage, plastic deformation and stress-corrosion cracking,
enabling reliable assessment of multiple degradation mechanisms and their progression.
This multi-parameter, wave-based perspective makes AE a powerful and cost-effective
component of modern Structural Health Monitoring, capable of diagnosing and tracking a
wide range of damage processes across diverse engineering structures [25–29].

2.1. Elastic-Wave Generation and Propagation in Structural Media

This section introduces the physical and sensing principles that are common to all
acoustic-based SHM techniques, including acoustic emission, guided ultrasonic waves and
passive acoustic monitoring. Acoustic wave propagation in solids follows elastic theory,
occurring as longitudinal, shear, and guided Lamb waves whose behavior is strongly
governed by material anisotropy and structural boundaries. These mechanisms underpin
advanced AE- and Lamb-wave-based SHM techniques, enabling reliable damage detection
and localization in complex metallic and composite structures. Recent developments in-
clude energy-based source localization methods that bypass time-of-arrival assumptions
and material property requirements, achieving accurate performance in noisy, orthotropic
plates. In parallel, pattern-recognition strategies integrating clustering, Principal Compo-
nent Analysis (PCA), and wavelet-based time–frequency features have demonstrated strong
capability in discriminating damage mechanisms such as matrix cracking, debonding, and
delamination. Furthermore, machine learning-driven Lamb wave analyses, particularly
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CNN-based models, have outperformed conventional spectral approaches in quantifying
fatigue cracks in large-scale steel structures. Together with nonlinear and wavefield-based
extensions, these advances significantly enhance the accuracy and robustness of guided-
wave SHM, supporting real-time and quantitative damage assessment in modern structural
systems [30–36].

When acoustic waves interact with geometric discontinuities—such as weld toes,
stiffener junctions, and thickness changes—they undergo scattering, reflection, and mode
conversion, generating complex signal patterns that can be exploited for damage detection
and localization. Leveraging this behavior, recent advances in AE source localization
have overcome key limitations of classical time-of-arrival methods, which rely on constant
wave-speed assumptions and simplified propagation paths. Innovative approaches include
compact triangular sensor configurations that combine S0/A0 modal separation with direc-
tional Time of Arrival (TOA) analysis, enabling accurate localization in plate-like structures
with minimal instrumentation. For composite and heterogeneous systems, data-driven
strategies such as automated delta-T mapping and Gaussian-process-based regression
models have markedly improved robustness and generalization without requiring de-
tailed material characterization. In parallel, advanced onset-picking techniques based on
enhanced Akaike Information Criterion formulations provide more reliable first-arrival
detection in noisy AE data, outperforming classical methods and reducing localization
errors. Overall, these developments significantly enhance the accuracy, automation, and
applicability of AE source localization in geometrically complex structures, strengthening
its role within modern SHM frameworks [37–42].

Environmental and operational conditions strongly influence acoustic- and Lamb-
wave-based SHM, particularly in marine environments where fluid coupling increases
attenuation, dispersion, and hydrodynamic noise, requiring robust filtering to maintain
diagnostic reliability. Solid–fluid interaction studies highlight the impact of fluid compress-
ibility and guided-wave leakage on measured responses, demonstrating the diagnostic
value of fluid-borne propagation paths for source characterization and depth estimation.
While guided ultrasonic waves are discussed in detail in Section 5, their fundamental
wave physics is introduced here as part of the common acoustic framework. Comparable
multiphysics effects arise in corrosion monitoring, where long-term AE measurements
demand advanced denoising strategies to reliably identify low-amplitude damage mecha-
nisms and distinguish stages of corrosion evolution. In rotating machinery, AE provides
high sensitivity to early-stage defects, and recent developments in signal demodulation
and synchronous averaging have reduced acquisition demands while improving fault
discrimination. Overall, these advances extend the applicability of AE across complex
operating conditions and material systems, while emphasizing ongoing challenges in auto-
mated feature extraction and diagnostic algorithm robustness within next-generation SHM
frameworks [43–46].

2.2. Sensor Technologies

Several sensor technologies are employed to capture acoustic responses in naval and
offshore structures:

- Piezoelectric transducers remain the backbone of AE- and guided-wave-based SHM,
offering high strain sensitivity, although durable bonding and corrosion protection
are critical in marine environments. Beyond conventional disks, fiber-based actua-
tors such as Active Fiber Composites provide directional sensitivity and combined
actuation–sensing capabilities, particularly suited to anisotropic composite laminates.
Recent advances in piezoelectric sensor networks, integrating wavelet-based arrival
extraction with nonlinear inverse solvers and Akaike Information Criterion (AIC)-
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assisted Delta-T mapping, have significantly improved impact and source localiza-
tion accuracy while overcoming dispersion and anisotropy effects where classical
TOA methods fail. Collectively, these developments enhance the robustness and
applicability of piezoelectric-based SHM in heterogeneous and geometrically complex
structures [47–49].

- MEMS microphones and accelerometers increasingly complement piezoelectric AE
sensors, enabling dense, low-cost, and edge-connected arrays for distributed moni-
toring of large-scale infrastructures and rotating machinery. Their compactness and
compatibility with embedded processing support data-driven SHM architectures by
reducing transmission and storage demands without compromising diagnostic ca-
pability. Recent implementations combining compressed AE representations with
advanced machine learning models have demonstrated high accuracy in weld-leak
detection and machinery fault classification under real operating conditions. Overall,
Micro-Electro-mechanical Systems MEMS-based sensing integrated with AI-driven
analytics is driving scalable, application-oriented AE monitoring, while challenges
related to robustness, operating variability, and standardization remain active research
topics [50–52].

- Fiber-optic acoustic sensors, including Fiber Bragg Gratings and interferometric sys-
tems, provide a corrosion-immune and electromagnetically robust alternative to piezo-
electric transducers for distributed AE and guided-wave monitoring, particularly
in marine environments. Their embedment capability and inherent multiplexing
support scalable long-range sensing architectures, while recent advances in intelligent
processing—such as neural network-assisted localization—have improved accuracy
under nonlinear and anisotropic propagation. Despite current cost limitations in
interrogation hardware, comparative studies demonstrate superior sensitivity to low-
frequency stress waves and high localization precision relative to Lead Zirconate
Titanate (PZT) sensors, positioning fiber-optic AE systems as an increasingly mature
solution for high-integrity SHM [53,54].

- Hydrophones are fundamental to underwater SHM, capturing fluid-borne acoustic
waves generated by structural–fluid interactions such as cavitation, impacts, and leak-
age, and enabling source localization when deployed in distributed arrays. In pipeline
monitoring, where AE-based leak detection is a critical safety requirement, recent
advances address the challenges posed by dispersive, multimodal wave propagation
through enhanced signal processing and modal decomposition strategies. Techniques
such as Hilbert–Huang-based energy analysis and modal acoustic emission (MAE)
approaches enable reliable leak detection and localization, including single-sensor
configurations that outperform conventional cross-correlation methods. Together,
these developments support accurate, scalable, and regulation-compliant monitoring
of submerged and buried pipeline systems [55–57].

2.3. Advantages and Limitations

Acoustic-based SHM offers high sensitivity to early damage, material versatility, and
scalability via sensor networks, but its effectiveness is constrained by structural complexity
and operational variability. Wind-turbine blades highlight both its capability and limita-
tions: AE reliably detects damage initiation during testing, yet assessing damage criticality
and enabling long-term in-service monitoring require robust instrumentation, autonomous
operation, and automated data processing. These challenges have accelerated the adoption
of machine learning and deep learning methods, which enable accurate damage classifica-
tion, source localization, and prognostic assessment—even under complex geometries and
limited sensor configurations. Overall, the integration of physics-based sensing with ad-
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vanced AI frameworks is significantly extending the scope of acoustic SHM, while ongoing
challenges remain in load representativeness, data imbalance, environmental effects, and
model interpretability [58–64].

Despite its exceptional sensitivity to early-stage damage, acoustic-based SHM is con-
strained by environmental noise, calibration requirements, wave attenuation and disper-
sion, and the need to process large data volumes. These limitations are evident across appli-
cations, including composite manufacturing and concrete structures, where non-stationary
signals and complex propagation complicate damage interpretation. Advanced time–
frequency analysis, machine learning-driven crack sizing, and seismic-inspired statistical
metrics have significantly improved damage classification, localization, and fracture-mode
discrimination. Overall, these studies highlight both the diagnostic richness of AE and
the necessity of physics-informed, automated analysis frameworks to robustly associate
acoustic features with underlying damage mechanisms in complex materials and operating
environments [65–72]. After introducing the general physical and sensing foundations
of acoustic SHM, this section focuses specifically on Acoustic Emission (AE) as the most
mature and damage-sensitive acoustic technique. To clarify the system-level perspective
adopted in this review, Figure 1 summarizes the typical architecture of an acoustic-based
Structural Health Monitoring (SHM) framework for naval and offshore structures. Rather
than treating acoustic emission, guided ultrasonic waves and passive acoustic monitoring
as independent techniques, they are here considered as complementary sensing layers
operating at different spatial and temporal scales and feeding a unified diagnostic and
prognostic framework. This architecture reflects how modern marine SHM systems are
deployed in practice, combining distributed sensing, advanced signal processing and data-
driven interpretation to support condition assessment and maintenance decisions under
real operating conditions.

