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 Abstract. – Deep learning and machine learning techniques enable the AI 

system described in this research to enhance aircraft predictive maintenance 

operates. The program integrates three main components that function as 

Aircraft Monitor and support Battery Life Estimation and Jet Cycles Prediction. 

The Aircraft Monitor module employs YOLOv5 for real-time defect detection 

in aircraft fuselage images, with a user-friendly interface supporting image 

uploads and realtime webcam capture for inspections. The Battery Life 

Estimation module works with Random Forest Regressor to foretell aircraft 

battery Remaining Useful Life (RUL) after the system processes discharge 

cycle inputs together with voltage and charging time information provided by 

users. The Jet Cycles Prediction module utilizes a neural network developed 

with PyTorch to forecast jet engine Remaining Useful Life through engine 

sensors that allows proactive maintenance executions. Users can obtain access 

through a simple interface with Streamlit which brings together three predictive 

tools on a single dashboard. The detection accuracy of YOLOv5 stands at 92% 

while the battery life prediction exhibits an MSE value of 0.18 and the engine 

RUL forecasting achieves an R² effect of 88.7% in its predictive outcomes. 

Keywords:AI-driven maintenance, Aircraft Monitor, Battery Life Estimation, 

Jet Cycles Prediction, YOLOv5, Streamlit dashboard, Remaining Useful Life 

(RUL), Battery predictive analytics, Webcam-based defect detection, Jet engine 

predictive maintenance, Deep learning, Machine learning. 

1 Introduction 

Aircraft maintenance plays a crucial role in ensuring flight safety, operational 

efficiency, and cost optimization. Traditional maintenance practices primarily rely on 

scheduled inspections and historical data analysis, which often result in inefficiencies 

such as unnecessary maintenance, unexpected failures, and extended downtime. These 

conventional approaches depend heavily on human expertise and periodic checks, 

making them prone to errors, delays, and unforeseen equipment malfunctions. As a 

 

result, the aviation industry is increasingly shifting towards predictive maintenance 
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systems that leverage Artificial Intelligence (AI) and Machine Learning (ML) to 

enhance real-time monitoring and decision-making. 

AI-driven predictive maintenance enables early anomaly detection, accurate 

performance forecasting, and proactive scheduling of maintenance activities. By 
integrating deep learning and data-driven models, predictive maintenance systems 

provide real-time insights that minimize aircraft downtime, improve operational 

readiness, and enhance cost efficiency. AI-powered defect detection tools can identify 

structural issues in aircraft fuselage, ML-based battery health models can predict 

battery lifespan, and deep learning algorithms can estimate jet engine degradation 

trends, leading to optimized maintenance strategies. However, most existing solutions 

focus on isolated aspects of maintenance rather than offering a comprehensive AI-

driven system that combines multiple predictive tools into a single framework. 

This research proposes an Integrated AI-Driven Aircraft Maintenance System that 

consolidates three core functionalities: Aircraft Structural Monitoring, Battery Life 

Estimation, and Jet Engine Remaining Useful Life (RUL) Prediction. The system 
employs YOLOv5, a state-of-the-art object detection model, for real-time defect 

identification in aircraft fuselage images, allowing maintenance personnel to upload 

images or capture them using a webcam. For battery life estimation, the system 

utilizes a Random Forest Regressor to predict battery degradation based on user-

provided charge-discharge cycles, voltage levels, and charging time data. 

Additionally, jet engine predictive maintenance is facilitated through a PyTorch-based 

neural network, which analyzes key sensor data, including LPC outlet temperature, 

HPC outlet pressure, and fuel flow ratio, to estimate engine lifespan and prevent 

unexpected failures. 

All three predictive tools are integrated into a unified maintenance dashboard 
developed using Streamlit, providing a user-friendly interface that allows real-time 

monitoring and decision-making. By combining deep learning, ensemble learning, 

and predictive analytics, this system offers a comprehensive AI-driven approach to 

aircraft maintenance, ensuring timely defect detection, optimized maintenance 

schedules, and cost-effective resource management. 

