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1. Introduction 

The introduction of AI-driven predictive maintenance in U.S. mobile device manufacturing 

operations marks a significant shift in maintenance approaches, moving from corrective to 

predictive strategies. This shift is driven by the integration of modern technologies such as the 

Internet of Things (IoT) and RFID, which automate manual tasks and enable the acquisition, 

integration, and analysis of industrial data sources to support maintenance processes [1]. 

Predictive maintenance, empowered by Artificial Intelligence (AI) inference based on existing 

data, allows for fault detection, identification, and optimal maintenance strategy selection, 

while also addressing challenges related to data quality and equipment monitoring [2]. The 

application of Machine Learning (ML) methods in predictive maintenance has become a 

powerful tool for processing big data and uncovering hidden correlations, contributing to 

more efficient data collection and successful prediction for maintenance. 

2. Historical Context of Predictive Maintenance in Manufacturing 

Predictive maintenance has significantly evolved within the manufacturing sector, 

transitioning from traditional preventive and corrective maintenance methods to the more 

advanced predictive maintenance approach. Traditional preventive maintenance involves 

scheduled standard procedures to increase equipment life and reliability, while corrective 

maintenance is cost-effective for non-critical equipment. Reliability-centered maintenance 

(RCM) prioritizes maintenance based on equipment value, considering costs, operational 

impact, and safety. Total Productive Maintenance (TPM) engages all employees in proactive 

equipment maintenance to prevent issues. Predictive maintenance, on the other hand, utilizes 

real-time equipment monitoring and data processing via sensors to predict maintenance 

needs based on actual equipment status, reducing costs and downtime [3]. 
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The integration of machine learning (ML) technology in predictive maintenance has further 

enhanced its capabilities. ML technology aids in identifying fault lines by predicting failures 

at the right time, optimizing resource utilization, and enabling timely maintenance scheduling 

based on sensor data analysis [4]. By leveraging sensor data and ML models, manufacturing 

operators can proactively address potential equipment failures, minimize idle time, and 

optimize maintenance activities. 

3. Fundamentals of AI and Machine Learning in Predictive Maintenance 

AI and machine learning play a crucial role in predictive maintenance within the 

manufacturing industry. The curse of dimensionality, as discussed by Aremu et al., highlights 

the challenge of managing high-dimensional data in machine learning algorithms. In the 

context of predictive maintenance, this is particularly relevant as multivariate sensing in asset 

management can lead to poor algorithm performance and logistic inefficiencies if high-

dimensionality is not properly managed. To address this, Aremu et al. propose a framework 

that transforms asset life cycle data into a lower dimension representation, better suited for 

machine learning-based predictive maintenance tools. This approach enables more accurate 

AI-based predictive maintenance of assets, focusing on methods of pattern recognition such 

as clustering, classification, regression, and probabilistic decision models. Furthermore, 

Guillaume et al. emphasize the goal of predictive maintenance in increasing machine 

availability and minimizing unplanned maintenance caused by failures. They illustrate this 

with the example of vibration monitoring in rotating machinery, where degradation processes 

can be modeled to estimate the remaining time before failure based on sensor data. This 

demonstrates the practical application of predictive maintenance in identifying relevant 

patterns in discrete logical events, as seen in the case of a fleet of automated teller machines 

(ATM) using event logs. These insights underscore the specific relevance and application of 

AI and machine learning in predictive maintenance within the manufacturing industry, 

highlighting their potential to enhance operational efficiency and cost optimization. 

4. Challenges and Opportunities in U.S. Mobile Device Manufacturing Operations 

Challenges and opportunities in U.S. mobile device manufacturing operations present a 

unique landscape that significantly impacts the implementation of predictive maintenance 

strategies. The intricacies of this sector, such as the rapid technological advancements and the 

need for high precision, pose challenges for predictive maintenance systems. Additionally, 
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the opportunities lie in leveraging AI-driven predictive maintenance to address these 

challenges by enabling real-time monitoring of equipment, early fault detection, and 

optimized maintenance scheduling [1]. 

Furthermore, the dynamic nature of mobile device manufacturing operations in the U.S. 

necessitates a proactive approach to maintenance, wherein AI-driven predictive maintenance 

can play a pivotal role in enhancing operational efficiency and reducing downtime. As such, 

the application of predictive maintenance in this domain offers the potential to transform 

traditional maintenance practices and drive significant improvements in overall equipment 

effectiveness and production output. 

5. Case Studies and Best Practices in AI-Driven Predictive Maintenance 

Case studies and best practices play a crucial role in understanding the practical application 

of AI-driven predictive maintenance in the mobile device manufacturing industry. [5]. 

