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Abstract:

The aerospace industry is facing increasing challenges in terms of safety, efficiency, and
sustainability in complex operational environments. Artificial intelligence (Al) as a transformative
technology plays a key role in optimizing design, manufacturing, maintenance, logistics, and space
exploration processes. This study provides a comprehensive and multidisciplinary framework to
explore the applications of Al in aerospace, focusing on the synergy of technologies such as
generative design, digital twins, predictive maintenance, autonomous navigation, and mission
planning. The analysis shows that Al algorithms, such as DzAIN, have revolutionized design and
manufacturing by generating diverse prototypes and improving system performance by fourfold
through digital twins. In the maintenance domain, predictive systems have reduced downtime costs
(up to $3.67 million per aircraft) with 98.8% accuracy and improved flight safety by predicting
human errors with 98% accuracy. In logistics, demand forecasting models have optimized supply
chain management with 98.1% accuracy, and in space exploration, reinforcement learning
algorithms have enhanced spacecraft autonomy. By identifying gaps in the literature, this study
analyzes implementation challenges such as hardware limitations, cybersecurity, and the need for
high-quality data, and outlines future research directions with an emphasis on hybrid Al
frameworks, human-machine interaction, and validation standards. This review provides guidance
for the development of scalable and reliable solutions in the aerospace industry so that researchers
and policymakers can drive future innovations.

Keywords: Artificial intelligence, aerospace industry, digital twin, predictive maintenance, space
exploration, autonomous systems, generative design, explainable artificial intelligence, quantum
computing

1-Introduction:

Artificial Intelligence (AI) has been a leading concept in computer science since the 1950s, but in
the past decade, with stunning advances in algorithms, hardware, and access to big data, it has
expanded in an unprecedented way across various fields (Haenlein, Kaplan; 1 2019). In the current
era, Al acts as a driving force in almost every field, from medicine and banking to transportation,
education, insurance, and IT services, and has transformed the performance of organizations
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(Wamba et al. 2, 2021). In particular, Al plays an important role in solving aerospace engineering
challenges in areas such as design, production, maintenance, control, and space missions, and has
a high transformational potential in automating tasks, improving decision-making processes, and
creating innovative opportunities in this industry (Kleinch et al. 5, 2023; (Q et al. 6, 2023).

By using techniques such as machine learning, deep learning, convolutional neural networks, and
evolutionary algorithms, Al has been able to provide solutions for analyzing large volumes of
complex data, predicting flight system behavior, diagnosing errors, and optimizing performance.
By providing precise instructions, algorithms facilitate tasks such as predicting aircraft
maintenance and optimizing flight paths. For example, generative design algorithms such as
DzAINN are capable of producing 24 optimized prototypes in 2D design with minimal human
intervention, and digital twins can improve the performance of aerospace systems by up to four In
predictive maintenance, intelligent models have played an effective role in reducing aircraft
downtime and increasing safety with accuracies of up to 98.8% in identifying cracks and structural
defects. Also, the costs of sudden aircraft stoppages have been estimated at up to $3.67 million per
aircraft in some cases, indicating the high potential of Al in reducing operational costs. Data-driven
decision-making also provides a suitable basis for decision-making by utilizing the vast
information generated by aerospace operations (Elahi et al., 2023). (Neuromorphic computing,
modeled on the structure of the human brain, offers a new solution for the development of low-
power hardware in aerospace. (Zhao et al., 2020) which is a promising approach for the
development of high-energy-efficient hardware that is tailored to the needs of Al in aerospace.
At the core of these innovations, several fundamental Al techniques, including neural networks,
Evolutionary algorithms and data-driven optimization frameworks are in place. Neural networks,
especially deep and convolutional architectures, enable modeling of complex relationships in high-
dimensional flight and sensor data. Machine learning algorithms are employed for fault detection,
performance monitoring, and predictive health management. Data-driven decision-making, fed by
real-time sensor streams, supports adaptive control and mission execution strategies (Elahi et al.,
2023). Furthermore, neuromorphic computing offers a promising path for energy-efficient Al
hardware suitable for resource-constrained environments of satellites, unmanned aerial vehicles
(UAVs), and deep space systems (Zhao et al., 2020).

Although existing scientific research has addressed some aspects of the application of Al
technologies in the aerospace industry, a significant amount of related activities and achievements
in this area have been It has been published through companies and non-academic communication
channels such as their websites and official reports that there is a need for a comprehensive and
multidisciplinary study that, while systematically categorizing and analyzing the applications of
Al in the aerospace industry, also examines the challenges and future directions.

This article, with a review approach, attempts to identify and categorize the main areas of
application of Al in the aerospace industry and also to provide a framework for future research in
this industry by analyzing the interaction between emerging technologies and aerospace
engineering needs.

2-Review of the existing literature

1-2-Artificial intelligence and its definitions and evolution:

The conceptualization of artificial intelligence, first articulated by McCarthy in 1956, has evolved
from a theoretical abstraction to a vital technology in aerospace applications. McCarthy
emphasized this concept to distinguish this nascent field from contemporary discussions in
mathematics and from the broader field of cybernetics, which focused on control and
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communication in complex systems. He defined artificial intelligence as “the science and
engineering of making intelligent machines, especially intelligent computer programs,” and
emphasized its role in replicating human intelligence without being limited by biological methods
(McCarthy and Hayes, 1981).

McCarthy and Hayes (1981) emphasized that artificial intelligence “does not necessarily limit
itself to biologically observable methods,” which is crucial for aerospace applications that require
superhuman performance in specific domains. In contrast, pioneers in the field have provided
several definitions for the term Al. According to Marvin Minsky, Al is the science that enables
machines to acquire human intelligence (Hassler, 2016). Kuipers et al. (2017) defined Al as the
field concerned with “intelligent behavior in artifacts.” Bellman (1978) also defined Al as “[the]
automation of activities that we associate with human thought, including decision-making,
problem-solving, and learning,” which is consistent with predictive maintenance systems in
aerospace.

The evolution of Al in aerospace fields follows a distinct path that parallels but extends beyond
the general development of Al. According to Wamba et al. (2021), the development of Al has
occurred in three main phases: algorithmic foundations such as early pattern recognition that paved
the way for anomaly detection in aircraft systems (1940-1970), technological diversification of
advances in computer vision, statistical machine learning, and natural language processing,
enabling applications such as automated air traffic control and pilot-assistant interfaces (1970—
1990), and domain-specific applications and practical problem solving such as the integration of
Al in aerospace expanded through technologies such as deep learning, big data analytics, and
autonomous systems, and led to innovations in design optimization, predictive maintenance, and
space exploration (post-1990). However, aerospace applications require more attention to the
fourth stage (2010 to present), which is characterized by the integration of safety-criticality and
real-time performance requirements (Zhao et al., 2024). These definitions reflect two main
paradigms: human-centered Al, which mimics human cognition (e.g., pilot training systems) and
rational-centered Al, which emphasizes mathematical optimization (e.g., trajectory planning).
Recent advances in neurosymbolic Al, by combining symbolic reasoning with neural networks,
offer a hybrid approach that can improve mission planning by integrating logical rules with data-
driven learning (Garces and Lamb, 2023). In recent years, the scope of Al has expanded to include
more advanced scientific technologies such as computer vision, augmented and virtual reality, big
data and its analysis, predictive maintenance, machine learning, cloud computing, autonomous
systems (Ahmed et al., 2022; Rai et al., 2021).

2.2- Classification of Artificial Intelligence:

The fundamental concepts of artificial intelligence (Al) involve the creation of systems that are
capable of performing tasks that typically require human intelligence, such as visual perception,
speech recognition, decision-making, and language translation. Al systems use machine learning
algorithms to simulate cognitive functions, allowing them to learn from data and improve their
performance over time. These systems can be classified in a variety of ways (Morandin-Ahuerma,
2022). The dominant classification framework classifies Al systems based on levels of cognitive
ability, creating three distinct categories that have gained widespread academic acceptance
(Russell and Norvig, 2020; Kaplan, 2016).

1- Weak Al also called limited Al, is designed for specific tasks and lacks adaptability to new or
unfamiliar contexts (Chen & Chen, 2022). This Al excels at well-defined problems, but cannot
generalize beyond its programmed domain. This type of Al focuses on solving specific problems
and lacks the ability to generalize its behavior to other problems or environments. In aerospace,
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weak Al has applications such as anomaly detection in aircraft sensor data, where algorithms
identify deviations from normal patterns, and enhances flight path optimization, reducing fuel
consumption in commercial aviation by up to 5% (Chen & Chen, 2022; Smith et al., 2023).
However, its limitations—such as the inability to handle unexpected scenarios—create challenges
for safety-critical systems, where adaptability is crucial (Gunning & Aha, 2021). Studies show that
although weak Al is Its reliability and ease of certification are widely implemented, but its limited
scope limits its use in dynamic aerospace environments (Chen & Chen, 2022). Most current Al
applications in aerospace are of this type. However, the heavy reliance of these models on
predefined scenarios and the inability to adapt to unknown conditions have limited their use in
space missions or emergency operations.

Artificial General Intelligence (AGI) or Strong Al, on the other hand, has the ability to perform a
wide range of cognitive tasks such as reasoning, learning, and problem solving, and is able to adapt
to new situations and environments. The main distinction of AGI from weak Al is its ability to
perform diverse tasks and adapt to new conditions. This makes it a theoretical target for acrospace
applications such as automated mission planning for unmanned aerial vehicles (UAVs) or
spacecraft navigation in unknown regions. The goal of developing AGI is to create computational
systems that can perform a wide range of tasks with a level of intelligence close to that of humans
(Stahl, 2021). However, computational complexity, lack of reliable hardware architecture, and
safety certification challenges have prevented its practical implementation in current aerospace
systems. It remains largely hypothetical (Russell & Norvig, 2021). Reinforcement learning
algorithms that are capable of learning optimal policies based on environmental feedback are
considered one of the pathways from ANI to AGI. Current aerospace research is focused on
developing AGI precursors through multi-task learning and transfer learning approaches that can
create systems that can make decisions in new operational situations without manual adjustment.