Figure 1. Architecture of an acoustic-based Structural Health Monitoring (SHM) system for naval
and offshore structures.

Although numerous studies have investigated individual acoustic techniques, their
practical deployment in naval and offshore structures requires an integrated understanding
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of their respective capabilities, limitations and application domains. From an engineering
standpoint, the key question is not which method is “best” in general, but which technique
is most appropriate for a given structural scale, damage mechanism and operational
environment. To provide this system-level perspective, Table 1 summarizes the main
acoustic-based SHM approaches in terms of sensing scale, damage sensitivity, monitoring
range, suitability for continuous in-service operation, robustness to environmental noise,
and typical naval and offshore applications. This comparison highlights the complementary
roles of acoustic emission, guided ultrasonic waves and passive acoustic monitoring, and
explains why hybrid acoustic architectures are increasingly adopted for reliable condition
assessment of complex marine structures.

Table 1. Comparative overview of acoustic-based structural health monitoring techniques for naval
and offshore structures.

Typical Sensing
Scale

Damage
Sensitivity

Monitoring
Range

Suitability for
in-Service

Monitoring

Sensitivity to
Environmental

Noise

Typical
Naval/Offshore

Applications

Acoustic
Emission (AE) Local (mm–cm)

Very high
(crack initiation,

corrosion,
delamination)

Short to medium Excellent High

Welded joints,
stiffeners,

fatigue-critical
details, composite

delamination

Guided
Ultrasonic

Waves (Lamb
waves)

Regional (dm–m)
High (cracks,

corrosion,
thickness loss)

Long Good Medium

Hull plating,
double bottom,
stiffened panels,
large composite

panels

Passive
Acoustic

Monitoring
(PAM)

Global (m–100 m)

Moderate to
high (slamming,
impacts, leaks,

vibration)

Very long Excellent Very high

Hull response,
pipelines, subsea
systems, offshore

platforms

Hybrid acoustic
SHM Multi-scale Very high Long to very long Excellent Reduced through

fusion

Integrated
monitoring of ship

hulls, offshore
structures and
subsea assets

3. Acoustic Emission (AE) Techniques
Acoustic Emission (AE) is a cornerstone NDE technique for SHM, based on transient

elastic waves generated by rapid strain-energy release during damage processes such as
cracking, corrosion, and delamination. Beyond well-established mechanisms, ongoing re-
search continues to reveal AE signatures linked to micromechanical phenomena—including
slip, twinning, residual stresses, and grain-scale effects—highlighting both the physical rich-
ness of AE and the need for deeper mechanistic interpretation. Advanced multi-parameter
analyses combining dimensionality reduction and clustering have demonstrated robust
discrimination of fatigue damage modes in composite laminates, in agreement with mi-
croscopic observations, and confirmed AE’s capability to track damage evolution. A key
strength of AE lies in its sensitivity to the earliest stages of degradation, enabling identifica-
tion of interfacial and microstructural processes well before macroscopic indicators emerge.
This is exemplified in steel–concrete bond studies and cementitious composites, where
AE waveform characteristics and frequency content reliably distinguish slip transitions,
fracture origins, and chemically driven deterioration. Overall, these results underscore
AE’s unique diagnostic reach while reinforcing the need for integrated physics-based
and data-driven frameworks to interpret AE signals under increasingly demanding SHM
conditions [73,74].
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3.1. AE Signal Generation and Propagation

Acoustic Emission signals arise from irreversible microstructural events that release
elastic energy and generate transient stress waves whose amplitude, spectral content, and
arrival patterns encode information on the source mechanism. Leveraging these statisti-
cal wavefield properties, correlation-based localization methods have emerged as robust
alternatives to classical time-of-arrival approaches. By estimating source position from
inter-sensor correlation functions and incorporating advanced signal processing, these
techniques improve localization accuracy under waveform distortion, dispersion, and
low signal-to-noise conditions. Overall, they demonstrate how exploiting AE wavefield
statistics enhances source characterization in complex structural environments [75]. In
metallic materials, AE typically spans frequencies from ~100 kHz to 1 MHz and is strongly
governed by microstructure, geometry, and boundary conditions, making it a powerful
probe of micromechanical fracture processes. High-resolution studies in titanium-based
alloys demonstrate that AE detects microcrack nucleation and evolution well before macro-
scopic failure, revealing how microstructural morphology controls fracture toughness and
crack coalescence. In lamellar and acicular Ti alloys, AE activity at sub-yield stress levels
indicates early damage accumulation that critically influences subsequent fatigue perfor-
mance. Overall, these findings highlight AE’s capability to resolve microstructure-sensitive
crack initiation and early damage development in advanced metallic systems, providing
mechanistic insight into fracture and fatigue behavior [76–78].

Marine and offshore structures pose significant challenges for AE-based SHM due to
strong attenuation, scattering, and mode conversion introduced by stiffeners, welds, and
fluid–structure interaction. In FRP composites, where impact-induced delaminations evolve
internally and remain visually undetectable, AE effectively captures damage progression
arising from cascades of microstructural failure events. To interpret the resulting complex
wavefields, recent studies increasingly adopt machine learning-assisted localization and
classification, demonstrating robust source mapping in anisotropic composites using sparse
sensor arrays and limited waveform features. Overall, these advances highlight both the
potential of AE for offshore composite monitoring and the necessity of advanced signal
compensation and data-driven methodologies to ensure reliable damage assessment [79,80].

3.2. AE Signal Parameters

AE waveforms are commonly characterized using parameters such as amplitude,
energy, duration, and event rate, which provide indirect indicators of underlying damage
mechanisms, from high-energy cracking events to lower-energy frictional or corrosion-
driven processes. This parameter-based framework is increasingly enhanced by advanced
spectral and statistical descriptors tailored to material-specific behavior. In cementitious and
rubber-modified concretes, such descriptors enable robust discrimination of deformation
and fracture regimes, capturing transitions in cracking mode, damage accumulation, and
post-peak behavior. Overall, the integration of classical AE parameters with advanced
signal metrics provides quantitative, mechanism-sensitive insight into deformation and
damage evolution in quasi-brittle composites, supporting reliable SHM and condition-
based maintenance [81,82].

Extensive laboratory and field evidence confirms that AE parameters can be robustly
mapped to specific damage mechanisms, enabling practical diagnostics in critical infras-
tructure such as pipelines, bridges, and power-generation systems. In high-pressure piping,
AE distinguishes creep- and erosion–corrosion-driven degradation through characteristic
time–frequency signatures associated with crack initiation and growth. AE is also highly
effective in fracture-toughness testing, where parameter evolution reliably identifies key
transitions from yielding to crack initiation and unstable propagation, often with greater
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sensitivity than conventional methods. The resulting AE-derived metrics provide physi-
cally meaningful measures of damage evolution and initiation toughness, underscoring
AE’s value for structural assessment and life-prediction applications [83,84].

3.3. AE Source Location

Accurate AE source localization is critical for identifying damage initiation and growth
in complex structures, yet classical TDOA-based methods are often unreliable under
anisotropy, dispersion, and mode conversion. Data-driven regression approaches, such as
Gaussian Process models trained on laser-generated events, address these limitations by
learning nonlinear time-of-flight–to–position mappings and enabling robust, transferable
localization even with incomplete sensor data. In parallel, modal acoustic emission (MAE)
frameworks exploit full guided-wave waveforms to distinguish Lamb-wave modes and
enhance localization and imaging in composite structures. Together, these advances sig-
nificantly improve AE localization capability while underscoring remaining challenges in
mode-resolved analysis for anisotropic and geometrically complex systems [40,85].

Recent AE source-localization strategies increasingly integrate machine learning with
physics-informed frameworks to address geometric, anisotropic, and modal complexities
that invalidate classical TDOA assumptions. Neural-network-based localization trained
on experimental AE data has demonstrated substantial accuracy gains in composite and
metallic structures by implicitly learning complex wave-propagation effects. Complemen-
tary studies on metals under cyclic and creep loading show that AE activity provides
clear early-warning indicators of deformation and damage transitions well before failure.
Overall, these advances highlight the effectiveness of data-driven AE approaches for robust
localization and early damage detection in structurally complex systems [86–88].