Key Contributions of This Research 

This study presents several key innovations that set it apart from existing research: 

End-to-End AI Integration – Unlike traditional studies that focus on individual 

predictive models, this work combines defect detection, battery health estimation, and 

engine life prediction into a single AI-powered framework. 
Real-Time Structural Defect Detection – The system employs YOLOv5 deep learning 

model for immediate identification of fuselage defects such as cracks, dents, and 

scratches, allowing for real-time inspections.Optimized Predictive Modeling – The 

integration of deep learning (PyTorch), ensemble learning (Random Forest), and 

computer vision (YOLOv5) improves prediction accuracy and reliability. 
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User-Friendly Implementation – The AI models are deployed using Streamlit, 

ensuring seamless interaction between maintenance personnel and predictive analytics 

insights, facilitating real-world usability. 

structure and also be used at receiver’s side to decode the secret information [9]. 

2  Review Methodology 

Aircraft maintenance has evolved significantly with the advancement of Artificial 

Intelligence (AI) and Machine Learning (ML), enabling predictive maintenance 

techniques that utilize data-driven decision-making. Traditional maintenance 

approaches, which rely on fixed schedules and manual inspections, often lead to 

inefficiencies such as unnecessary maintenance, undetected failures, and increased 

operational costs. The integration of AI-driven predictive maintenance systems has 

emerged as a transformative solution to improve accuracy, efficiency, and reliability 
in aviation maintenance. 

Recent research has explored various AI-based methodologies, including optimization 

algorithms, deep learning models, virtual reality (VR) applications, and IoT-based 

predictive analytics, to enhance aircraft maintenance operations. Studies have 

demonstrated that predictive analytics can optimize maintenance schedules, detect 

early-stage failures, and minimize aircraft downtime by leveraging real-time sensor 

data and intelligent decision-making frameworks. This section reviews significant 

contributions in AI-driven aircraft maintenance, focusing on optimization strategies, 

deep learning models, IoT-based solutions, and immersive training technologies. 

A.AI-Driven Optimization in Aircraft Maintenance 

Optimization techniques have played a crucial role in enhancing predictive 

maintenance planning by improving task scheduling, resource allocation, and failure 

prevention. Deng et al. [1] developed a decision support system using machine 

learning-based optimization to maximize aircraft maintenance efficiency while 

reducing operational delays. Okoro et al. [2] introduced an interval-based 

optimization framework that enhances maintenance task planning by adjusting 

servicing intervals based on real-time performance metrics. Kowalski et al. [3] 

demonstrated how genetic algorithms could optimize maintenance schedules, leading 

to improved maintenance planning and reduced aircraft downtime. These studies 

highlight the importance of intelligent optimization models in achieving cost-effective 

and efficient maintenance practices. 

Predictive maintenance techniques not only reduce unexpected breakdowns but also 

have significant economic implications. Mofokeng et al. [4] examined the financial 

impact of unplanned maintenance tasks, demonstrating that predictive modeling can 

significantly reduce maintenance costs by enabling better scheduling and proactive 

failure prevention. Similarly, Tyagi et al. [5] conducted a systematic literature review 

on safety management in aviation maintenance, identifying key threats to flight 

security and how AI-driven predictive systems can mitigate these risks. 
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B. Augmented Reality (AR) and Virtual Reality (VR) for Aircraft Maintenance 

The integration of Augmented Reality (AR) and Virtual Reality (VR) technologies 

has improved training and operational efficiency in aircraft maintenance. Wu and Vu 

[6] developed a VR-based training system that enhances maintenance procedures by 

providing interactive simulations for maintenance personnel. Hongli et al. [7] 
introduced an AR-based manual assistance system that delivers real-time maintenance 

instructions, reducing errors and improving technician efficiency. Recent research by 

Lee et al. [8] and Gómez-Cambronero et al. [9] has explored metaverse-based 

simulation environments that enable remote training and aircraft maintenance 

education, proving highly effective in improving workforce preparedness and 

reducing training costs. 