Artificial Superintelligence (ASI) represents a theoretical stage in which Al not only matches but
surpasses human intelligence in all domains—cognitive, creative, emotional, and social.

ASI is currently most prominent in the fields of futures studies, Al ethics, and strategic analytics.
It is capable of Self-improvement is a recursive process that leads to exponential increases in
intelligence. This potential has profound implications for control, safety, and ethics, particularly
in areas related to national security, acrospace defense systems, and autonomous mission planning
(Tzimas, 2021; Bostrom, 2014).

4. Comparative Analysis and Implications for Aerospace

Table 1 summarizes these classifications, aerospace applications, and their challenges

Table 1 — Analytical Comparison of Different Levels of Al in the Aerospace Industry
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Implementation |Adaptation to | Key applications Limitations Advantages Scope of Type of Artificial
status new in aerospace performance Intelligence
environment
Widespread and | Very low Fault diagnosis, | Inability to respond to |High reliability, ease | Limited to Artificial Weak
operational in repair prediction, new scenarios, of certification, defined tasks Intelligence
commercial flight path dependence on trained |optimal performance
aircraft and optimization data in specific tasks
spacecraft
Emerging, under High UAYV mission Computational Adaptive Broad and close (ANI)
research and planning, complexity, lack of adaptability, to human
development navigation in reliable hardware, decision-making
unknown spaces safety challenges autonomy, real-time
learning
Theoretical and | Very high Self-organizing Ethical and safety Infinite processing | Beyond human | Artificial General
prospective, |(hypothetical)| systems, ultra- challenges, lack of power, decision- level Intelligence
lacking practical precise simulation, controllability, making ability in
implementation control in critical unpredictability unknown conditions
conditions

Literature Review

Early artificial intelligence (Al) research in the aerospace industry, spanning the 1950s to 1970s,
focused on basic data classification and pattern recognition, laying the foundation for modern
anomaly detection and predictive maintenance applications. These initial studies employed
statistical algorithms to identify deviations in flight data, enabling rapid responses to critical
situations such as sensor failures, thereby enhancing safety and reducing operational risks (Ertekin
et al., 2024). These efforts paved the way for subsequent Al integration into aerospace design and
engineering.

In the 1980s and 1990s, research shifted toward computer vision, expert systems, and early neural
networks. Conferences during this period, as documented by Trivedi (1990), explored topics like
model-based vision and robotic planning for air traffic control training. The Strategic Defense
Initiative accelerated the development of Al-driven target detection and real-time image
processing (Huang, 1996). Early neural networks also modeled nonlinear airflow behaviors in
aerodynamic design (Anderson, 1995), marking a transition from rule-based to learning-based
systems.

Since the early 2000s, Al has evolved from experimental prototypes to operational systems,
particularly in safety assurance, autonomous control, and human-machine interaction. Al-driven
anomaly detection and predictive analytics have significantly improved aviation safety by enabling
early risk identification and better decision-making (Ertekin, 2024). Deep reinforcement learning
(DRL) has advanced autonomous flight control, achieving 90% success in simulated navigation
tasks for unmanned aerial vehicles (UAVs) (Sharifi, 2024; Qiu et al., 2023). In space exploration,
Al-powered robotics, such as those in Mars missions, have demonstrated robust path planning.
Additionally, Al supports pilot training by monitoring cognitive workload in real-time, reducing
human errors by 25% through EEG-based analysis (Lam & Chan, 2024). Machine learning models
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have optimized flight paths, cutting fuel consumption by 5-10% and carbon emissions in
commercial aviation, while deep learning has achieved 95% accuracy in satellite imagery terrain

mapping (Qiu et al., 2023).

Figure 1 shows the time series model of studies from the initial findings from 1950 to the present.

Statistical classification algorithms, pattern recognition ¢
Anomaly detection in flight data, sensor failure monitoring ¢
Identification of abnormal deviations and rapid response to crises; Establishing the conceptual foundation of flight safety ¢ 19501970

Expert systems, computer vision, early neural networks ¢
Obstacle detection, real-time image processing, air traffic control training ¢
Development of target detection and tracking systems; first thermal image processing for automated landing ¢ 19801990

Neural Network Turbulent Flow Modeling, Adaptive Control Systems ¢
Aerodynamic Design, Flight Management ¢
Modeling Nonlinear Airflow Behavior; Transition from Rule-Based to Learning Systems 1990-2000

Early machine learning, predictive analytics ¢
Safety assurance, autonomous control, human-machine interaction ¢
Implementation of the first Al applications in flight operations; improving safety decision-making 2000-2010

Deep Learning (DL), Deep Reinforcement Learning (DRL), EEG Analysis ¢
UAVs, Space Robotics, Pilot Training ¢
90% Success in Simulated UAV Navigation; 25% Human Error Reduction with Cognitive Load Monitoring ¢ 2010-2020

Fuel Optimization with ML, Advanced Computer Vision ¢
Commercial Aviation, Satellite Monitoring ¢
5-10% Fuel Consumption and Carbon Emissions Reduction; 95% Accuracy in Land Mapping ¢ 2020-2024

Figure 1: Evolution of Al approaches and applications in the aerospace industry (1950s—2024) 3- Research Methodology

This study used a hybrid and multidisciplinary approach to investigate the integration of artificial
intelligence (Al) in the aerospace industry. The research methodology was designed as a
systematic literature review and synergetic analysis to comprehensively analyze the applications
of Al challenges, and future directions in this industry. The research process was carried out in
four main stages:

Data collection: First, reputable scientific databases such as Scopus, Web of Science, and IEEE
Xplore were searched to identify articles, industry reports, and studies related to the application
of Al in aerospace. The selection criteria included articles published between 2010 and 2025, a
focus on Al technologies (such as machine learning, digital twins, and generative algorithms),
and specific applications in design, manufacturing, maintenance, logistics, and space exploration.
Qualitative analysis and classification: The collected data were examined using qualitative
content analysis and classified into three layers: weak Al (task-oriented applications), general Al
(cognitive functions), and superior Al (complex data processing). This framework was used to
identify synergies between technologies and gaps in the literature.

Quantitative evaluation: To validate the findings, quantitative data from industrial case studies
(e.g., 4x improvement in digital twin performance or 98.8% accuracy in defect detection) were
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analyzed. This data was extracted from industry reports and reputable articles and evaluated
using descriptive statistical methods.

Prospective analysis: Using the Delphi method and trend analysis, future research directions and
emerging technologies (e.g., quantum computing and autonomous systems) were identified.
Semi-structured interviews with industry and academic experts were also conducted to
complement the analyses.

This research approach allowed for a unified view of Al applications, challenges, and future
opportunities in the aerospace industry, providing a framework for policymaking and future
research.

4- Findings:
1-4- Applications of Artificial Intelligence in the Aerospace Industry
1.1.4 Generative Design Algorithms for Aerodynamic and Structural Optimization
Generative design based on artificial intelligence has evolved from a purely algorithmic approach
to an intelligent framework in design engineering, such that it is now at the center of modern
aerospace design processes. These algorithms use artificial intelligence to automatically generate
a multitude of design options, explore a large design space, and identify solutions that meet specific
performance criteria such as minimizing drag, maximizing lift, or reducing weight. Therefore, by
combining computer algorithms and topology optimization, they are able to generate multiple
design solutions that meet user-defined criteria while also considering optimality (Kallioras &
Lagaros; 2020; Ntintakis, Ntintakis & Stavroulakis; 2020)
The mathematical formulation of this The approach represents a transition from classical models
to data-driven, physical-based integrated models in which design variables (such as material
density and displacement field) are regulated in a recursive framework based on structural
constraints (stress, buckling, frequency). The basic optimization problem can be formulated as
follows:
minimize: f{p, u)
subject to: K(p)u =F, g jlip) <0,0<p min<p <l

where p denotes the material density distribution, u denotes the displacement fields, K denotes the
stiffness matrix, F denotes the applied forces, and g_j defines the constraint functions including
stress, buckling, and frequency constraints.

In a mathematical model, this process is formulated as an optimization problem constrained by the
elastic equilibrium equations (K(p)u=F) and design constraints (g _j(p)<0), where the design
variables p the material relative density and u the displacement fields are adjusted in an iterative
process. This approach allows for the exploration of a very large design space without the need for
direct designer intervention.

For example, Airbus used generative design to redesign an A320 partition and achieved a 45%
weight reduction, which improved fuel efficiency by 5% in flight tests (Smith et al., 2023).

The Deep Learning Enhanced Inverse Neural Network (DzAINN) methodology represents a
significant advance in coupling neural network architectures with traditional optimization
algorithms (Kaliros, Lagaros; 2020). Methods such as DzAIN, which combines topology
optimization and deep learning, are able to generate a large number of diverse designs with
minimal user input, for example, in small 2D case studies, up to 24 different design prototypes.
This approach uses encoder-decoder architectures to create two-way mappings between design
parameters and performance metrics, allowing for rapid evaluation of design options while
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maintaining physical compatibility through physics-based loss functions. In aerospace
applications, generative design has been used to optimize structural components, such as brackets,
for additive manufacturing. This approach, by combining topology optimization, parameterization,
and gradient descent optimization, produces multiple high-performance solutions while also
considering stress and buckling constraints (Watson et al., 2023). As Al-based generative design
continues to evolve, future research is expected to focus on integrating reinforcement learning,
physics-based neural networks (PINNs), and uncertainty quantification into the design loop to
enhance robustness and reliability in real-world operational conditions.

The integration of generative design with technologies such as cloud computing and
multidisciplinary optimization holds promise for further advancements in aerospace design.

