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Abstract: This study explores the use of Generative Artificial Intelligence (GAI) in assessing pilot fatigue risk 
by integrating facial recognition and physiological signals with Inertial Measurement Units (IMUs). By 
leveraging IMU technology's precise, real-time data on movement and combining it with GAI's advanced data 
analysis capabilities, the study aims to enhance the accuracy of fatigue prediction models. The analysis reveals 
that while traditional classifiers like Extreme Random Trees and Random Forests offer modest performance, 
advanced models such as Support Vector Machines and Naive Bayes demonstrate superior recall rates, 
highlighting their potential to identify true positives. This integration of AI and IMUs offers a promising 
approach to developing comprehensive, real-time fatigue monitoring systems, improving safety and efficiency 
in aviation by providing actionable insights and facilitating more effective fatigue management. 

Keywords: generative AI; inertial measurement units (imus); fatigue risk assessment; facial 
recognition 

 

1. Introduction 

In the past two years, a new generation of Generative Artificial Intelligence (GAI) represented 
by ChatGPT, Sora, etc. has entered the public's attention. This kind of technology is driven by the full 
integration of big models, big data, and big computing power. With the characteristics of scale, 
emergence, and versatility, it has made a leap breakthrough in natural language processing, video 
generation, human-computer interaction, multi-modal integration, and so on, and is considered to be 
the "singularity" of strong artificial intelligence. When it comes to generative artificial intelligence, 
the first thing that comes to mind is the ability to generate cool things like conversations, text 
graphics, and Vincennes videos. Compared with the form of expression, the success of the technical 
route behind it and the new application ecology brought by it should attract our attention. It can be 
predicted that GAI will bring structural changes to all walks of life in the future.  

As the civil aviation industry is highly informationized and immersed in big data, the 
technological revolution triggered by GAI undoubtedly provides a new opportunity to accelerate the 
digital transformation of the industry. This is mainly reflected in three aspects, one is the intelligent 
analysis of civil aviation professional knowledge, the second is the processing of multi-modal 
information, and the third is the deepening of human-computer interaction ability. In terms of the 
analysis of civil aviation professional knowledge, GAI has a strong generalization ability (for 
example, the core architecture of the GAI Transformer and Diffusion model has stronger data 
processing and knowledge generalization ability). Due to the outstanding characteristics of the civil 
aviation industry, such as a wide range of professionals, complicated rules and regulations, etc.  

In the past, AI research and development of knowledge in the field of civil aviation faced 
significant training data gaps and cost-benefit problems. However, GAI can combine internal and 
external knowledge to carry out transfer learning between the general field and various subfields of 
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civil aviation, to efficiently solve the knowledge learning problem in vertical fields, that is to say, AI 
can "understand" niche civil aviation professional knowledge. In terms of multimodal information 
processing, a significant technical trend of GAI is to compatibly combine multiple types or modes of 
data, such as text, images, video, audio, etc., to make more accurate judgments or predictions about 
more scenarios, situations, or problems. This capability can meet the common multi-form data 
association processing requirements in civil aviation services (such as operation control, safety 
management, etc.). For example, air traffic controllers often have to make comprehensive research 
and judgment decisions based on voice, image, message, etc.  

The application of GAI will help air traffic controllers to comprehensively perceive and respond 
to unexpected scenarios, and have the ability of "Clearvision, wind ear, and wisdom brain". In terms 
of man-machine collaborative interaction, GAI's man-machine interaction ability is far more than 
traditional AI, traditional decision-making AI is more like doing "multiple choice", and GAI is good 
at doing "short answer". The characteristics of GAI "can prompt and guide" enable it to communicate, 
learn, and progress "human-machine" and "machine-machine" in a "human-like" way in multiple 
rounds of human-machine interaction, which can also provide more comprehensive and intelligent 
auxiliary decision-making for professionals.  

It is foreseeable that in the future, with the ability of AI to be embedded in various application 
scenarios in the industry, civil aviation practitioners will have all kinds of "intelligent assistants" in 
their work (such as passenger service assistants, aircraft maintenance assistants, etc.), and people and 
AI will work together to "apply what they learn, promote learning, and learn to use each other". 
Collins Aerospace and SeeingMachines, a leader in eye tracking and driver safety technology, are 
working together to develop and implement revolutionary fatigue management technology solutions 
to improve safety across the aviation industry. These solutions will sense a pilot's fatigue and 
alertness from their eye movements to better understand the impact of the workload on their flight. 

