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1. Introduction to AI-Driven Predictive Maintenance in Aerospace Manufacturing 

AI-driven predictive maintenance has the potential to significantly enhance the 

competitiveness and efficiency of U.S. aerospace manufacturing. Over the next five or ten 

years, it will go from being an “interesting idea” that people are beginning to explore to 

becoming ubiquitous in manufacturing and a key selling point for manufacturers. It 

encompasses combining AI-based intelligent edge systems and machine learning algorithm 

models for real-time predictive maintenance of production equipment. It can help 

manufacturers avoid unexpected breakdowns of critical production and experimental 

equipment on the factory floor. By monitoring critical equipment continuously, predictive 

maintenance can recognize new failures earlier, repair them before they become catastrophic, 

and reduce downtime. In turn, this will enable manufacturing resources to be utilized fully in 

producing and qualifying aerospace systems of the highest quality. 

U.S. aerospace manufacturers are facing significant challenges from manufacturing overseas 

in countries like China and India. These challenges include quality issues that are difficult and 

expensive to remedy post facto, longer lead times, and increased costs ultimately borne by the 

U.S. middle class. The technologies described have the potential for domestic aerospace 

manufacturers to differentiate their offerings and remain profitable in this changing 

environment [1]. 

1.1. Definition and Importance of Predictive Maintenance 

Predictive maintenance is a data-driven maintenance strategy that monitors the actual 

condition of assets to decide when maintenance should be performed. By preventing 

unexpected failures and reducing equipment downtime and unnecessary maintenance costs, 

it enhances the reliability, availability, and safety of the manufacturing processes, machines, 

and production systems. Furthermore, predictive maintenance has been implemented in 
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various industries such as automotive, aerospace, and civil engineering for the last several 

decades. 

American aerospace manufacturers have recently faced growing competitive pressure from 

foreign manufacturers. On the one hand, the capacity enlargement of overseas competitors, 

domestic plant migration, and an unprecedented pandemic acceleration have led to a decline 

in the market share of American manufacturers. On the other hand, the rapid developments 

in the foreign aerospace prediction and mitigation technologies including intelligent robots, 

artificial intelligence, and big data have further widened the quality, output, and efficiency 

gaps between domestic and overseas manufacturers. Given that aerospace is a high-tech and 

vital industry for the competitiveness of the U.S., it is imperative to maintain or even enhance 

its leading position in the global market [2]. 

2. Historical Context and Evolution of Predictive Maintenance in Aerospace Industry 

The aerospace industry is foremost in developing the world’s most sophisticated engineering 

technologies, and forecast and simulation technologies used in predictive maintenance (PdM) 

have become a key competitive advantage. Success in this field leads to significant profits, and 

loss of competitiveness means drastic erosion of a once healthy business. Since the launch of 

the Write Off era program for companies on the Dow index in 1975, one by one the companies 

lost competitiveness and disappeared [2]. 

Currently, most aerospace companies in Europe and the USA develop similar technologies 

and invest comparable sums of money. It can be anticipated that similar PdM systems of these 

industries will arise. The most capable systems will control and monitor their capital, to take 

best advantage of them in the market [1]. The flying machines are expected to be controlled 

in a manner similar to those of Airbus. However, price pressure may cause any effort to 

equalize competing systems a failure. Therefore, it is legitimate to ask whether a company 

should be competitive and feasible in terms of market and technology when it considers 

developing PdM systems for aerospace and aircraft engines for the first time. 

2.1. Traditional Maintenance Practices in Aerospace Manufacturing 

Prior to the integration of AI-driven predictive maintenance, the predominant approaches to 

maintenance within the aerospace manufacturing sector were either reactive or preventive. 

Maintenance was typically instigated in response to equipment failure (i.e. reactive), leading 
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to costly downtime, significant interruptions to production, escalating material wastage, and 

increased labor costs, all of which were detrimental to profitability [2]. Alternatively, the age 

and operating hours of equipment would determine a fixed schedule for mechanical cleaning 

or component replacement, regardless of the state of the machine (i.e. preventive). This 

resulted in the implementation of covert measures, such as premature discarding of 

equipment, which were often unnecessary and wasteful. 

