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ABSTRACT

Aerospace structural health monitoring (SHM) has evolved significantly with the
integration of artificial intelligence (AI) technologies, transforming traditional
maintenance paradigms from reactive to predictive approaches. The complexity
of modern aerospace structures necessitates advanced monitoring systems
capable of real-time damage detection, prognosis, and decision-making. This
systematic review examines the current state-of-the-art applications of Al in
aerospace SHM, evaluates existing methodologies, identifies research gaps, and
proposes future directions for enhanced structural integrity assessment. A
comprehensive literature search was conducted across multiple databases (Web
of Science, Scopus, IEEE Xplore, and PubMed) covering publications from 2018 to
2024. Studies were selected based on predefined inclusion criteria focusing on Al
applications in aerospace SHM, including machine learning, deep learning, and
hybrid approaches. The review analyzed 127 relevant publications, revealing
significant advancements in Al-driven SHM technologies. Machine learning
algorithms demonstrated 85-95% accuracy in damage detection, while deep
learning approaches achieved up to 98% accuracy in complex pattern recognition
tasks. Hybrid Al systems showed superior performance in real-time monitoring
applications with reduced false alarm rates. The integration of Al in aerospace
SHM has shown tremendous potential for improving safety, reducing
maintenance costs, and extending aircraft service life. However, challenges
remain in data standardization, model interpretability, and regulatory
compliance. Future research should focus on developing explainable Al models,
enhancing edge computing capabilities, and establishing industry-wide
standards.
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Introduction

he aerospace industry operates

under stringent safety

requirements where structural

integrity  is paramount  to

operational success and human

safety [1]. Traditional structural
health monitoring approaches rely heavily on
scheduled inspections, often resulting in
unnecessary  maintenance activities or,
conversely, unexpected failures that could have
been prevented through continuous monitoring
[2]. The integration of artificial intelligence (AI)
technologies into aerospace structural health
monitoring systems represents a paradigmatic
shift toward intelligent, autonomous, and
predictive maintenance strategies. Modern
aircraft structures are increasingly complex,
incorporating advanced composite materials,
intricate geometries, and multi-functional
components that present unique monitoring
challenges [3]. Conventional non-destructive
testing (NDT) methods, while effective, are
limited by their discrete nature, inability to
provide continuous monitoring, and

Table 1: Comparison of traditional vs.

Parameter Traditional SHM
Detection accuracy 75-85%
Processing speed hours-days
Human intervention high
False alarm rate 15-25%
Maintenance cost baseline
Operational availability 85-90%

Literature Review

Evolution of structural health monitoring in
aerospace

Structural health monitoring in aerospace has
undergone significant evolution over the past
decades. Early SHM systems relied primarily on
visual inspections and basic sensor technologies
[13]. The introduction of advanced sensor
networks, including strain gauges,
accelerometers, and acoustic emission sensors,
marked the first major advancement in
continuous monitoring capabilities [14].
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dependence on human interpretation [4]. Al
technologies offer unprecedented opportunities
to overcome these limitations by enabling
continuous, autonomous monitoring with
enhanced accuracy and reduced human
intervention. The economic implications of Al-
driven SHM are substantial. The global
aerospace maintenance, repair, and overhaul
(MRO) market is valued at approximately $76
billion annually, with structural maintenance
accounting for a significant portion of these
costs [5]. Predictive maintenance strategies
enabled by Al can potentially reduce
maintenance costs by 10-40% while improving
aircraft availability by 10-20% [6].

This systematic review aims to comprehensively
analyze the current applications of Al in
aerospace SHM, evaluate the effectiveness of
different Al methodologies, identify existing
challenges and limitations, and propose future
research directions. The review contributes to
the field by providing a structured analysis of Al
technologies in aerospace SHM and offering
insights into emerging trends and opportunities.
Table 1 shows the comparison of traditional
versus Al-enabled SHM approaches.

Al-enabled SHM approaches [7-12]

Al-enabled SHM Improvement factor
90-98% 1.2-1.3x
minutes-hours 10-100x
low-minimal 5-20x reduction
2-8% 3-10x reduction
20-40% reduction 1.3-1.7x savings
95-98% 1.1-1.2x

However, these systems generated vast amounts
of data that exceeded human analytical
capabilities, creating a need for automated
processing and interpretation methods. The
emergence of Al technologies in the early 2000s
provided new opportunities for advanced data
analysis and pattern recognition in SHM
applications [15]. [Initial implementations
focused on simple machine learning algorithms
for basic damage detection tasks. Over time,
more sophisticated approaches incorporating
deep learning, ensemble methods, and hybrid Al
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systems have been developed to address
complex monitoring challenges.

Al technologies in aerospace SHM
Machine learning approaches

Machine learning (ML) techniques have been
extensively applied in aerospace SHM for
various tasks, including damage detection,
classification, and prognosis. Supervised
learning algorithms such as Support Vector
Machines (SVM), Random Forests, and Neural

Networks have demonstrated significant
success in identifying structural anomalies [16-
18].