C. Deep Learning and IoT-Driven Predictive Maintenance 

Deep learning and IoT-based predictive analytics have been widely explored for real-

time failure prediction, defect detection, and predictive maintenance in aviation. 

Dangut et al. [10] developed a deep reinforcement learning model for early-stage 

failure detection, significantly improving maintenance efficiency. Kabashkin and 
Susanin [11] proposed a unified AI-driven maintenance ecosystem, integrating IoT 

data with AI-based decision-making frameworks to optimize aircraft servicing. 

Kabashkin and Perekrestov [12] further explored IoT-AI convergence, demonstrating 

its effectiveness in transforming traditional health monitoring systems into 

sophisticated AI-driven maintenance solutions. 

AI-powered predictive maintenance has also gained significant adoption in aerospace 

manufacturing and defense industries. Dubois [13] investigated AI-driven 

maintenance strategies in aerospace production, demonstrating how AI-based defect 

detection and predictive analytics improve equipment reliability and production 

efficiency. Wagner [14] examined AI-powered maintenance in defense fleets, 
highlighting its ability to streamline maintenance backlogs and enhance operational 

readiness. Additionally, Amirnia and Keivanpour [15] explored AI applications in 

sustainable aircraft end-of-life management, illustrating how AI can optimize aircraft 

component reuse and disposal through predictive analytics. 

D. Summary of Literature Review and Research Gaps 

The existing literature highlights the significant role of AI, ML, deep learning, IoT, 

and immersive training technologies in transforming aircraft maintenance. However, 

most studies focus on individual maintenance solutions, such as defect detection, 

battery health prediction, or jet engine performance monitoring, rather than an 

integrated AI-driven predictive maintenance framework. This research addresses this 

gap by introducing a comprehensive AI-based aircraft maintenance system that 
integrates real-time crack detection (YOLOv5), battery life estimation (Random 

Forest), and jet engine RUL forecasting (PyTorch Neural Network) into a single, user-

friendly dashboard. 

By unifying these predictive models into a centralized AI-driven maintenance 

platform, this research provides a novel, real-time, and scalable solution for aircraft 
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operators to enhance safety, optimize maintenance scheduling, and minimize 

operational disruptions. 

3 Proposed Methodology 

A system based on Artificial Intelligence technologies enables continuous aircraft 

maintenance by conducting crack inspections and performing jet engine prediction 

and battery life estimation to enhance operational safety and efficiency in real-time. 

The strategy contains four central operations including Aircraft Structural Monitoring 

and Battery Life Estimation alongside Jet Engine RUL Prediction and Centralized AI-

Driven Maintenance Platform. The method strengthens predictive models while 

decreasing machine stoppages through its ability to detect defects instantly along with 

automated scheduling. 

A. Aircraft Structural Monitoring (Real-Time Crack Detection) 

An aircraft depends on a dependable structural frame to ensure safety operations and 

performance outcomes. Aircraft accidents become dangerous when undetected defects 

and cracks are found thus requiring systems that perform real-time monitoring. The 

aircraft structural defect detection system relies on YOLOv5 deep learning model as 

its fundamental detection instrument. Two methods allow the system to acquire 

aircraft images through webcam streaming on Streamlit and direct file uploads. 

Before entering analysis the YOLOv5 model needs 640×640 pixels resolution images. 

The applied model processses information from data containing annotations for crack, 

dent, missing head, paint peel and scratch defects. Three primary elements comprise 
the system which starts with the CSPDarknet backbone accepting features then uses 

PANet neck to enhance multi-scale features before YOLO layers complete detection 

operations. The system displays images to users containing defect annotations which 

receive visual representation through boxes with linked class tags. Maintenance staff 

uses these insights to perform prompt structural analyses that reduce chances of 

system breakdowns in flight. 