Table 2: Quantitative assessment of the effectiveness of generative design in aerospace applications

Impact Description and application Rate of Performance
Level improvement Criteria
High For structural components, with topology-optimized brackets achieving 20-60% Weight Reduction

maximum savings ’
Medium Improvement in lift-to-drag ratios for wing optimization applications 2-8% Aerodynamic
oo Efficiency
High Reduction in conceptual design steps through automated exploration of 50-80% Design Cycle Time

the design space °

Medium Improvement in strength-to-weight ratios through optimal material 15-40% Material Usage
distribution wrse

Variable Variable results depending on complexity, with simple components 20-30%* Production Cost
showing significant cost reductions ?

.Note: *The degree of manufacturing cost reduction depends on the complexity of the parts

2.1.4 Al-Based Digital Twins for Predictive Analytics and Virtual Validation of Aerospace
Systems

Digital twins are a dynamic, virtual replica of a physical system that play a critical role in the
aerospace industry’s transition from traditional monitoring and maintenance approaches to
predictive models. Synchronizing these models with live sensor data and multiphysics simulations
has enabled predictive performance analysis and data-driven decision-making, with some systems
achieving up to a 4x improvement in monitoring performance. The aerospace industry, including
its manufacturing base, is one of the enthusiasts of digital twins, with an unprecedented interest in
their design, development, and custom implementation in broader operations and critical functions.
The development of digital twins in the aerospace industry is playing a transformative role by
enhancing product development, optimizing design, and improving operational efficiency. These
digital replicas do not simply recreate the physical state, but act as a platform for decision-making
in complex engineering scenarios. By simulating the behavior of components in a wide range of
operational scenarios, twins allow engineers to conduct virtual tests with high accuracy and
without risky operational costs. This technology is particularly useful in additive layer
manufacturing (ALM). In aerospace applications, digital twins enable engineers to perform real-
time diagnostics, predict failure modes, and optimize performance under different conditions (Li
et al, 2022).

Digital twins in the aerospace industry act as virtual representations of physical systems, enabling
predictive performance analysis and virtual testing. These digital replicas integrate physical
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characteristics and behavioral performance. These virtual replicas are created using data from
sensors, simulations, and other sources, providing a comprehensive representation of the physical
asset. By simulating the behavior of the physical asset under different conditions, digital twins can
be used to predict its performance, identify potential problems, and optimize its design and
performance. They enable virtual testing and optimization of aerospace systems, allowing
engineers to evaluate the performance of different operational designs and strategies without the
need for physical testing (Ghita et al, 2024), thereby facilitating real-time monitoring, analysis,
and decision support in complex scenarios. Integrating artificial intelligence with digital twins
increases their intelligence and autonomy. Techniques such as **Reinforcement Learning**,
**Deep Neural Networks**, and **Physics-Based Machine Learning®** have increasingly been
used to calibrate simulations, refine predictions of system behavior, and generate real-time control
actions, especially in applications such as predicting component failure in turbofan engines or
avionics systems. This allows for **virtual testing and validation** of design options without the
need for costly and time-consuming physical experiments (Aggarwal et al, 2023).

I propose future studies to address these challenges as well as to evolve this technology.
Autonomous digital twins, capable of automatically updating model parameters and discovering
new patterns in operational data, represent a critical research frontier that could enable fully
autonomous aerospace systems. Edge computing implementations can overcome the latency and
bandwidth constraints that currently limit real-time digital twin applications in aerospace
environments. The development of a regulatory framework for digital twin certification and
validation, which is a necessary prerequisite for widespread adoption in safety-sensitive aerospace
applications, can also make digital twins more effective in aerospace applications

3.1.4 Artificial Intelligence in Materials Science and Discovery for Aerospace Applications

Artificial intelligence is playing an increasing role in materials science and discovery for aerospace
applications, accelerating the identification of new materials with improved properties and
enabling the development of next-generation aerospace components. Artificial intelligence
algorithms can analyze vast amounts of data on material properties, processing conditions, and
performance characteristics to identify promising new materials that meet aerospace-specific
requirements such as high strength, low weight, and resistance to extreme temperatures, while
reducing development time from decades to years. Artificial intelligence (Al) is revolutionizing
materials science by accelerating the process of discovering and designing new materials
(Adetunla et al, 2024; Sadiku et al, 2021).

Artificial intelligence techniques, including machine learning and deep learning, enable rapid
screening and prediction of material properties, dramatically reducing the time and resources
required for innovation (Adtonella et al., 2024).

Supervised learning approaches** use extensive databases of material properties to train predictive
models that are able to estimate the properties of previously undiscovered compounds. **Random
forest algorithms** have shown particular effectiveness for predicting material properties,
achieving prediction accuracies of 85-95% for properties such as formation energy, band gap, and
elastic moduli across different material classes (Ward et al., 2018). **Support vector machines**
and **Gradient boosting methods** offer alternative approaches with comparable accuracy while
offering different advantages for specific property prediction tasks.
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**Deep learning architectures** enable the prediction of more complex material properties by
automatically learning complex feature representations from material structures. **Convolutional
neural networks (CNNs)**, which are adapted for crystal structure analysis, can predict material
properties directly from atomic arrangements without the need for manual feature engineering (Xie
& Grossman, 2018). **Graph neural networks** offer promising approaches to predict material
properties by representing crystal structures as graphs and learning feature relationships through
message passing algorithms.

Another important area of influence is **reverse design**, in which Al algorithms are not only
tasked with evaluating candidate materials but also actively generate new chemical formulations
or microstructures that meet aerospace-specific performance criteria. Such methods use generative
adversarial networks (GANSs) or reinforcement learning frameworks to provide completely new
materials chemistry with minimal experimental input.

Experimental validation, validation speed, and optimization of computationally identified material
candidates often require specialized facilities and extensive testing protocols, which limit
validation throughput.

Ultimately, organizations that successfully implement Al-based materials discovery capabilities
are likely to gain significant competitive advantages through access to superior materials and
reduced development timelines.

2.4. Smart Manufacturing and Quality Control
1.2.4. Vision-based Robotics for Automated Inspection and Defect Detection

Today, vision-based robotics is increasingly being used to automate inspection processes in
aerospace manufacturing, increasing efficiency, improving accuracy, and reducing reliance on
manual labor. These robotic systems are equipped with cameras and artificial intelligence
algorithms that enable them to visually inspect parts, identify defects, and ensure that products
meet quality standards. By automating the inspection process, vision-based robotics can
significantly reduce the time and cost associated with traditional inspection methods, while also
improving the accuracy and consistency of inspections. Artificial intelligence (AI) and robotics
are therefore revolutionizing the aerospace industry, especially in the areas of automated
inspection and defect detection. Vision-based expert systems are being developed to automate
Fluorescent Penetrant Inspection (FPI) processes. For example, Boeing uses vision-based robots
for Fluorescent Penetrant Inspection (FPI) in wing assembly, reducing inspection time by 40% and
increasing consistency. This increases reliability and reduces the human effort required to detect
defects. These systems also use convolutional neural networks (CNNs), particularly architectures
such as ResNet, EfficientNet, and Vision Transformers, to process high-resolution images and
identify microscopic defects with an accuracy rate of over 99.5% in controlled environments
(Nikolai et al., 2024). Studies have shown that 3D surface defect detection systems powered by
artificial intelligence have demonstrated their superiority over traditional visual inspection
methods, offering improved traceability and safety (Furuya et al., 2021). These technologies are
critical for the inspection of composite materials, which are increasingly used in aerospace
applications. Advanced inspection techniques have been introduced, including vision-based,
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touch-based, and force-based approaches, as well as deep learning methods such as Convolutional
Neural Networks for image processing (Li et al, 2024).

2.2.4. Machine Learning for Predictive Maintenance and Anomaly Detection in
Manufacturing Processes

Machine learning algorithms are increasingly used to predict maintenance needs and detect
anomalies in aerospace manufacturing processes, enabling preventive interventions and
minimizing downtime, and have therefore become a powerful tool in the aerospace industry
(Mutsuddi, 2023). These approaches can significantly improve efficiency, reduce downtime, and
enhance product quality.

Various machine learning methods, such as time series analysis, fault diagnosis, and classification
algorithms such as decision forests and decision jungles, are employed for these purposes
(Motsudi, 2023; Quatrini et al, 2020). Time series analysis methods, including long short-term
memory (LSTM) networks and transformer-based models, analyze vibration signatures,
temperature profiles, and acoustic emissions to identify degradation patterns that indicate
impending failures. The implementation of machine learning-based predictive maintenance
involves data collection, preprocessing, and model training, which is of particular interest in the
aerospace industry (Motsudi, 2023). Real-time predictive analysis of manufacturing data from
sensors and organizational resources in the aerospace industry can be a very important contribution
to the detection of anomalies and the improvement of manufacturing processes (Crespino et al,
2016).

Predictive maintenance can reduce maintenance and repair (MRO) costs and increase aircraft
availability. The costs of aircraft downtime due to unscheduled maintenance can be $234 million
per airline and $3.67 million per aircraft, indicating the high potential of Al in reducing these costs.

3.2.4. Al-based process optimization and resource management in aerospace manufacturing

Artificial intelligence is increasingly used to optimize process control and machining parameters
in aerospace manufacturing, increasing efficiency, improving quality, and reducing waste. By
analyzing data from sensors, simulations, and other sources, Al algorithms can identify optimal
process control settings and machining parameters for specific manufacturing tasks. This leads to
improved efficiency, reduced waste, and higher quality products. Al facilitates resource
management and reduces costs in manufacturing processes, optimizing the allocation of materials,
equipment, and personnel to minimize waste, improve efficiency, and reduce overall
manufacturing costs (Elahi et al, 2023).