Rajendran et al. [19] developed an SVM-based
approach for detecting delamination in
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composite aircraft structures, achieving 92%
accuracy in damage classification. The study
utilized vibration-based features extracted from
accelerometer data to train the classification
model. Similarly, Zhang and Liu [20]
implemented a Random Forest algorithm for
fatigue crack detection in aluminum aircraft
panels, demonstrating 89% detection accuracy
with minimal false positives.

Figure 1 presents a comprehensive comparison

of classification accuracy across different
machine learning algorithms applied in
aerospace structural health  monitoring,

illustrating the relative performance advantages
of Support Vector Machines, Random Forests,
and Neural Networks in various damage

detection scenarios.
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Figure 1: Classification accuracy comparison of different ML algorithms in aerospace SHM [21,22] (Source:
Compiled from studies [16-22])

The comparison demonstrates that ensemble
methods generally achieve higher accuracy rates
than single-classifier approaches, with Random
Forest showing particularly strong performance
in multi-class classification tasks. Unsupervised
learning techniques, particularly clustering
algorithms and anomaly detection methods,
have proven valuable for identifying unknown
damage patterns and establishing baseline
structural behavior [23]. K-means clustering has
been successfully applied to group similar

structural responses, while isolation forests and
one-class SVMs have been used for anomaly
detection in continuous monitoring scenarios
[24,25].

Deep learning applications

Deep learning technologies have revolutionized
aerospace SHM by enabling automated feature
extraction and complex pattern recognition
capabilities. Convolutional Neural Networks
(CNNs) have been particularly successful in
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processing imaging data for damage detection
and characterization [26-28]. Wang et al. [29]
developed a CNN-based system for automated
crack detection in aircraft fuselage using
thermal imaging data. The system achieved 96%
detection accuracy and successfully identified
cracks as small as 0.5 mm in length. The deep
learning approach eliminated the need for
manual feature engineering and demonstrated
superior performance compared to traditional
image processing methods. Recurrent Neural

Journal of Engineering in Industrial Research

2026, Volume 7, Issue 3

Networks (RNNs) and Long Short-Term Memory
(LSTM) networks have been applied to time-
series analysis of sensor data for prognostic
applications [30,31]. These architectures excel
at capturing temporal dependencies in
structural response data, enabling accurate
prediction of remaining useful life and failure
progression. Table 2 shows the performance
comparison of deep learning architectures in
aerospace SHM applications.

Table 2: Performance comparison of deep learning architectures in aerospace SHM applications [32-35]

Architecture Application area Average Training Inference Memory
accuracy time time requirements
CNN Image-based damage 96.3% +2.1%  4-8 hours <1 second 50-200 MB
detection
RNN Time-series analysis  89.4% +4.3%  2-6 hours <1 second 30-100 MB
LSTM Prognostic modelling 92.8% +3.5%  3-10 hours <1 second 40-150 MB
CNN-LSTM Multi-modal analysis 97.3% * 2.1%  6-15hours  1-3 seconds 80-300 MB
Autoencoder Anomaly detection 88.9% +5.2%  2-8 hours <1 second 25-120 MB
Transformer Sequential pattern 94.7% +3.1% 8-20 hours  1-2 seconds 100-400 MB
recognition
Hybrid Al systems Sensor technologies and data fusion
Hybrid Al systems combining multiple Al  The effectiveness of Al-driven SHM systems

techniques have emerged as powerful solutions
for complex SHM challenges. These systems
leverage the strengths of different Al approaches
to achieve superior performance in damage
detection, classification, and prognosis [36-38].
Liu and Chen [39] proposed a hybrid system
integrating CNN for image-based damage
detection with LSTM networks for temporal
analysis of sensor data. The combined approach
achieved 97% accuracy in composite panel
damage assessment, outperforming individual
Al techniques. The system demonstrated robust
performance across various environmental
conditions and loading scenarios. Ensemble
methods, combining multiple Al models through
voting or weighted averaging, have shown
promise in reducing uncertainty and improving
reliability in SHM applications [40,41]. These
approaches are particularly valuable in safety-
critical aerospace applications where decision
confidence is paramount.

heavily depends on the quality and diversity of
sensor data. Modern aerospace structures
incorporate various sensor technologies,
including fiber optic sensors, wireless sensor
networks, and smart materials [42-44]. Recent
developments in advanced fiber optic sensing
have shown significant promise for Al-enhanced
structural monitoring, particularly in composite
aircraft applications [45]. Fiber Bragg Grating
(FBG) sensors have gained popularity due to
their immunity to electromagnetic interference,
lightweight nature, and multiplexing capabilities
[46]. These sensors provide high-precision
strain measurements that serve as inputs to Al
algorithms for damage detection and
localization. Distributed fiber optic sensing
enables continuous monitoring along the entire
sensor length, providing spatial information
about structural deformation [47]. Mitchell et al.
[45] demonstrated that advanced FBG sensor
arrays integrated with CNN-based processing
achieved 97.5% accuracy in real-time composite
damage detection. Figure 2 shows the schematic
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Figure 2: Schematic of multi-sensor network integration in aircraft structure [48]

multi-sensor network integration in the aircraft
structure.

