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Abstract: The integration of artificial intelligence (AI) into aerospace engineering has progressed from 
a primarily experimental discipline to a critical enabler of advanced design, manufacturing and 
operational capabilities. This paper examines the current applications of AI across the aerospace field 
and tries to evaluate its predicted evolution in the foreseeable future. At the design level, AI techniques 
are employed to enhance multidisciplinary optimization processes. Machine learning models are used 
for simulations and reducing costs. Applications include aerodynamic shape optimization, structural 
assessment and propulsion system performance. For the moment, these tools are not replacing 
conventional methods but complement them, especially in early-stage. In manufacturing, AI supports 
improved process control, defect detection and supply chain management. The adoption of intelligent 
monitoring systems in composite fabrication and additive manufacturing has contributed to increased 
reliability and reduced variability in production outcomes. These developments are particularly 
relevant as aerospace systems incorporate more advanced materials and complex geometries. 
Operationally, AI plays a central role in autonomy and decision support systems. Current 
implementations in unmanned aerial vehicles demonstrate the capability of AI navigation, guidance 
and control algorithms. In commercial aviation, decision-support tools assist flight crews and ground 
operators in optimizing routes, fuel consumption and maintenance scheduling. In space applications, 
onboard autonomy supported by AI is essential for deep-space missions, when communication delays 
limit ground intervention. Predictive maintenance has emerged as one of the most mature applications 
of AI in aerospace. By analyzing large datasets from onboard sensors and maintenance records, 
machine learning models can identify degradation patterns and estimate remaining useful life of critical 
components. This approach improves system availability and reduces lifecycle costs, while maintaining 
compliance with safety requirements. Despite these advancements, some challenges must be addressed 
before the adoption of AI in safety-critical aerospace systems can be achieved. Certification frameworks 
remain largely oriented toward classical systems and are not fully adapted to data-driven models. Issues 
related to model interpretability, robustness under off-nominal conditions and cybersecurity must also 
be resolved. Furthermore, the integration of AI into legacy systems requires careful consideration of 
system architecture and human-machine interaction. Looking ahead, the continued development of AI 
in aerospace is expected to focus on hybrid modeling techniques, increased onboard autonomy and 
integration between digital design, manufacturing and operational feedback. Progress in these areas 
will depend on advances in computational resources, data availability and regulatory adaptation. This 
paper provides a structured overview of these topics, linking current capabilities with foreseeable 
developments and identifies key research directions necessary to ensure the safe and effective 
integration of AI into future aerospace systems. 

Key Words: Artificial Intelligence (AI), aerospace engineering, autonomous systems, predictive 
maintenance, virtual models 
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1. INTRODUCTION 
Artificial intelligence (AI) has become an enabling technology in aerospace engineering, 
supporting both incremental improvements and more substantial changes in design, 
manufacturing and operational practices. The increasing availability of high-fidelity 
simulation tools, onboard sensing systems and large-scale data storage has created the 
conditions necessary for the integration of data-driven methods with established physics-based 
approaches [2]. As a result, AI is progressively incorporated into the full lifecycle of aerospace 
systems, from conceptual design to end-of-life management. 

This paper examines the present state and expected evolution of AI applications in 
aerospace engineering, with attention to both civil aviation and space systems. The discussion 
is structured to reflect the main phases of the system lifecycle, while also addressing aspects 
such as certification, safety and human interaction. Emphasis is placed on developments 
reported in the last period, in order to capture current trends and research directions. 

The paper presents an overview of AI techniques relevant to aerospace applications, 
including machine learning, deep learning and reinforcement learning. The discussion follows 
the use of AI in design and multidisciplinary optimization, where surrogate modeling and data-
driven approximations reduce computational effort associated with high-fidelity simulations. 
The evolution from traditional optimization methods to hybrid approaches is supported by 
comparative graphs illustrating efficiency gains [1]. 

Is examined also the role of AI in manufacturing processes, particularly in composite 
fabrication and additive manufacturing. Topics include process monitoring, defect detection 
and quality assurance, supported by tables summarizing improvements in process stability and 
defect rates. One of the chapters focuses on autonomous systems in flight operations, with 
examples from unmanned aerial vehicles and decision-support tools in commercial aviation. 
The development of autonomy levels is illustrated through representative graphs. 

Discussion is extended to space systems, where onboard autonomy is required due to 
communication delays and also is addressing predictive maintenance and health monitoring, 
where AI models are used to estimate remaining useful life of components based on 
operational data. Representative degradation curves and statistical models are presented and 
discussed. Additional topics covered in this paper are related to certification and regulatory 
challenges associated with AI-based systems, cybersecurity and human-machine interaction. 
At the end are listed future trends and research directions, including hybrid modeling 
techniques, increased autonomy and tighter integration across lifecycle phases. The 
conclusions summarize the main findings and identify key challenges for the safe and effective 
adoption of AI in aerospace engineering. The current distribution of AI applications across 
major aerospace domains is illustrated in Fig. 1, highlighting the dominant role of predictive 
maintenance and the rapid expansion of autonomous systems [34]. 

The paper is intended to provide a coherent overview of the field while maintaining a 
connection between current capabilities and foreseeable developments. 
 

 
Figure 1: Distribution of AI applications across aerospace sectors 
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2. OVERVIEW OF AI TECHNIQUES RELEVANT TO AEROSPACE 
Artificial intelligence (AI) encompasses a set of computational methods capable of extracting 
patterns from data, approximating complex relationships and supporting decision-making 
processes under uncertainty. In aerospace engineering, these techniques are not used in 
isolation but are typically integrated with physics-based models and domain knowledge. The 
purpose of this chapter is to provide an overview of the most relevant AI methods currently 
applied in aerospace systems, with emphasis on their capabilities, limitations and evolution. 

AI methods used in aerospace applications can be broadly classified into supervised 
learning, unsupervised learning and reinforcement learning. Supervised learning techniques, 
such as artificial neural networks and support vector machines, are commonly employed for 
regression and classification tasks, including aerodynamic coefficient prediction and fault 
detection [6]. Unsupervised learning methods, including clustering and dimensionality 
reduction, are used for anomaly detection and data exploration, particularly in large sensor 
datasets [7]. Reinforcement learning has gained attention for control and decision-making 
problems, especially in autonomous flight and trajectory optimization [8]. 