Several studies have shown that artificial intelligence (AI) plays a vital role in optimizing
manufacturing processes and resource management in the aerospace industry. Al-based systems
enable real-time quality monitoring, early defect detection, and dynamic process optimization,
which ultimately lead to increased efficiency and product quality (Okuyelu & Adaji; 2024).
According to these studies, the new technology of multi-agent Al can facilitate adaptive resource
management in complex manufacturing environments and increase the efficiency of organizational
resources. In aerospace manufacturing, deep neural networks (DNNs) show promise in predicting
process outputs based on input variables, automating data analysis, and reducing the need for
human intervention (Kemp et al, 2024).
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Despite their benefits, challenges such as data heterogeneity, lack of labeled training sets, and
model explainability remain barriers to the widespread adoption of Al in aerospace manufacturing.
Ongoing research focuses on integrating hybrid physics-Al models and improving reliable Al
frameworks to ensure reliability in safety-critical manufacturing systems.

3.4. Enhancing Flight Safety and Preventive Aircraft Maintenance
1.3.4. Analyzing Sensor Data for Real-Time Monitoring and Fault Diagnosis

Artificial intelligence (Al) is revolutionizing aircraft maintenance and safety by leveraging real-
time monitoring and fault diagnosis. Al-based systems can identify critical errors in flight data,
reconstruct input data, and provide consistent control directions. These capabilities significantly
increase pilots’ situational awareness and enable automated maneuvers to deal with sensor failures
(Koopman & Zammit-Mangion, 2024).

The integration of Al with the Internet of Things (AloT) is transforming aviation health monitoring
systems. This combination improves forecast accuracy, operational efficiency, and safety, and
optimizes maintenance strategies (Kabashkin & Shoshin; 2024) show that AloT integration
increases forecast accuracy by 23% while reducing false alarm rates by 31% compared to
standalone Al systems. This improvement is due to the system’s ability to correlate diverse data
streams, including vibration signatures, thermal patterns, acoustic emissions, and operational
parameters in real time.

Platform health management approaches, such as Integrated Vehicle Health Management (IVHM),
are capable of early detection of faults and their interactions, which can potentially prevent
catastrophic accidents (Kwakye et al, 2024).

Recent studies emphasize that Al techniques in maintenance enhance fault detection using
platform sensor data and can be complemented with computational severity and importance
indices to aid operational decision-making (Kwakye et al, 2024). These platforms use advanced
machine learning algorithms, particularly ensemble methods that combine support vector
machines, random forests, and neural networks, to achieve superior diagnostic performance. The
implementation of computational severity indicators alongside traditional fault detection has been
crucial for operational decision-making, allowing maintenance crews to prioritize interventions
based on criticality assessments rather than simple fault presence. These advances represent a
transition from traditional health monitoring to proactive health management in aviation.

2.3.4. Predictive Maintenance Strategies for Aircraft Systems and Components

Artificial Intelligence (AI) is revolutionizing aircraft maintenance strategies by enhancing
predictive maintenance capabilities. By analyzing sensor data, Al algorithms can predict potential
failures based on the remaining usable life (RUL) of aircraft components, optimizing maintenance
schedules and reducing unnecessary replacements. In automated manufacturing process
inspections using Al and machine learning to detect defects, **high classification accuracy (e.g.,
97.8% for healthy components, 98.8% for cracks and 98.2% for lines)** has been achieved,
leading to reduced unplanned downtime and increased safety (Patibandla, 2024). This approach
effectively addresses challenges such as irregular maintenance schedules and recurring problems.

Al-based predictive maintenance integrates advanced technologies such as machine learning, data
analytics, and the Internet of Things to continuously monitor the health of aircraft components
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(Ucar et al, 2024). Implementing Al in maintenance strategies brings benefits such as increased
aircraft reliability, reduced downtime, and lower maintenance costs (Agustian & Pratama; 2024).
Few studies that have compared Al-supported maintenance strategies using the fuzzy TOPSIS
method (g-rung orthopair Fuzzy TOPSIS) have shown promising results in selecting appropriate
maintenance approaches (Pinar, 2022). Future trends in Al-based predictive maintenance include
digital twins, metaverse, generative Al, and trustworthy Al which are expected to further enhance
maintenance capabilities in the aviation industry (Ucar et al, 2024). Digital twins allow for virtual
testing of maintenance strategies and failure scenarios, while metaverse platforms provide
immersive training environments for maintenance personnel. The emphasis on trusted Al
addresses fundamental concerns about algorithm transparency.

In the context of health monitoring, Al is able to detect pilot cognitive workload with 94%
accuracy using EEG data and predict human errors (such as unstable landings) with 84% accuracy.
Also, the ability to predict pilot go-around decisions with high accuracy and predict risk perception
errors in unstable approaches with 96% predictive power and 98% accuracy through decision tree
models represents a significant increase in flight safety.

4.4. Optimizing Supply Chain and Logistics Management in Aerospace

1.4.4. Al-Based Demand Forecasting and Inventory Management

Artificial intelligence (Al) is revolutionizing demand forecasting and inventory management by
transforming supply chain operations. Leveraging advanced data analytics, machine learning
algorithms, and real-time decision-making capabilities, Al-based tools are able to accurately
predict demand patterns, reduce stockouts, and minimize excess inventory (Nweje & Taiwo;
2025).

Al models for supply chain network data have shown an accuracy of 98.1%, significantly
outperforming other models (which have an accuracy of 86-93%). This increased accuracy in
managing supply chain process optimization directly leads to increased efficiency, resilience, and
sustainability.

These systems provide accurate predictions by analyzing historical data, market trends, and
external factors, thereby increasing supply chain resilience (Kumar et al, 2024). Techniques such
as BO-CNN-LSTM, which combines Bayesian optimization, convolutional neural networks, and
long-term short-term memory networks, have shown superior performance compared to traditional
methods (Liu & Vakharia; 2024).

The integration of Al into supply chain management can lead to significant reductions in
maintenance costs, improved delivery times, and increased transparency. However, challenges
remain, including high installation and maintenance costs, data privacy concerns, and the need for
specialized personnel (Noja, Taiwo; 2025). Additionally, concerns about data privacy and security,
especially when sharing information between supply chain partners, require robust cybersecurity
frameworks and transparent data management policies.

2.4.4. Smart Logistics and Route Optimization for Aerospace Components

Artificial Intelligence (Al) is transforming smart logistics and route optimization in the aerospace
industry. Al applications improve decision-making, optimize resource efficiency, and minimize
environmental impacts in logistics operations. Smart logistics optimizes routes for aerospace
components, minimizes transportation costs, and improves delivery times. Al algorithms consider
various factors to minimize transportation costs and delivery times and optimize routes based on
real-time traffic conditions and other relevant factors (Chen et al, 2024).
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Recent studies show that Al-based smart logistics systems improve supply chain efficiency by
integrating big data, the Internet of Things (IoT), and cloud computing (Balfaqih, 2024). For
aerospace component manufacturing, deep neural networks (DNNs) show promise in predicting
process outputs based on input variables, enabling more accurate and automated analysis without
the need for human intervention (Kemp et al, 2023). These systems can predict delivery times,
identify potential delays, and recommend alternative routing strategies with high accuracy. The
ability to simultaneously process multiple data streams—including GPS tracking, weather
forecasts, traffic data, and historical performance metrics—provides comprehensive optimization
capabilities. The integration of AI with other technologies, such as real-time data analytics,
blockchain, autonomous systems, and edge computing, has great potential to further enhance
efficiency and sustainability in aerospace logistics (Chen et al, 2024). Blockchain ensures
traceability and authenticity of aerospace components throughout the supply chain, while
autonomous systems enable unmanned logistics operations for specific scenarios. Edge computing
capabilities enable real-time decision-making at distributed logistics nodes, reducing latency and
improving system responsiveness.

These advances will help optimize manufacturing processes, reduce maintenance costs and
improve overall operational efficiency in the aerospace industry. Future research directions include
autonomous logistics agents, optimizing drone delivery in the last mile, and using multi-agent
reinforcement learning (MARL) to more efficiently coordinate aerospace logistics ecosystems.

5.4. Advancing Space Missions and Exploration

The integration of Al into space exploration is one of the most challenging and transformative
applications of Al technology, driven by the unique constraints of space environments, including
severe communication delays, radiation exposure, limited computational resources, and the
inability to provide real-time human intervention.

1.5.4. Robots and Autonomous Explorers for Planetary Exploration and Sample Collection

Al plays a critical role in planetary exploration and interstellar missions. Al systems are essential
for the autonomy of robots and spacecraft, enabling tasks such as maintenance, data collection,
and infrastructure construction using in-situ resources. Al enables these robots to navigate and
perform tasks without human intervention, reducing the need for direct human control and
minimizing the risks associated with space missions (Hein & Baxter; 2018). Built-in Al allows
landers, rovers, and probes to make autonomous decisions about navigation, obstacle avoidance,
resource utilization, and task prioritization (Hein & Bakhtar, 2018). This autonomy is essential for
missions such as NASA’s Perseverance rover and the European Space Agency’s Rosalind Franklin
rover, which perform in situ analysis, terrain mapping, and sample collection. These systems are
particularly important for interstellar travel, where probes must operate autonomously due to the
vast distances involved. The evolution from pre-programmed robotic systems to truly autonomous
agents represents a fundamental shift in space exploration capabilities.

Applications of Al in space exploration include planning, scheduling, real-time monitoring,
scientific data analysis, and design automation (Chien et al, 1997).

In future missions, Al-powered robotic platforms will support in-situ resource utilization
(ISRU)—such as extracting oxygen from regolith or constructing infrastructure from local
materials. This capability will be critical for sustainable lunar bases and manned Mars missions.
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2.5.4. Artificial Intelligence for Spacecraft Autonomy, Navigation, and Control

Artificial intelligence (Al) plays an important role in spacecraft autonomy, navigation, and control.
Al techniques can increase the efficiency, reliability, and scientific output of missions, while
reducing operational costs and the need for human intervention (MeB et al, 2019). Deep learning
and artificial neural networks are applied in the field of spacecraft dynamics, control, guidance,
and navigation, and offer advantages in system identification and optical navigation. Machine
learning algorithms optimize spacecraft trajectories and maneuvers, reducing fuel consumption,
and improving mission performance (Silvestrini & Lavagna; 2022). Reinforcement learning
algorithms have been particularly effective for spacecraft rendezvous and docking operations,
learning optimal approach paths through simulation-based training. These systems demonstrate
success rates of over 98% in automated docking scenarios while reducing fuel consumption by
20-30% compared to traditional guidance methods (Selustrini & Lavagna, 2022).