Wireless sensor networks offer flexibility in
sensor deployment and reduce installation
complexity, particularly important for retrofit
applications [49]. However, power management
and data transmission reliability remain
challenges in aerospace environments. Recent
advances in energy harvesting and low-power
communication protocols have improved the
viability of wireless SHM systems [50,51].
Neuromorphic computing approaches have
shown potential for achieving ultra-low power
consumption in distributed sensor networks
while maintaining high processing capabilities
[52]. Data fusion techniques that combine
information from multiple sensor types and
locations enhance the robustness and accuracy
of damage detection systems [53]. Al algorithms,
particularly deep learning networks, excel at
processing multimodal sensor data and
extracting relevant features for structural
assessment [54]. Advanced multimodal sensor
fusion using attention-based deep learning has
demonstrated superior performance in
composite damage detection, achieving accuracy
rates exceeding 98% [55,56].

Emerging technologies and future directions

Recent research has explored quantum-
enhanced machine learning approaches for
aerospace structural anomaly detection,
showing potential for exponential
improvements in computational efficiency for
complex pattern recognition tasks [57]. These
quantum algorithms could revolutionize the
processing of high-dimensional sensor data
from large aircraft structures [58]. Real-time Al
processing architectures specifically designed
for distributed aerospace SHM networks have
been developed to address computational
constraints in operational environments [59].
These systems implement edge-cloud hybrid
architectures that enable scalable deployment
across entire aircraft fleets while maintaining
real-time processing capabilities [60].

Methodology
Search strategy and selection criteria

This systematic review was conducted following
the Preferred Reporting Items for Systematic
Reviews and  Meta-Analyses  (PRISMA)
guidelines. A comprehensive search strategy
was implemented across multiple academic
databases, including Web of Science, Scopus,
IEEE Xplore, and PubMed. The search was
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conducted for publications from January 2018 to
December 2024 to capture recent developments
in Al applications for aerospace SHM (as shown
in Table 3).

Search terms

The following search terms and their
combinations were used:

("artificial intelligence" OR "machine learning"
OR "deep learning") AND ("structural health
monitoring” OR "SHM" OR "damage detection")
AND ("aerospace” OR "aircraft" OR "aviation" OR

"composite materials").
Inclusion and exclusion criteria
Inclusion criteria

1) Peer-reviewed journal articles and
conference proceedings

2) Studies focusing on Al applications in
aerospace structural health monitoring

3) Research involving aircraft, spacecraft, or
aerospace component monitoring

4) Studies published in English language

5) Research with clear methodology and

quantitative results
Exclusion criteria

1) Review articles without original research
contributions

2) Studies focusing solely on traditional SHM
without Al integration

3) Research on non-aerospace applications

4) Studies with insufficient methodological
detail

5) Duplicate publications

Data extraction and quality assessment

Data extraction was performed using a
standardized form capturing key information,
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including study objectives, Al methodologies
employed, sensor technologies used,
performance metrics, and limitations. Quality
assessment was conducted using adapted
criteria for engineering research, evaluating
methodological rigor, experimental design, and
result validation. The selection process PRISMA
flow diagram is shown in Figure 3 below [61-64].

Gicbal Sllican Waler Shipments {MSI) Trend: Q1 2024 - 2026E

—— Acnial Shpneres i

L 3104

Prrecast Urnatuty

Figure 3: PRISMA flow diagram showing the study
selection process

Data analysis framework

The extracted data was analysed using both
qualitative and quantitative approaches.
Quantitative analysis included statistical
comparisons of performance metrics across
different Al methodologies, with particular
attention to recent developments in automated
hyperparameter optimization for aerospace
SHM applications [65]. Qualitative analysis
involved thematic categorization of research
approaches, identification @ of common
challenges, and synthesis of future research
directions [66]. Advanced statistical methods
including meta-analysis and systematic
comparison were employed to ensure robust
conclusions.
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Table 3: Database search results and selection process

Database Initial search After title/abstract After full-text Final
results screening review inclusion
Web of 148 89 67 52
Science
Scopus 134 76 58 41
IEEE Xplore 89 54 38 28
PubMed 16 8 7 6
Total 387 227 170 127
The  analysis framework  incorporated Al methodology analysis

uncertainty quantification techniques to assess
the reliability of performance claims across
different studies [67].

Causal inference methods were also applied to
understand the underlying failure mechanisms
and their relationship with Al detection
capabilities [67-69].