2. Related Work 

2.1. Artificial Intelligence (AI) in Modern Military Applications 

1. Applications in Safety Management 
In the realm of safety management, Generative AI (GAI) plays a crucial role, especially in 

aviation safety prediction. By "learning and understanding" vast amounts of aviation safety reports, 
GAI can develop a "Civil Aviation Complex System Safety Model," deducing and simulating aviation 
safety laws to achieve early warnings and predictions of unsafe events influenced by factors such as 
"human, aircraft, environment, and management." Additionally, GAI can accurately simulate and 
reproduce safety incidents that are challenging to observe and test in real scenarios, aiding in accident 
investigation and review analysis. 

Table 1. Application Data Example. 

Application Area Specific Function Practical Case 

Safety Prediction 
Establish complex 
safety models, deduce 
safety laws 

GAI model successfully 
predicted potential safety 
hazards for a flight 

Accident Simulation 

Reproduce difficult-to-
observe safety 
incidents, assist 
investigations 

GAI simulated the entire process 
of an aviation accident, helping 
identify causes 

2. Applications in Flight Operations 
In-flight operations, GAI is expected to be deeply integrated with the cockpit, becoming an ideal 

flight assistant in real flights or training. On one hand, GAI can help pilots and crew quickly obtain 
the aircraft's status, provide critical route, weather, and other information, and assist in making 
timely and accurate decisions. Liu et al. (2024) present a study focused on predicting flight accidents 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 29 September 2024 doi:10.20944/preprints202409.2295.v1

https://doi.org/10.20944/preprints202409.2295.v1


 3 

 

using a Back Propagation Neural Network (BPNN). Their research involves developing a predictive 
model that analyzes historical flight accident data to identify key factors contributing to accidents 
and predict potential risk scenarios.  

The BPNN-based model is designed to learn from various input features, including flight 
parameters, operational conditions, and past incident records, to generate risk assessments and 
identify high-risk situations. This approach aims to enhance flight safety by providing actionable 
insights and early warnings based on predictive analytics. The study demonstrates the efficacy of 
neural network models in improving aviation safety management and highlights the potential for 
integrating advanced machine learning techniques into accident prediction and risk mitigation 
strategies. On the other hand, GAI's "generative" advantage can be utilized to create a rich and vivid 
flight training scene library in virtual reality, offering near-real or customized interactive scenes and 
feedback information to enhance training efficiency. 

Table 2. Application Data Example. 

Application Area Specific Function Practical Case 

Flight Assistance 
Provide aircraft status, 
assist in decision-
making 

GAI helped pilots make quick 
decisions during simulated 
flights 

Virtual Training 
Create interactive 
training scenes to 
improve efficiency 

GAI-based virtual training 
system significantly improved 
training outcomes 

3.Applications in Aircraft Maintenance, Repair, and Overhaul (MRO) 
In MRO, GAI can act as both an "intelligent manual" and a "maintenance expert." Leveraging 

fleet big data, GAI can predict faults and provide corresponding maintenance measures, advancing 
the current maintenance concept from "preventive maintenance" to "predictive maintenance," 
thereby improving safety and efficiency. Leading predictive maintenance platforms like Lufthansa's 
Aviatar and Air France Engineering's PROGNOS are exploring GAI technology to further enhance 
their predictive capabilities and safety. 

Table 3. Application Data Example. 

Application Area Specific Function Practical Case 

Fault Prediction 
Predict faults and 
provide maintenance 
advice 

GAI predicted and preemptively 
addressed potential faults in an 
aircraft 

Maintenance Optimization 
Shift from preventive to 
predictive maintenance 

PROGNOS platform used GAI to 
significantly enhance 
maintenance efficiency 

4. Applications in Production and Operations 
In production and operations, GAI can enhance airline operational efficiency in various 

dimensions, such as improving crew scheduling efficiency and enhancing passenger service levels. 
Compared to flow-based operation planning software, GAI-based crew scheduling programs can 
intelligently analyze rules and operational manuals, achieving a better balance between airline 
operations, regulatory constraints, and human resource efficiency. Additionally, GAI helps 
passengers with ticket booking, simple boarding procedures, and more, reducing customer service 
resource investment for airlines.  