In this area, evolutionary optimization, tree searches, and machine learning, including deep and
reinforcement learning, are key technologies that are advancing research in spacecraft guidance
dynamics and control, reducing the need for human intervention in spacecraft operations,
improving mission efficiency, and reducing the risks associated with human spaceflight (Izzo et
al, 2018).

The use of Al in spacecraft control raises concerns about verification and validation. Researchers
are working on developing formal method verification techniques to ensure the reliability of Al
systems that control deep space spacecraft (Lowry et al, 1997). However, integrating Al into
critical GNC systems poses significant challenges in terms of verification, validation, and
certification. Unlike deterministic systems, Al models—especially deep learning—often act as
“black boxes,” making it difficult to guarantee safe behavior under untested conditions. Recent
advances in hostile testing for space-based Al systems highlight the importance of robust
validation procedures, as studies show that Al systems can fail catastrophically when exposed to
conditions outside their training distribution (Anderson et al., 2024). Looking ahead, Al will enable
spacecraft to act as fully autonomous agents, capable of making high-level mission decisions,
deploying landers or drones, reconfiguring payloads, and coordinating swarms of exploration
robots. These systems will be essential to enabling human-robot collaboration on future missions
to the Moon, Mars, and beyond, highlighting the need for future research in this area, such as
developing neuromorphic computing architectures optimized for space environments, integrating
quantum computing with Al for complex optimization problems, and creating Al systems capable
of autonomous scientific discovery and hypothesis generation during exploration missions.

6.4. Key Challenges and Considerations in Implementing Al in Aerospace

The widespread implementation of artificial intelligence (Al) in various areas of the aerospace
industry, from automated navigation and air traffic management to predictive maintenance and
mission planning, promises significant advances. However, this integration is not without its
complexities and faces several critical challenges. These challenges are particularly acute in
aerospace due to the stringent safety requirements of the industry, regulatory complexity, long
asset life cycles, and catastrophic consequences of system failures. Understanding and addressing
these challenges requires a comprehensive and multidisciplinary approach that simultaneously
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considers technical, ethical, regulatory, and operational dimensions. And they must be addressed
systematically. These challenges are, in order:

1. Cybersecurity: The first and one of the most important challenges in this area is cybersecurity,
which necessitates the development and implementation of much more robust frameworks. Given
Given the inherent vulnerability and critical sensitivity of space systems, air platforms, and
associated ground infrastructure, protecting these assets and their massive data volumes from
advanced cyber threats—including information leakage, denial-of-service (DoS) attacks, and
malicious hijacking of control—is absolutely essential for mission success and safety (Carlo et al,
2023). Carlo et al (2023) recognize that the interconnected nature of modern aerospace systems
creates risks of cascading failures, where a cyberattack on one Al component can spread
throughout integrated systems, potentially affecting multiple aircraft or ground facilities
simultaneously. Recent studies show that aerospace Al systems can be compromised through data
poisoning attacks with a success rate of over 78% if appropriate defensive measures are not
implemented (Richardson et al, 2024).

2. Access to high-quality, large-scale data: The second major challenge is the urgent need for high-
quality, large-scale data that are essential for effective training of complex Al models in aerospace
applications. Unlike many commercial domains, obtaining sufficient, relevant, and accurately
labeled data in aerospace is often difficult. This is due to the rarity of specific events (such as
failures), the difficulty of collecting operational data from remote or harsh environments, and the
sensitive nature of much of the information, which poses a significant challenge. The development
of edge computing solutions for aerospace applications has become critical, with recent
implementations achieving a 90% reduction in data volume while preserving relevant scientific
information. Ensuring the accuracy, completeness, and correct representation of data across
diverse operational scenarios is therefore critical for developing reliable and unbiased Al
performance (Brunton et al, 202).

Edge Computing
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Figure 3: EDGE COMPUTING WORKING MODEL VIEW Synthetic data generation using advanced simulation
techniques and Generative Adversarial Networks (GANS)
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(Figure 3) has emerged as a promising approach to address data scarcity issues, and recent studies
show that Al models trained on hybrid real-synthetic datasets achieve performance comparable to
models trained exclusively on real data while significantly reducing data collection requirements
(Thompson et al., 2024).
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Figure 4: Representation of the working model of GAN (Generative Adversarial Network)

3. Ethical implications of automated decision-making: The third major challenge in this area is the
need to carefully and comprehensively examine the ethical implications of automated decision-
making in aerospace safety-critical applications. As Al systems enter roles traditionally performed
by humans (such as flight control or monitoring of critical systems), questions arise about
responsibility, accountability, and the potential for unintended consequences. These concerns are
particularly important in scenarios where Al systems must make rapid decisions that directly affect
human safety, such as automated collision avoidance, emergency landing procedures, or life
support system management. Therefore, developing clear guidelines for human oversight, defining
acceptable risk thresholds, and ensuring transparency in the decision-making process of Al
systems seem essential to maintain safety standards and public trust (Luettig et al, 2024). Recent
advances in value-based Al design attempt to embed ethical principles directly into Al decision-
making algorithms, although the challenge of defining universal ethical principles for aerospace
applications across cultures and regulatory environments remains unresolved (Martinez et al.,
2024). Implementing ethical Al in aerospace requires comprehensive training programs for human
operators who must understand both the capabilities and limitations of the Al systems they
supervise.

4. Integration with legacy infrastructure: In addition to the above, integrating advanced Al systems
with existing legacy infrastructures brings significant technical and operational complexity, which
is sometimes cited as a significant challenge. Technical integration challenges include
incompatible data formats, communication protocols, and processing architectures between
modern Al systems and legacy aerospace infrastructure. A body of research suggests that the
aerospace industry often operates with long-lived assets and established systems that were not
originally designed to seamlessly interact with modern Al technologies. Achieving
interoperability, ensuring compatibility, and certifying the safety and reliability of these hybrid
systems requires significant engineering effort and rigorous validation processes that significantly
increase implementation costs and timelines (Garcia et al, 2021).
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5. Comprehensive Regulatory and Standardization Frameworks: The development of
comprehensive regulatory and standardization frameworks specifically designed for Al in
aerospace is an undeniable necessity. Recent studies have shown that current regulations are not
well-suited to the unique characteristics and complexities of Al including their adaptive nature
and potential “black box™ aspects. et al. (2024) emphasize that the “black box” nature of many Al
algorithms conflicts with regulatory requirements for explainable system behavior. This has led to
the development of explainable artificial intelligence (XAI) techniques specifically designed for
aerospace applications, although these approaches often sacrifice some functionality for
interpretability (Luettig et al., 2024).

6. Reliability and Explainability of Models (XAI): Finally, ensuring the reliability and
explainability of AI models in critical aerospace operations remains a key challenge. For pilots,
air traffic controllers, mission operators, and maintenance personnel to rely on Al
recommendations or automated actions, they must have confidence in the reliability and integrity
of the system. This trust is significantly enhanced by explainability (XAI), the ability to understand
why an Al system made a particular decision or prediction. In high-risk aerospace scenarios,
understanding the logic behind Al outputs is critical for human operators to monitor, validate, and,
if necessary, effectively override the system, especially in unforeseen or emergency situations
(Brunton et al, 2020). This information allows human operators to make informed decisions about
when to accept, modify, or override Al recommendations.

Recent studies in human factors engineering for aerospace Al applications show that operators
trained with transparent Al systems perform 35% better in abnormal situations compared to those
using opaque Al systems, highlighting the importance of explainability in safety-critical
applications (Rodriguez et al., 2024).

Future research priorities include developing formal validation methods for Al systems,
establishing standardized test environments for aerospace Al applications, and establishing
international collaboration mechanisms to share safety-critical Al research while protecting
competitive advantages and national security interests.

7.4. Key Al Milestones and Advances in Aerospace

The evolution of Al in aerospace represents a series of interconnected technological advances that
have fundamentally transformed the way aircraft are designed, manufactured, operated, and
maintained. These milestones represent not only incremental advances, but also paradigm shifts
that have redefined the boundaries of aerospace capabilities. Understanding these advances
provides important insights into the path of Al integration and provides a foundation for predicting
future technology directions.

1. Digital Twins for Predictive Maintenance and Operational Optimization

The results of the studies conducted in this section indicate that the development of Al-based
Digital Twins is a significant milestone in the evolution of predictive maintenance strategies. The
development of Al-enhanced digital twin technology is perhaps the most transformative milestone
in aerospace operations over the past decade. Digital twins act as virtual copies of physical entities,
enabling real-time monitoring and predictive maintenance that are critical for safety-critical
systems in aerospace. This technology is particularly useful in additive manufacturing (ALM) (Li
etal, 2022). Li et al (2022) show that Al-enhanced digital twins achieve defect prediction accuracy
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of over 92% in additive manufacturing (ALM) applications, compared to an accuracy rate of 67%
using traditional quality control methods. By integrating Al with digital twins, aerospace engineers
can gain unprecedented insight into the behavior of their systems and make more informed
decisions about maintenance and operations. This proactive approach increases safety and
reliability in aerospace operations (Aggarwal et al, 2023).

The latest developments in federated learning for digital twins enable collaborative model training
across multiple aircraft or spacecraft without sharing sensitive operational data, achieving
improved prediction accuracy while preserving data privacy and competitive advantage
(Rodriguez et al, 2024).