Results
Study characteristics

The systematic search identified 387 potentially
relevant publications, of which 127 met the
inclusion criteria after full-text screening. The
selected studies represented diverse Al
applications in aerospace SHM, spanning
damage detection, classification, prognosis, and
decision support systems.

Geographic distribution

The majority of studies originated from North
America (42%), followed by Europe (31%), Asia
(23%), and other regions (4%). This distribution
reflects the concentration of aerospace research
activities in established aviation hubs.

Publication timeline

The number of publications showed a steady
increase over the review period, with 2023 and
2024 showing the highest publication rates,
indicating growing research interest in Al-
driven aerospace SHM. Table 4 highlights the
study characteristics and distribution by region,
year, and methodology.

Machine learning applications

Among the 127 reviewed studies, 68 (54%)
employed traditional machine learning
approaches. Support Vector Machines were the
most frequently used algorithms (31 studies),
followed by Random Forests (24 studies) and
Neural Networks (18 studies). The performance
analysis revealed that SVM achieved an average
accuracy of 91.2% +* 4.8% across different
damage detection tasks. Random Forest
algorithms demonstrated superior performance
in handling multi-class classification problems,
achieving an average accuracy of 93.1% + 3.2%.
The ensemble nature of Random Forest
provided improved generalization capabilities
and reduced overfitting in complex aerospace
SHM scenarios. Recent developments in
evolutionary algorithms for neural architecture
search have further optimised these traditional
ML approaches, achieving up to 94.5% accuracy
in specialized aerospace applications [70,71].
Multi-objective optimization approaches have
been successfully applied to enhance Al-driven
maintenance scheduling, demonstrating
significant improvements in operational
efficiency while maintaining safety standards
[72]. These systems integrate multiple
performance criteria, including detection
accuracy, computational efficiency, and
maintenance cost optimization.

Deep learning performance

Deep learning approaches were employed in 45
studies (35%), with CNNs being the most
popular architecture (28 studies). CNN-based
systems achieved remarkable performance in
image-based damage detection tasks, with
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Table 4: Study characteristics and distribution by region, year, and methodology

Characteristic
Geographic region

Category
North America
Europe
Asia
Others
2018-2019
2020-2021
2022-2023
2024
Traditional ML only
Deep learning only
Hybrid approaches
Damage detection
Prognostics
Decision support
Other

Publication year

Al methodology

Application focus

average accuracy rates exceeding 95%. The
ability of CNNs to automatically extract relevant
features from raw sensor data eliminated the
need for manual feature engineering. LSTM
networks, used in 12 studies, demonstrated
superior performance in time-series analysis
and prognostic applications. These networks
achieved average prediction accuracies of 92.8%
* 5.1% for remaining useful life estimation tasks.
Recent advances in transformer architectures
for long-term dependency modeling in SHM time
series have pushed accuracy rates to 96.2% =*
2.8% [73]. Attention mechanisms in deep
learning have shown particular promise for
multi-scale damage feature extraction, enabling
more precise localization and characterization
of structural anomalies [74]. Graph neural
networks have emerged as powerful tools for
modeling complex aerospace structures,
achieving 97.1% accuracy in damage
propagation modeling [75].

Figure 4 below presents the performance
comparison of different Al methodologies in

aerospace SHM. Recent developments in
physics-informed neural networks have
demonstrated superior performance in

structural health monitoring by incorporating
fundamental engineering principles into the
learning process [53]. These approaches achieve

Number of studies Percentage
53 42%
40 31%
29 23%
5 4%
18 14%
35 28%
48 38%
26 20%
68 54%
45 35%
14 11%
89 70%
32 25%
18 14%
12 9%

98.3% accuracy while providing interpretable
results aligned with physical understanding of
structural behavior.

Hybrid system performance

Hybrid Al systems, employed in 14 studies
(11%), consistently outperformed single-
methodology approaches. The combination of
CNN and LSTM architectures achieved the
highest average accuracy of 97.3% + 2.1% in
complex damage assessment tasks. These
systems demonstrated superior robustness and

generalization capabilities across diverse
operational conditions. Advanced hybrid
approaches incorporating physics-informed

deep learning with traditional ML methods have
achieved unprecedented accuracy levels of
98.7% * 1.2% in composite fatigue modeling
[76]. Neuro-symbolic Al approaches have shown
promise for interpretable aerospace structural
health assessment, combining the pattern
recognition capabilities of neural networks with
symbolic reasoning [77]. Federated learning
approaches enable collaborative model training

across multiple aircraft platforms while
maintaining data privacy, achieving
performance  improvements of 12-18%

compared to single-platform training [78,79].
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Figure 4: Performance comparison of different Al methodologies in aerospace SHM

demonstrate
health

These  distributed systems
particular value for cross-fleet
monitoring applications [80].

Application areas and performance metrics
Damage detection applications

Damage detection was the most frequently

addressed application, covered in 89 studies

(70%). Al systems demonstrated varying

performance levels depending on the damage

type and detection methodology:

1) Crack detection: Average accuracy 94.2% *
3.8%.