Many large airlines both domestically and internationally have begun implementing relevant 
technologies. 
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Table 4. Application Data Example. 

Application Area Specific Function Practical Case 

Crew Scheduling Intelligent rule analysis 
for efficient scheduling 

GAI technology optimized crew 
scheduling processes for an 
airline 

Customer Service 

Handle ticket booking 
and boarding, reduce 
service resource 
investment 

GAI improved customer service 
efficiency in large airlines 

The new generation of generative AI is set to profoundly enhance the level of intelligence in 
various fields of civil aviation, bringing new opportunities for its digital transformation. To fully 
leverage this new quality of productivity, especially in the civil aviation sector, attention should be 
given to three key issues: first, studying the algorithmic model mechanisms of GAI to improve model 
explainability and break through the "black box" of deep learning; second, addressing the balance 
between "artificial" and "intelligent" elements, building an ideal "human-machine interaction" 
paradigm to achieve the best balance between human intervention and assisted decision-making; and 
third, standardizing the development and application of GAI in terms of network security, data 
security, and ethical security, to build a reliable and controllable intelligent civil aviation system to 
ensure aviation safety. 

2.2. AI-Assisted Fatigue Monitoring-Inertial Measurement Unit (IMU) 

The Inertial Measurement Unit (IMU) is an advanced sensor technology that tracks and records 
an athlete's movement in real time, including data such as acceleration, rotation, and direction. When 
this rich data is met with AI, it can reveal deep patterns and trends in the athlete's training process. 

 

Figure 1. Inertial Measurement Unit (IMU) sensor monitoring framework. 

In the Biro team's study, they used IMUs to collect dynamic data on 19 athletes during multiple 
training sessions. Then, by applying machine learning algorithms - including random forests, 
gradient hoists, and Long short-term memory networks (LSTM) - they developed models capable of 
predicting an athlete's fatigue level and endurance. Researchers have cleverly used the advantages 
of IMU devices in data acquisition: high spatio-temporal resolution: millisecond high frequency 
sampling, which can accurately reflect instantaneous motion changes; Multi-structure: 
synchronously record a variety of data such as triaxial acceleration and triaxial angular velocity, 
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presenting a complete motion picture; No constraint: small size, wireless, wearable, does not affect 
the natural movement of athletes. 

 
Figure 2. Sensor monitoring formula away. 

The Inertial Measurement Unit (IMU) sensor technology offers valuable contributions to pilot 
fatigue risk assessment by providing precise, real-time data on movement dynamics. By integrating 
IMUs with facial recognition and physiological signal analysis, the combined approach enhances the 
understanding of pilot fatigue. The IMU’s high spatio-temporal resolution allows for the detailed 
tracking of minute motion changes, which, when analyzed alongside facial expressions and 
physiological signals, can deliver a comprehensive picture of fatigue levels and movement patterns. 
This synergy aids in creating more accurate predictive models for fatigue, as it captures both the 
physiological and behavioral aspects of pilot performance. In study Liu et al. (2024) explore the 
application of machine learning techniques for predicting dangerous flight weather conditions.  
The researchers propose a novel approach that leverages various machine learning algorithms to 
enhance the accuracy of weather forecasts critical for flight safety. Their model integrates historical 
weather data, real-time atmospheric measurements, and advanced learning algorithms to identify 
patterns and predict adverse weather events that could impact flight operations. This research 
highlights the potential of machine learning to improve flight safety by providing timely and precise 
weather predictions, thereby enabling better pre-flight planning and in-flight decision-making. The 
findings underscore the importance of incorporating cutting-edge technology into aviation safety 
protocols, offering a promising direction for future advancements in meteorological forecasting for 
aviation. 

Additionally, the IMU’s ability to record multi-structural data, such as triaxial acceleration and 
angular velocity, complements facial recognition systems that monitor expressions and physiological 
signals indicating fatigue. The sensor’s small, wireless, and wearable design ensures that it does not 
interfere with natural movement, making it ideal for real-world applications where pilots' 
movements and conditions need to be continuously monitored without disrupting their duties. This 
integration allows for a more holistic and unobtrusive assessment of fatigue, leading to better 
preventive measures and improved flight safety. 