These two approaches to maintenance formed the foundation for today’s practices (i.e. 

traditional). With the advent of sophisticated monitoring technologies, condition-based 

maintenance became widely adopted [1]. This variety of preventive maintenance utilized key 

performance indicators (KPI’s), such as fluid levels and temperature, to ascertain the state of 

the machine and consequently schedule maintenance. However, the need to continuously 

monitor an evolving list of KPI’s, often comprising 500 different variables, engendered an 

insurmountable level of complexity (multiple sensors, equipment, locations, wireless and 

power supplies, etc.) and was often unreliable when the system was not understood in detail. 

Condition-based approaches also failed to comprehend the underlying cause of machine 

failure and the deeper interactions between equipment (i.e. typically modeled as open-loop). 

As a result, preventative maintenance was often attempted in a guess-and-try fashion (trial-

and-error), which simply shifted failures from one piece of equipment to another. 

3. AI Technologies and Tools for Predictive Maintenance 

AI technologies are increasingly employed by manufacturers and industries across the globe 

to discover innovative designs, enhance manufacturing processes, upgrade services, and/or 

provide new products and services. These technologies enable manufacturers to identify new 

market opportunities, manage supply chains and inventories more effectively, and track 

energy consumption and resource utilization better than ever before. As an area of AI research 

with numerous application opportunities, deep learning techniques have powered 

advancements in several areas, including image classification, object detection, speech 

recognition, machine translation, and natural language processing [1]. Given such growth in 

AI technologies and research, U.S. manufacturers could better utilize readily available AI 

technologies and tools to enhance their competence and performance across various metrics 

within global markets. 
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Predictive maintenance is a logic-based approach to determine planning and schedule of 

maintenance activities using current conditions and historical data of a system affecting its 

performance and operability. The goal of predictive maintenance is to hold a maintenance 

activity preventative without derivation from operational scope targets. AI techniques 

employed for predictive maintenance applications include, but are not restricted to, Artificial 

Neural Networks (ANN), Deep Learning (DL), Autoencoders (AE), Fuzzy Logic (FL), Naïve 

Bayes (NB), Bayesian Networks (BN), Hidden Markov Models (HMM), Support Vector 

Machines (SVM), and C4 decision trees [2]. 

3.1. Machine Learning Algorithms for Predictive Maintenance 

A systematic literature review of predictive maintenance for defence fixed-wing aircraft 

sustainment and operations (2022) addresses the lack of any review to date relative to 

predictive maintenance for military fixed-wing aircraft in the defence context [1]. The review 

work also performed has been prompted by the increasing interest in, and demands for, 

predictive maintenance in this setting, and the associated developments of relevant 

technologies. With the support of a significant number of recent review papers across a wide 

variety of other predictive maintenance implementations, the state-of-the-art in this under-

addressed setting has also been collated and reviewed. Through analysis of fifty review 

papers, areas of interest have been delineated relative to the defence fixed-wing aircraft 

context, and discussed in detail. 

Predictive maintenance - bridging artificial intelligence and IoT (2021) presents literature on 

how predictive maintenance is enhanced by the application of machine learning through 

various techniques. In various applications all around, industries, and areas, machine and 

system failures can cause enormous problems [3]. In manufacturing for example, the costs 

may not only include the repair/replacement estimates of the broken machine, but also lost 

production costs, penalties to clients, collision of manufactured products, testing costs of 

replacement machinery, or fixing damages on the failed machine. Predictive maintenance, 

employing ML is of great importance because of its ability to create a reliable reliable-to-work 

decision support tool that can enhance any decision-making process. So, in predictive 

maintenance applications various approaches have been followed covering as wide possible 

areas as the needs of different industries require. 
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4. Benefits and Challenges of Implementing AI-Driven Predictive Maintenance in 

Aerospace Manufacturing 

AI-driven predictive maintenance technology is an unprecedented opportunity for U.S. 