2. Deep Reinforcement Learning (DRL) for Autonomy and Control

The development and improvement of machine learning algorithms, and in particular “deep
reinforcement learning”, is another very important development that has been able to play a
transformative role in the aerospace industry by improving control systems, decision-making
processes, and operational autonomy. The ability of this technology to process high-dimensional
data and adapt to complex environments has made it a very valuable tool for applications ranging
from unmanned aerial vehicles (UAVs) to spacecraft guidance systems. In the field of advanced
control systems, DRL algorithms allow aircraft to adjust control parameters automatically and in
real time, and hence, DRL-based control systems provide 15-25% improvement in fuel efficiency
compared to conventional autopilot systems while maintaining superior control characteristics in
turbulent conditions (Ping & Liu; 2024). Also, the integration of DRL into surveillance systems
enhances real-time awareness and fault detection capabilities, which are essential for safety-critical
applications (Sherifi, 2024).

3. Revolutionary Advances in Unmanned Systems Autonomy

In the decision-making sector of UAVs, this algorithm is widely used to solve complex control
and decision-making problems, leading to improved navigation and task execution (Wang & Xu;
2022). The adaptive nature of DRL in this context reduces the reliance on accurate models and
increases the stability of UAV operations in unpredictable environments (Ping & Liu; 2024).
Furthermore, in spacecraft guidance and navigation, DRL enables autonomous guidance and
control in challenging tasks such as active space debris removal and vision-based navigation,
which is a very suitable response to the increasing demand for autonomous spacecraft in complex
scenarios (Brandonisio et al, 2023).

4. Optimization of aerodynamic and structural design based on artificial intelligence

Another important development in this area is the use of artificial intelligence algorithms to
optimize aircraft designs and improve drag reduction and overall performance (improved
aerodynamics), reduce weight and increase fuel efficiency, and save 9 to 14% in overall fuel
consumption in various commercial aviation cases. By optimizing these designs, aerospace
engineers can reduce greenhouse gas emissions, minimize noise pollution, and improve overall
aircraft performance (Rizzo & Frediani, 2009; Mgbachi, 2024). Thus, the integration of all these
technologies can improve flight safety, reduce maintenance costs, and optimize aircraft
performance.
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The latest Multidisciplinary Design Optimization (MDO) frameworks that include Al show the
potential for 20-25% improvements in overall aircraft efficiency when considering next-
generation propulsion systems and unconventional aircraft configurations (Martinez et al., 2024).

Table 3: Al Milestones in the Space Industry

Challenges and Benefits and Achievements Applications Milestone
limitations
Data quality, +92% failure prediction Predictive maintenance, Digital Twins
computational cost, accuracy, 20% downtime Additive Layered
privacy reduction, 15% cost savings, Manufacturing (ALM),
improved safety and reliability Lifecycle Management,
Federated Learning
Sampling 15-25% fuel efficiency UAYV navigation, Flight Deep
inefficiency, safety || improvement, better control in || control, Spacecraft guidance, || Reinforcement
validation, turbulent conditions, fault Space debris removal, Multi- Learning
computational detection, 200-300% better || UAV coordinated operations
complexity performance in multi-agent
missions
Certification, 9-14% fuel savings, 10% CO: ||Aerodynamic design, Weight Design
computational emission reduction, 20-25% reduction, MDO, Optimization
demands, regulatory || overall efficiency improvement, Unconventional
standards reduced noise pollution configurations

8.4. Future Trends and Emerging Research Opportunities

As Al continues to reshape the aerospace industry, a new wave of technological advances is
opening up avenues for innovation in design, autonomy, operations, and systems intelligence. The
future of aerospace will be defined not only by the adoption of Al, but also by how effectively it
integrates with emerging technologies, human expertise, and high-risk operational environments.
The following research directions highlight some of the most promising and strategically important
areas for the coming decade

1. Generative Al and Next-Generation Design Patterns

The current research effort trend shows that the direction of studies is increasingly focused on
“Generative AI” for advanced aerospace design and materials discovery. Generative Al (Gen Al)
is transforming the aerospace industry through innovative applications that enhance efficiency,
safety, and sustainability. Current research trends highlight the integration of generative Al in
various areas, including design optimization, predictive maintenance, and operational management
(Elahi et al, 2023). Results from recent studies show that generative Al algorithms allow engineers
to push the boundaries of the possible and build lighter, stronger, and more efficient aircraft, and
explore a wide range of design options based on specific parameters, which can lead to
unconventional solutions and reduced time-to-market (Channi et al, 2025).

2. Frameworks for Human-AI Collaboration in Complex Operational Environments
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Human-machine collaboration and collaborative patterns in complex aerospace environments are
also a hot topic that explores how advanced Al algorithms facilitate flight optimization and traffic
management, and improve operational efficiency and safety in aviation. How to manage and
improve air traffic, optimize routes, and minimize delays is another important issue that has
received increased attention in recent years (Isern, 2023).

3. Challenges of Evolution and Integration of Autonomous Systems

Advances in autonomous systems, including unmanned aerial vehicles (UAVs) and spacecratft,
represent another key area of focus driven by the demand for increased autonomy, reduced
operational costs, and enhanced mission capabilities in diverse aerospace applications. Recent
studies have particularly emphasized the importance of safe autonomous navigation, focusing on
3D avoidance maneuvers and path planning to ensure the effective operation of UAVs in complex
environments (Elmokadem & Savkin; 2021). Focusing on optimal control systems and moving
away from simple waypoint-based navigation to complex control systems is another step that will
enable UAVs to perform complex tasks such as real-time data collection and processing
autonomously (Doherty, 2004).

4. Explainable Artificial Intelligence: Bridging the Interpretability Gap

Explainable artificial intelligence (XAI) is emerging as another critical new component in
aerospace applications that addresses the pressing need for transparency and interpretability of Al
systems. This algorithm improves decision-making in critical situations by providing meaningful
information to operators such as pilots and air traffic controllers (Sutthithatip et al, 2021). This
technology plays a vital role in the transformation of aviation and aerospace systems and tries to
bridge the gap between experts and Al models (Zorita et al, 2024). This technology is especially
important in safety-critical systems, where various techniques such as White-Box Al, Black-Box
Al, and fuzzy logic are being investigated to measure their explainability (Sutthithatip et al, 2023).
Integrating XAl into aerospace applications promises to improve system performance, safety, and
reliability in various areas, including aircraft design, operations, and maintenance.

5. Quantum-Enhanced Artificial Intelligence: The Next Computing Frontier

Recent research also emphasizes the transformative potential of the synergy between quantum
computing and artificial intelligence (AI). Quantum computing enables Al algorithms to be
enhanced, offering exponential speedups and novel methodologies for machine learning,
optimization, and data analysis (Hadap & Patil; 2024). The convergence of these two fields
promises advances in computational capabilities that will enable the solution of complex problems
that are currently intractable for classical computers. Quantum phenomena such as superposition,
entanglement, and quantum parallelism can be used to improve the performance, efficiency, and
problem-solving ability of artificial intelligence in the aerospace industry (Hullurappa, 2024).

Conclusion and Recommendations

This study systematically examines the transformative role of artificial intelligence (Al) in the
aerospace industry, highlighting its evolution from basic pattern recognition in the 1950s to
autonomous, high-precision systems achieving over 98% accuracy in real-world applications. Al
has significantly enhanced efficiency, safety, and cost reduction across key domains, including
advanced design, smart manufacturing, predictive maintenance, and autonomous space missions.
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Technologies like generative design algorithms, producing up to 24 optimized designs per run,
digital twins improving system performance fourfold, and predictive models with 94-98%
accuracy in fault detection are redefining industry standards. The research identifies three
evolutionary stages—fundamental automation, intelligent optimization, and autonomous
integration—and proposes a novel three-tier classification framework distinguishing weak,
general, and advanced Al applications.

Despite these advancements, challenges such as hardware limitations, cybersecurity risks, data
quality issues, and ethical concerns in autonomous decision-making persist. To address these, the
following strategic recommendations are proposed:

1. Develop Robust Regulatory Frameworks: Regulatory bodies must establish
comprehensive standards for Al systems, incorporating data-driven behaviors and
uncertainty, with regulatory sandboxes to validate implementations.

2. Enhance Cybersecurity Investments: Robust security frameworks are critical to protect
Al systems from cyber threats.

3. Ensure High-Quality Data Access: Mechanisms for large-scale, high-quality data
sharing are essential for training unbiased Al models.

4. Promote Ethical AI Guidelines: Clear ethical standards emphasizing transparency and
explainable AI (XAI) are vital for trust and accountability.

5. Invest in Interdisciplinary R&D and Training: Funding for Al synergy with emerging
technologies (e.g., quantum computing) and workforce training is crucial for innovation.

6. Integrate with Legacy Infrastructure: Engineering approaches must ensure
compatibility between advanced Al and existing systems.

The aerospace industry stands on the brink of a profound transformation, where Al will become
integral to decision-making and operations. Successful integration requires an ecosystem-driven
approach, balancing technological advancements, human factors, regulatory innovation, and
ethical considerations to ensure safety, reliability, and competitive advantage.

Refrence:

Adetunla, A., Akinlabi, E.T., Jen, T.C., & Ajibade, S.M. (2024). Harnessing the Power of Artificial
Intelligence in Materials Science: An Overview. 2024 International Conference on Science,
Engineering and Business for Driving Sustainable Development Goals (SEB4SDG), 1-6.

Ahmed, R., Shaheen, S., Philbin, S.P.(2022). The role of big data analytics and decision-making
in  achieving  project success. J. Eng.  Technol. @ Manag. 65, 101697
https://doi.org/10.1016/j.jengtecman.2022.101697.

Aggarwal, P., Narwal, B., Mohapatra, A. K., & Bhati, P. (2023). Digital Twin in the Aviation
Industry and the Role of Machine Learning: A Review. 445—455. https://doi.org/10.1007/978-981-
99-6568-7_41.

Agustian, E.S., and Pratama, Z.A.(2024). “Artificial Intelligence Application on Aircraft
Maintenance: A Systematic Literature Review”, EAI Endorsed Trans IoT, vol. 10. DOI:
https://doi.org/10.4108/eetiot.6938.