3.4. Advances AE Processing and Machine Learning

Machine learning has become central to modern AE analysis by enabling automated
event classification, noise discrimination, and damage-evolution prediction, particularly
in complex composite and hybrid structures where multimodal dispersion complicates
traditional interpretation. Studies on laminated and sandwich composites demonstrate
that ML-ready AE features reliably track damage progression and quantify the effects
of material modifications on damage resistance and residual strength. At the structural
scale, hybrid frameworks combining dispersion modeling, numerical simulation, and
data-driven localization achieve accurate damage-source identification in highly dispersive
environments, independent of sensor layout. Overall, the integration of physics-based
modelling with machine learning-enabled AE interpretation substantially enhances the
robustness and scalability of acoustic SHM in advanced structural systems [89]. Deep
learning is increasingly enabling real-time interpretation of complex AE data, particularly
in marine and offshore environments where noise, multipath propagation, and anisotropy
limit classical analysis. In composite laminates, AE signatures and associated changes in
wave-propagation behavior evolve systematically with damage progression, providing a
rich basis for automated SHM. Hybrid prognostic frameworks combining feature selection
with convolutional neural networks have demonstrated robust capability to track degrada-
tion and estimate residual structural capacity from high-dimensional AE datasets. Overall,
deep learning emerges as a key enabler for scalable, adaptive, and predictive AE-based
SHM under demanding operational conditions [62].

3.5. Integration with Advanced Data Analytics

The integration of AE with digital twins, IoT sensor networks, and edge comput-
ing enables continuous model updating, real-time condition assessment, and predictive
maintenance in large-scale infrastructures. Physics-informed localization methods, com-

https://doi.org/10.3390/app16031477

https://doi.org/10.3390/app16031477


Appl. Sci. 2026, 16, 1477 10 of 32

bining dispersion-aware modeling with robust AE processing, provide a critical foun-
dation for synchronizing digital twins with in-service structural behavior. In parallel,
deep learning-based analytics embedded within distributed sensing frameworks enable
automated damage-severity classification in rotating machinery and similar systems. Col-
lectively, these advances signal a shift in AE-based SHM toward tightly coupled physical
modelling, data-driven intelligence, and networked computational architectures for scal-
able, asset-level prognostics [51,90].

4. Applications in Metallic and Marine Structures
The use of Acoustic Emission (AE) monitoring in naval and offshore structures—

including hull plating, stiffened panels, welded joints, piping systems, and offshore
platforms—has expanded markedly over the past two decades, driven by the need for early
damage detection and predictive maintenance. AE enables continuous in-service monitor-
ing of critical degradation mechanisms such as fatigue cracking, corrosion and erosion–
corrosion, and hydrodynamic load-induced microdamage, supporting life-extension strate-
gies for marine assets. Figure 2 illustrates a representative naval and offshore structural
scenario in which acoustic emission sensors, guided ultrasonic waves and passive acoustic
monitoring are deployed on hull plating, stiffened panels, double-bottom structures and
surrounding subsea assets. This configuration reflects typical applications of acoustic SHM
in ship hulls, offshore platforms, pipelines and submarines.

Figure 2. Schematic overview of acoustic-based structural health monitoring (SHM) in a representa-
tive naval and offshore environment.

Beyond metallic structures, the growing adoption of composites in naval and offshore
applications has further increased AE relevance, as AE parameters reliably discriminate
matrix damage, delamination, and fiber fracture, allowing identification of stress thresholds
associated with damage accumulation. Parallel advances in metallic alloys demonstrate
AE’s capability to resolve microstructure-sensitive deformation mechanisms and link grain
size, plasticity, and damage evolution under marine-relevant loading. Collectively, these
studies confirm AE as a powerful multi-scale diagnostic and prognostic tool for metallic and
composite marine structures, enabling early damage detection, mechanistic interpretation,
and predictive maintenance in demanding offshore environments [91,92].

4.1. Fatigue Crack Monitoring in Metallic Structures

Fatigue is a dominant degradation mechanism in naval and offshore steel structures
subjected to cyclic wave and operational loading, particularly at welded joints and stiffened
details. AE monitoring has proven highly reliable for tracking fatigue crack initiation
and growth, as AE activity reflects crack-tip microphysics and stress-intensity evolution.
Recent studies demonstrate that entropy-based AE parameters markedly enhance fatigue
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assessment under noisy, marine-relevant conditions, enabling clear discrimination between
microcrack nucleation, plasticity-dominated crack-tip behavior, and stable crack propaga-
tion. Probabilistic models linking cumulative AE entropy to crack length provide accurate
prognostic capability and are well suited for integration within digital-twin frameworks.
Similar entropy-based indicators in high-strength aluminum alloys identify reproducible
precursors to crack initiation, offering robust early-warning metrics. Collectively, these ad-
vances establish entropy-driven AE analysis as a powerful approach for fatigue monitoring
and prognosis in critical marine structural components where accessibility is limited and
failure consequences are severe [93,94].

Field deployments of AE systems on bridges, ship hulls, and large marine structures
demonstrate their effectiveness in identifying high-stress regions and early crack activity
well before visible deterioration, supporting condition-based maintenance where inspec-
tions are limited by accessibility, coatings, or marine growth. In ship hulls, AE activity
consistently localizes at fatigue-critical details such as weld toes, stiffeners, and areas sub-
jected to slamming loads, providing actionable early warnings. Data-driven interpretation
further enhances diagnostics: neural-network classifiers successfully distinguish damage
mechanisms in advanced cementitious materials, including UHPC used in marine infras-
tructure, revealing how energy dissipation and failure modes depend on microstructural
features such as fiber orientation under multiaxial loading. Accurate source localization
remains essential, and recent AIC-enhanced Delta-T mapping techniques significantly
outperform classical TOA methods, reducing localization errors from centimeter to mil-
limeter scale across metallic and composite marine structures. Collectively, these advances
reinforce AE as a robust, scalable SHM tool capable of early damage detection, mechanism
discrimination, and precise source localization in naval and offshore applications [95].

Controlled fatigue studies show that AE event clustering reliably delineates successive
stages of crack propagation, a capability of high relevance for welded joints and pressure-
boundary components in naval and offshore structures. In pressure-vessel steels and
marine-grade alloys, AE parameters correlate with distinct micromechanical processes
and differentiate crack growth in base metal, heat-affected zones, and welds. AE is also
effective for in situ monitoring of stress-corrosion cracking in seawater-exposed piping,
where waveform characteristics discriminate transgranular and intergranular mechanisms.
Overall, these results confirm AE’s ability to classify damage mechanisms and track their
evolution with the resolution required for fatigue and corrosion management in marine
environments [96,97].

4.2. Corrosion and Environmental Degradation

AE has proven effective for detecting corrosion-related degradation in marine steels,
including pitting, stress-corrosion cracking, and erosion–corrosion in seawater-exposed
piping and flow systems where damage develops beneath coatings or insulation. Time-
resolved AE studies in austenitic stainless steels show that acoustic parameters reliably
capture depassivation, material removal, and transitions between erosion mechanisms
through characteristic spectral and energy signatures. These responses correlate with mass-
loss behavior and reveal precursory activity prior to severe material detachment. Overall,
the integration of AE with electrochemical monitoring provides a powerful framework for
real-time assessment of coupled corrosion processes, enabling early diagnosis and proactive
maintenance in harsh marine and offshore environments [98].

AE signals generated during corrosion exhibit distinctive frequency–energy patterns
that enable discrimination between electrochemical activity and mechanically driven crack-
ing in marine alloys. Time–frequency analyses of additively manufactured aluminum
alloys exposed to saline environments demonstrate that AE can track the progression from
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pit initiation to corrosion-product accumulation and corrosion-assisted cracking. Entropy-
based denoising is critical for recovering low-amplitude corrosion signatures masked by
environmental noise, allowing reliable extraction of key spectral features. Overall, these
results confirm AE’s suitability for in situ corrosion monitoring and early pit detection
in seawater-exposed ship and offshore components [44]. AE has become a key technique
for early leak detection and localization in pipelines and offshore risers, exploiting its
sensitivity to elastic waves generated by fluid escape before conventional pressure or flow
indicators respond. Unsupervised learning approaches, such as growing neural gas models
trained on healthy-state AE features, enable reliable detection of very small leaks under
noisy operating conditions and scarce labeled data. Complemented by continued advances
in signal processing and wireless monitoring, these developments confirm AE, coupled
with modern analytics, as an effective framework for rapid, robust leak monitoring in
marine pipeline systems [99,100].

4.3. AE in Composite and Hybrid Marine Structures

Composite structures in naval and marine renewable-energy applications exhibit com-
plex subsurface damage modes that generate mechanism-specific AE signatures, making
AE well suited for in-service diagnostics where visual inspection is impractical. Recent
data-driven frameworks, including attention-enhanced deep learning models, achieve
near-perfect classification of impact-related damage by extracting discriminative patterns
directly from AE representations, outperforming conventional approaches. Complementary
methodologies combining AE source localization with multi-technique classification further
improve discrimination of concurrent failure mechanisms in buckling and multiaxial load-
ing scenarios. Collectively, these advances establish AE, integrated with advanced signal
processing and deep learning, as a powerful and scalable SHM solution for composite and
hybrid marine structures [101,102].