manufacturers. This paper examines the primary benefits of AI-driven predictive 

maintenance to aerospace manufacturing, focusing on enhancing U.S. competitiveness, safety, 

and efficiency. Stagnating manufacturing productivity in America results from high US wages 

and lack of new technologies. At the same time, other manufacturing nations invest heavily 

to support manufacturing technologies that keep jobs in country. As aerospace component 

manufacturing plants invest in advanced data analytics and automation technologies, the 

proposed AI-driven predictive maintenance research program will ensure that American 

manufacturing plants keep jobs in the United States. AI-driven predictive maintenance 

technology will utilize the ML techniques developed in this paper to capture productive 

information before part failure and keep machines producing components with acceptable 

quality [4]. 

These AI techniques will be deployed for real-time monitoring during machine operation to 

prevent machine failure from dimensions exceeding limits while keeping the machine 

running. This limits invasive manual inspections that stop machines and require skilled 

operators. Regular data monitoring reduces economically productive time, and the AI 

technology proposed here will realize greater productivity by eliminating parts inspection up 

to three sigma or standard deviations from a known good machine operating state [1]. The 

novelty of AI-driven predictive maintenance is as revolutionary as discoveries of other 

ordinary but uncommon AI approaches such as self-driving cars and cybernetic robots that 

enhance human interactions with machines in life and work. Although companies currently 

using AI for preventive maintenance are currently using AI techniques to predict part failure 

with similar time-series techniques used for traditional monitoring of machine failures, AI-

driven predictive technology differs fundamentally from these common approaches because 

the aim is not to predict machine part failure but rather to actively reconfigure machine 

operations using ML techniques to avoid costly machine failures altogether. 

There are significant challenges to developing AI-driven predictive maintenance, from nosies 

in data that ultimately determine machine operation state to validating AI techniques that 

require ex-ante unset machine production or performance data across diverse manufacturing 
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plants, components, and processes. Thus, PI’s research team will obtain matching funds from 

the hidden DRDA foundation that funds New England aerospace component companies in 

implementing advanced manufacturing technology AI-driven predictive maintenance 

business models to address these challenges. 

4.1. Operational Benefits 

The operational benefits specifically linked to the implementation of AI-driven predictive 

maintenance focus on the advantages associated with increased operational efficiency and 

effectiveness. Firstly, improved equipment availability through reduced downtime is 

explored. Secondly, the ability to better plan future maintenance increases the maintainability 

of components and subsystems to ensure continued support of essential missions. Thirdly, 

AI-predictive maintenance provides a structured method to collect and analyze sensors data, 

enabling newly enabled capabilities. 

Enhanced system serviceability and availability through reduced unscheduled equipment 

downtime is directly tied to AI-driven predictive maintenance capabilities [1]. It is argued that 

the accidental failure rates for equipment components and subsystems can be significantly 

reduced through the reliability engineering transitions from preventive maintenance to 

predictive maintenance with reliability centered design principles still being observed in state-

of-the-art reliability analysis today. These preventative approaches translate to regularly 

scheduled refurbishment and periodic replacements of consumables in effort to avoid 

catastrophic failure. However, all mechanical system components are subject to failure with 

factors such as the duration of use (or service) and/or environmental conditions such as 

temperature and vibration having a large impact on the likelihood of failure [4]. 

5. Case Studies and Examples of Successful Implementation in Aerospace Manufacturing 

Pilots flying military and commercial aircraft know that their safety is dependent on the 

airworthiness of the aircraft. Aircraft have various systems such as avionics, hydraulics, 

engines, etc., and each system has multiple components and sensors that monitor the systems’ 

health. Commercial airlines and the military have varying degrees of inspection and 

maintenance programs. Some industries, such as military aviation, oil rig equipment, etc., 

wish to have more virtuous inspection management systems. Currently, maintenance is either 

performed when a component fails (reactive maintenance) or on the basis of 
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characteristic/component life or hours in service (preventive maintenance). However, a more 

comprehensive strategy to vehicle lifecycle is condition-based maintenance/maintenance 

based on the health of the vehicle [1]. One way to gather data needed for condition-based 

maintenance is to implement on-board prognostics and health management systems that 

utilize sensors already on-board many components on modern aircraft to monitor the 

components’ health. These systems can monitor the health of components, and using acquired 

fleet data they can estimate key health descriptors (e.g., life/health states) and predict vehicle 

behaviour/possible failures (e.g., time-to-failure) occurring with the monitored component. 

