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1. Introduction 

The semiconductor manufacturing industry has been facing increasing complexity and cost 

pressures due to the demands of Moore's Law and supply chain disruptions, leading to record 

waiting times for orders. This has underscored the critical need for optimizing production 

processes to mitigate market challenges and reduce environmental impact. The application of 

machine learning techniques, particularly in combinatorial optimization problems such as 

planning and scheduling, has emerged as a promising area of research in semiconductor fab 

efficiency improvement [1]. 

The work by Tassel et al. highlights the use of self-supervised and reinforcement learning in 

semiconductor fab scheduling, addressing a wide range of challenges encountered in large-

scale production environments. Their proposed adaptive scheduling method aims to improve 

yield and reduce customer order delays, demonstrating the potential of AI-driven decision 

support systems in enhancing operational efficiency and addressing critical market situations 

in semiconductor manufacturing. 

1.1. Background and Significance 

The historical context and significance of AI-driven decision support systems in U.S. 

semiconductor manufacturing operations are crucial to understanding the necessity of this 

research. Modern semiconductor manufacturing is a highly complex industrial process, and 

the recent supply chain disruptions have emphasized the need for optimization in production 

processes to mitigate critical market situations [1]. The semiconductor industry's resource-

intensive nature and its ecological impact further underscore the importance of AI-driven 

decision support systems in improving efficiency and reducing environmental impact. 

Moreover, the development of AI-assisted Machine Supervision (AIMS) systems, such as the 

proposed ASAP solution, has been shown to significantly reduce the cost of smart 
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manufacturing deployment in small and medium-sized manufacturers [2]. These systems 

empower manufacturing workers with actionable intelligence for decision-making, 

production scheduling, and facility management, contributing to reduced operation costs and 

improved productivity in manufacturing environments. Therefore, the background and 

significance of AI-driven decision support systems in U.S. semiconductor manufacturing 

operations are pivotal for understanding the current research focus. 

1.2. Research Objectives 

The research objectives of this study are to assess the impact of AI-driven decision support 

systems on optimizing semiconductor manufacturing operations in the United States. 

Specifically, the study aims to evaluate the effectiveness of AI-assisted Machine Supervision 

(AIMS) systems in providing actionable intelligence for machine operation management, 

production scheduling, and demand-side facility management. Additionally, the research 

seeks to address the potential benefits of AIMS systems in improving productivity, reducing 

operation costs, and promoting healthy, safe, and accessible manufacturing environments, 

particularly for small and medium-sized manufacturers [2]. 

By outlining these research objectives, the study aims to contribute to the understanding of 

how AI-driven decision support systems can enhance the efficiency and effectiveness of 

semiconductor manufacturing operations in the U.S. This will provide valuable insights for 

stakeholders and decision-makers in the semiconductor industry, as well as contribute to the 

broader discourse on the integration of AI technologies in manufacturing processes. 

2. Semiconductor Manufacturing Operations: An Overview 

[3] 

In addition, the significance of automated material handling systems (AMHS) in 

semiconductor fabs cannot be overstated. AMHS plays a pivotal role in optimizing the 

throughput capacity and overall performance of semiconductor fabs. Research has 

demonstrated the development of methodologies for evaluating the throughput capacity of 

AMHS in semiconductor fabs, utilizing simulation methods integrated with actual fab data 

sets provided by SEMATECH. These efforts are instrumental in understanding and enhancing 

the efficiency of semiconductor manufacturing operations, laying the groundwork for the 

integration of AI-driven decision support systems in this domain. 
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2.1. Key Processes and Challenges 

Semiconductor manufacturing operations in the U.S. are characterized by essential processes 

such as machine operation management, production scheduling, demand-side facility 

management, and productivity improvement. These operations face challenges related to 

operation cost reduction, improved productivity, and the creation of healthy, safe, and 

accessible manufacturing environments. The study by [2] proposed an AI-assisted Machine 

Supervision (AIMS) system that empowers workers with actionable intelligence to contribute 

to decision-making in these areas. The AIMS system consists of direct machine monitoring 

(DMM) and human-machine interaction monitoring (HIM) subsystems, which are designed 

to automate supervision in manufacturing and reduce the cost of smart manufacturing 

deployment in small and medium-sized manufacturers (SMMs). 