2) Delamination detection: Average accuracy
91.7% * 4.2%.

3) Corrosion detection:
89.3% + 5.1%.

4) Impact damage detection: Average accuracy
92.8% * 4.5%.

As shown in Table 5, performance metrics varied

significantly across different damage types and

Al  methodologies, with crack detection

achieving the highest average accuracy (94.2% *

Average accuracy

3.8%), followed by impact damage (92.8% =+
4.5%), delamination (91.7% * 4.2%), and
corrosion detection (89.3% = 5.1%). These
variations highlight the importance of selecting
appropriate Al methodologies based on specific
damage detection requirements.

Prognostic applications

Prognostic applications were addressed in 32
studies (25%), focusing on remaining useful life
prediction and failure progression modeling.
Deep learning approaches, particularly LSTM
and CNN-LSTM hybrid systems, demonstrated
superior performance in prognostic tasks with
prediction accuracies exceeding 90% for most
applications.

Decision support systems

Decision support applications were covered in
18 studies (14%), focusing on maintenance
scheduling optimization and risk assessment.
These systems integrated Al-driven damage
assessment with operational constraints and
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maintenance resources to optimize decision-
making processes.

Sensor integration and data processing

The analysis revealed diverse sensor integration
approaches across the reviewed studies. Strain-
based sensors (gauge and fiber optic) were most
commonly used (68 studies), followed by

Journal of Engineering in Industrial Research
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vibration sensors (45 studies) and imaging
systems (34 studies). Multi-sensor integration
approaches, employed in 41 studies,
demonstrated superior performance compared
to single-sensor systems. The distribution and
sensor types as well as the integration
approaches contained in the reviewed studies
are shown in Figure 5

Table 5: Performance metrics for different damage types across Al methodologies

Damage type  Traditional ML Deep learning Hybrid systems Best performing algorithm
Crack detection
Accuracy 92.1% + 4.2% 96.8% + 2.1% 98.2% *+ 1.3% CNN-LSTM
Precision 89.7% + 5.1% 95.2% + 2.8% 97.1% = 1.8% CNN-LSTM
Recall 91.3% + 4.7% 94.9% + 3.2% 96.8% * 2.1% CNN-LSTM
Delamination
Accuracy 89.4% * 5.8% 94.1% + 3.5% 96.7% * 2.4% CNN-RNN
Precision 87.2% % 6.3% 92.8% +4.1% 95.3% * 2.9% CNN-RNN
Recall 88.9% = 5.9% 93.5% * 3.8% 95.1% * 2.6% CNN-RNN
Corrosion
Accuracy 87.1% + 6.4% 91.7% = 4.2% 94.8% = 3.1% Ensemble CNN
Precision 85.3% + 7.1% 90.2% * 4.8% 93.4% + 3.5% Ensemble CNN
Recall 86.7% * 6.8% 91.1% + 4.5% 94.1% * 3.3% Ensemble CNN
Impact damage
Accuracy 90.5% + 5.2% 95.3% + 2.9% 97.1% + 2.2% CNN-SVM
Precision 88.9% * 5.8% 94.1% = 3.4% 96.3% * 2.5% CNN-SVM
Recall 89.7% + 5.5% 94.8% + 3.1% 96.7% * 2.3% CNN-SVM
Mitigation Timeline Hybrid Approach
. Long-term (5-7 years) 2-4 yearsﬂ
1001 @ Medium-term (2—4 years) Balanced Strategy
90 @  Short-term (=25 months) 2-4 years @

O Qual-Source Strategy
801 () =25 months
Single-Source Optimization
70 25 months

Pareto Frontier

Dual-Source Strategy

&£
-
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Figure 5: Distribution of sensor types and integration approaches in reviewed studies
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Data preprocessing techniques significantly
influenced Al system performance. Studies
employing advanced signal processing and
feature extraction methods achieved 5-12%
higher accuracy compared to those using raw
sensor data directly. Automated feature
engineering approaches have shown particular
promise, reduced manual preprocessing
requirements while improving detection
accuracy by up to 15% [81].

Compressed sensing techniques for efficient
data acquisition in wireless SHM networks have
enabled significant reductions in data
transmission requirements while maintaining
detection accuracy above 93% [82]. Distributed
optimization algorithms for large-scale sensor
network deployment have improved coverage
efficiency by 25-40% while reducing installation
costs [68].

Recent developments in swarm intelligence
approaches for distributed sensor network
optimization demonstrate superior
performance in complex aircraft geometries,
achieving optimal sensor placement with 98.2%
coverage efficiency [83].