Deep learning, a subset of machine learning based on multi-layer neural networks, has 
shown strong performance in handling high-dimensional data such as images, signals and 
complex simulation outputs. In aerospace applications, convolutional neural networks are used 
for structural inspection and defect detection, while recurrent neural networks are applied to 
time-series data for system monitoring and prediction [9]. Despite their effectiveness, these 
models require large datasets and significant computational resources, which may limit their 
applicability in certain engineering contexts. A key trend in recent years is the development of 
hybrid models that combine data-driven techniques with physics-based formulations. These 
models aim to preserve physical consistency while improving computational efficiency. For 
example, machine learning models can be trained to approximate computational fluid 
dynamics (CFD) results, significantly reducing simulation time while maintaining acceptable 
accuracy [10]. This approach is particularly relevant in early-stage design, where rapid 
evaluation of multiple configurations is required. The evolution of AI applications in 
aerospace can be summarized in three main stages: 

- Early stage (pre-2015): isolated applications, limited datasets 
- Intermediate stage (2015–2020): subsystem-level implementation (maintenance, 

control) 
- Current stage (2020–present): integrated lifecycle applications and digital twins 

Table 1. AI techniques and representative aerospace applications 

AI Technique Typical Application Advantages Limitations 
Artificial Neural 

Networks 
Aerodynamic prediction, 

fault detection 
High approximation 

capability Require large datasets 

Support Vector 
Machines 

Classification, anomaly 
detection 

Robust to small 
datasets Limited scalability 

Clustering 
Algorithms 

Sensor data analysis, 
anomaly detection 

No labeled data 
required 

Interpretation may be 
difficult 

Reinforcement 
Learning 

Autonomous control, 
trajectory optimization 

Adaptive decision-
making 

Training complexity, 
stability issues 

Deep Learning 
Models 

Image-based inspection, 
time-series analysis 

Handles high-
dimensional data 

High computational 
cost 
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Table 1 provides a summary of the main AI techniques and their typical aerospace 
applications. The selection of an appropriate AI method depends on the specific engineering 
problem, data availability and required level of interpretability. In safety-critical aerospace 
applications, interpretability and robustness are often as important as predictive performance. 
Consequently, simpler models may still be preferred in certain cases, particularly when 
certification requirements are considered. 

Several review studies published in recent years have examined the integration of artificial 
intelligence into aerospace engineering. However, most existing surveys focus on isolated 
application domains such as autonomous flight, predictive maintenance, or manufacturing 
optimization. Relatively few studies address the integration of AI across the complete 
aerospace lifecycle, including design, manufacturing, operation, maintenance and certification 
aspects simultaneously. Earlier survey papers primarily emphasized machine learning 
applications for aerodynamic prediction and control systems, while more recent publications 
increasingly address digital twins, explainable AI and autonomous decision-making 
frameworks [38]. Despite this evolution, significant research gaps remain. 

One major limitation identified in current literature is the insufficient availability of 
publicly accessible aerospace datasets suitable for training and validating AI models. Many 
industrial implementations rely on proprietary operational data, limiting reproducibility and 
benchmarking across different research groups. Another important challenge concerns the lack 
of standardized validation methodologies for AI systems operating in safety-critical 
environments. In addition, current research remains heavily focused on algorithmic 
performance metrics, while comparatively less attention is given to certification feasibility, 
interpretability, cybersecurity resilience and long-term operational robustness. Future research 
efforts are therefore expected to focus increasingly on explainable AI, hybrid physics-
informed models and certification-oriented validation frameworks. 

The integration of these techniques into aerospace systems continues to evolve, driven by 
advances in computational power, data acquisition and algorithm development. However, 
challenges remain in terms of data quality, model generalization and certification. These 
aspects will be addressed in subsequent chapters, with specific applications discussed in the 
context of design, manufacturing and operational systems. 

3. AI IN AEROSPACE DESIGN AND MULTIDISCIPLINARY 
OPTIMIZATION 

The design of aerospace systems is inherently multidisciplinary, involving the interaction of 
aerodynamics, structures, propulsion, control and materials. Traditional design approaches 
rely on iterative processes supported by high-fidelity simulations, such as computational fluid 
dynamics (CFD) and finite element analysis (FEA). While these methods provide accurate 
results, they are computationally intensive and limit the number of design iterations that can 
be explored within practical time constraints. In recent years, artificial intelligence (AI) 
techniques have been introduced to address these limitations by accelerating analysis and 
enabling broader exploration of the design space. One of the primary applications of AI in 
aerospace design is the development of surrogate models. These models approximate the 
behavior of high-fidelity simulations using data-driven approaches, allowing rapid evaluation 
of design alternatives. Neural networks, Gaussian process models and other regression 
techniques are commonly used for this purpose. Compared to conventional response surface 
methods, modern machine learning-based surrogates can capture nonlinear relationships with 
improved accuracy, particularly in high-dimensional problems [11]. 
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The integration of surrogate models into multidisciplinary design optimization (MDO) 
frameworks has led to significant reductions in computational cost. Instead of relying 
exclusively on expensive simulations, optimization algorithms can operate on surrogate 
models for most iterations, with periodic validation against high-fidelity results. 

This hybrid approach maintains acceptable accuracy while enabling a larger number of 
design evaluations. 

Another area where AI contributes to aerospace design is generative design. In this 
context, algorithms are used to automatically generate and evaluate a large number of design 
configurations based on predefined constraints and objectives. These methods are particularly 
useful in structural design, where complex geometries can be optimized for weight reduction 
while maintaining strength and stiffness requirements. AI-driven generative approaches have 
been successfully applied to lightweight structural components and lattice structures, 
especially in conjunction with additive manufacturing technologies [12]. 

Table 2 provides examples of the main AI-supported design approaches and their impact 
on aerospace engineering. Aerospace systems must operate under varying conditions and 
uncertainties and input parameters can significantly affect performance. Machine learning 
models can be used to propagate uncertainties through surrogate models, enabling probabilistic 
design assessments with reduced computational effort [13]. 

Table 2. Examples of AI applications in aerospace design and optimization 

Application Area AI Method Used Engineering Benefit Impact 

Aerodynamics Neural networks, 
regression 

Faster evaluation of flow 
properties 

Reduced simulation 
time 

Structural design Generative 
algorithms 

Weight reduction, improved 
efficiency 

Enhanced structural 
performance 

Propulsion Surrogate models Rapid performance estimation Improved design 
iteration cycles 

Flight control 
systems 

Flight control 
systems Flight control systems Flight control 

systems 
Multidisciplinary 

design 
Hybrid AI-MDO 

frameworks 
Integrated system 

optimization 
Increased design 
space exploration 

 

Despite these advantages, the use of AI in aerospace design introduces several challenges. 
The accuracy of surrogate models depends on the quality and representativeness of the training 
data. Poor data coverage may lead to incorrect predictions, especially outside the range of the 
training dataset. Additionally, the integration of AI models into existing design frameworks 
requires careful validation to ensure consistency with physical principles and engineering 
constraints. Another important consideration is interpretability. 

While traditional engineering models are based on well-understood physical laws, AI 
models may act as black boxes, making it difficult to trace the origin of specific predictions. 
This limitation can affect their acceptance in safety-critical applications, where transparency 
and traceability are required. 