2.3. The Role of Decision-Making Fatigue Monitoring 

The effects of decision fatigue are profound, affecting not only our personal lives, but also our 
productivity at work. In a state of decision fatigue, we tend to make irrational decisions or choose the 
easiest, least thought-about option. At work, this may lead us to make wrong decisions and affect the 
effectiveness of our work. In life, it can cause us to be unable to handle our personal affairs well and 
even affect our health and happiness. Understanding the psychology of decision fatigue and its 
impact on our productivity in life and work is fundamental to how we use AI to optimize the 
decision-making process. In the next section, we'll detail how AI can be used to simplify decision-
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making and reduce decision fatigue. In today's era of information explosion, we need to make more 
and more decisions, and decision fatigue is becoming increasingly prominent. Fortunately, with the 
development of artificial intelligence, we have new tools to help us deal with this problem. 

AI can simplify and optimize the decision-making process in a number of ways. First, AI can 
help us better understand problems and make more accurate decisions by analyzing vast amounts of 
data. For example, AI can help e-commerce companies recommend products that match the user's 
preferences by analyzing the user's shopping history, so that users do not need to compare a large 
number of products one by one, thus reducing the complexity of decision-making. 

Secondly, AI can also help us save energy by automating some simple decision-making 
processes. For example, smart home systems can automatically adjust the temperature in the room, 
so we don't need to decide every day whether to turn on the air conditioner and at what degree. In 
addition, AI can also help us make decisions faster by learning our decision-making habits to provide 
personalized recommendations. For example, popular phone assistant AI such as Siri can remind us 
what to do or provide us with information we might need by learning our daily behavior. 

The role of AI in simplifying decision-making can also be seen in some practical applications. 
For example, some companies are already using AI to aid hiring decisions. AI can simplify a 
recruiter's decision-making process by analyzing a candidate's resume and recommending the best 
fit. Another example is AI in the medical field, which can help doctors diagnose diseases and simplify 
the decision-making process of doctors by analyzing large amounts of case data. Overall, AI has 
tremendous potential to help us streamline and optimize the decision-making process and alleviate 
decision fatigue. As AI technology develops further, we expect to see more applications. 

Ai has certainly played an important role in helping us streamline decision-making and alleviate 
decision fatigue. However, we must also recognize that AI also has some limitations and challenges 
in dealing with these issues. 

First, AI recommendation systems could lead us into a "filter bubble." This is because they make 
recommendations based largely on our past behavior and preferences, which can cause us to miss 
out on new possibilities or content that doesn't fit our past behavior patterns. This limits our exposure 
to new information and ideas, which can lead to narrow perspectives and perceptions. 

Second, over-reliance on AI to help in the decision-making process may lead to the degradation 
of our decision-making ability. This is because when our decision-making process is automated or 
outsourced to AI, we lose the opportunity to practice and improve our decision-making skills. 

3. Methodology 

3.1. Experimental Design  

The study employed advanced Inertial Measurement Unit (IMU) technology combined with AI 
to monitor and predict athletes' fatigue and endurance. The IMU sensors collected high-resolution, 
real-time data on the movement of 19 athletes during various training sessions. The collected data 
included triaxial acceleration, angular velocity, and magnetic field direction, which were crucial for 
analyzing the dynamic changes in athletes' movements. This rich dataset was then used to train and 
validate several machine learning models, including random forests, gradient boosting machines, 
and Long Short-Term Memory (LSTM) networks. 

By integrating AI with IMU data, the study aimed to develop predictive models that could 
accurately gauge fatigue levels and endurance. The real-time data acquisition allowed for immediate 
adjustments to training regimens, optimizing performance and reducing the risk of overtraining. The 
models demonstrated high accuracy in fatigue prediction, showcasing the potential of data-driven 
approaches for personalized training adjustments and performance enhancement. The innovative 
use of IMU technology and AI in this study highlights its capability to provide detailed insights into 
athletes' physiological responses, contributing significantly to the advancement of sports training 
methodologies. 
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3.2. Study and Its Implications 

This study introduces a novel training method for athletes that leverages AI and IMU technology 
to monitor fatigue and endurance levels in real time and adjust training plans accordingly. By 
comparing various machine learning models, the researchers identified a highly accurate prediction 
method crucial for preventing overtraining and enhancing performance.  