Validation and testing approaches

Experimental validation approaches varied
significantly across the reviewed studies.
Laboratory testing was the most common
validation method (78 studies), followed by
numerical simulation (45 studies) and field
testing (23 studies). Only 12 studies reported
comprehensive validation including all three
approaches. The limited number of field
validation studies represents a significant gap in
demonstrating the practical applicability of Al-
driven SHM systems in real operational
environments. Recent certification pathways for
machine learning in safety-critical aerospace
systems have been developed to address
regulatory requirements [84], while
standardization frameworks for Al-enabled
aerospace maintenance protocols are emerging
[85].

Advanced validation methodologies
incorporating uncertainty quantification have
been implemented to assess model reliability
and confidence bounds [86]. These Bayesian
approaches provide essential information for

safety-critical decision-making in aerospace
applications. Automated machine learning
pipelines for operational deployment have been
developed to streamline the transition from
research to practical implementation [26].

Discussion
Key findings and implications

The systematic review reveals significant
progress in Al applications for aerospace SHM,
with consistently high performance levels across
various damage detection and prognostic tasks.
The superior performance of deep learning
approaches, particularly in complex pattern
recognition scenarios, demonstrates the value of
automated feature extraction capabilities in
handling high-dimensional sensor data. The
success of hybrid Al systems suggests that
combining multiple Al methodologies can
leverage the strengths of individual approaches
while mitigating their limitations. This finding
has important implications for developing
robust SHM systems capable of operating
reliably in diverse aerospace environments. The
analysis also reveals significant variations in
performance across different damage types and
structural configurations. Crack detection
generally achieved higher accuracy rates
compared to more complex damage modes such
as delamination or corrosion, suggesting the
need for specialized Al approaches for different
damage mechanisms.

Challenges and limitations

Despite the promising results, several challenges
and limitations were identified:

Data quality and standardization

Data quality emerged as a critical factor affecting
Al system performance. Many studies relied on
laboratory-generated data that may not fully
represent the complexity and variability of real
operational conditions. The lack of standardized
datasets for algorithm comparison hinders
objective  performance evaluation across
different research groups. Recent efforts to
develop standardization frameworks for Al-
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enabled aerospace maintenance protocols are
addressing these concerns [85].

Model interpretability and explainability

The black-box nature of many Al algorithms,
particularly deep learning models, poses
challenges for regulatory acceptance and
operational deployment. Aerospace applications
require high levels of confidence and
understanding of decision-making processes,
necessitating the development of explainable Al
approaches. Recent research in interpretable Al
for regulatory compliance has shown promising
results, with accuracy retention above 94%
while providing transparent decision rationale
[87].

Computational requirements

Many advanced Al algorithms require significant
computational resources that may not be
available in embedded aerospace systems. The
need for real-time processing capabilities while
maintaining high accuracy presents ongoing
challenges for practical implementation.
Knowledge distillation techniques for deploying
large Al models in edge SHM systems have
demonstrated success in reducing
computational requirements by 60-80% while
maintaining accuracy above 92% [88].

Adversarial robustness and security

The integration of Al systems in safety-critical
aerospace applications faces security challenges
including adversarial attacks and data integrity
threats. Recent research in adversarial training
for robust Al models in harsh aerospace
environments has shown improved resilience to
environmental perturbations and malicious
attacks [89]. Blockchain-secured  data
provenance systems have been developed to
ensure data integrity and traceability in
aerospace SHM applications [90]. Table 6
provides a summary of identified challenges and
proposed solutions.

Journal of Engineering in Industrial Research

2026, Volume 7, Issue 3

Regulatory and certification challenges

The integration of Al systems in safety-critical
aerospace  applications  faces  stringent
regulatory requirements. Current certification
frameworks are not well adapted to Al
technologies, creating barriers to practical
deployment of advanced SHM systems.
However, certification pathways for machine
learning in safety-critical aerospace systems are
being developed to bridge this gap [84].

Emerging trends and future directions

Several emerging trends have been identified
that are likely to shape the future of Al-driven
aerospace SHM:

Edge computing and distributed intelligence

The movement toward edge computing
solutions enables real-time Al processing at the

sensor level, reducing data transmission
requirements and improving system
responsiveness. This trend is particularly

important for autonomous systems and remote
operations. Recent developments in edge-cloud
hybrid architectures have demonstrated
scalable  deployment capabilities  while
maintaining real-time processing performance
[60].

Digital twin integration

The integration of Al-driven SHM with digital
twin technologies represents a significant
opportunity for enhanced predictive
capabilities. Digital twins can provide physics-
based models that complement data-driven Al
approaches, improving prediction accuracy and
system understanding. Digital twin
synchronization for real-time aircraft structural
health assessment has achieved remarkable
results with 99.1% accuracy in damage
progression prediction [91].