The evolution of AI in aerospace design reflects a gradual shift from purely simulation-
based approaches to hybrid methodologies that combine physics-based and data-driven 
techniques. Current research focuses on improving the reliability and robustness of these 
models, as well as their integration into collaborative design environments. These 
developments are expected to further reduce design cycle times and enable more efficient and 
innovative aerospace systems. 
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4. APPLICATIONS OF AI IN MANUFACTURING AND PRODUCTION 
SYSTEMS 

Manufacturing processes in aerospace engineering are characterized by important quality 
requirements, complex material systems and low tolerance for defects. The increasing use of 
advanced materials, particularly fiber-reinforced composites and additively manufactured 
components, has introduced additional challenges related to process control, repeatability and 
inspection. In this context, artificial intelligence (AI) has been adopted to enhance 
manufacturing efficiency, improve product quality and reduce variability. 

One of the most significant contributions of AI in aerospace manufacturing is in process 
monitoring and control. Modern production systems are equipped with a large number of 
sensors that capture data related to temperature, pressure, vibration and material behavior 
during fabrication. Machine learning algorithms are used to analyze these datasets in real time, 
enabling the detection of deviations from nominal process conditions. This capability allows 
corrective actions to be implemented during production rather than after defects have occurred, 
reducing material waste and rework [4]. 

In composite manufacturing, AI techniques are applied to monitor curing processes and 
detect defects such as voids, delamination and fiber misalignment. These defects are often 
difficult to identify using traditional inspection methods. Deep learning models, particularly 
convolutional neural networks, have been successfully used to analyze ultrasonic and 
thermographic data for non-destructive evaluation (NDE). 

Compared to conventional approaches, AI-based inspection systems offer improved 
detection accuracy and reduced inspection time [15]. Additive manufacturing, which is 
increasingly used for complex aerospace components, also benefits from AI integration. The 
layer-by-layer fabrication process is sensitive to variations in process parameters, which can 
affect the mechanical properties of the final part. AI models are used to predict and control 
these variations by correlating process data with material outcomes. This approach supports 
the development of closed-loop control systems, where process parameters are continuously 
adjusted to maintain desired quality levels [16]. Table 3 presents some of the main applications 
of AI in aerospace manufacturing and their associated benefits. 

Table 3. Typical AI applications in aerospace manufacturing 

Manufacturing 
Process AI Application Benefit Impact on 

Production 

Composite fabrication Defect detection (NDE) Improved inspection 
accuracy Reduced defect rate 

Additive 
manufacturing 

Process monitoring and 
control 

Enhanced material 
consistency 

Increased part 
reliability 

Assembly operations Computer vision 
systems 

Automated quality 
verification 

Reduced human 
error 

Supply chain 
management Predictive analytics Improved demand 

forecasting 
Reduced delays and 

inventory costs 
 

AI is also applied in assembly operations, where computer vision systems are used for 
automated inspection and alignment verification. These systems can detect geometric 
deviations and surface defects with high precision, supporting consistent assembly quality. In 
addition, robotic systems equipped with AI-based perception algorithms are increasingly used 
to perform repetitive or complex assembly tasks, improving efficiency and reducing operator 
workload. 
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Another important area is supply chain management. Aerospace manufacturing involves 
a large number of suppliers and components, making logistics and inventory management 
critical. AI-based predictive models are used to forecast demand, optimize inventory levels 
and identify potential disruptions in the supply chain. These capabilities contribute to 
improved production planning and reduced operational risk [17]. 

 
Figure 2. Integration of AI in Aerospace Manufacturing Systems 

Fig. 2 illustrates the integration of AI within a typical aerospace manufacturing system, 
highlighting the interaction between data acquisition, processing and decision-making. Layer 
1, Sensor Data Acquisition, captures raw production data through structural sensors (strain, 
vibration, temperature), vision systems (cameras, LiDAR, infrared) and process monitors 
(CNC, NDT, additive manufacturing). Layer 2, Data Processing, applies machine learning to 
interpret that data: deep learning for defect detection, time-series models for predictive 
maintenance and reinforcement learning for process parameter optimization. Layer 3, Real-
Time Feedback and Control, closes the loop with corrections, synchronization for simulation 
and validation and operator alert dashboards. Layer 4 provide integration and connects AI 
outputs directly to quality management. Despite the advantages offered by AI, several 
challenges remain in its implementation within aerospace manufacturing. Data quality and 
consistency are critical, as inaccurate or incomplete data can lead to incorrect predictions. 
Additionally, the integration of AI systems into existing production environments requires 
compatibility with legacy equipment and processes. The certification of AI-based 
manufacturing methods is another area that requires further development, particularly in 
relation to traceability and reproducibility. The evolution of AI in manufacturing reflects a 
transition from post-process inspection to real-time monitoring and adaptive control. Current 
developments focus on fully integrated production systems, where data from design, 
manufacturing and operation are combined to support continuous improvement. 
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5. AUTONOMOUS SYSTEMS AND AI IN FLIGHT OPERATIONS 
The increasing demand for efficiency, safety and operational flexibility has led to the rapid 
development of autonomous systems in aerospace engineering. Artificial intelligence (AI) 
plays a central role in enabling these systems, particularly in applications involving unmanned 
aerial vehicles (UAVs), advanced avionics and decision-support tools in commercial aviation. 
This chapter examines the current implementation of AI in flight operations and outlines the 
evolution toward higher levels of autonomy. 

Autonomous flight systems rely on the integration of sensing, perception, decision-
making and control. AI techniques are primarily used in the perception and decision layers, 
where complex and uncertain environments must be interpreted in real time. Machine learning 
algorithms process data from onboard sensors such as radar, lidar, cameras and inertial 
measurement units to provide situational awareness. These capabilities are essential for tasks 
such as obstacle detection, terrain mapping and traffic avoidance [5]. 

In UAV applications, AI-driven autonomy has progressed significantly over the past 
decade. Early systems were limited to pre-programmed flight paths, while current platforms 
are capable of adaptive navigation based on environmental conditions. Reinforcement learning 
and other adaptive control methods are increasingly used to optimize flight trajectories and 
improve system performance under dynamic constraints [8]. The autonomous flight 
capabilities evolved from manual control to assisted control (autopilot functions), then partial 
autonomy (predefined mission execution) and conditional autonomy (adaptive response to 
environment), to now high autonomy (minimal human intervention) 

In commercial aviation, AI is primarily used to support human operators rather than 
replace them. Decision-support systems assist pilots and air traffic controllers in optimizing 
flight paths, managing fuel consumption and responding to operational constraints. These 
systems analyze large volumes of data, including weather conditions, air traffic and aircraft 
performance parameters, to provide recommendations in real time [20]. The objective is to 
enhance situational awareness and reduce cognitive workload while maintaining human 
oversight. Table 4 summarizes the typical applications of AI in flight operations and their 
associated benefits. 