Additionally, Molęda et al. (2023) provide a comprehensive review of machine learning 

methods applied to predictive maintenance, offering insights into the challenges and 

opportunities of deep learning models for machinery fault detection and diagnosis, which are 

relevant to the mobile device manufacturing operations [1]. These case studies and best 

practices serve as exemplars for the successful application of AI-driven predictive 

maintenance, providing valuable insights for industry professionals. 

6. Integration of IoT and Big Data in Predictive Maintenance 

The integration of IoT and big data plays a crucial role in advancing predictive maintenance 

strategies within the manufacturing environment. [6] emphasize the significance of leveraging 

machine data, including operation, condition, and maintenance data, to develop a predictive 

maintenance schedule for multiple machines and components. By applying big data analytics 

to new data streams from connected machine equipment tools, deep algorithms and 

optimizations are used to enable predictive maintenance. Furthermore, the integration of data 

from other information systems such as ERP and CMS enhances the overall solution, while 

the orchestration of managing predicted failures and maintenance scheduling is dynamically 

handled by advanced techniques like deep reinforcement learning. 

[7] highlight the importance of bridging knowledge gaps between different domains when 

implementing big data applications for predictive maintenance in manufacturing. They stress 

https://sydneyacademics.com/
https://sydneyacademics.com/index.php/ajmlra


Australian Journal of Machine Learning Research & Applications  
By Sydney Academics  221 
 

 
Australian Journal of Machine Learning Research & Applications  

Volume 4 Issue 2 
Semi Annual Edition | July - Dec, 2024 

This work is licensed under CC BY-NC-SA 4.0. 

that maintenance is a critical area for data analytics applications in digitalized manufacturing, 

as it plays a key role in minimizing the impact of unplanned stops and disruptions. The 

authors also emphasize the role of domain experts in identifying the right problems to address 

within an organization, underscoring the vital contribution of expertise in driving effective 

predictive maintenance initiatives. 

7. Cost-Benefit Analysis of Implementing AI-Driven Predictive Maintenance 

The cost-benefit analysis of implementing AI-driven predictive maintenance is a critical aspect 

for manufacturing operations considering this technology. According to Tan and Law [8] , 

maintenance of plant and equipment typically accounts for 15% to 70% of a company's overall 

expenses, making it a significant part of the operation cost. The economic value of a predictive 

maintenance program needs to be justified, as upgrading to such a program requires 

substantial costs. Predictive maintenance, unlike corrective and preventive maintenance, 

follows a proactive approach and aims to minimize the negative impact on revenue caused 

by unanticipated breakdowns. By utilizing sensors to monitor the values of physical assets, 

predictive maintenance provides a more foresighted approach to maintenance, thereby 

potentially reducing operational costs. 

Moreover, Aremu et al. [9] emphasize the importance of properly structuring data for AI-

based predictive maintenance. They highlight the curse of dimensionality, which can inhibit 

machine learning (ML) algorithms from deriving strong statistical inferences due to the 

sparsity of data. This underscores the need to manage high-dimensionality in operations 

using ML-based analytics for predictive maintenance to avoid logistic inefficiencies and 

potential economic disasters. Aremu et al. propose a framework that transforms asset life cycle 

data into a form better suited for ML-based predictive maintenance tools, enabling accurate 

AI-based predictive maintenance of assets. These insights shed light on the economic 

implications and considerations of implementing AI-driven predictive maintenance in 

manufacturing operations. 

8. Regulatory and Ethical Considerations in AI-Driven Predictive Maintenance 

Regulatory and ethical considerations play a crucial role in the deployment of AI-driven 

predictive maintenance in manufacturing operations. Adherence to legal frameworks, such as 

data protection and privacy regulations, is essential to ensure responsible and ethical use of 
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AI technologies in predictive maintenance [1]. Additionally, the implementation of predictive 

maintenance should align with ethical guidelines to uphold the integrity of data collection 

and analysis processes, as well as the decision-making based on AI-driven insights. 

Furthermore, the growing awareness of sustainability, resource, and energy efficiency has 

expedited the implementation of predictive maintenance in advanced countries, emphasizing 

the need for ethical and responsible use of AI technologies in manufacturing operations [10]. 

The proliferation of cyber-physical systems and advanced digital technologies in production 

facilities underscores the importance of adhering to regulatory and ethical considerations to 

ensure the ethical deployment of AI-driven predictive maintenance for machinery fault 

detection and diagnosis. 

9. Training and Upskilling Workforce for AI Implementation 

Training and upskilling the workforce is crucial for the successful implementation of AI in 

predictive maintenance within the mobile device manufacturing sector. [11] emphasize the 

importance of equipping the workforce with the necessary skills and knowledge to effectively 

leverage AI technologies for maintenance operations, especially in dynamic situations such as 

pandemic environments. The authors propose an AI-based human-centric decision support 

framework that embeds domain expert tacit knowledge, demonstrating significant 

advantages in downtime cost reduction and better preservation and utilization of knowledge 

workers. Similarly, [2] highlight the essentiality of familiarizing staff with machine learning 

applications in manufacturing and predictive maintenance techniques, emphasizing the need 

for companies to adopt modern methodologies for real-time big data analytics and apply 

artificial intelligence techniques to optimize maintenance processes. These insights 

underscore the critical role of training and upskilling the workforce to harness the potential 

of AI-driven predictive maintenance in U.S. mobile device manufacturing operations. 