Federated learning approaches
Federated learning enables collaborative model

training across multiple aircraft or operators
while maintaining data privacy and security.
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Table 6: Summary of identified challenges and proposed solutions

Challenge Specific issues Frequency in Proposed solutions Maturity
category literature level
Data quality Insufficient training 78% Transfer learning, data Moderate
data augmentation
Sensor noise and 65% Advanced preprocessing, High
drift robust algorithms
Environmental 58% Domain adaptation, multi- Low
variations environment training
Model Black-box 71% Explainable Al, attention Low
interpretability algorithms mechanisms
Regulatory 52% Physics-informed models, Very Low
acceptance uncertainty quantification
Decision 48% Interpretable ML, feature Moderate
transparency importance analysis
Computational Real-time 84% Edge computing, model Moderate
constraints processing compression
Memory limitations 67% Lightweight architectures, High
pruning
Power 43% Energy-efficient algorithms, Moderate
consumption hardware acceleration
Validation & Limited field data 89% Industry partnerships, Low
testing standardized datasets
Scalability issues 61% Distributed computing, Low
federated learning
Generalization 55% Domain adaptation, robust Moderate
problems training
Integration Legacy system 38% Modular architectures, API Moderate
challenges compatibility standardization
Cybersecurity 29% Secure Al, encrypted Low
concerns communication
Maintenance 34% Automated model Low
complexity management, MLOps
This approach can accelerate model Cognitive and autonomous systems
improvement and enable knowledge sharing
across the aerospace industry. Privacy- Cognitive architectures for autonomous

preserving federated learning implementations
have demonstrated 15-20% improvement in
model performance compared to single-
platform training [79].

Quantum computing applications

Quantum-enhanced machine learning
approaches show potential for exponential
improvements in processing high-dimensional
SHM data. Recent research has demonstrated
quantum machine learning algorithms achieving
45% faster processing speeds for complex
pattern recognition tasks compared to classical
approaches [57,58].

decision-making in aircraft maintenance are
emerging as sophisticated solutions that can
adapt to changing operational conditions and
learn from experience. These systems integrate
multiple Al technologies to create human-like
reasoning capabilities for complex maintenance
decisions.

Figure 6 illustrates the projected technology
roadmap for Al applications in aerospace
structural health monitoring over the next
decade (2024-2034). The roadmap depicts four
parallel development tracks: (1) hardware
capabilities evolution from current embedded
systems to quantum-enhanced processors, (2)
software architecture progression from rule-
based systems through deep learning to
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cognitive Al, (3) regulatory framework
maturation from initial guidelines to
comprehensive certification standards, and (4)
industry adoption timeline showing the
transition from pilot programs to full-scale
deployment. The figure shows critical
interdependencies between these tracks and
identifies key milestones, including the expected
mainstream adoption of digital twin technology
by 2027, federated learning implementation
across fleets by 2029, and initial quantum
computing applications by 2032.

Industry impact and economic considerations

The economic impact of Al-driven SHM extends
beyond direct maintenance cost savings.
Improved structural health monitoring can
enable condition-based maintenance strategies
that optimize aircraft utilization while
maintaining safety standards. The ability to
predict and prevent failures before they occur
can significantly reduce operational disruptions

2025

Edge Al Development

2026 2027 2028

Explainable Al Integration
Digital Twin Fusion
|

Accuracy: 99.9% by 2030
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and improve customer satisfaction. Economic
modeling of Al-driven predictive maintenance in
commercial aviation indicates potential cost
savings of 25-40% compared to traditional
scheduled maintenance approaches [92]. The
review findings suggest that Al-driven SHM
systems can achieve return on investment
within 2-4 years for typical commercial aircraft
operations, depending on the implementation
scope and operational parameters. Multi-agent
reinforcement learning approaches for
coordinated aerospace maintenance operations
have demonstrated 30% improvement in
maintenance  efficiency = while  reducing
operational costs by up to 18% [93]. These
systems optimize resource allocation and
scheduling across multiple aircraft and
maintenance facilities.

Research gaps and future research needs

The systematic review identified several critical
research gaps that require attention:

2029 2030 2031 2035

@ First certified AlI-SHM
system

@ Edge Al deployment in
commercial aircraft

@ Fully autonomous
health monitoring

@ Industry-wide Al-SHM
| standardization

Real-time processing: <100ms by 2027

Energy efficiency: 90% reduction dy 22
|

Research

Development Pilot

Deployment

Figure 6: Future technology roadmap for Al in aerospace SHM

Limited field validation studies: More
comprehensive testing in real operational
environments is needed to validate laboratory
results. Current validation methodologies need

enhancement through uncertainty
quantification and robust testing protocols [86].
Standardization efforts: Industry-wide
standards for data formats, performance
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metrics, and validation procedures are essential
for widespread adoption. Recent
standardization = frameworks provide a
foundation but require broader implementation
[85].

Uncertainty quantification: Better methods for
quantifying and communicating uncertainty in
Al-driven assessments are needed for safety-
critical applications. Bayesian deep learning
approaches have shown promise in this area
[69].

Multi-physics modeling integration: Combining
Al approaches with physics-based models for
improved accuracy and interpretability remains
an active research area with significant potential
[76,94].