Table 4. Typical AI applications in flight operations 

Application Area AI Technique Used Operational Benefit Impact on Performance 

UAV navigation Reinforcement 
learning 

Adaptive trajectory 
optimization 

Improved mission 
efficiency 

Collision 
avoidance Computer vision Real-time obstacle 

detection Enhanced safety 

Flight planning Predictive analytics Optimized routing and 
fuel usage 

Reduced operational 
costs 

Air traffic 
management 

Data-driven decision 
tools 

Improved traffic flow 
management Reduced delays 

 

AI is also being integrated into air traffic management (ATM) systems to improve the 
efficiency of increasingly congested airspace. Machine learning models are used to predict 
traffic patterns, detect potential conflicts and support decision-making processes for 
controllers. These systems contribute to more efficient use of airspace and reduced delays, 
particularly in high-density regions. 
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Several aerospace organizations have implemented operational AI-based autonomous 
systems demonstrating the increasing maturity of these technologies. NASA has developed 
autonomous navigation systems for deep-space missions using onboard AI algorithms capable 
of adaptive trajectory correction and hazard avoidance during planetary operations. These 
systems reduce dependence on continuous ground-based control and improve mission 
flexibility [39]. 

DARPA has also conducted extensive research on collaborative autonomous flight 
systems involving multiple unmanned aerial vehicles operating under distributed decision-
making architectures. These programs investigate swarm coordination, adaptive mission 
planning and resilient autonomous control in contested operational environments [40]. 

In civil aviation, Airbus and Boeing have incorporated AI-supported analytics and 
operational decision systems into fleet management and maintenance optimization platforms. 
Boeing AnalytX integrates operational data analysis, predictive diagnostics and maintenance 
planning tools intended to improve aircraft availability and operational efficiency [41]. The 
increasing deployment of these systems demonstrates that AI in aerospace is transitioning from 
experimental laboratory research toward large-scale operational implementation. 

A key challenge in autonomous flight systems is ensuring reliability and robustness under 
all operating conditions. Aerospace environments are inherently uncertain, with variable 
weather, sensor noise and unexpected events. AI models must be trained to handle such 
variability while maintaining stable and predictable behavior. This requirement is particularly 
critical in safety-critical applications, where failure can have severe consequences. 

Another important aspect is human-machine interaction. As autonomy levels increase, the 
role of human operators shifts from direct control to supervision and intervention. This 
transition requires careful design of interfaces and decision-support systems to ensure that 
operators maintain situational awareness and can effectively intervene when necessary. The 
balance between automation and human control remains an active area of research. 

Layers used in integration of AI components within a typical autonomous flight system: 
- Sensor layer: data acquisition (radar, lidar, cameras) 
- Perception layer: environment interpretation using AI models 
- Decision layer: mission planning and control decisions 
- Actuation layer: execution of control commands 

The development of AI in flight operations reflects a gradual transition from automation 
to autonomy. While fully autonomous commercial flight is not expected in the near term, 
incremental advances in AI capabilities are likely to continue enhancing operational efficiency 
and safety. Future developments will focus on improving robustness, certification and 
integration with existing aviation systems. 

6. AI IN SPACE SYSTEMS AND DEEP-SPACE MISSIONS 
Space systems operate in environments characterized by extreme conditions, limited 
communication capabilities and high levels of uncertainty. Unlike atmospheric flight, where 
continuous communication with ground control is typically available, space missions—
particularly deep-space exploration—require a significant degree of onboard autonomy. 
Artificial intelligence (AI) has therefore become an essential component in the design and 
operation of modern space systems. One of the primary applications of AI in space engineering 
is autonomous navigation. Spacecraft must determine their position and trajectory using 
onboard sensors such as star trackers, inertial measurement units and optical navigation 
systems.  
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AI algorithms are used to process sensor data and estimate spacecraft states with high 
accuracy, even in the presence of noise and uncertainties. These capabilities are particularly 
important for missions involving planetary landing or proximity operations near celestial 
bodies [21]. AI is also used for fault detection, isolation and recovery (FDIR). Space systems 
are subject to harsh environmental conditions, including radiation and thermal extremes, 
which can lead to component degradation or failure. Machine learning models can identify 
anomalous behavior in system data and trigger corrective actions without ground intervention. 
This approach improves system resilience and mission reliability, especially for long-duration 
missions where maintenance is not possible [22]. 

Another important application is mission planning and resource management. Spacecraft 
must operate under strict constraints related to power, fuel and communication bandwidth. AI-
based planning systems can optimize the allocation of these resources, taking into account 
mission objectives and environmental conditions. For example, reinforcement learning 
techniques have been explored for adaptive scheduling of scientific observations and energy 
usage [23]. In a typical autonomous space system, the role of AI could be in:  

- Sensor input: navigation and environmental data 
- Data processing: state estimation and anomaly detection 
- Decision-making: mission planning and fault response 
- Execution: control of propulsion and onboard systems 

Table 5 lists the increasing integration of AI in modern space systems, particularly in 
navigation, fault management, mission planning, and planetary exploration. These 
applications improve mission reliability, operational flexibility, and onboard autonomy while 
reducing dependency on ground intervention, especially during deep-space missions with 
significant communication delays. 

Table 5. Examples of AI applications in space engineering 

Application Area AI Technique Used Operational Benefit Impact on Mission 
Autonomous 
navigation 

Machine learning, 
filtering Accurate state estimation Improved trajectory 

control 
Fault detection 

(FDIR) 
Anomaly detection 

models Early failure identification Increased system 
reliability 

Mission planning Reinforcement learning Optimized resource 
allocation 

Extended mission 
duration 

Planetary 
exploration Computer vision Terrain analysis and 

hazard avoidance 
Safer landing 

operations 
 

The evolution of AI in space systems has followed a trajectory similar to that in other 
aerospace domains, progressing from ground-based data analysis to onboard autonomous 
decision-making. Recent missions have demonstrated the feasibility of AI-assisted navigation 
and scientific data processing directly on spacecraft. Future developments are expected to 
focus on increasing the level of autonomy, enabling spacecraft to perform complex tasks such 
as cooperative operations in multi-satellite systems. Despite these advancements, several 
challenges remain. The reliability of AI systems in radiation-prone environments must be 
ensured and computational resources onboard spacecraft are limited compared to terrestrial 
systems. Additionally, verification and validation of AI models for space applications require 
rigorous testing due to the high cost and risk associated with mission failure. The integration 
of AI into space systems represents a critical step toward more flexible and resilient 
exploration architectures. 
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7. PREDICTIVE MAINTENANCE AND HEALTH MONITORING 
Predictive maintenance has emerged as one of the most mature and widely implemented 
applications of artificial intelligence (AI) in aerospace engineering. The objective is to predict 
the condition of components and systems based on operational data, enabling maintenance 
actions to be performed before failures occur. This approach contrasts with traditional 
scheduled maintenance, which is based on predefined intervals and may not reflect the actual 
condition of the system.  