Deep learning-based clustering and attention mechanisms have substantially im-
proved AE interpretation in acoustically harsh marine environments dominated by hy-
drodynamic and operational noise. Energy-based localization methods further enhance
robustness by avoiding reliance on material properties or layup information, enabling
accurate AE source identification in anisotropic composite structures at low signal-to-noise
ratios. Complementary advances in denoising and deep learning across related sectors
demonstrate that modern AE processing pipelines can reliably isolate and classify damage-
related emissions under variable environmental conditions. Together, these developments
highlight the effectiveness of energy-based and deep learning-enhanced AE frameworks
for robust SHM in marine and offshore structures [36,103].

4.4. Offshore and Subsea Structural Applications

In offshore wind turbines, fixed and floating platforms, and subsea risers, AE monitor-
ing provides early detection of fatigue cracking in welded joints, tubular members, and
anchoring systems subjected to persistent cyclic loading. Multi-parameter AE analyses
in marine-relevant steels demonstrate clear delineation of fatigue-crack growth stages,
with high-count and high-energy event clusters serving as early indicators of accelerated
propagation. Correlations between AE metrics and crack-growth rate support quantitative
fatigue assessment under operational conditions. For composite offshore components,
integrated AE localization and classification frameworks enable reliable discrimination of
delamination and matrix cracking under multiaxial loading, supporting robust SHM for
both metallic and composite structures in harsh offshore environments [104,105].

The combined use of AE sensors and hydrophones enables separation of structure-
borne and fluid-borne acoustic components, which is essential for SHM in submerged
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naval and offshore systems where fluid-mediated propagation obscures damage-related
emissions. By jointly analyzing elastic waves in the structure and pressure waves in
the surrounding fluid, this approach effectively discriminates structural damage from
hydrodynamic noise and flow-induced effects. Advanced localization and classification
techniques, integrating Delta-T mapping with neural networks, clustering, and amplitude-
based metrics, demonstrate enhanced reliability under strong fluid–structure coupling.
Overall, multi-sensor, multi-technique AE–hydrophone frameworks provide a robust
foundation for dependable SHM in submerged marine structures [102].

5. Ultrasonic-Guided Waves (Lamb Waves)
Guided ultrasonic waves, particularly Lamb waves, are a core SHM modality for

thin-walled marine structures, enabling large-area interrogation with sparse sensor net-
works and high sensitivity to surface and subsurface damage. Their low attenuation
supports early detection of corrosion, weld degradation, and composite delamination in
ship hulls, offshore panels, and composite marine components. Recent advances combin-
ing numerical modeling, wavelet-domain features, and neural-network classifiers enable
quantitative delamination identification in composite laminates through digitally encoded
damage fingerprints. Parallel studies on large stainless-steel plates demonstrate that guided
waves can detect stress-corrosion cracking over long distances and inform optimal sensor
placement. Together, these developments position Lamb-wave-based SHM as a scalable
and highly sensitive solution for metallic and composite structures in naval and offshore
environments [33,106].

Lamb waves propagate in symmetric and antisymmetric modes with distinct sensi-
tivity to thickness variations and localized defects, providing strong diagnostic capability
for marine structures. Symmetric modes are effective for monitoring wall thinning in
corroded plating, while antisymmetric modes are suited to detecting localized cracking and
delamination in welded and composite components. Machine learning-enhanced Lamb-
wave processing has demonstrated millimetric accuracy in fatigue crack quantification in
thin-walled, welded structures, offering a clear pathway for maritime adaptation under
noisy conditions. Complementary integration of AE with fracture modeling further enables
refined characterization of damage mechanisms in marine-grade alloys. Collectively, these
advances establish guided waves as a powerful, physics-informed, and data-driven SHM
modality for naval and offshore applications [32,107].

Despite their strong potential, Lamb-wave deployments in marine structures are
challenged by dispersion, mode conversion, and hydrodynamic noise, which distort wave
packets and generate complex multimodal fields over long propagation paths and around
structural discontinuities. Even in controlled mechanical systems, guided-wave responses
are strongly frequency-dependent and sensitive to micro-damage, necessitating advanced
processing for reliable interpretation. Physics-guided, data-driven methods—such as
neural-network-based feature extraction, entropy analysis, and wavelet techniques—have
proven effective in isolating damage signatures under noisy conditions. These results
highlight the need for similarly advanced algorithms to enable robust Lamb-wave SHM
in the complex geometries and loading environments of ship hulls, offshore platforms,
and marine machinery [108,109]. Under service conditions, marine structures experience
significant acoustic clutter from wave loading, slamming, and machinery vibrations, which
can obscure Lamb-wave responses, particularly in high-speed and floating platforms. Multi-
sensor and multi-physics approaches offer effective mitigation strategies: combined AE and
self-sensing CNT networks enable complementary, independent damage indicators under
complex loading. While AE-based clustering distinguishes concurrent failure mechanisms,
CNT-based resistance changes track damage progression, improving robustness against
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environmental interference. Together, these integrated sensing strategies enhance the
reliability of SHM for composite naval and offshore structures operating in acoustically
harsh environments [110].

To mitigate dispersion, mode conversion, and operational noise in marine structures,
recent research increasingly adopts advanced signal processing and data-driven AE method-
ologies. Wavelet-based analysis, sparse representations, and machine learning classifiers
enable reliable separation of damage-related emissions from hydrodynamic and machinery-
induced noise. Sparse recovery and hybrid time–frequency/deep learning frameworks
significantly improve source localization accuracy in large, complex structures by suppress-
ing dispersion and multipath effects, outperforming conventional TOA-based methods.
These advances provide robust, transferable processing pipelines for AE and guided-wave
SHM in ship hulls, offshore platforms, and marine tubular structures [111,112].

The integration of Lamb-wave–based SHM within Digital Twin frameworks has
emerged as a promising direction for offshore wind turbines and increasingly for naval
structures, enabling real-time numerical models to be continuously updated using in situ
acoustic measurements. In this paradigm, guided-wave data are not treated as isolated
indicators but as dynamic inputs that refine structural states such as stiffness degradation,
damage localization, and remaining life predictions. Recent advances in AE-based source
localization for wind turbine blades illustrate how this integration can be realized [113,114].
Physics-informed localization algorithms combining semi-analytical finite-element dis-
persion analysis with attenuation and direction-dependent wave characterization enable
robust AE and Lamb-wave source identification under noisy conditions. Optimized TDOA
formulations significantly improve localization accuracy and demonstrate reliable perfor-
mance on geometrically representative structures. These developments provide a direct
foundation for Digital Twin frameworks, where acoustic measurements continuously up-
date virtual models of blades, hull panels, or stiffened decks. Such approaches are readily
transferable to naval and offshore structures, supporting condition-based maintenance and
long-term structural integrity management [90].

Hybrid SHM strategies that combine guided ultrasonic waves with complementary
sensing modalities—such as strain, vibration, and AE measurements—are increasingly
adopted to enhance robustness and reduce false alarms in marine and offshore structures.
By fusing global response indicators with localized damage-sensitive signals, these ap-
proaches improve diagnostic reliability under variable environmental and operational
conditions. Recent developments in pipeline networks and composite plates demonstrate
that physics-informed integration of AE, guided-wave processing, and connectivity-aware
localization significantly improves damage and leak detection in complex geometries using
sparse sensor arrays. Collectively, these advances highlight a shift toward multi-modal,
physics-based SHM frameworks capable of reliable operation in the demanding conditions
of naval and offshore environments [115,116].

Ultrasonic guided waves provide an efficient means for large-area monitoring of
thin-walled naval and offshore structures, offering sensitivity to diverse damage mech-
anisms in metallic and composite components. While dispersion, geometric complexity,
and environmental noise remain challenges, advances in transducer technology, signal
processing, and physics-based modeling are steadily enabling practical Lamb-wave SHM in
maritime applications. In parallel, AE-based monitoring increasingly leverages data-driven
interpretation to support both manufacturing quality control and in-service assessment,
including real-time crack detection and damage-state identification. Collectively, the inte-
gration of guided waves, AE sensing, and advanced analytics is driving the development
of scalable and robust SHM solutions for production-stage defects and long-term structural
degradation in naval and offshore systems [117,118].
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6. Passive Acoustic Monitoring
Passive Acoustic Monitoring (PAM) exploits naturally occurring acoustic signals gener-

ated by structural response and environmental interactions, making it particularly suited to
maritime systems continuously exposed to hydrodynamic loading, impacts, cavitation, and
machinery excitation. By capturing these signals through hydrophones, accelerometers, or
distributed sensors, PAM enables continuous condition monitoring and early detection of
abnormal behavior without active excitation. Recent AE studies of welding-induced crack-
ing provide a strong physical basis for PAM interpretation in naval structures, showing
how thermo-mechanical effects and crack geometry govern emitted wavefields. Numerical
analyses reveal that modal energy ratios between antisymmetric and symmetric Lamb
waves correlate with crack depth under realistic thermal conditions. These insights rein-
force PAM as a physically grounded approach for both in-service monitoring and quality
assurance during fabrication and maintenance of naval and offshore structures [119].