Furthermore, [3] conducted research on automated material handling systems (AMHS) in 

semiconductor fabs, aiming to evaluate factors that significantly affect fab productivity and 

performance. The study developed a methodology for evaluating the throughput capacity of 

AMHS in semiconductor fabs and integrated AMHS with flexible control logic into realistic 

simulation models. The research utilized commercially available simulation packages such as 

AutoSched and AutoMod, which were linked to represent both operations and material 

handling in a single simulation model. This work aimed to customize a linked 

AutoSched/AutoMod model to represent an AMHS in a fully functional fab, thus providing 

insights into optimizing semiconductor manufacturing operations. 

3. AI and Decision Support Systems in Manufacturing 

AI and decision support systems play a critical role in optimizing manufacturing operations, 

particularly in the semiconductor industry. The AI-assisted Machine Supervision (AIMS) 

system, as proposed by Li et al. [2] , is designed to automate supervision in manufacturing, 

reducing the cost of smart manufacturing deployment in small and medium-sized 

manufacturers (SMMs). The AIMS system comprises direct machine monitoring (DMM) and 

human-machine interaction monitoring (HIM) subsystems, empowering workers with 

actionable intelligence for decision-making in machine operation management, production 

scheduling, and demand-side facility management. This not only reduces operational costs 

but also enhances productivity and contributes to creating healthy, safe, and accessible 

manufacturing environments in SMMs. 
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Moreover, the concept of Intelligent Decision Support Systems (IDSS) is fundamental in 

enhancing decision-making processes in manufacturing. Tariq and Rafi [4] highlight that IDSS 

integrates domain knowledge, modeling, and analysis systems, incorporating AI tools such 

as machine learning and case-based reasoning. By extracting knowledge from historical data, 

IDSS supports complex real-time decision-making, ensuring that important details are not 

overlooked while discriminating irrelevant information. This framework is particularly 

relevant in the semiconductor industry, where rapid and informed decision-making is crucial 

for optimizing manufacturing operations. 

3.1. Fundamentals of AI 

Fundamentals of AI encompass various key principles and concepts essential for 

understanding AI-driven decision support systems in manufacturing. One fundamental 

concept is the utilization of artificial intelligence to automate supervision in manufacturing, 

as demonstrated by [2]. Their AI-assisted Machine Supervision (AIMS) system empowers 

small and medium-sized manufacturers (SMMs) with direct machine monitoring and human-

machine interaction monitoring, enabling actionable intelligence for decision-making in 

machine operation management, production scheduling, and productivity improvement. 

This system serves as a human-machine system, integrating complex data management and 

human-centered workflow automation and control, thereby impacting smart manufacturing 

workers by enhancing their decision-making capabilities. 

Another fundamental aspect is the integration of AI technologies such as machine learning 

(ML), knowledge graphs, and human-computer interaction (HCI) in the AI-assisted 

customized manufacturing (AIaCM) framework, as proposed by [5]. This framework includes 

smart devices, smart interaction, AI layer, and smart services, with AI technologies being 

adopted at different levels of computing paradigms. For instance, ML algorithms are 

implemented at the device layer in low power devices, while edge computing servers are 

responsible for executing trained deep learning models and relatively simple algorithms for 

specific manufacturing tasks. These fundamental concepts lay the groundwork for the 

subsequent discussions on AI-driven decision support systems in semiconductor 

manufacturing operations. 

4. Applications of AI in Semiconductor Manufacturing 
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In semiconductor manufacturing, AI-driven decision support systems find diverse 

applications, with a particular focus on predictive maintenance. The concept of predictive 

maintenance involves leveraging AI to forecast equipment failures and proactively schedule 

maintenance, thereby minimizing downtime and optimizing operational efficiency. For 

instance, the AI-assisted Machine Supervision (AIMS) system developed by Li et al. [2] offers 

direct machine monitoring (DMM) and human-machine interaction monitoring (HIM) 

subsystems, empowering workers with actionable intelligence for decision-making in 

machine operation management, production scheduling, and demand-side facility 

management. Similarly, Zhai et al. [6] emphasize the pivotal role of Explainable AutoML 

(xAutoML) in yield enhancement for semiconductor smart manufacturing, highlighting its 

ability to automate configuration processes and integrate diverse machine learning functions 

to optimize production systems. 

These applications underscore the significant potential of AI-driven decision support systems 

in revolutionizing semiconductor manufacturing operations, particularly in the realm of 

predictive maintenance and yield enhancement. 

4.1. Predictive Maintenance 

Predictive maintenance is a critical application of AI-driven decision support systems in 

semiconductor manufacturing. By leveraging AI algorithms, these systems can analyze data 

from sensors and devices to predict maintenance needs before equipment failure occurs. This 

proactive approach not only minimizes downtime but also reduces the risk of costly 

unexpected breakdowns, ultimately optimizing the manufacturing process [7]. 