B. Battery Life Estimation (Remaining Useful Life Prediction) 

The operational reliability of aircraft batteries heavily depends on their health 

condition but manufacturer guidelines alone fall short of considering operational field 

variations such as altering discharge profiles and temperature fluctuations. The 

Random Forest Regressor works as a predictive method for Battery Remaining Useful 
Life estimation that uses user-input parameters. 

 Discharge Time (seconds)  

 Minimum and Maximum Voltage Readings  

 Charging Time (seconds) 

C. Jet Engine Predictive Maintenance (RUL Estimation) 



The system takes important sensor information as input through this step.  

 LPC Outlet Temperature  

 HPC Outlet Pressure  

 

 

 Low-Pressure Turbine Cool Airflow 

 

YOLOv5.   

 Annotated aircraft images with detected defects. 
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High operating conditions cause jet engines to experience gradual engine performance 

degradation at a slow pace. Products will not break suddenly because identifying 

Remaining Useful Life (RUL) provides two essential functions: it stops unexpected 

failures and allows maintenance team members to schedule service operations 

properly. Sensor data enables a correct RUL prediction mechanism when processed 
through a neural network engine implementation using PyTorch framework. 

 Fuel Flow Ratio 

 Bleed Enthalpy 

Before processing data inputs the neural network applies normalization methods so it 

can accept inputs for its twolayer structure that utilizes ReLU functions built in the 

PyTorch framework. Weight optimization functions and backpropagation enable the 

model to decrease trainingtime prediction mistakes. Users can provide sensor data 
through Streamlit to initiate predictions about remaining useful jet engine operational 

cycles. Using planned maintenance strategies helps extend engine operational time 

while reducing unexpected outages thus producing better aircraft reliability systems. 

D. Centralized AI-Driven Maintenance Platform 

The AI-driven maintenance platform based on Streamlit integrates all modules into a 

single platform to provide smooth usability. Users can monitor predictive 

maintenance analysis in real-time through this userfriendly interface which exhibits 

monitoring functions. The platform boasts several important features among them: 

 Aircraft Monitor – Upload or capture images for defect detection using 

 Battery Life Estimation – Input battery parameters and receive RUL 

predictions via the Random Forest model. 

 Jet Engine Cycles Prediction – Enter engine sensor data to estimate RUL 

using the PyTorch neural network.  

The platform’s centralized dashboard displays:  

 Battery RUL estimations in charge-discharge cycles. 

 Engine RUL predictions showing remaining operational cycles.  

An AI system driven by artificial intelligence controls maintenance activities to 

prevent failures and extends aviation safety capabilities through live defect tracking 

and analytical predictions. This method utilizes predictive maintenance solutions 
developed by artificial intelligence technology to protect aviation safety streams and 

minimize maintenance expenses as well as operational disturbances. Through 

combining deep learning models with machine learning algorithms aircraft operators 

gain instant monitoring capabilities alongside data-driven decisions and pre-planned 

scheduling of component maintenance. 
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Figure 1 System Architecture 

4 Results And Discussion 

The proposed AI-driven aircraft maintenance system delivers its outcomes for real-
time crack detection and also establishes both battery life prediction and jet engine 

remaining useful life (RUL) forecasting abilities. The research findings appear under 

their independent components while including suitable graphical representations. 

A. Aircraft Structural Monitoring (Real-Time Defect Detection) 
The YOLOv5 model served to detect aircraft fuselage defects which included dents 

and paint peel-off along with scratches together with cracks. The pairplot graph 

(Figure 2) displays how critical features relate to each other while exhibiting strong 

correlations between important sensor parameters that affect defect identification. 

Key Observations: 

 The YOLOv5 model detected structural anomalies effectively in real time, 

producing annotated images with bounding boxes and class labels. 