Modern aerospace platforms are equipped with extensive sensor networks that 
continuously monitor parameters such as temperature, pressure, vibration and structural loads. 
AI models analyze these data to identify patterns associated with degradation and failure 
mechanisms. Machine learning techniques, including neural networks and ensemble methods, 
are commonly used to estimate the remaining useful life (RUL) of components [24]. 

A typical predictive maintenance framework could contain data acquisition from onboard 
sensors, data preprocessing and feature extraction, model training and prediction, maintenance 
decision and scheduling. 

The effectiveness of predictive maintenance systems depends on the quality and quantity 
of available data. Historical maintenance records, combined with real-time sensor data, 
provide the basis for training AI models. Data-driven approaches can capture complex 
relationships between operating conditions and component degradation, which are difficult to 
model using traditional analytical methods. 

Table 6 presents the principal AI techniques currently applied in predictive maintenance 
systems and highlights their operational characteristics. The comparison illustrates that each 
method offers specific advantages depending on the type of maintenance task, data 
availability, and computational constraints. These techniques support more accurate fault 
detection and remaining useful life estimation, contributing to improved reliability and 
reduced maintenance costs in aerospace systems. 

Table 6. Common examples of AI techniques in predictive maintenance 

Technique Application Advantage Limitation 

Neural networks RUL estimation Captures nonlinear 
relationships 

Requires large 
datasets 

Random forests Fault classification Robust to noise Limited 
interpretability 

Support vector 
machines Anomaly detection Effective in high-dimensional 

data 
Sensitive to parameter 

selection 
Bayesian 
networks 

Failure probability 
assessment 

Handles uncertainty and 
probabilistic reasoning 

Complex model 
development 

Deep learning 
models 

Time-series 
analysis High prediction accuracy High computational 

requirements 
 

In aerospace applications, predictive maintenance contributes to improved safety, reduced 
operational costs and increased system availability. Airlines and maintenance organizations 
use AI-based systems to optimize maintenance schedules, reducing unnecessary inspections 
while preventing unexpected failures. This approach also supports condition-based 
maintenance strategies, where actions are determined by the actual state of the system rather 
than fixed intervals [25]. 

Table 7 summarizes representative industrial implementations of AI-based predictive 
maintenance systems in aerospace applications. 
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Table 7. Representative industrial AI predictive maintenance implementations 

Organization AI Platform Application Area Reported Benefit 
Airbus Skywise Fleet health monitoring Reduced troubleshooting time 

Rolls-Royce IntelligentEngine Engine predictive 
maintenance Reduced downtime 

GE Aviation Predix / Analytics Engine diagnostics 20–30% reduction in 
unscheduled maintenance 

Boeing AnalytX Aircraft maintenance 
optimization Improved fleet availability 

 

Several aerospace manufacturers and operators have already implemented large-scale AI-
based predictive maintenance frameworks in operational environments. These 
implementations provide measurable evidence regarding the practical benefits and limitations 
of data-driven maintenance strategies.  

Airbus developed the Skywise platform as a collaborative aerospace data ecosystem 
integrating airline operational data, maintenance records and aircraft health monitoring 
information. The platform supports predictive maintenance, fleet analytics and operational 
optimization. 

Operational reports indicate that the use of predictive analytics within Skywise 
contributed to reductions in unscheduled maintenance events and improved troubleshooting 
efficiency for selected operators [35]. 

Rolls-Royce implemented AI-assisted engine health monitoring within its 
IntelligentEngine framework, combining sensor telemetry, digital twins and predictive 
analytics. The system continuously evaluates engine degradation trends and supports 
condition-based maintenance planning. Reported operational benefits include reduced 
maintenance-related downtime and improved fuel efficiency through optimized engine 
operation [36]. 

Similarly, GE Aviation developed predictive analytics platforms for turbofan engine 
monitoring using large-scale operational datasets. Machine learning algorithms are employed 
to identify anomalous engine behavior and estimate component degradation trends. 
Comparative studies indicate that AI-assisted maintenance strategies can reduce unexpected 
maintenance interventions by approximately 20–30% compared to conventional scheduled 
maintenance approaches [37]. 

An important aspect of predictive maintenance is the interpretation of model outputs. 
Maintenance decisions must be supported by reliable and understandable predictions, 
particularly in safety-critical systems. As a result, there is increasing interest in explainable AI 
methods that provide insight into the factors influencing model predictions. 

The evolution of predictive maintenance reflects a transition from reactive and preventive 
strategies to fully data-driven approaches. 

Early implementations relied on threshold-based monitoring, while current systems use 
advanced machine learning models capable of continuous learning and adaptation. Future 
developments are expected to integrate predictive maintenance with digital twin frameworks, 
enabling real-time synchronization between physical systems and their virtual representations. 

Challenges remain in terms of data standardization, model generalization and integration 
with existing maintenance procedures. Additionally, regulatory approval of AI-based 
maintenance systems requires clear evidence of reliability and consistency. 
 
 



231 A survey - AI in Aerospace: Present and Future 
 

INCAS BULLETIN, Volume 18, Issue 2/ 2026 

8. CERTIFICATION, SAFETY AND CYBERSECURITY CHALLENGES IN 
AI-BASED AEROSPACE SYSTEMS 

The integration of artificial intelligence (AI) into aerospace systems introduces significant 
challenges related to certification, safety assurance and cybersecurity. Unlike conventional 
deterministic systems, AI-based models often exhibit non-transparent behavior and may adapt 
based on data, which complicates their validation and acceptance within existing regulatory 
frameworks. This chapter examines these challenges and outlines current approaches to 
ensuring the safe and secure deployment of AI in aerospace applications. 

Certification remains one of the primary barriers to the adoption of AI in safety-critical 
systems. Regulatory authorities have established rigorous processes for verifying and 
validating aerospace systems, typically based on deterministic models with predictable 
behavior. However, many AI techniques, particularly those based on machine learning, rely 
on statistical inference and may produce different outputs under varying conditions. This 
variability makes it difficult to guarantee compliance with existing certification standards. As 
a result, there is ongoing research into new validation methodologies that can account for 
uncertainty and ensure consistent performance across a wide range of operating conditions 
[26]. A key aspect of certification is the requirement for traceability and explainability. 
Aerospace systems must provide clear justification for their decisions, particularly in scenarios 
involving safety-critical operations. AI models, especially deep learning systems, are often 
considered “black boxes,” as their internal decision-making processes are not easily 
interpretable. To address this limitation, explainable AI techniques are being developed to 
provide insight into model behavior and support verification. These methods aim to identify 
the features and data patterns that influence model outputs, thereby improving transparency 
and trust [27]. 