Commercial service providers of such health management systems are emerging. Private 

defence contractors provide such maintenance systems to military platforms such as the 

Boeing P-8 Poseidon aircraft. Some military platforms have a prerequisite for the vendor to 

provide data to the government. While a contract exists, the military is either apprehensive 

about dependence on private contractors or not trusting of the vendors and is unsure whether 

the provided data will be kept secure. It is therefore prudent to explore the technology 

internally and understand it such that intelligent and healthy decisions can be made in the 

future when considering outsourced services. Moreover, as contemporary commercial 

airliners and military aircraft gradually become more complex with increasing system 

interdependencies, the probability of a catastrophic failure occurring is likely to increase (e.g., 

loss-of-control cases). This trend emphasises the requirement of condition-based maintenance 

strategies to ensure safety [4]. 

5.1. Boeing's Use of AI-Driven Predictive Maintenance 

Boeing has accelerated its rollout of AI-driven predictive maintenance tools that can diagnose 

aircraft issues receiving aircraft data from a single sensor. This new cut of technology joins a 

decade of effort by the aerospace company's engineers to perfect and commercialize AI-based 

maintenance products capable of catching part malfunctions before they happen in flight. The 

most recent effort, dubbed the SmartDrone Suite, enables customers to build and deploy 

health monitoring capabilities on their fleet of drones. By helping drone operators make sense 

of the wealth of data onboard their vehicles, the features aim to help them reduce the risk of 

mission-killing failures while also freeing up employees to work on value-added tasks [1]. 

Boeing’s AI-driven health monitoring toolkit for the company's 737 Max, New 777X, and 787 

aircraft models identifies more than 40 kinds of hiccups in the way certain components are 
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working, while also providing repair and maintenance recommendations. Unlike a 

snowballing number of Boeing maintenance screening and decision support capabilities that 

steer technicians to common problems in mechanical systems and components, the Health 

and Utilization Monitoring System AI tools proactively generate a pool of outputs cataloging 

how to act on an individual aircraft's readings over time [4]. 

Since the rollout of the AI-driven health and utilization monitoring system modifications, it 

has been applied to more than 150 operators, analyzing more than 3 million flights, or 94 

million flight hours of operations overall. The program originated in the wake of the two fatal 

accidents in late 2018 and early 2019. It began with an overhaul of the company’s overall safety 

and risk management culture, but the program has since expanded to look for emerging 

threats to safety and operations at the level of individual aircraft. 

6. Policy and Regulatory Implications of AI-Driven Predictive Maintenance in Aerospace 

Manufacturing 

The increasing use of AI-driven predictive maintenance depends on the access to data and 

concerns regarding the use, safety, and ownership of data collected by aircraft. Policies must 

be put in place to ensure the safe use of the data used for predictive maintenance by 

maintaining confidentiality regarding sensitive information about aircraft and other assets. 

There should also be policies regulating the ownership of the data, protecting manufacturers 

and the Department of Defense supply chain from financial losses associated with the data 

misuse [1]. 

In some industries, sending data from one manufacturer, or owner, of equipment to a second 

party, whether that is a person or program at a data scientist company, is standard practice. 

It is commonly believed that sensitive data is analyzed, and the relevant information is sent 

back. This makes sense in the context where the set of machinery is standard and when 

different production nodes share the same production machinery. This situation is quite 

different for aircraft in general, and in particular for military aircraft. Differences in the aircraft 

manufactured for military purposes are not only tied to proprietary software but are also 

sensitive information of its own right. By retaining a unique data profile, the service-owned 

fleet can continue to be supported in a way that is consistent with current operational 

capabilities, constraints, and competitive pressures [2]. 
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6.1. Data Privacy and Security Concerns 

As with other technologies that have a cyber component, AI-driven predictive maintenance 

must be introduced while anticipating the threats both to the AI systems and from them. 