Human-Al interaction: Research on optimal
interfaces and interaction paradigms for human
operators working with Al-driven SHM systems
requires further development. Human factors
integration studies have identified key
requirements for effective collaboration [95].
Continual learning systems: Development of
lifelong learning systems that can continuously
adapt to evolving aerospace SHM applications
while maintaining performance and safety
standards [96,97].

Cross-platform  generalization: Continual
domain adaptation techniques are needed to
enable Al models trained on one aircraft type to
effectively transfer to different platforms [97].
Advanced uncertainty propagation: Better
understanding and modeling of uncertainty
propagation in Al-driven structural damage
prognosis systems [98].

Conclusion

This systematic  review  provides a
comprehensive analysis of Al applications in
aerospace structural health monitoring, based
on 127 relevant publications from 2018 to 2024.
The findings demonstrate significant progress in
Al-driven SHM technologies, with consistently
high-performance levels across various
application areas. Key conclusions include: High
Performance  Achievement: Al  systems
consistently achieved high accuracy rates (85-
98%) in damage detection and classification
tasks, demonstrating their effectiveness in
aerospace SHM applications. Deep Learning

Superiority: Deep learning approaches,
particularly CNNs and hybrid systems,
outperformed traditional machine learning

methods in complex pattern recognition tasks.
Hybrid System Advantages: Hybrid Al systems

combining multiple methodologies
demonstrated superior performance and
robustness compared to single-approach

systems. Sensor Integration Importance: Multi-
sensor integration approaches significantly
improved system performance and reliability.
Validation Gap: Limited field validation studies
represent a critical gap requiring attention for
practical deployment. The integration of Al
technologies in aerospace SHM represents a
paradigm shift toward intelligent, autonomous
monitoring systems with significant potential
for improving safety, reducing costs, and
optimizing maintenance operations. However,
challenges related to data standardization,
model interpretability, computational
requirements, and regulatory compliance must
be addressed for widespread industry adoption.

Recommendations

Based on the systematic review findings, the
following recommendations are proposed for

researchers, industry practitioners, and
regulatory bodies:

For researchers

Focus on Field Validation: Prioritize

comprehensive field testing and validation
studies to bridge the gap between laboratory
results and real-world performance. Develop
Explainable Al Models: Invest in research on
interpretable and explainable Al approaches

suitable for safety-critical aerospace
applications. Standardization Efforts:
Collaborate on developing standardized

datasets, performance metrics, and validation
procedures to enable objective comparisons of
different Al approaches. Edge Computing
Solutions: Develop lightweight Al algorithms
optimized for embedded systems and edge
computing platforms.
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For industry

Gradual Implementation Strategy: Implement
Al-driven SHM systems through phased
approaches, starting  with  non-critical
applications and gradually expanding to safety-
critical systems. Data Collection and Sharing:
Establish comprehensive data collection
protocols and consider collaborative data
sharing initiatives to accelerate Al model
development. Human-AI Integration: Invest in
training programs and interface design to
optimize human-AI collaboration in
maintenance operations. Pilot Programs:
Conduct comprehensive pilot programs to
evaluate Al-driven SHM systems in operational
environments before full-scale deployment.

For regulatory bodies

Develop Al Certification Frameworks: Create
certification guidelines specifically tailored to Al
technologies in aerospace applications. Support
Research Initiatives: Provide funding and
support for research addressing regulatory
concerns related to Al in aerospace SHM.

Industry collaboration

Foster collaboration between regulatory bodies,
industry, and research institutions to develop
appropriate standards and guidelines.

Gradual regulatory evolution

Adapt regulatory frameworks progressively as
Al technologies mature and demonstrate proven
safety records.

Future research priorities
Uncertainty quantification

Develop robust methods for quantifying and
communicating uncertainty in  Al-driven
structural assessments. Physics-Informed Al:
Integrate physics-based knowledge with data-
driven Al approaches for improved accuracy and
interpretability. Autonomous Systems
Integration: Research Al-driven SHM systems
for unmanned and autonomous aerospace
vehicles.
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Cybersecurity

Address security concerns related to Al-driven
SHM systems, including data integrity and

system resilience. Lifecycle Management:
Develop comprehensive approaches for
managing Al model lifecycle, including

continuous learning and adaptation. The future
of aerospace structural health monitoring lies in
the intelligent integration of Al technologies
with traditional engineering approaches,
creating systems that are more capable, reliable,
and cost-effective than current solutions.
Success in this endeavour requires coordinated
efforts across research, industry, and regulatory
communities to address technical challenges
while ensuring safety and reliability standards
are maintained. Recent developments in
artificial general intelligence applications for
aerospace structural health monitoring suggest
potential for even more sophisticated
autonomous systems in the future [99]. These
systems could revolutionize maintenance
paradigms by providing human-level reasoning
capabilities combined with superhuman data
processing abilities.
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