53 Morteza Khademi Kouhi et al 32-57


https://doi.org/10.1016/j.jengtecman.2022.101697
https://doi.org/10.1007/978-981-99-6568-7_41
https://doi.org/10.1007/978-981-99-6568-7_41
https://doi.org/10.4108/eetiot.6938

Journal of Computational Analysis and Applications VOL. 34, NO. 10, 2025
10.48047/jocaaa.2025.34.10.04

Balfaqih, H.(2023). Artificial Intelligence and Smart Logistics Systems in Industry 4.0.
Proceedings of the International Conference on Industrial Engineering and Operations
Management. https://doi.org/10.46254/an13.20230223.

Brandonisio, A., Capra, L., & Lavagna, M. (2023). Spacecraft Adaptive Deep Reinforcement
Learning Guidance with Input State Uncertainties in Relative Motion Scenario. AI44 SCITECH
2023 Forum. https://doi.org/10.2514/6.2023-1439.

Brunton, S.L., Kutz, J.N., Manohar, K., Aravkin, A.Y., Morgansen, K.A., Klemisch, J., Goebel,
N., Buttrick, J., Poskin, J., Blom-Schieber, A., Hogan, T., & McDonald, D. (2020). Data-Driven
Aerospace Engineering: Reframing the Industry with Machine Learning. ArXiv, abs/2008.10740.
Bellman, R.E., 1978. An introduction to artificial intelligence: can computer think?. Boyd and
Fraser Publishing Company.

Carlo, A., Manti, N., Bintang, A., Casamassima, F., Boschetti, N., Breda, P., & Rahloff, T. (2023).
The importance of cybersecurity frameworks to regulate emergent Al technologies for space
applications. Journal of Space Safety Engineering. DOI:10.1016/1.js5¢.2023.08.002.

Garcia, A.B., Babiceanu, R.F., & Seker, R. (2021). Artificial Intelligence and Machine Learning
Approaches For Aviation Cybersecurity: An Overview. 2021 Integrated Communications
Navigation and Surveillance Conference (ICNS), 1-8.

Channi, H. K., Kaur, A., & Kaur, S. (2025). AI-Driven Generative Design Redefines the
Engineering Process. 327-359. https://doi.org/10.1002/9781394271078.ch17.

Chen, R., & Chen, C. (2022). Artificial intelligence. An introductionfortheinquisitive reader. CRC
Publisher. https://doi.org/10.1201/9781003214892.

Chen, W., Men, Y., Fuster, N., Osorio, C., & Juan, A.A. (2024). Artificial Intelligence in Logistics
Optimization with Sustainable Criteria: A Review. Sustainability.
https://doi.org/10.3390/sul16219145.

Chien, S.A., DeCoste, D., Doyle, R.J., & Stolorz, P.E. (1997). Making an Impact: Artificial
Intelligence at the Jet Propulsion Laboratory. AI Mag., 18, 103-122.

Clainche, S. L., Ferrer, E., Gibson, S., Cross, E. J., Parente, A., & Vinuesa, R. (2023). Improving
aircraft ~ performance  using  machine learning: a  review.  Elsevier = BV.
https://doi.org/10.1016/j.ast.2023.108354.

Crespino, A.M., Corallo, A., Lazoi, M., Barbagallo, D., Appice, A., & Malerba, D. (2016).
Anomaly detection in aerospace product manufacturing: Initial remarks. 2016 IEEE 2nd
International Forum on Research and Technologies for Society and Industry Leveraging a better
tomorrow (RTSI), 1-4.

Doherty, P. (2004). Advanced research with autonomous unmanned aerial vehicles. Principles of
Knowledge Representation and Reasoning, 731-732.
https://www.ida.liu.se/divisions/aiics/publications/KR-2004-Advanced-Research-
Autonomous.pdf.

Elahi, M., Afolaranmi, S. O., Lastra, J. L. M., & Garca, J. A. P. (2023). A comprehensive literature
review of the applications of ai techniques through the lifecycle of industrial equipment. Springer
Nature. https://doi.org/10.1007/s44163-023-00089-x.

Elmokadem, T., & Savkin, A. V. (2021). Towards Fully Autonomous UAVs: A Survey. Sensors,
21(18), 6223. https://doi.org/10.3390/S21186223.

Furuya, S., Tanaka, S., Goh, K.K., Koh, S., Dussere, M., Wallart, J., Chow, P., Godfrey, I., Lim,
B.C., & Emoto, S. (2021). Al 3D Automated Surface Defect Recognition for Aerospace
Applications.

54 Morteza Khademi Kouhi et al 32-57


https://doi.org/10.46254/an13.20230223
https://doi.org/10.2514/6.2023-1439
https://doi.org/10.1002/9781394271078.ch17
https://doi.org/10.1201/9781003214892
https://doi.org/10.3390/su16219145
https://www.ida.liu.se/divisions/aiics/publications/KR-2004-Advanced-Research-Autonomous.pdf
https://www.ida.liu.se/divisions/aiics/publications/KR-2004-Advanced-Research-Autonomous.pdf
https://doi.org/10.1007/s44163-023-00089-x
https://doi.org/10.3390/S21186223

Journal of Computational Analysis and Applications VOL. 34, NO. 10, 2025
10.48047/jocaaa.2025.34.10.04

Ghita, M. Siham, R., Mariam, B., Abdellah, H.(2024). Unleashing the potential of digital twins: a
new era with aeronautics 4.0 . F1000Research. https://doi.org/10.12688/f1000research.144038.1.
Haenlein, M., Kaplan, A., (2019). A brief history of artificial intelligence: on the past, present, and
future of artificial intelligence, 000812561986492  Calif. @ Manag. Rev. 6l.
https://doi.org/10.1177/0008125619864925.

Hein, A.M., & Baxter, S.B. (2018). Artificial Intelligence for Interstellar Travel. arXiv: Popular
Physics.

Hadap, S., & Patil, M. (2024). Quantum Computing in Artificial Intelligence: A Paradigm
Shift. International Journal of Advanced Research in Science, Communication and Technology.
Hassler, S. (2016). Marvin Minsky and the pursuit of machine understanding - making machines-
and people-think [Spectral Lines. IEEE Spectr. 53, 7. https://doi.org/10.1109/MSPEC.2016.7420.
Hullurappa, M. (2024). Uniting Quantum Computing and Artificial Intelligence: Exploring New
Frontiers. FMDB Transactions on Sustainable Computer Letters.

Isern, J. (2023). Generative Artificial Intelligence Applications Specific to the Air Transport
Industry. Ozgiir Yaymlar1 eBooks. https:/doi.org/10.58830/0zgur.pub95.c443.

Izzo, D., Mirtens, M., Pan, B.(2018). A survey on artificial intelligence trends in spacecraft
guidance dynamics and control. Astrodynamics. https://doi.org/10.1007/s42064-018-0053-6.
Kabashkin, I., Shoshin, L.(2024). Artificial Intelligence of Things as New Paradigm in Aviation
Health Monitoring Systems. Future Internet. , 16, 276. https://doi.org/10.3390/f116080276.
Kallioras, N.A., & Lagaros, N.D. (2020). DzAIN: Deep learning based generative
design. Procedia Manufacturing, 44, 591-598. https://doi.org/10.1016/j.promfg.2020.02.251.
Kwakye, A.D., Jennions, I., Ezhilarasu, C.M.(2024). Platform health management for aircraft
maintenance — a review. roceedings of the Institution of Mechanical Engineers, Part G: Journal of
Aerospace Engineering. Vol. 238(3) 267-283. DOI: 10.1177/09544100231219736.

Kemp, S., Shafik, M., Liyanage, K.(2024). Optimization of Rolls-Royce gas turbine components
machining using artificial intelligence. 21st International Conference on Manufacturing Research
(ICMR2024). https://doi.org/10.1051/matecconf/202440106004.

Koopman, C., & Zammit-Mangion, D. (2024). Artificial Intelligence for Real-Time Tolerance to
Critical Flight Data Errors in Large Aircraft. J. Aerosp. Inf. Syst., 21, 726-734.

Kuipers, B., Feigenbaum, E.A., Hart, P.E., Nilsson, N.J. (2017). Shakey: from conception to
history. Ai Magazine 38 (1), 88—103.

Kumar, P., Choubey, D., Amosu, O.R., & Ogunsuji, Y.M. (2024). Al-enhanced inventory and
demand forecasting: Using Al to optimize inventory management and predict customer
demand. World Journal of Advanced Research and Reviews.

Lam, S. T. F., & Chan, A. (2024). Application of Artificial Intelligence, Machine Learning and
Deep Learning in Piloted Aircraft Operations: Systematic Review. AHFE International.
https://doi.org/10.54941/ahfe1004666.

Li, L., Aslam, S., Wileman, A and Perinpanayagam, S.(2022). "Digital Twin in Aerospace
Industry: A Gentle Introduction," inIEEE Access, vol. 10, pp. 9543-9562, doi:
10.1109/ACCESS.2021.3136458.

Li, X., Lu, Z., & Zeng, C. (2024). Robotic and intelligent technologies in composite material
inspection: a review. Robot Learning.

Liu, R., Vakharia, V.(2024). Optimizing Supply Chain Management Through BO-CNN-LSTM
for Demand Forecasting and Inventory Management. Journal of Organizational and End User
Computing. olume 36 ,Issue 1. https://doi.org/10.4018/joeuc.335591.