Safety assurance for AI-based systems also requires consideration of robustness and 
generalization. Aerospace systems operate in environments characterized by uncertainty, 
including variable weather conditions, sensor noise and unexpected events. AI models must 
be capable of maintaining reliable performance under such conditions, including scenarios that 
were not explicitly represented in the training data. Techniques such as robust training, 
uncertainty quantification and redundancy are used to enhance system reliability. In addition, 
hybrid approaches that combine AI with physics-based models can provide an additional layer 
of safety by enforcing known physical constraints [28]. 

In parallel with certification and safety concerns, cybersecurity has emerged as a critical 
issue in AI-enabled aerospace systems. The increasing reliance on data and connectivity 
exposes these systems to potential cyber threats, including data manipulation, adversarial 
attacks and unauthorized access. AI models are particularly vulnerable to adversarial inputs, 
where small perturbations in input data can lead to incorrect outputs. In aerospace applications, 
such vulnerabilities could compromise navigation, control, or decision-making processes [29]. 

To address these risks, secure AI frameworks are being developed, incorporating 
techniques such as adversarial training, anomaly detection and secure data handling. These 
approaches aim to ensure the integrity and reliability of AI systems in the presence of 
malicious or corrupted data. Additionally, system-level cybersecurity measures, including 
encryption, authentication and network monitoring, are integrated to protect communication 
channels and data storage. 

Table 8 summarizes key challenges associated with certification and safety, along with 
current mitigation approaches. 
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Table 8. Certification and safety challenges in AI-based aerospace systems 

Challenge Description Mitigation Approach Current Status 
Model 

interpretability 
Limited transparency of AI 

decisions Explainable AI techniques Active research 

Validation and 
verification 

Difficulty in testing non-
deterministic models 

Scenario-based and 
statistical validation 

Under 
development 

Generalization Performance outside training 
data 

Robust training and hybrid 
models 

Partially 
addressed 

Data 
dependency 

Sensitivity to data quality and 
bias 

Data curation and 
augmentation 

Ongoing 
improvement 

 

Another important consideration is the interaction between safety and security 
requirements. In some cases, measures designed to enhance cybersecurity may introduce 
additional complexity or latency, which can affect system performance. Therefore, a balanced 
approach is required to ensure that both safety and security objectives are met without 
compromising operational efficiency. 

The evolution of regulatory frameworks is essential for the widespread adoption of AI in 
aerospace. International organizations and regulatory bodies are actively working to develop 
guidelines and standards for AI-based systems. These efforts include the definition of 
acceptable levels of autonomy, requirements for data management and procedures for 
continuous monitoring of system performance after certification. The development of such 
frameworks is expected to play a key role in enabling the safe integration of AI technologies 
into future aerospace systems. Despite substantial technological progress, the large-scale 
adoption of AI in aerospace systems remains constrained by several practical limitations. One 
of the primary challenges concerns data availability and quality. Aerospace systems generate 
large volumes of operational data; however, much of this information is proprietary, 
fragmented, or insufficiently labeled for effective machine learning training. 

Another limitation is computational certification. Many advanced AI algorithms, 
particularly deep neural networks, require substantial computational resources and exhibit 
non-deterministic behavior. These characteristics complicate their integration into certifiable 
avionics architectures where deterministic timing and traceability are mandatory requirements. 

Operational robustness also remains a concern. AI models trained under nominal 
operating conditions may exhibit degraded performance in rare or previously unseen scenarios, 
including sensor failures, extreme weather conditions, or adversarial cyber events. This 
limitation is especially critical in autonomous flight systems and safety-critical decision 
environments. 

Finally, human trust and operational acceptance continue to represent significant barriers 
to implementation. Pilots, maintenance personnel and air traffic operators may be reluctant to 
rely on systems whose decision-making logic cannot be fully interpreted or validated under all 
operating conditions. 

These limitations indicate that the future integration of AI in aerospace will likely involve 
hybrid architectures combining conventional deterministic methods with data-driven 
approaches rather than complete replacement of traditional engineering systems. 

In conclusion, certification, safety and cybersecurity represent interconnected challenges 
that must be addressed to ensure the reliable deployment of AI in aerospace engineering. While 
significant progress has been made, further research and collaboration between industry, 
academia and regulatory authorities are required to establish robust and widely accepted 
solutions. 
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9. HUMAN–MACHINE INTERACTION IN AI-AUGMENTED SYSTEMS 
The increasing integration of artificial intelligence (AI) into aerospace systems has led to a 
redefinition of the interaction between human operators and automated functions. Rather than 
replacing human involvement, current developments emphasize collaboration between human 
expertise and machine-based decision support. This chapter examines the role of human–
machine interaction (HMI) in AI-augmented aerospace systems, with particular focus on flight 
operations, air traffic management and maintenance environments. 

In conventional aerospace systems, automation has been primarily rule-based, with 
clearly defined operational boundaries. The introduction of AI introduces adaptive behavior, 
where system responses may vary depending on data inputs and learned patterns. This shift 
requires careful consideration of how information is presented to human operators and how 
control authority is shared. Effective HMI design must ensure that operators maintain 
situational awareness and are able to understand, monitor and, when necessary, override AI-
driven decisions [30]. One of the central challenges in HMI is workload management. AI 
systems are intended to reduce operator workload by automating routine tasks and providing 
decision support. However, poorly designed interfaces or excessive automation can lead to 
reduced engagement, known as the “out-of-the-loop” phenomenon. In such cases, operators 
may have difficulty intervening effectively during abnormal situations. Recent studies 
emphasize the importance of adaptive automation, where the level of system autonomy is 
adjusted dynamically based on the operational context and operator state [31]. 

In flight operations, AI-supported decision systems provide real-time recommendations 
related to navigation, fuel optimization and system diagnostics. These systems process large 
volumes of data that would be impractical for human operators to analyze directly. The 
challenge lies in presenting this information in a concise and interpretable manner. Visual 
interfaces, alert prioritization and confidence indicators are commonly used to support 
decision-making without overwhelming the operator. Table 9 summarizes key aspects of 
human–machine interaction in AI-based aerospace systems. 