Furthermore, AI-driven decision support systems enable the prediction of remaining useful 

life for equipment, allowing for better resource allocation and scheduling of maintenance 

activities. The use of methods such as anomaly detection, fault classification, and root cause 

analysis, supported by AI, provides a data-driven and efficient approach to maintenance in 

semiconductor manufacturing operations. This aligns with the trend towards smart 

manufacturing, empowering workers with actionable intelligence to contribute to decision-

making for machine operation management and improved productivity [2]. 

5. Case Studies and Success Stories 

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


Australian Journal of Machine Learning Research & Applications  
By Sydney Academics  210 
 

 
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. 

Case studies and success stories of AI-driven decision support system implementations in 

semiconductor manufacturing highlight the tangible benefits and outcomes of integrating AI 

technologies in this industry. For instance, [2] presented the AI-assisted Machine Supervision 

(AIMS) system, which includes direct machine monitoring (DMM) and human-machine 

interaction monitoring (HIM) subsystems. The AIMS system empowers manufacturing 

workers with actionable intelligence for decision-making in machine operation management, 

production scheduling, and demand-side facility management, leading to reduced operation 

costs and improved productivity. Similarly, [8] proposed an intelligent decision-support 

system for managing manufacturing technology investments, integrating case-based 

reasoning and fuzzy ARTMAP modules. This system enables managers to effectively 

prioritize future projects by leveraging knowledge and experience from previous technologies 

and projects. 

These case studies demonstrate the practical impact of AI-driven decision support systems in 

optimizing semiconductor manufacturing operations, showcasing how these systems 

contribute to cost reduction, improved productivity, and informed decision-making within 

manufacturing environments. 

5.1. Real-Life Implementations 

[2] ; [5] 

6. Challenges and Limitations 

The adoption of AI-driven decision support systems in U.S. semiconductor manufacturing 

operations is not without its challenges and limitations. One of the key challenges is the 

potential resistance from the workforce due to the fear of job displacement. Research by Li et 

al. [2] emphasizes the importance of empowering smart manufacturing workers with 

actionable intelligence to contribute to decision-making for machine operation management, 

production scheduling, and demand-side facility management. This highlights the need for 

effective change management strategies to address the concerns of the workforce and ensure 

their active participation in the implementation process. 

Additionally, the complexity of semiconductor manufacturing processes and the need for 

high precision pose a challenge for AI/ML algorithms. Amuru et al. [9] note that increasing 

process variations in the nanometer regime contribute to parametric yield loss, emphasizing 
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the importance of AI/ML algorithms in handling multi-dimensional and multivariate data at 

high computational speeds. However, the integration of AI-driven decision support systems 

into the existing semiconductor manufacturing infrastructure requires careful consideration 

of the interoperability and compatibility with the current systems, as well as the potential 

need for significant investments in technology and workforce training. Addressing these 

challenges will be crucial in realizing the full potential of AI-driven decision support systems 

in optimizing U.S. semiconductor manufacturing operations. 

6.1. Ethical Considerations 

Ethical considerations play a crucial role in the deployment of AI-driven decision support 

systems in semiconductor manufacturing. The ethical implications associated with the use of 

AI in manufacturing need to be carefully examined and addressed to ensure the promotion of 

social cohesiveness, inclusion, and environmental sustainability [10]. Scholars have 

highlighted the need for risk governance to manage the ethical risks posed by AI decision-

making processes. This governance involves the development of frameworks with ethical and 

moral awareness to guide AI systems in making decisions within an ethical framework [11]. 

Additionally, there is a call to strengthen the ethical review and legal implications of AI 

decision-making processes to govern the ethical risks effectively. It is essential to identify and 

organize the risk factors of AI ethical decision-making, including risk sources and 

consequences, to explore the formation mechanism of AI ethical risks and analyze the causes 

of risks from multiple perspectives. 

7. Future Directions and Emerging Trends 

The future of AI-driven decision support systems in U.S. semiconductor manufacturing 

operations is poised to witness significant advancements and trends. One of the emerging 

trends is the concept of Industry 4.0, which represents the integration of cyber-physical 

systems, the Internet of Things (IoT), and the Internet of Services. This integration will lead to 

the creation of smart factories where machines, processes, and systems communicate and 

cooperate with each other, leading to more autonomous and efficient production processes 

[5]. 