10. Future Trends and Innovations in AI-Driven Predictive Maintenance 

Future trends and innovations in AI-driven predictive maintenance are pivotal for the 

enhancement of mobile device manufacturing operations. The integration of machine learning 

methods, data analytics, and real-time predictive maintenance architectures is set to 

revolutionize the predictive maintenance landscape. [2] emphasize the development of 

predictive maintenance policies for structural maintenance and manufacturing processes, 
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highlighting the potential for improved efficiency and cost savings. Furthermore, [1] 

underscore the challenges and opportunities of deep learning models for machinery fault 

detection and diagnosis, demonstrating the ongoing efforts to refine predictive maintenance 

strategies. These advancements hold promise for optimizing the quality of industrial 

maintenance and fostering a proactive approach to equipment upkeep. 

In the context of mobile device manufacturing operations, the application of fuzzy logic 

approaches for predictive maintenance, as researched by, presents an intriguing avenue for 

tailored maintenance solutions. By leveraging these innovations, mobile device 

manufacturers can anticipate and prevent potential equipment failures, thereby minimizing 

downtime and maximizing productivity. As the industry continues to embrace AI-driven 

predictive maintenance, the convergence of artificial intelligence and IoT is expected to 

underpin the development of comprehensive monitoring and prediction systems for mobile 

device manufacturing operations, aligning with the overarching goal of enhancing 

operational efficiency and reliability. 

11. Conclusion and Recommendations 

AI-driven predictive maintenance is playing a favorable role in enhancing manufacturing 

operations. There have been several innovations and applications of this technology in the 

manufacturing industry. Nevertheless, there are still some obstacles in implementation that 

must be overcome. Therefore, to render strong competition to other countries, U.S. mobile 

device manufacturing operations should invest in AI-driven predictive maintenance in the 

correct manner. 

A clear understanding of best practices should be available to the U.S. mobile device 

manufacturing companies in order for them to adequately adopt AI-driven predictive 

maintenance. For instance, the AI-based predictive maintenance of Faurecia, a company 

specializing in technology and manufacturing of equipment, automotive and environment 

technology, is a prominent innovation in this field. Faurecia attempted to keep a hold on their 

maintenance planning using an AI solution called LPA (Learning & Predictive Analysis). This 

AI solution could integrate a large number of data sources using data orchestration. With the 

aid of AI technology, the manufacturing organization could significantly enhance its machine 

diagnostic accuracy and achieve a remarkable reduction of 20% to 30% in their unscheduled 

shutdowns of manufacturing equipment. Thus, adoption of similar AI-based predictive 
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maintenance solutions can reveal the strong performance of U.S. mobile device manufacturing 

operations. 

Another prominent application of AI-driven predictive maintenance is realized in John 

Deere's 25 System Expert Applications. The largest applications of this technology in 

agricultural equipment, heavy machinery and mobile devices are launched by John Deere. 

System Expert Applications render the identification of potential failure, criticality ranking of 

failure, type of failure, diagnosis proposal and recommended execution of diagnostics. This is 

rendered for more than 4000 piece of equipment on 35 platforms. The occurrence of false 

alarms is rendered less than 2% with the implementation of equipment sensors, data 

aggregation at Montebon campus and an analytics platform. Thus, U.S. mobile device 

manufacturing operations could adopt such large scale applications of AI-driven predictive 

maintenance. 

However, there exist several obstacles that curtail the successful implementation of this 

technology in the manufacturing operations. For instance, challenges regarding data 

acquisition exist in any manufacturing environment. Coordination among core teams of 

manufacturing, quality and management is required to adequately segment data to be 

analyzed. This data must be organized in a manner that is accessible to analysts. Additionally, 

complex mechanisms often introduce more drawbacks than advantages by overfitting or 

harnessing noise in the data. Therefore, U.S. mobile device manufacturing operations must 

adequately build data acquisition plans and trade off the complexity of machine learning 

algorithms. 

Implementing AI-driven predictive maintenance in the mobile device manufacturing 

operations requires substantial financial investments. The investment should be made in 

consideration of the revenue and part performance tradeoff. In order to render a favorable 

competition with Asian countries such as China and Japan, mobile device manufacturing 

operations must gather substantial capital for investment. In view of the strong performance 

of AI-driven predictive maintenance in Faurecia and John Deere, considerable capital is 

warranted for rendering favorable competition with other Asian countries. 
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