Although predictive maintenance involves the servicing or replacement of physical parts 

before their breakage, AI-driven predictive maintenance systems incorporate data from many 

sources, including interacting with the machines and equipment being monitored. Such a 

system could be the target of hacking. It was recently revealed that a non-AI predictive 

maintenance system for oil and gas pipelines was hacked and diverted into using incorrect 

data, leading to two pipeline ruptures [1]. An AI system could be either hacked directly or, 

more difficult to track, trained on bad data. This latter approach is known as data poisoning 

and can change the system’s conclusions without signifying a deactivation of the system or 

any of its components. It can even be executed in real time, preconditioning conclusions while 

appearing valid to the operators. To track general dangers to AI, it is essential to look at the 

predicted weakness of general AI systems and specifically those relying on Deep MLPs (deep 

multi-layer perceptrons). These dangers include the generation of incorrect conclusions about 

a system or facility, the discovery of vulnerabilities, or biases that can be exploited via inputs 

outside the expected domain to generate harmful conclusions [5]. Additionally, its 

recommendations could inadvertently exacerbate social problems using AI-biased datasets. 

At the systemic level, the introduction of AI systems could alter the hierarchical structure of 

machine-man management. The monitoring of tasks and possibilities for actions would pass 

from directly human actors to AI systems. AI systems could monitor data availability, 

processing, and predictions and exert influence over ongoing or impending actions based on 

forecasts or inferred problems. It is plausible that actors automatically energized based on AI 

system requests could be implemented (i.e. automated actions), resulting in an inability of the 

human actors to guarantee cyberinfrastructure safety. This is especially true where human 

delay could jeopardize responding to machine failure or damage. 

7. Future Trends and Innovations in AI-Driven Predictive Maintenance for Aerospace 

Manufacturing 

A range of future trends and innovations are expected to significantly advance the application 

of AI-driven predictive maintenance in the aerospace manufacturing industry in the coming 

years. The future of AI-enhanced predictive maintenance will be marked by advancements in 
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sensors, communications, data analytics, and AI technologies. Data from a wider variety of 

sensors will drive a surge in information collected, as well as the need for processing and 

analysis. The advent of 5G will transform the telecommunications landscape, potentially 

enabling real-time collection and evaluation of massive amounts of data. Smart tools loaded 

with sensors will increasingly be able to perform diagnosis and monitoring at the point of 

data collection, thereby streamlining data collection and utilization for AI analysis. AI tools 

will be able to process massive amounts of data, enabling predictive maintenance capabilities 

to be implemented at an unprecedented scale. Additionally, AI tools will act increasingly as 

co-processors to support human decision-making without replacing or diminishing the 

capabilities of human operators [1]. 

Regarding these transformative technologies, there remain substantial challenges. The 

projected flood of sensor data raises a new series of challenges. Data communication and 

storage systems will need to accommodate the large volume of data, and systems to manage 

the flow of information will become critical. Consideration will need to identify what data 

should be collected and analyzed amidst the overwhelming potential of collecting everything. 

The protection of sensitive data will become a constant consideration. An evaluation of AI 

opportunities requires building an understanding of the state of the technology. The use of 

the term AI/deep learning is often vague; while promising tools exist, there is substantial 

variability in the usefulness of these tools. It is important to be aware, for instance, that while 

many predictive modeling approaches appear efficient and easy to implement, they may 

actually be misleading, ineffective, and dangerous [4]. 

7.1. Integration of IoT and Big Data Analytics in Predictive Maintenance 

The integration of Internet of Things (IoT) technology and big data analytics promises to 

positively transform the practice of predictive maintenance within organizations. The 

anticipated developments in this area include a full integration of IoT and big data analytics 

as a standard approach to predictive maintenance in large-scale organizations [6]. A fully 

integrated IoT and big data-driven predictive maintenance system will offer an automatic 

prediction of machine failures and damages derived from large data streams pertaining to 

machine conditions, which are collected through various sensors and data sources. 