Passive Acoustic Monitoring (PAM) is a highly relevant SHM approach in naval engi-
neering, particularly for assessing hull response during navigation, where wave–structure
interaction under slamming, whipping, or green-sea conditions generates acoustic fields
indicative of stress concentration and early fatigue damage. In submarines, PAM extends
beyond situational awareness to provide a means of detecting incipient structural flaws in
pressure hulls and appendages under severe access and operational constraints. Recent
advances in deep learning-based sound source localization address the limitations of classi-
cal beamforming and time-delay methods in complex marine environments characterized
by multipath propagation and non-stationary noise. Data-driven approaches, including
complex-valued neural networks and transfer learning, enable robust localization of struc-
turally generated acoustic sources within cluttered hydroacoustic backgrounds. Looking
ahead, further integration of physical wave-propagation knowledge into learning architec-
tures, along with reduced data-dependence and real-time implementation, will be key to
fully exploiting PAM as a robust monitoring tool for naval and offshore structures [120].

In high-speed naval craft, Passive Acoustic Monitoring (PAM) enables non-intrusive
tracking of vibration and noise signatures induced by planning loads, wave impacts, and
hull–water interaction, which are closely linked to local stresses and dynamic amplification
in bottom plating and framing. Owing to the rapid variability of these loads with speed and
sea state, PAM provides continuous operational assessment complementary to traditional
vibration monitoring. Recent machine learning-based sound source localization techniques,
trained on wave-arrival characteristics from combined numerical and experimental data,
achieve robust event localization without reliance on simplified propagation models. Ap-
plied to naval hulls, such methods support accurate identification of slamming hot spots,
impact events, and abnormal vibration sources under complex operational conditions [121].

Passive Acoustic Monitoring (PAM) is widely adopted in offshore renewable energy
and oil-and-gas infrastructures, where floating wind turbines, platforms, and pipelines
generate characteristic acoustic emissions linked to fatigue, corrosion, and leakage. Hy-
drophone arrays enable continuous detection and localization of structural anomalies under
high background noise from waves and marine activity. Advanced interpretation meth-
ods further improve reliability: modal acoustic emission techniques exploit guided-wave
dispersion to isolate propagation modes, enabling accurate leak localization in pipelines
using single- or dual-sensor configurations with errors below 5%. Collectively, these
developments demonstrate that PAM, supported by physics-informed modal analysis,
provides a robust framework for anomaly detection and localization in subsea and offshore
systems [122].

Passive Acoustic Monitoring (PAM) offers continuous, non-intrusive assessment of
structural integrity under real operating conditions, making it especially attractive for ships,
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offshore platforms, and subsea systems where inspections are costly or impractical. Its
effectiveness in marine environments, however, is challenged by high levels of hydrody-
namic, machinery, and biological noise, necessitating advanced filtering and data-driven
interpretation. Recent progress in AE signal classification demonstrates that machine
learning-based feature extraction and pattern recognition can robustly separate damage-
related emissions from background noise, even under highly non-stationary conditions.
These developments underscore the central role of advanced analytics in enabling reliable
PAM-based SHM within acoustically complex maritime environments [123,124].

A major limitation of PAM and AE-based SHM lies in reliably separating damage-
related signals from concurrent environmental and operational acoustic sources in marine
environments. To address this, hybrid decomposition strategies integrating entropy-based
metrics, time–frequency analysis, and data-driven learning have been shown to effectively
isolate structural degradation signatures under severe noise contamination. Wavelet-
domain representations combined with deep neural networks enable robust classification
and defect quantification, while studies on large pressure vessels demonstrate that op-
timized sensor layouts and attenuation-aware localization can detect incipient damage
at early stages. Collectively, these advances highlight the necessity of integrating ad-
vanced signal decomposition, physics-informed interpretation, and machine learning to
enable dependable SHM in the acoustically complex conditions of marine and offshore
operation [125,126].

Despite challenges associated with high background noise and operational complexity,
Passive Acoustic Monitoring is increasingly recognized as a valuable complementary SHM
tool for naval and offshore structures. By exploiting naturally generated acoustic signatures,
PAM is particularly suited to large-scale and remote systems where active excitation
or frequent inspection is impractical. Recent advances in distributed sensing, machine
learning-based interpretation, and hybrid integration with AE and guided-wave teDame el
texto que prechniques have significantly improved robustness and diagnostic capability.
Together, these developments support an integrated, multi-physics SHM paradigm in which
passive acoustics delivers essential in-service information for condition-based maintenance
and life-cycle management of marine structures [127,128].

7. Hybrid and Advanced Acoustic SHM Approaches
While Acoustic Emission, guided ultrasonic waves and passive acoustic monitoring

can each provide valuable information on structural condition, their true potential in naval
and offshore applications emerges when they are combined within a multi-scale and multi-
physics monitoring framework. Marine structures are subjected to highly heterogeneous
loading, where localized damage processes such as crack initiation at welded details coexist
with large-scale phenomena such as corrosion, slamming, fluid–structure interaction and
leakage. No single acoustic technique can capture this full range of mechanisms on its own.

Figure 3 illustrates a conceptual classification of acoustic SHM techniques according
to their characteristic spatial scale and diagnostic role in naval and offshore structures.
Acoustic emission provides highly localized sensitivity to damage initiation at welds
and stiffeners, guided ultrasonic waves enable regional inspection of plating and double-
bottom structures, and passive acoustic monitoring delivers global awareness of hull
response and submerged assets. This layered view forms the basis for hybrid acoustic SHM
systems, in which complementary sensing modalities are integrated to achieve robust and
comprehensive condition assessment under real operating conditions.
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Figure 3. Conceptual multi-scale framework of Acoustic Emission, guided ultrasonic waves and
Passive Acoustic Monitoring for hybrid structural health monitoring in naval and offshore structures.

Recent advances in naval and offshore SHM increasingly rely on hybrid acoustic
approaches that integrate AE, guided ultrasonic waves, and passive acoustic monitoring to
enhance diagnostic reliability under complex hydrodynamic and operational loading. These
complementary techniques enable multi-scale interrogation, with AE capturing localized
damage initiation and Lamb waves providing long-range monitoring of extended structural
components. Progress is further driven by data-driven analytics: deep learning frameworks
combining convolutional, recurrent, and attention mechanisms enable robust interpretation
of noisy acoustic data and accurate discrimination of fatigue damage stages. Together,
hybrid sensing and advanced analytics support scalable, automated SHM solutions aligned
with condition-based maintenance and life-extension needs in maritime structures [129]. In
offshore wind turbine systems, hybrid acoustic monitoring schemes combining PAM and
AE provide complementary insight into global aero-hydro-elastic response and localized
damage mechanisms in composite blades. Recent studies highlight the importance of multi-
parameter AE analysis—integrating amplitude, frequency content, energy, event rates,
and clustering—to robustly discriminate damage modes and track their evolution in fiber-
reinforced polymers. Such parameter-rich, hybrid acoustic frameworks are particularly
suited to composite components in naval and offshore structures, where interacting failure
mechanisms and harsh operating conditions necessitate robust, physics-informed SHM
solutions [130].

Multi-scale acoustic monitoring strategies combine early damage sensitivity with
large-area coverage, addressing the limitations of individual techniques in complex naval
and offshore structures where global loads coexist with localized damage. Advances in sig-
nal processing and machine learning now enable robust discrimination of damage-related
acoustic events from operational noise sources common in maritime environments. Data-
driven frameworks, including deep learning architectures with physics-guided feature
extraction, have demonstrated reliable separation of noise, incipient cracking, and severe
damage under real operating conditions. These approaches, validated in welded and
fatigue-critical components, are directly transferable to ship hulls, offshore structures, and
wind-energy systems, supporting automated, long-term condition assessment in marine
SHM programs [131]. More recently, deep learning architectures have shown a strong
capability to extract damage-relevant features directly from raw acoustic data, significantly
reducing the dependence on handcrafted descriptors and expert-driven interpretation.
This is particularly advantageous in offshore and naval environments, where high back-
ground noise and complex propagation paths often limit traditional processing methods.
Advanced architectures incorporating attention mechanisms and multimodal feature fu-
sion have demonstrated enhanced sensitivity to subtle elastic-wave variations, enabling
accurate characterization of microscopic crack features. Laser-based acoustic emission
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approaches combined with deep learning and modal decomposition have further extended
this capability, achieving high-precision crack depth estimation well below the millimetric
scale. Although primarily validated on metallic specimens under controlled conditions,
these methods are highly relevant to ship hull plating, offshore structural components, and
welded joints, where early detection of shallow surface cracks is critical for fatigue and
corrosion management in harsh marine operating environments [132].