 The correlation analysis shows consistent interdependencies, providing 

insights into potential causes of defects. 
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Table 1: Performance Metrics 

 

 
Figure 2: Pairplot of features influencing defect detection 

B. Battery Life Estimation (Remaining Useful Life Prediction) 
The Random Forest Regressor model predicted battery RUL through analysis of 

Cycle Index together with Discharge Time and Voltage and Charging Time data. 

Figure 3 shows the loss convergence of the model errorduring training as it reaches 

equilibrium after an initial adjustment period. 

Key Observations: 

 The model demonstrated effective convergence, achieving a stable loss 

 Predicted RUL closely aligned with the actual battery cycles, providing 

accurate insights for proactive maintenance. 
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Table 2:Performance Metrics 

 

 
Figure 3: Loss Convergence Curve for Battery Life Prediction 

C. Jet Engine RUL Prediction (Neural Network) 
Neural network based on PyTorch served to forecast Jet engine Remaining Useful 

Life (RUL). The allocated input features for prediction involved LPC outlet 

temperature, HPC pressure, along with airflow metrics data. 

Key Observations: 

 The modelcaptured degradation trends effectively, reflecting the impact of 

engine sensor parameters on RUL. 

 Predicted engine cycles exhibited a consistent alignment with actual 

performance degradation. 



 

enabling proactive battery replacements. 
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Table 3: Performance Metrics 

 

 
Figure 4: Engine RUL Prediction Trends 

5 Overall Discussion 

The results confirm the system's ability to optimize aircraft maintenance tasks with 

high accuracy: 

 YOLOv5ensures real-time and precise defect detection, reducing reliance on 

manual inspections. 

 The Random Forest model provides reliable battery life predictions, 

 The Neural Network accurately estimates jet engine cycles, preventing 

unexpected failures and optimizing engine servicing. 

By integrating these predictions into a unified Streamlit dashboard, the system offers 

real-time insights, ensuring efficient resource management and reducing operational 
downtime. 
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6 Future Scope  
The future scope of the AI-driven aircraft maintenance system lies in its potential for 

further integration with real-time IoT sensor data and the expansion of predictive 

models to encompass more components, such as landing gear, avionics, and fuel 

systems. As AI algorithms continue to improve, there is an opportunity to incorporate 

reinforcement learning and hybrid models, which can enhance predictive accuracy by 

learning from operational data in real time. Additionally, the system can evolve to 

support autonomous maintenance operations, where AI not only predicts failures but 

also automates the scheduling and execution of maintenance tasks. With 

advancements in 5G technology and edge computing, real-time data processing on 

aircraft could further reduce downtime and improve decision-making speed. 

Furthermore, expanding the database of historical performance data across multiple 
airlines could help refine the system’s accuracy and generalize it for different aircraft 

types, leading to more robust, scalable, and globally applicable solutions for 

sustainable aviation maintenance. 

7 Conclusion 
The AI-driven aircraft maintenance system presented in this study successfully 

integrates real-time defect detection, battery life estimation, and jet engine RUL 
prediction into a single, automated framework. The YOLOv5 model demonstrates 

high-accuracy structural defect detection, significantly reducing reliance on manual 

inspections. The Random Forest model ensures accurate battery life predictions, 

allowing for proactive maintenance scheduling. Additionally, the PyTorch-based 

neural network effectively predicts jet engine degradation patterns, preventing 

unexpected failures and optimizing servicing operations This research confirms that 

AI-based predictive maintenance significantly enhances aviation safety and 

operational efficiency. By consolidating insights into a centralized dashboard, the 

system facilitates data-driven decision-making, reducing aircraft downtime and 

minimizing maintenance costs. Future work will focus on expanding dataset diversity, 

improving model generalization, and integrating real-time IoT sensor data to further 
enhance system performance. Additionally, hybrid AI models combining 

reinforcement learning and deep learning techniques will be explored to improve 

predictive accuracy. The findings of this study demonstrate the practical applicability 

of AI-driven predictive maintenance, making it a viable solution for modern aviation 

maintenance strategies. 
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