Table 9. Typical human–machine interaction considerations in aerospace systems 

Aspect Description Design Objective Operational Impact 
Situational 
awareness 

Understanding system state 
and environment 

Clear and concise 
information display 

Improved decision-
making 

Workload 
management 

Balance between automation 
and human control 

Adaptive automation 
strategies 

Reduced operator 
fatigue 

Trust and 
transparency 

Confidence in AI system 
behavior Explainable outputs Increased system 

acceptance 
Intervention 
capability 

Ability to override automated 
decisions 

Intuitive control 
interfaces Enhanced safety 

 

Trust in AI systems is a critical factor influencing their adoption. Operators must have 
confidence that the system will perform reliably under a range of conditions. At the same time, 
over-reliance on automation must be avoided. Transparency in AI decision-making processes, 
supported by explainable AI techniques, contributes to an appropriate level of trust. Providing 
operators with information about the reasoning or confidence level behind AI-generated 
recommendations can improve understanding and facilitate informed decision-making [32]. 
In air traffic management, human–machine interaction is particularly important due to the 
complexity and dynamic nature of the operational environment. AI tools are used to assist 
controllers in conflict detection, traffic flow optimization and workload distribution. These 
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tools must be carefully integrated into existing workflows to ensure that they enhance, rather 
than disrupt, operational efficiency. Human-centered design principles are essential in 
achieving this integration. 

Maintenance operations also benefit from improved HMI through AI-based diagnostic 
tools. Technicians are provided with predictive insights and recommended actions based on 
system data. Interfaces that clearly present diagnostic results and associated uncertainties are 
necessary to support effective maintenance decisions. This is particularly relevant in predictive 
maintenance frameworks, where decisions are based on probabilistic assessments rather than 
deterministic thresholds. 

The evolution of human–machine interaction in aerospace reflects a transition from 
manual control to collaborative systems, where humans and AI share responsibilities. Early 
automation systems were designed to execute predefined tasks, while current AI-based 
systems support adaptive and context-aware operations. Future developments are expected to 
focus on more intuitive interfaces, integration of physiological monitoring for operator state 
assessment and improved methods for conveying uncertainty and system intent. 

Despite these advancements, challenges remain in standardizing HMI design for AI-based 
systems and ensuring consistency across different platforms. Regulatory considerations also 
play a role, as certification processes must account for the interaction between human 
operators and adaptive systems. Continued research in this area is essential to ensure that AI 
integration enhances both safety and operational performance. 

10. FUTURE TRENDS AND RESEARCH DIRECTIONS 
The continued integration of artificial intelligence (AI) into aerospace engineering is expected 
to influence all phases of the system lifecycle, from conceptual design to operation and 
decommissioning. While current applications demonstrate clear benefits in terms of efficiency, 
performance and cost reduction, several research directions remain open. This chapter outlines 
the main trends that are likely to shape the development of AI-enabled aerospace systems in 
the coming decades, with emphasis on technological, operational and regulatory aspects. 

One of the most significant trends is the advancement of hybrid modeling approaches, 
which combine physics-based methods with data-driven techniques. These models aim to 
retain the reliability and interpretability of traditional engineering formulations while 
leveraging the flexibility and efficiency of machine learning. Research efforts are focused on 
improving the coupling between these two domains, particularly in areas such as turbulence 
modeling, structural analysis and system-level simulation. The objective is to develop models 
that are computationally efficient and consistent with known physical laws [10]. Another 
important direction is the expansion of autonomous capabilities. 

While current systems operate at partial or conditional autonomy levels, future aerospace 
platforms are expected to achieve higher degrees of independence, particularly in unmanned 
and space applications. This includes the development of cooperative autonomous systems, 
where multiple vehicles interact and coordinate their actions without centralized control. Such 
capabilities are relevant for swarm-based UAV operations, satellite constellations and 
distributed sensing missions [33]. The integration of digital twins across the aerospace 
lifecycle is also expected to accelerate. Future digital twin frameworks will incorporate real-
time data from design, manufacturing and operational phases, enabling continuous system 
optimization. This approach supports predictive maintenance, performance monitoring and 
adaptive mission planning within a unified environment.  
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Research is ongoing to improve data integration, model fidelity and scalability of digital 
twin systems, particularly for complex aerospace platforms [3]. Table 10 summarizes key 
future trends and associated research challenges. 

Table 10. Future trends and research directions in AI for aerospace 

Trend Description Research Challenge Expected Impact 

Hybrid modeling Integration of AI with 
physics-based models 

Model consistency and 
validation 

Improved simulation 
efficiency 

Increased 
autonomy 

Higher levels of system 
independence Safety and certification Reduced human 

intervention 
Digital twin 
expansion 

Lifecycle integration of 
virtual models 

Data integration and 
scalability 

Enhanced system 
monitoring 

Cooperative 
systems 

Multi-agent autonomous 
operations 

Coordination and 
communication 

New mission 
capabilities 

Explainable AI Transparent decision-
making processes 

Balancing accuracy and 
interpretability 

Increased trust and 
adoption 

 

Recent industrial and market analyses indicate sustained growth in the adoption of AI 
technologies within aerospace engineering. Between 2020 and 2024, the largest increase in 
operational AI deployment was observed in predictive maintenance systems and autonomous 
operational support platforms. Commercial aviation operators increasingly invest in AI-
assisted maintenance optimization due to direct economic benefits associated with reduced 
downtime and improved fleet utilization. 

Market projections also indicate accelerated growth in digital twin technologies and AI-
supported manufacturing systems. The adoption of integrated digital engineering 
environments is expected to increase significantly as aerospace manufacturers transition 
toward model-based system engineering and lifecycle-integrated data architectures. 

A notable trend is the increasing convergence between AI, cloud computing and onboard 
edge computing technologies. This convergence supports real-time operational analytics and 
adaptive decision-making directly within aerospace platforms. However, the expansion of 
onboard AI capability also increases computational, certification and cybersecurity 
requirements. Overall, current statistical trends suggest that future aerospace systems will 
increasingly rely on interconnected intelligent architectures combining predictive analytics, 
autonomous control and digital twin integration. 

Explainable AI (XAI) will continue to be a critical research area, particularly for safety-
critical aerospace applications. As AI systems become more complex, the need for transparent 
and interpretable models increases. Future work will focus on developing methods that provide 
clear explanations of model behavior without significantly compromising performance. This 
is essential for both certification processes and operational trust. 

Another emerging area is the use of AI in real-time system optimization. Advances in 
onboard computing capabilities are enabling more sophisticated algorithms to be deployed 
directly on aerospace platforms. This allows systems to adapt to changing conditions during 
operation, improving performance and resilience. Applications include adaptive flight control, 
real-time trajectory optimization and dynamic resource allocation in space missions [23]. 