The Digital Twin paradigm is increasingly integrated into acoustic SHM to support
condition-based maintenance and life-cycle management of naval and offshore structures.
By coupling high-fidelity numerical models with real-time acoustic data from AE, guided
waves, or passive monitoring, Digital Twins enable continuous updating of structural
state, fatigue life, and damage accumulation under evolving service conditions. Recent
advances in AE-based localization, particularly for thin-walled and orthotropic structures,
demonstrate that hybrid optimization frameworks combining time-of-arrival and modal
analysis achieve robust damage positioning in stiffened, dispersive environments. Embed-
ded within Digital Twins, these capabilities allow continuous correction of virtual models
for hulls, decks, and offshore structures, enhancing predictive reliability and enabling early,
targeted maintenance actions [133,134]. For floating renewable-energy systems and large
naval vessels, Digital Twins enriched with acoustic data are emerging as a core enabler of
predictive maintenance. AE-based information provides real-time detection of damage
initiation in welded joints, bolted connections, and stiffened panels, which is then used
by Digital Twins to update structural models and forecast remaining useful life under
realistic loads. Recent advances in geometry-aware AE source localization, accounting for
stiffeners, obstructions, and complex wave paths, significantly outperform classical TDOA
approaches while reducing reliance on large training datasets. Integrated within Digital
Twin frameworks, these methods enhance state updating accuracy and support robust
condition-based maintenance of large-scale maritime and offshore assets operating in harsh
environments [135,136].

The integration of acoustic sensing into Internet of Things (IoT) frameworks is emerg-
ing as a key trend in acoustic SHM for naval and offshore structures. Wireless MEMS
arrays, distributed fiber-optic sensors, and hydrophone clusters enable scalable, low-power
monitoring architectures, while edge computing allows local signal conditioning, noise
suppression, and event detection to reduce data transmission and ensure rapid response in
safety-critical scenarios. In parallel, advances in artificial intelligence are addressing data-
scarcity challenges through transfer learning and physics-informed strategies. Synthetic
AE datasets generated via finite-element simulations, combined with domain-adaptation
techniques, enable robust damage localization and assessment without extensive labeled
in-service data. Together, these developments support deployable, intelligence-driven
SHM systems for ships, offshore platforms, and floating renewable assets [137,138].

Hybrid and advanced acoustic SHM approaches represent a decisive step toward
robust, intelligent, and increasingly autonomous monitoring of naval and offshore struc-
tures. By integrating Acoustic Emission, guided waves, and passive acoustic monitoring
with data-driven analytics, these frameworks overcome longstanding limitations related
to attenuation, noise sensitivity, and spatial coverage in marine environments, enabling
both early detection of localized damage and global integrity assessment under realistic
service conditions. Continued advances in sensor integration, optimized sensor placement,
real-time analytics, and standardization are essential for large-scale deployment. Within
this paradigm, optimal sensor configuration has emerged as a key enabler. Advanced
placement strategies based on Bayesian optimization and evolutionary algorithms signifi-
cantly improve localization accuracy while minimizing sensor count, a critical requirement
for large maritime assets. In pipelines and offshore risers, optimized arrays coupled with
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advanced signal processing enable robust separation and localization of multiple fault
mechanisms with high spatial accuracy. Collectively, these developments demonstrate how
hybrid acoustic sensing, intelligent optimization, and advanced analytics are converging to
deliver scalable, reliable, and economically viable SHM solutions for naval and offshore
engineering [139–141].

8. Application Across Industries
The growing adoption of acoustic-based SHM across civil, aerospace, and energy

sectors provides valuable cross-disciplinary evidence supporting its applicability to naval
and offshore structures. In maritime applications, acoustic monitoring has been success-
fully used to assess fatigue damage in hull details subjected to severe cyclic loading, while
bridge studies demonstrate clear correlations between AE features and fatigue crack initia-
tion and growth under service conditions. Aerospace developments further highlight the
benefit of combining AE-based local damage detection with guided-wave-assisted global
assessment and fracture-mechanics-based life prediction. Parallel advances in composite
structures show how multi-instrumentation and data-driven clustering resolve damage
evolution from micro-scale initiation to final failure. Collectively, these cross-sector experi-
ences confirm the versatility of acoustic techniques and establish a strong methodological
foundation for SHM in complex naval and offshore structures operating under variable
loads [142–144]. Warships and submarines represent some of the most demanding applica-
tions of acoustic-based SHM, where structural integrity and operational performance are
both mission-critical. Guided ultrasonic waves support rapid inspection of composite and
stiffened naval structures, while in submarines acoustic monitoring enables early damage
detection in pressure hulls under severe accessibility constraints and stealth requirements.
AE has also proven effective for monitoring propulsion and rotating components, provid-
ing early warning of degradation mechanisms affecting mission readiness. Laboratory
studies on fretting fatigue and cyclic loading further demonstrate AE’s capability to resolve
successive damage stages and crack-propagation modes, capturing damage accumulation
well before macroscopic failure. Together, these findings reinforce the suitability of acoustic
techniques for monitoring fatigue-sensitive naval and offshore structures operating under
complex and variable load histories [15,145,146].

Acoustic methods have proven highly effective for offshore oil and gas platforms
and floating production systems, where AE monitoring enables early detection of crack
initiation and damage accumulation in jacket structures, tubular joints, tendons, and critical
welds under severe cyclic loading. AE’s sensitivity to localized fracture and debonding
is particularly valuable in geometrically complex and corrosive environments where con-
ventional inspection is limited. Complementary laboratory studies demonstrate that AE
parameters can reliably resolve damage initiation, crack coalescence, and dominant failure
modes, reinforcing AE as a robust tool for proactive maintenance and structural integrity
management in harsh offshore conditions [147].

Subsea pipelines and risers constitute some of the most inspection-challenging assets
in offshore engineering, as access during operation is severely limited and failure conse-
quences are significant. Acoustic-based techniques, including hydrophone monitoring
and guided-wave propagation, have therefore been increasingly adopted to detect and
localize leakage, corrosion activity, and crack growth along these submerged systems. By
exploiting the wave-like nature of leak-induced and damage-related acoustic signals, such
approaches enable continuous surveillance over long distances, even under high external
pressure and hydrodynamic noise. Recent advances combining decomposition techniques,
enhanced cross-correlation strategies, and neural-network-based correction further demon-
strate that coupling physics-informed signal processing with data-driven optimization can

https://doi.org/10.3390/app16031477

https://doi.org/10.3390/app16031477


Appl. Sci. 2026, 16, 1477 20 of 32

substantially improve localization accuracy. These developments highlight the suitability
of acoustic monitoring as a core technology for integrity management of subsea pipelines
and risers, supporting early intervention and reducing the risk of environmentally and
economically critical failures in offshore operations [148]. To improve applicability in deep
sea and hard-to-access environments, additional leak and damage detection strategies have
been developed for single-sensor or sparse-sensor acoustic deployments. Such approaches
are particularly relevant for naval and offshore structures, where sensor installation and
maintenance are constrained by depth, pressure, and cost. Recent studies demonstrate that
even with limited sensing layouts, meaningful information on local damage mechanisms
can be extracted by combining acoustic emission features with machine learning-based
interpretation. Beyond leaks, this philosophy extends to critical mechanical connections in
marine structures, such as bolted joints in deck structures, foundations, and offshore assem-
blies, where loosening and wear can compromise global integrity. By linking entropy-based
and frequency-band AE features to underlying wear and friction mechanisms, data-driven
models enable the identification of loosening severity and its progression over time. These
results underline the potential of sparse acoustic sensing, augmented by advanced ana-
lytics, to deliver reliable condition assessment of both fluid-containing and load-bearing
components in complex naval and offshore systems [149].

The renewable energy sector, and offshore wind in particular, has become a key
testbed for acoustic SHM technologies with strong parallels to naval engineering. Floating
wind turbines are subjected to complex coupled aero-hydro-elastic loads that closely
resemble those experienced by lightweight marine structures, affecting towers, nacelles,
and large composite blades. Acoustic emission monitoring has demonstrated its capability
to detect critical damage mechanisms such as delamination, adhesive failure, and fatigue
cracking during full-scale blade certification and endurance tests. Laboratory studies on
multi-megawatt-class blades have shown that AE systems can identify the initiation and
growth of localized defects under realistic cyclic loading, even in the presence of significant
operational noise. The successful localization and tracking of small-scale damage relative
to overall blade dimensions highlights the suitability of AE as an in-service monitoring
tool, providing early warnings before damage reaches repair-critical stages. These results
reinforce the relevance of AE-based SHM for both offshore renewable assets and analogous
naval composite structures subjected to long-term cyclic loading [150].