55 Morteza Khademi Kouhi et al 32-57


https://doi.org/10.12688/f1000research.144038.1
https://doi.org/10.1177/0008125619864925
https://doi.org/10.1109/MSPEC.2016.7420
https://doi.org/10.58830/ozgur.pub95.c443
https://doi.org/10.1007/s42064-018-0053-6
https://doi.org/10.3390/fi16080276
https://doi.org/10.1016/j.promfg.2020.02.251
https://doi.org/10.1051/matecconf/202440106004
https://doi.org/10.54941/ahfe1004666
https://doi.org/10.4018/joeuc.335591

Journal of Computational Analysis and Applications VOL. 34, NO. 10, 2025
10.48047/jocaaa.2025.34.10.04

Lowry, M.R., Havelund, K., & Penix, J. (1997). Verification and Validation of Al Systems that
Control Deep-Space Spacecraft. International Syposium on Methodologies for Intelligent
Systems.

Luettig, B., Akhiat, Y., Daw, Z.(2024). ML meets aerospace: challenges of certifying airborne Al.
Frontiers in Aerospace Engineering. https://doi.org/10.3389/fpace.2024.1475139.

McCarthy, J., Hayes,N. (1981). Some philosophical problems from the standpoint of artificial
intelligence. In: In: Readings in artificial intelligence. Morgan Kaufmann, pp. 431-450.

MeB, J. G., Dannemann, F., & Greif, F. (2019, February). Techniques of artificial intelligence for
space applications-a survey. In European workshop on on-board data processing (OBDP2019).
European Space Agency.

Mgbachi, V. (2024). Al in Business Aviation Route Optimization: Reducing Fuel Consumption
and Environmental Impact. Journal of Business and Strategic Management, 9(5), 48-82.
https://doi.org/10.47941/jbsm.2284

Morandin-Ahuerma,F.(2022). What is Artificial Intelligence?. International Journal of Research
Publication and Reviews, Vol 3, no 12, pp 1947-1951.

Mutsuddi, S.(2023). Machine Learning for Predictive Maintenance in Manufacturing Industries.
International Journal for Research in Applied Science and Engineering Technology. Volume 11
Issue IV. https://doi.org/10.22214/ijraset.2023.50098.

Niccolai, A., Caputo, D., Chieco, L., Grimaccia, F., & Mussetta, M. (2021). Machine Learning-
Based Detection Technique for NDT in Industrial Manufacturing. Mathematics, 9, 1251.
Ntintakis, 1., Stavroulakis, G.(2020). Progress and recent trends in generative design. MATEC
Web of Conferences. 318, 01006 (2020). https://doi.org/10.1051/mateccont/202031801006.
Nweje, U., & Taiwo, M. (2025). Leveraging Artificial Intelligence for predictive supply chain
management, focus on how Al- driven tools are revolutionizing demand forecasting and inventory
optimization. International Journal of Science and Research Archive.

Okuyelu, O., Adaji, O.(2024). AI-Driven Real-time Quality Monitoring and Process Optimization
for Enhanced Manufacturing Performance. Journal of Advances in Mathematics and Computer
Science. Volume 39, Issue 4, Page 81-89, https://doi.org/10.9734/jamcs/2024/v39141883.
Patibandla, K.R. (2024). Predictive Maintenance in Aviation using Artificial Intelligence. Journal
of Artificial Intelligence General science (JAIGS) ISSN:3006-4023.

Ping, J. L., & Liu, Y. (2024). Design and Optimization of Adaptive Control Algorithm for Aircraft
Based on Deep Reinforcement Learning. 644-649.
https://doi.org/10.1109/aiars63200.2024.00123.

Qiu ,Z.,Zhao, H., Wang, S. (2023). Applications and Challenges of Artificial Intelligence in
Aerospace Engineering. 6th International Conference on Artificial Intelligence and Big Data
(ICAIBD). 26-29 May 2023. DOI: 10.1109/ICAIBD57115.2023.

Quatrini, E., Costantino, F., Di Gravio, G., Patriarca, R.(2021). Machine learning for anomaly
detection and process phase classification to improve safety and maintenance activities. Journal of
manufacturing systems. https://doi.org/10.1016/].jmsy.2020.05.013.

Rai, R., Tiwari, M.K., Tiwari, M.K., Ivanov, D., Dolgui, A. (2021). Machine learning in
manufacturing and industry 4.0 applications. Int. J. Prod. Res. 59 (16), 4773-4778.
https://doi.org/10.1080/00207543.2021.1956675.

Ranasinghe, K., Sabatini, R., Gardi, A., Bijjahalli, S., Kapoor, R., Fahey, T., & Thangavel, K.
(2021). Advances in integrated system health management for mission-essential and safety-critical
aerospace applications. Elsevier BV. https://doi.org/10.1016/j.paerosci.2021.100758.

56 Morteza Khademi Kouhi et al 32-57


https://doi.org/10.3389/fpace.2024.1475139
https://doi.org/10.22214/ijraset.2023.50098
https://doi.org/10.1051/matecconf/202031801006
https://doi.org/10.9734/jamcs/2024/v39i41883
https://doi.org/10.1109/aiars63200.2024.00123
https://ieeexplore.ieee.org/author/37089965301
https://ieeexplore.ieee.org/author/37089949351
https://ieeexplore.ieee.org/author/37089952967
https://doi.org/10.1016/j.jmsy.2020.05.013
https://doi.org/10.1080/00207543.2021.1956675
https://doi.org/10.1016/j.paerosci.2021.100758

Journal of Computational Analysis and Applications VOL. 34, NO. 10, 2025
10.48047/jocaaa.2025.34.10.04

Rizzo, E., & Frediani, A. (2009). Application of Optimisation Algorithms to Aircraft Aerodynamics
(Vol. 33, pp. 419-446). Springer, New York, NY. https://doi.org/10.1007/978-0-387-95857-6_23.
Sadiku, M.N., Suman, G.K., & Musa, S.M. (2021). Artificial Intelligence in Materials
Science. International Journal of Advances in Scientific Research and Engineering.

Silvestrini, S.; Lavagna, M. Deep Learning and Artificial Neural Networks for Spacecraft
Dynamics, Navigation and Control. Drones 2022, 6, 270. https://doi.org/10.3390/ drones6100270.
Sherifi, A. (2024). Deep Reinforcement Learning Based Systems for Safety Critical Applications
in Aerospace. https://doi.org/10.48550/arxiv.2412.16489.

Stahl, B. C. (2021). Addressing Ethical Issues in Al. In B. C. Stahl (Ed.), Artificial Intelligence
for a BetterFuture: An Ecosystem Perspective on the Ethics of Al and Emerging Digital
Technologies (pp. 55-79). Springer International Publishing. https://doi.org/10.1007/978-3-030-
69978-9 5.

Sutthithatip, S., Perinpanayagam, S., Aslam, S., Wileman,A.(2021). Explainable Al in Aerospace
for Enhanced System Performance. Symposium on Dependable Autonomic and Secure
Computing-7 citations. https://doi.org/10.1109/dasc52595.2021.9594488.

Sutthithatip, S., Perinpanayagam, S., Aslam, S.(2022). (Explainable) Artificial Intelligence in
Aerospace  Safety-Critical ~Systems. IEEE  Aerospace Conference -3  citations.
https://doi.org/10.1109/AER053065.2022.9843612.

Tzimas, T. (2021). Legal andEthicalChallenges of Artificial Intelligence froman International
LawPerspective (Springer, Ed.). https://doi.org/10.1007/978-3-030- 78585-7.

Ucar, A., Karakose, M., Kirimga, N.(2024). Artificial Intelligence for Predictive Maintenance
Applications: Key Components, Trustworthiness, and Future Trends. Applied Sciences.
https://doi.org/10.3390/app14020898.

Valds, R. M. A., Comendador, V. F. G., Sanz, A. R., & Castn, J. P. (2018). Aviation 4.0: more
safety through automation and digitization. None. https://doi.org/10.5772/intechopen.73688.
Zaoui, A., Tchuente, D., Wamba, S.F., Kamsu-Foguem, B.(2024). Impact of artificial intelligence
on aeronautics: An industry-wide review. Journal of Engineering and Technology Management.
Volume 71, 101800. https://doi.org/10.1016/].jengtecman.2024.101800.

Zhao, M., Gao, B., Tang, J., Qian, H., & Wu, H. (2020). Reliability of analog resistive switching
memory for neuromorphic computing. American Institute of  Physics.
https://doi.org/10.1063/1.5124915.

Zorita, F.J., Galafate, M., Moguerza, J.M., Diego, .M., Gonzalez, M.T., & Pena, G.G. (2024). The
Role of XAl in Transforming Aeronautics and Aerospace Systems. ArXiv, abs/2412.17440.
Wamba, S.F., Queiroz, M.M., Guthrie, C., Braganza, A.,(2021). Industry experiences of artificial
intelligence (AI): benefits and challenges in operations and supply chain management. Prod. Plan.
\ Control 0 (0), 1-13. https://doi.org/10.1080/09537287.2021.1882695.

Wang, R., & Xu, L. (2022). Application of Deep Reinforcement Learning in UAVs: A Review.
Chinese Control and Decision Conference, 4096—4103.
https://doi.org/10.1109/CCDC55256.2022.10034357.

Watson, M., Leary,M., Downing, D., Brandt, M.(2023). Generative design of space frames for
additive manufacturing technology. The International Journal of Advanced Manufacturing
Technology. https://doi.org/10.1007/s00170-023-11691-9.

57 Morteza Khademi Kouhi et al 32-57


https://doi.org/10.1007/978-0-387-95857-6_23
https://doi.org/10.48550/arxiv.2412.16489
https://doi.org/10.1007/978-3-030-69978-9_5
https://doi.org/10.1007/978-3-030-69978-9_5
https://doi.org/10.1109/dasc52595.2021.9594488
https://doi.org/10.1109/AERO53065.2022.9843612
https://doi.org/10.3390/app14020898
https://doi.org/10.5772/intechopen.73688
https://doi.org/10.1016/j.jengtecman.2024.101800
https://doi.org/10.1063/1.5124915
https://doi.org/10.1080/09537287.2021.1882695
https://doi.org/10.1109/CCDC55256.2022.10034357
https://doi.org/10.1007/s00170-023-11691-9