 

Figure 3. Sports safety approach on specific use case. 

The research not only highlights the potential of AI in sports science but also outlines future 
technological advancements and underscores the need for ethical and privacy considerations in 
technology applications. This article opens new perspectives on AI’s role in sports training and offers 
profound insights into how technology can elevate human performance. We look forward to seeing 
how AI continues to transform the sports world!  

3.3. Experimental Results Summary 

Table 5 presents a comparison of various classifiers used in predicting pilot fatigue risk based 
on facial recognition and physiological signals. Among the classifiers, the （Extreme Trees Classifier
） and （Random Forest Classifier） demonstrated moderate accuracy of around 50%, with the 
Extreme Trees Classifier slightly outperforming in precision. Both models show balanced trade-offs 
between precision and recall but have room for improvement in specificity and sensitivity. The（
Quadratic Discriminant Analysis） classifier, with a lower accuracy of 48.98%, excelled in recall 
(70.72%), indicating its strength in identifying true positives, although its precision was lower.  

Table 5. Contrasting the challenges in sports health with the solutions provided by classic 
methodsand those provided by AI-assisted approaches. 

hallenges/Issues 
Existing Solutions 

[7,8] Novelties of the AI-Assisted Approach 

Fatigue Detection 

Reliant on 
subjective 
measures, such as 
athlete self-reports 
and coach 
observations. 

AI models predict fatigue objectively 
before physical symptoms manifest, using 
physiological data. 

Personalization 

Generic training 
programs, one-
size-fits-all 
approach with 
limited 
personalization. 

Tailored training regimens adapted to 
individual physiological responses and 
recovery profiles. 
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Real-time Feedback 

Delayed feedback 
after training 
sessions, based on 
manual data 
review. 

Instantaneous feedback during training 
via wearable tech integration, enabling 
immediate adjustments. 

Injury Prevention 

Reactive 
approaches that 
respond to injuries 
post-occurrence. 

Proactive injury risk assessments and 
preventative suggestions based on 
predictive analytics. 

Training Load 
Optimization 

Empirical methods 
for deciding on 
training loads 
often leading to 
over- or under-
training. 

Data-driven load optimization that 
continuously adapts to an athlete's current 
state and needs. 

Long-term Monitoring 

Fragmented data 
collection with 
sporadic athlete 
longitudinal 
performance 
testing, lacking 
continuity. 

Continuous monitoring and tracking, with 
detailed historical data analysis. 

3.4. Model Performance Insights 

The K-Nearest Neighbor Classifier and Gradient Boosting Classifier showed lower overall 
performance with accuracies of 48.65% and 47.13%, respectively, highlighting potential issues in 
fitting the data complexity. Decision Tree Classifier performed competitively with an accuracy of 
50.66% and an F1 score of 51.15%, suggesting robustness in this task but not necessarily the most 
effective for fatigue prediction. Logistic Regression and Linear Discriminant Analysis** both showed 
high recall (over 63%) but lower precision, reflecting their capability to identify true positives 
effectively, albeit at the cost of increased false positives. 

The Support Vector Machine (Linear Kernel) achieved the highest F1 score of 54.39% due to its 
high recall of 77.91%, though with lower precision, indicating a preference for identifying true 
positives over minimizing false positives. The Naive Bayes classifier also performed well in terms of 
F1 score (52.09%), suggesting it is effective at detecting true positives but may generate more false 
positives. Notably, the Dummy Classifier showed an impressive F1 score of 67.78% due to its 
unrealistic perfect recall, which is not useful for practical predictions. These results underscore the 
need for careful model selection and tuning to balance precision, recall, and overall performance in 
fatigue risk assessment, ensuring accurate and actionable insights for pilot safety management. 
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Figure 4. Participant 23 non-fatigue (NF) and fatigiie (1y) states. Details of more participants: Séedata 
availability statement. 

3.5. Experimental Discussion 

Performance Analysis of Classifiers for AI-Assisted Pilot Fatigue Risk Assessment 
The performance results of various classifiers using multivariate time series data generated by 

Inertial Measurement Units (IMUs) for AI-assisted pilot fatigue and endurance control reveal key 
insights into their effectiveness and suitability for this specific application. 