Passive acoustic monitoring has also been successfully applied to capturing the vi-
brational and acoustic signatures of offshore towers and floating platforms subjected to
combined wind–wave loading, offering a practical means of identifying the early onset
of structural deterioration in remote and difficult-to-access locations. In parallel, acoustic
emission techniques have been employed to assess erosion–corrosion processes in offshore
pipeline steels operating under aggressive environmental conditions, where conventional
inspection is limited by accessibility and operational constraints. Recent methodological
advances address one of the central challenges in marine and offshore SHM: the accurate
localization of AE sources in complex, stiffened, and surface-modified metallic structures
typical of ship hulls, offshore jackets, and welded pipeline systems. Novel frequency-space
sparse decomposition approaches exploit the subband structure of AE signals to enhance
feature extraction and improve source localization robustness in near-field conditions.
By combining frequency domain decomposition with spatial sparse reconstruction, these
methods improve discrimination of coherent damage-related sources amid reflections,
scattering, and surface treatments. Such developments provide a solid theoretical and
practical foundation for AE-based monitoring of complex naval and offshore metallic
structures, where geometry, weldments, and surface modifications strongly influence wave
propagation [151].
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Beyond the maritime domain, acoustic SHM has been extensively developed in civil
and aerospace engineering, providing useful analogies for naval and offshore structures. In
civil infrastructure, acoustic emission techniques have been applied to monitor cracking,
corrosion, and bond degradation in reinforced and fiber-reinforced concrete, including
the use of embedded piezoelectric sensors or smart aggregates for long-term monitoring.
These approaches highlight both practical challenges—such as wave attenuation, noise,
and sensor coupling—and methodological advances in signal filtering, localization, and un-
certainty management. Probabilistic selection of acoustic signal features, particularly onset
time determination from competing detection algorithms, has been shown to significantly
improve source localization accuracy in heterogeneous materials. Such developments are
directly relevant to ship hulls, offshore platforms, and composite naval structures, where
complex geometries and material heterogeneity similarly demand robust data selection
and uncertainty-aware processing strategies for reliable acoustic-based damage assess-
ment [152,153]. These cross-sector developments are particularly instructive for offshore
foundations, floating platforms, and advanced naval structures, which exhibit long-term
deterioration patterns analogous to those observed in civil and aerospace systems. In
aerospace engineering, acoustic emission has long been established as an effective tool
for identifying fiber breakage, delamination, and matrix cracking in composite fuselages
and wings, with recent progress driven by machine learning-based acoustic feature classifi-
cation. These approaches translate naturally to maritime composites used in high-speed
craft and offshore renewable devices. Similarly, offshore pipelines—critical components
subjected to sustained cyclic and environmental loading—have benefited from advanced
AE analysis strategies that combine adaptive signal decomposition with probabilistic neural
networks, enabling robust leak detection even under high ambient noise typical of offshore
installations. Beyond degradation monitoring, AE-based impact detection and localization
methods using time–frequency analysis and optimization algorithms have demonstrated
high accuracy and computational efficiency, offering reliable real-time assessment without
requiring exhaustive prior calibration. Together, these advances reinforce the value of data-
driven acoustic SHM across sectors and highlight their direct applicability to complex naval
and offshore structures operating under harsh and variable service conditions [154,155].

Overall, the cross-industry adoption of acoustic SHM highlights its adaptability and
robustness across widely varying structural and operational settings. Lessons learned
from aerospace composites, civil infrastructures, rotating machinery, and pipeline networks
provide essential benchmarks for advancing naval and offshore acoustic monitoring toward
increased autonomy, reliability, and predictive maintenance capabilities.

9. Challenges and Future Trends
Despite the substantial progress achieved in acoustic-based Structural Health Mon-

itoring, several challenges still limit its large-scale deployment in naval and offshore
applications. These challenges are intrinsically linked to the harshness of the marine envi-
ronment, the large dimensions and structural complexity of ships and offshore platforms,
and the stringent safety, reliability, and availability requirements imposed by the sector.
Environmental noise remains one of the dominant limitations. Hydrodynamic loading,
wave impacts, slamming, cavitation, and machinery-induced vibrations generate strong
and highly non-stationary acoustic backgrounds that often overlap with damage-related
signatures. Discriminating between benign operational sounds and signals associated
with crack initiation, corrosion, or material degradation continues to be difficult, even
with advanced filtering and data-driven classification techniques. Closely related to this
issue is the accurate determination of signal onset times, which remains a major source of
uncertainty and directly affects source localization and damage interpretation accuracy.
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From a materials perspective, the increasing adoption of advanced and sustainable
composites introduces additional challenges. Recent studies on natural-fiber-reinforced
composites highlight that damage mechanisms can exhibit lower acoustic energy levels
and dispersed frequency bands compared with conventional synthetic composites, compli-
cating detection thresholds and feature selection. These findings underline the need for
material-specific acoustic characterization and adaptive algorithms capable of accounting
for variability in microstructural behavior. Looking ahead, future research is expected
to focus on physics-informed machine learning, improved sensor fusion strategies, and
adaptive noise characterization tailored to real operational conditions. The integration of
acoustic data into Digital Twin frameworks, combined with continuous learning from in-
service measurements, offers a promising route to improve robustness, reduce uncertainty,
and enable predictive maintenance. Advances in distributed sensing, edge computing,
and autonomous data interpretation will be key to transforming acoustic SHM from an
expert-driven diagnostic tool into a reliable, scalable, and routine technology for naval and
offshore structures [156].

A second major challenge arises from signal attenuation and dispersion, which signifi-
cantly limit the effective monitoring range of acoustic techniques in large-scale maritime
structures. In stiffened ship hull panels, offshore risers, and submerged frameworks, long
propagation paths combined with repeated reflections, scattering, and mode conversion
at geometric discontinuities rapidly degrade signal clarity. As a result, reliable damage
detection and localization often require dense sensor networks, increasing installation costs,
maintenance complexity, and vulnerability in harsh subsea environments. To address these
limitations, recent research has explored advanced data-driven localization strategies that
can exploit sparse measurements more effectively. In particular, spatial–temporal graph-
based learning approaches have been shown to efficiently integrate waveform features
with sensor spatial relationships, enabling accurate AE source localization in composite
panels despite attenuation and dispersive effects. Such methods illustrate a promising
direction for reducing sensor density requirements while preserving localization accuracy,
which is especially relevant for large naval and offshore structures where accessibility
and long-term durability are critical constraints [157]. Advanced wavefield imaging and
full-field reconstruction techniques have been proposed to mitigate the effects of dispersion
and mode conversion, offering improved interpretation of complex acoustic responses in
damaged structures. However, their application to large naval and offshore structures is
still limited by high computational demands, the need for dense sensing grids, and the
challenges associated with real-time implementation over extended structural domains. In
this context, hybrid processing frameworks that combine adaptive signal decomposition,
robust arrival-time detection, and optimization-based localization have attracted growing
attention. Such approaches have demonstrated the ability to cope with severe attenuation,
scattering, and operational noise, while enabling accurate identification and characteriza-
tion of multiple damage types, including cracking and interface debonding, in complex
composite and hybrid structural systems. Translating these concepts to ship hulls, off-
shore decks, and composite–metal joints offers a promising route to balance computational
efficiency with diagnostic fidelity, particularly for large-scale maritime structures where
practical deployment constraints remain a key consideration [158].

Sensor durability and long-term integration constitute another critical challenge for
acoustic SHM in naval and offshore environments. Sensors operating in seawater are
continuously exposed to corrosion, hydrostatic pressure, biofouling, and mechanical im-
pacts, all of which can degrade signal quality or compromise sensor coupling over time.
Conventional piezoelectric sensors, therefore, require robust encapsulation and periodic
verification, which is difficult to guarantee in submerged or hard-to-access locations. In this
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context, fiber-optic sensing technologies—particularly Fiber Bragg Grating (FBG)-based
acoustic emission sensors—have emerged as a promising alternative, offering immunity
to electromagnetic interference, high corrosion resistance, multiplexing capability, and
suitability for embedding within structural components. These advantages make FBG-
based systems attractive for long-term deployment in ship hulls, offshore platforms, and
subsea structures. Nevertheless, despite their improved durability, challenges related to
installation complexity, repair, and recalibration persist, especially for deeply integrated or
permanently inaccessible sensors, highlighting the need for maintenance-free designs and
self-diagnostic capabilities in future acoustic SHM systems [53].