From a regulatory perspective, the evolution of standards and certification frameworks 
will play a decisive role in the adoption of AI technologies. Current regulations are not fully 
aligned with the characteristics of data-driven systems, particularly in terms of continuous 
learning and adaptation. Future frameworks are expected to incorporate new validation 
methodologies, including scenario-based testing and probabilistic assessment techniques.  
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Collaboration between industry, academia and regulatory authorities will be essential to 
establish widely accepted standards. Data management and infrastructure will also be a key 
factor in future developments. The effectiveness of AI systems depends on the availability of 
high-quality data, as well as the ability to process and store large datasets. Research is ongoing 
in areas such as data fusion, distributed computing and secure data sharing, which are 
necessary to support advanced AI applications in aerospace environments. 

Finally, human–machine collaboration will remain an important aspect of future 
aerospace systems. As AI capabilities expand, the role of human operators will continue to 
evolve toward supervision, decision-making and system management. Research efforts will 
focus on improving interaction paradigms, ensuring that AI systems support human 
performance without introducing additional complexity or risk. 

In summary, the future of AI in aerospace engineering is seen as characterized by 
increasing integration, autonomy and reliance on data-driven methods. While significant 
progress is expected, the successful implementation of these technologies will depend on 
addressing challenges related to safety, certification, data management and system integration. 
The research directions outlined in this chapter provide a basis for continued development and 
innovation in the field. 

11. CONCLUSIONS 
The integration of artificial intelligence (AI) into aerospace engineering has evolved from 
isolated experimental applications to a strategic technological direction influencing the entire 
aerospace lifecycle. The analyses presented throughout this paper demonstrate that AI-based 
approaches are increasingly used in design optimization, manufacturing, autonomous 
operations, predictive maintenance and space systems. Current developments indicate that this 
integration will continue to accelerate, driven by advances in computational capability, sensor 
technology and data availability. 

 
Figure 3: Aerospace AI market size and forecast 2025 to 2034, bn$ [34] 

“The global aerospace AI market size was estimated at USD 1.40 billion in 2024 and is 
predicted to increase from USD 2.00 billion in 2025 to approximately USD 50.20 billion by 
2034, expanding at a CAGR of 43.04% from 2025 to 2034 (Fig. 3). The market is expanding 
due to advancement in machine learning, data analytics and innovative AI applications in 
aerospace sector to strengthen national security along with strategic collaborations, moves and 
governments initiatives for AI integration in the aerospace sector” [34].  
 



237 A survey - AI in Aerospace: Present and Future 
 

INCAS BULLETIN, Volume 18, Issue 2/ 2026 

One of the most significant findings identified in recent studies is the rapid growth of AI 
implementation in predictive maintenance and autonomous systems. According to recent 
aerospace market analyses, predictive maintenance represented approximately 26.8% of AI-
related aerospace applications in 2024, remaining the largest operational segment due to its 
direct impact on safety and maintenance cost reduction. At the same time, autonomous systems 
were identified as the fastest-growing application area, particularly in unmanned aerial vehicle 
operations and intelligent flight management systems. The list hereafter summarizes 
representative statistical trends related to AI adoption in aerospace: 

- Share of predictive maintenance applications (2024) - 26.8% of aerospace AI 
applications [19]; 

- Commercial aircraft AI platform share (2024) - 33.7% [19]; 
- AI and robotics aerospace market value (2024) - USD 22.4 bn [18]; 
- Forecast AI and robotics market value (2032) - USD 39.9 bn [18]; 
- Forecast CAGR for aerospace AI market (2025–2032) - 7.4% [18]; 
- AI aviation market projected CAGR (2026–2034) - 26.4% [14]; 
- Estimated reduction in unscheduled maintenance events using AI-based predictive 

maintenance systems - up to 30% [25]; 
- Reported reduction in aerospace manufacturing inspection time through AI-assisted 

defect detection - approximately 25% [15]; 
- Increase in UAV autonomous mission efficiency using reinforcement learning-

based flight control - between 15% and 20% in simulation studies [8]. 
The statistical data indicates a consistent upward trend in the implementation of AI 

technologies within aerospace systems. Market growth projections suggest that AI integration 
is transitioning from experimental deployment toward large-scale operational adoption. This 
trend is associated with increasing requirements for efficiency, reduced operational costs and 
improved mission flexibility. 

A second important conclusion concerns the transition from conventional deterministic 
engineering approaches toward hybrid methodologies that combine physics-based and data-
driven models. These hybrid approaches provide improved computational efficiency while 
maintaining engineering consistency and operational reliability. Their application is 
particularly significant in multidisciplinary optimization and digital twin environments, where 
real-time system adaptation is required. 

The research also demonstrates that AI contributes substantially to operational efficiency. 
AI-assisted predictive maintenance systems reduce unscheduled maintenance events by 
enabling condition-based interventions and early anomaly detection. In manufacturing 
environments, intelligent inspection systems improve defect detection capability and process 
consistency, especially in composite fabrication and additive manufacturing processes. 

The observed technological evolution also indicates that future aerospace systems will 
increasingly rely on interconnected digital architectures. Digital twins, autonomous control 
systems and AI-assisted decision environments are expected to become standard elements in 
both civil and military aerospace platforms. These developments are likely to improve 
operational adaptability and lifecycle management capabilities. 

Despite the substantial progress achieved, several critical challenges remain unresolved. 
Certification frameworks for AI-based systems are still under development, particularly for 
adaptive and non-deterministic algorithms. Cybersecurity concerns associated with data 
integrity and adversarial attacks also represent a major limitation for widespread operational 
implementation. In addition, the increasing complexity of AI systems requires improved 
transparency and explainability to maintain operator trust and ensure regulatory compliance. 
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Table 11 summarizes the principal advantages and remaining limitations associated with 
AI integration in aerospace engineering. 

Table 11. Main Benefits and Challenges of AI Integration in Aerospace 

Area Main Benefits Current Challenges 
Aerospace design Faster optimization and simulation Validation of surrogate models 

Manufacturing Improved quality control and 
automation Integration with legacy systems 

Autonomous operations Reduced operator workload Certification and reliability 

Predictive maintenance Reduced downtime and 
maintenance costs Data quality and interpretability 

Space systems Increased mission autonomy Limited onboard computational 
resources 

Human-machine 
interaction Enhanced decision support Maintaining operator situational 

awareness 
 

Current research trends indicate growing interest in explainable AI, hybrid physics-
informed models and cooperative autonomous systems. Future aerospace applications are 
expected to involve increasing levels of onboard autonomy, particularly for deep-space 
missions and unmanned collaborative operations. The evolution of AI-supported systems will 
therefore depend not only on algorithmic performance, but also on advances in certification 
methodologies, secure system architectures and human-machine collaboration strategies. 

In conclusion, AI has become a major technological driver in aerospace engineering, 
influencing both present operational practices and future system architectures. The 
combination of AI with conventional aerospace engineering methods offers significant 
opportunities for improving efficiency, safety and adaptability. However, the successful 
implementation of these technologies requires continued interdisciplinary research and 
coordinated development of technical, operational and regulatory frameworks. 
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