Furthermore, the development of AI-assisted Machine Supervision (AIMS) systems, such as 

the ASAP solution, is set to revolutionize smart manufacturing for small and medium-sized 
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manufacturers (SMMs). These systems empower workers with actionable intelligence to 

contribute to decision-making for machine operation management, production scheduling, 

demand-side facility management, and improved productivity, thus creating healthy, safe, 

and accessible manufacturing environments in SMMs [2]. As AI technologies continue to 

advance, the future trajectory of AI-driven decision support systems in semiconductor 

manufacturing operations is likely to be characterized by increased automation, enhanced 

productivity, and improved decision-making processes. 

7.1. Industry 4.0 and Smart Manufacturing 

Industry 4.0, also known as the fourth industrial revolution, is a paradigm that encompasses 

the integration of advanced technologies such as artificial intelligence (AI), machine learning 

(ML), and the Internet of Things (IoT) into manufacturing processes. This paradigm has 

significant implications for smart manufacturing, particularly within U.S. semiconductor 

operations. AI-driven decision support systems play a crucial role in enabling smart 

manufacturing by providing actionable intelligence for machine operation management, 

production scheduling, and demand-side facility management. For example, the AI-Assisted 

customized manufacturing (AIaCM) framework integrates AI technologies such as ML, 

knowledge graphs, and human-computer interaction to improve system performance metrics 

like flexibility, efficiency, scalability, and sustainability [5]. 

Moreover, the AI-assisted Machine Supervision (AIMS) system, proposed by Li et al. [2] , 

empowers small and medium-sized manufacturers (SMMs) with direct machine monitoring 

(DMM) and human-machine interaction monitoring (HIM) subsystems. This system enables 

SMMs to reduce the cost of smart manufacturing deployment and improve productivity, 

contributing to healthy, safe, and accessible manufacturing environments. These 

advancements demonstrate the potential impact of Industry 4.0 and AI-driven decision 

support systems on the future of U.S. semiconductor manufacturing operations. 

8. Conclusion and Recommendations 

In conclusion, the integration of AI-driven decision support systems in U.S. semiconductor 

manufacturing operations presents significant potential for enhancing productivity, reducing 

operational costs, and promoting sustainable practices. The findings from the research studies 

by Li et al. [2] and Tassel et al. [1] underscore the transformative impact of AI-assisted Machine 
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Supervision (AIMS) systems in small and medium-sized manufacturers (SMMs) and the 

potential of self-supervised and reinforcement learning in semiconductor fab scheduling. 

These insights highlight the actionable intelligence provided by AI-driven systems, 

empowering manufacturing workers to contribute to decision-making for machine operation 

management, production scheduling, and demand-side facility management, ultimately 

fostering healthy, safe, and accessible manufacturing environments. Furthermore, the 

application of machine learning techniques to combinatorial optimization problems in 

semiconductor manufacturing offers a promising approach to improving yield, reducing 

customer order delays, and mitigating the current critical market situation, while also 

addressing ecological concerns. As such, it is recommended that U.S. semiconductor 

manufacturing operations prioritize the adoption and further development of AI-driven 

decision support systems to optimize production processes and drive sustainable growth in 

the industry. 

8.1. Summary of Findings 

The research on AI-driven decision support systems in semiconductor manufacturing 

operations has yielded significant findings with implications for the industry's future. A study 

by Li et al. (2022) introduced the AI-assisted Machine Supervision (AIMS) system, which 

comprises direct machine monitoring (DMM) and human-machine interaction monitoring 

(HIM) subsystems. The experimental results of a case study in 3D printing validated the 

feasibility of the AIMS system, indicating its potential to empower smart manufacturing 

workers with actionable intelligence for decision-making in machine operation management, 

production scheduling, and facility management, ultimately contributing to cost reduction 

and improved productivity in small and medium-sized manufacturers [2]. 

Furthermore, Nelson et al. (2023) highlighted the societal implications of AI in manufacturing, 

emphasizing the potential consequences of AI-driven cost minimization or profit 

maximization measures on product quality, communities, supply-chain contractors, 

consumers, and the environment. The authors cautioned that AI recommendations might lead 

to the abdication of responsibility for harmful decisions and emphasized the inherent tension 

between quality, reliability, and cost in AI-enabled process optimization, suggesting that 

aggressive cost-cutting could result in sacrifices in quality or reliability. These insights 

underscore the need for a balanced approach to AI-driven decision support systems in 
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semiconductor manufacturing operations, considering not only operational efficiency but also 

broader societal and ethical considerations [10]. 
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