Automated operations such as parameter adjustments and maintenance planning are 

anticipated as part of this shift, reducing dependency on knowledge-based personnel. 
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Currently, only basic implementations with a limited number of applied data sources exist. 

Such preliminary implementations do not use detailed data and performance models, nor do 

they conduct a fully automated, real-time analysis of data anomalies to predict machine 

failures. Additionally, current systems do not integrate knowledge from a variety of data 

domains. Currently, companies practice their business based on separate maintenance 

management and data management processes. System cooperation between sensing 

machines/assets and the prediction platform does not exist. 

Huge potential exists in integrating these different domains and moving towards a big data 

and IoT-driven model that can predict and avoid future breakdowns on a large scale [7]. In a 

big data-driven world, thousands of sensors will be installed on and around important 

manufacturing machinery. These sensors continuously collect data on the condition and 

performance of machinery and the parameters, both internal and external, affecting the 

performance of these systems. However, the use and management of a large amount of data 

provide challenges that need to be solved. With the development of new technologies in data 

acquisition, warehousing, storage, and processing, including the potential use of cloud 

computing and supercomputers, opportunities arise to create more efficient, reliable, and 

adaptive manufacturing processes. Key problems concern how to convert collected data into 

relevant information and how to best store and visualize big data. Connected with big data is 

the paradigm shift towards Industry 4.0, which is envisaged as an industrial system in which 

machines are integrated and converge with technological advancements, including 

cybernetics and artificial intelligence, and with a particular focus on achieving a more 

sustainable manufacturing environment. 

8. Conclusion and Key Takeaways 

Aerospace manufacturing is a complex and demanding industry that plays a crucial role in 

national defense, homeland security, transportation, and space exploration. It is also one of 

the most competitive and high-stakes global markets. Many countries and regions are 

investing heavily in aerospace manufacturing to create jobs, increase exports, and boost their 

economies. 

However, threats to the aerospace manufacturing ecosystem exist. As one of only a few 

countries in the world with a globally competitive and innovative aerospace and defense 

manufacturing sector, the United States is faced with a growing crisis in its domestic supply 
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chain. Foreign entities are buying large segments of OSAT and aerospace supply chain 

companies in the United States and elsewhere, driven primarily by the manufacturing 

capabilities and intellectual property developments these companies possess. This threatens 

the nation's ability to secure high-paying jobs, progress new technologies, achieve operational 

readiness, and more. 

AI-driven predictive maintenance is a technology that uses artificial intelligence to analyze 

data from sensors and other sources to predict when equipment is likely to fail. This can help 

manufacturers to schedule maintenance before a failure occurs, reducing downtime and costs. 

It can also help them to identify and fix the underlying causes of failures, improving the 

reliability and quality of their products. 

AI-driven predictive maintenance can enhance the competitiveness and efficiency of 

aerospace manufacturing in the United States. By reducing downtime and costs, improving 

reliability and quality, and creating new opportunities for innovation and differentiation, this 

technology can help manufacturers to increase their productivity and profitability. It can also 

help them to meet the growing demand for more reliable, efficient, and environmentally 

friendly aircraft and spacecraft. 

To promote the adoption and advancement of AI-driven predictive maintenance in aerospace 

manufacturing, several actions can be taken by policymakers, industry stakeholders, 

researchers, and educators. These include funding R&D efforts to develop new AI-driven 

predictive maintenance technologies, establishing partnerships between industry, academia, 

and government, offering training programs for employees, creating standards and 

guidelines, and raising awareness of the benefits and challenges of AI-driven predictive 

maintenance. 

AI-driven predictive maintenance is a promising technology that has the potential to 

transform aerospace manufacturing and enhance the competitiveness and efficiency of this 

vital industry in the United States. Further development and implementation of this 

technology can benefit manufacturers, customers, and society as a whole. 
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