Another important limitation concerns the lack of standardized procedures and uni-
fied guidelines for deploying acoustic SHM in the maritime sector. Although classification
societies have begun to introduce general notations for hull condition monitoring, specific
recommendations for acoustic emission, guided waves, or passive acoustic techniques re-
main fragmented. As a result, system design, sensor layouts, threshold selection, and data
interpretation are often project-specific and highly dependent on expert judgment, which
hinders reproducibility and large-scale adoption. Recent studies on offshore pipelines
illustrate this issue clearly: acoustic emission signals collected in real offshore environments
are heavily contaminated by platform-induced noise, requiring advanced signal processing
and learning-based correction strategies to achieve reliable damage localization. By combin-
ing empirical mode decomposition with probabilistic neural networks for noise recognition,
followed by neural network-assisted correction of time difference-based localization, high
identification accuracy and localization errors below a few percent have been demonstrated
even under severe noise conditions. These results highlight both the technical feasibility of
acoustic SHM in realistic offshore scenarios and the urgent need for standardized work-
flows that integrate noise characterization, signal processing, and data-driven correction
methods into formally recognized maritime monitoring guidelines [159].

Finally, data management has emerged as a critical challenge for acoustic SHM systems.
Continuous monitoring produces large volumes of high-frequency data that are difficult to
store, transmit, and process in real time, particularly for offshore and remote assets. Ma-
chine learning and deep learning techniques have, therefore, been introduced to automate
event clustering, source localization, and damage classification; however, their robustness
under variable hydrodynamic and environmental conditions is still not fully established.
Studies on three-dimensional acoustic emission localization in fiber-reinforced backfills
demonstrate how spatial distributions of AE events and energy evolution trends can reliably
track damage initiation, propagation, and rupture localization, even in complex hetero-
geneous materials. Similarly, investigations on environmentally aged high-performance
composites show that AE features remain strongly correlated with changes in mechanical
response induced by temperature, humidity, and thermal shock. Together, these works
highlight both the potential of data-driven acoustic SHM for handling large datasets and
the need for further research to ensure stable performance across diverse operational and
environmental conditions typical of naval and offshore structures [160,161].

Looking ahead, the advancement of acoustic SHM in the maritime sector will rely on
coordinated progress across materials science, signal processing, and digital engineering.
Key priorities include the development of marine-grade, long-life sensors, the improvement
of noise-robust processing algorithms adapted to hydrodynamic environments, and the
formalization of deployment standards by regulatory and classification bodies. At the same
time, tighter integration of acoustic monitoring within fleet-scale digital infrastructures and
Digital Twin frameworks will be essential to move from isolated demonstrations toward
scalable predictive maintenance strategies. Recent studies in manufacturing and complex
metallic structures illustrate this trajectory: AE monitoring has been shown to capture
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crack initiation and growth under thermally driven laser processing through characteristic
time- and frequency domain signatures, while deep learning approaches can exploit wave
reflection, reverberation, and multimodal dispersion to localize AE sources even with sparse
sensing. These developments highlight how physics-aware data analytics and advanced
learning architectures can enhance robustness and scalability, offering a clear pathway
for the future adoption of acoustic SHM in naval and offshore applications [162,163]. By
overcoming these challenges, acoustic SHM has the potential to become a cornerstone of
structural safety and operational efficiency in naval and offshore systems.

10. Conclusions
Acoustic-based SHM techniques—particularly Acoustic Emission, guided ultrasonic

waves, and Passive Acoustic Monitoring—have proven to be effective tools for the early
detection of damage in naval and offshore structures under real operating conditions.
They enable the identification of micro-scale phenomena such as crack initiation, corrosion
activity, leakage, and fatigue evolution well before visible damage or loss of structural
performance occurs, which is essential in maritime systems with limited inspection accessi-
bility and highly variable loads. Recent studies further confirm the quantitative potential
of AE, showing that changes in cumulative parameters, signal entropy, and event rates can
reliably track damage progression and provide early warning of critical transitions, such as
the onset of unstable creep or impending failure in steels. These results underline the value
of acoustic SHM not only as a qualitative diagnostic tool but also as a basis for condition
assessment and prognostics in safety-critical marine and offshore structures [164].

Nevertheless, the implementation of acoustic SHM in maritime environments remains
challenging. Hydrodynamic noise, cavitation, wave impacts, and machinery-induced vibra-
tions can mask damage-related acoustic signatures, while signal attenuation and dispersion
limit long-range monitoring in large hulls, risers, and composite structures. These factors
complicate reliable acoustic source localization, which traditionally relies on precise time-
of-arrival estimation and computationally demanding algorithms. Recent developments,
such as energy-based localization approaches that avoid detailed material characteriza-
tion and complex signal processing, offer promising alternatives for real-time and robust
monitoring, particularly in large plate-like and marine structural components [165]. Ad-
ditionally, sensor survivability is a critical issue, especially in submerged, corrosive, and
high-pressure environments where long-term operation is required. Beyond environmental
exposure, sensor performance must remain stable under mechanical loading and during
damage evolution processes. Experimental studies on composite laminates have shown
that acoustic emission parameters remain strongly correlated with material fracture behav-
ior, with burst characteristics reflecting manufacturing-induced mechanisms such as fiber
bridging, while energy-related features are governed primarily by matrix properties. These
findings underline both the robustness of AE as a diagnostic tool and the importance of
reliable sensor coupling and protection to ensure consistent data quality in demanding
service conditions [166]. Recent advances in machine learning and deep learning have
significantly strengthened the interpretation of acoustic data under the high noise levels
typical of maritime environments. By extracting damage-sensitive patterns directly from
AE features, data-driven models enable more reliable damage quantification and prognosis.
Studies show that AE energy and signal strength can be translated into damage indices
and hazard-rate functions, allowing the definition of reliability metrics and remaining-life
predictions. When combined with techniques such as support vector regression, these
approaches provide robust failure prediction frameworks that explicitly account for uncer-
tainty, making them well suited for real-world structural health monitoring of marine and
offshore structures [167]. These developments enable automated identification of damage
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mechanisms and support the integration of AE- and Lamb-wave-based monitoring within
digital twin frameworks for real-time structural assessment. Recent studies demonstrate
that end-to-end deep learning architectures combining convolutional neural networks
with recurrent models such as LSTM can classify impact-induced damage in composite
structures with high accuracy using raw AE signals. By learning both spatial features and
temporal dependencies, such models achieve reliable discrimination between minor, inter-
mediate, and severe damage states, highlighting their potential for continuous condition
monitoring and data-driven updating of digital twins in complex marine structures [168].

Moreover, hybrid acoustic SHM systems that integrate Acoustic Emission, guided
ultrasonic waves, fiber Bragg grating sensing, and hydroacoustic arrays are emerging as
powerful solutions for multi-scale structural surveillance. These combined approaches
exploit complementary sensitivities, enabling simultaneous detection of localized damage
initiation and global structural degradation. Recent studies on fiber-reinforced composites
demonstrate that AE-based prognostic frameworks coupled with feature selection and deep
learning can effectively track damage evolution and estimate residual load-bearing capacity,
providing a pathway toward reliable degradation assessment and predictive maintenance
in complex maritime structures [169].

Looking ahead, the broad deployment of acoustic SHM in the maritime sector will
crucially depend on the standardization of monitoring procedures and diagnostic criteria,
ensuring consistent interpretation across shipyards, fleets, and regulatory bodies. Progress
in other engineering domains illustrates the value of such rigor: for example, AE-based
methodologies have been successfully used to quantify strain-energy release and damage
evolution in concrete fracture process zones, enabling robust constitutive modeling under
tensile loading. These results highlight how standardized AE metrics and physically
grounded damage indices can support reliable comparison, validation, and certification—
principles that are directly transferable to naval and offshore structural monitoring [62].

Another critical requirement for large-scale adoption of acoustic SHM is ensuring sen-
sor durability and long-term reliability in corrosive, high-pressure, and thermally variable
environments typical of marine and offshore service. While advances in fiber-optic, embed-
ded, and protected acoustic sensors are addressing these challenges, lessons can also be
drawn from civil engineering applications, where AE systems have been used successfully
to monitor long-term damage evolution in complex cement-based composites. Studies on
rubber–ceramic composite mortars demonstrate that AE metrics such as cumulative energy,
hit counts, frequency content, and source localization remain robust indicators of fracture
mechanisms even in heterogeneous and highly damped materials. These results underline
the importance of sensor robustness, stable coupling, and durable packaging to ensure
reliable AE-based diagnostics over extended service periods, a requirement that is directly
transferable to naval and offshore structures [170–172].

Scalable data infrastructures are another key enabler for the deployment of acoustic
SHM at fleet or asset-network level, as continuous monitoring generates large volumes of
high-frequency data that must be stored, processed, and interpreted efficiently. Experience
from civil engineering, such as AE-based damage evaluation of reinforced concrete beams
with varying thickness, shows that meaningful structural indicators can be extracted from
long-term datasets despite geometric variability and signal attenuation. These studies
highlight the importance of robust data architectures and automated feature extraction
capable of handling heterogeneous structures, providing a transferable framework for
managing large-scale acoustic monitoring across ships, offshore platforms, and subsea
systems [171]. If these advances are achieved, acoustic-based SHM will play a central
role in the transition from periodic inspection to predictive, condition-based maintenance,
increasing safety while reducing operational downtime across naval and offshore systems.
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