1. Tree-Based Methods: 
- Extreme Random Trees** and Random Forest Classifiers demonstrated modest effectiveness 

with accuracy slightly above 50%. Both classifiers achieved balanced accuracy and recall rates, but 
their F1 scores around 50% indicate a need for improvement in specificity and sensitivity. While these 
models are competent, their performance suggests that they may not be the optimal choice for the 
nuanced task of fatigue risk assessment in pilots, where higher precision and recall are crucial. 

2. Statistical Methods: 
- The Quadratic Discriminant Analysis (QDA) Classifier showed lower accuracy but excelled in 

recall rates, suggesting its strength in identifying true positive cases. This model’s higher F1 score 
compared to other classifiers with less than 50% accuracy indicates its potential in scenarios where 
prioritizing high recall is important, such as in early detection of pilot fatigue where catching true 
positives is critical. 

3. Instance-Based and Tree Models: 
- K-Nearest Neighbor (KNN) and Decision Tree Classifiers had lower performance metrics 

compared to tree-based methods. Their lower F1 scores and balanced accuracy-recall rates imply that 
these models may not be well-suited for the complexity of fatigue and endurance data or may require 
parameter optimization to improve performance. 

4. Gradient Boosting and Linear Models: 
- Gradient Boosting Classifier exhibited lower performance, suggesting potential underfitting 

issues, where the model may be too simplistic for the complex data patterns present in pilot fatigue 
assessment. Logistic Regression, Linear Discriminant Analysis (LDA), and Ridge Classifiers, being 
linear models, demonstrated higher recall rates but lower accuracy, indicating a tendency to identify 
positive cases effectively, albeit with a risk of increased false positives. 

5. Boosting and SVM: 
- The AdaBoost Classifier showed balanced but modest performance, with accuracy, recall, and 

F1 scores all around 49%, reflecting its generally adequate performance across metrics. The Light 
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Gradient Boosting Machine exhibited reasonable accuracy but struggled with recall, highlighting its 
effectiveness in identifying true negatives but needing improvement in detecting true positives. 

6. Support Vector Machine (SVM) and Naive Bayes: 
- The Support Vector Machine with Linear Kernel achieved the highest F1 score and 

demonstrated a high recall rate, indicating a strong preference for identifying true positives, albeit 
with some compromise in accuracy. Similarly, the Naive Bayes Classifier, with its probabilistic 
approach, prioritized recall, reflected in its relatively high F1 score despite moderate accuracy. 

7. Virtual Classifier: 
- The **Dummy Classifier** showed high accuracy and F1 scores but its results are misleading 

because it classifies all instances as positive. This highlights the importance of context when 
interpreting performance metrics, especially in practical applications like pilot fatigue assessment 
where real predictive capability is crucial. 

In summary, the performance of various classifiers in the context of pilot fatigue risk assessment 
underscores the need for models that balance precision and recall, and are capable of handling 
complex data patterns effectively. The insights gained from this analysis can guide the selection and 
refinement of models to improve the accuracy and reliability of fatigue predictions in aviation 
settings. 

4. Conclusions 

In the future, the application of artificial intelligence (AI) in pilot fatigue monitoring is very 
broad. First, advances in AI technology will facilitate the fusion of multimodal data, making the 
combination of facial recognition and physiological signal analysis more closely. By integrating data 
from different sensors, AI is able to provide a more comprehensive, real-time assessment of fatigue. 
This combination can not only improve the accuracy of detection, but also help adjust the pilot's work 
and rest schedule in real time, reducing operational errors due to fatigue. In addition, AI will be able 
to recognize more subtle signs of fatigue and give timely warnings, further improving flight safety. 

Secondly, with the development of technology, AI systems will have stronger adaptive 
capabilities and personalized service capabilities. Future AI models will be able to process more 
complex behavioral patterns and physiological data, monitor pilots' state changes in real time, and 
adjust monitoring strategies based on individual differences. This high level of personalized 
management not only improves the accuracy of monitoring, but also provides pilots with tailor-made 
fatigue management solutions. In addition, the application of AI in fatigue monitoring will also 
involve in-depth study of ethical and privacy issues to ensure the security and compliance of data 
use. Overall, AI will play an increasingly important role in pilot fatigue monitoring, promoting 
aviation safety management into a new era of intelligence. 
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