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1. Introduction to AI in Manufacturing 

Artificial Intelligence (AI) and Machine Learning (ML) have become integral in the 

manufacturing industry, particularly in optimizing processes within the tech product 

manufacturing sector. [1] emphasize the significance of AI technologies such as ML, 

knowledge graphs, and human-computer interaction in improving system performance 

metrics within manufacturing. They highlight the role of intelligent manufacturing systems, 

which encompass smart manufacturing devices and intelligent manufacturing services, and 

the utilization of ML algorithms at the device layer to meet real-time requirements. Moreover, 

AI is employed in wireless channel prediction, mobile network handoff optimization, and 

network congestion control, demonstrating the diverse applications of AI in manufacturing. 

Furthermore, [2] underscore the development of centralized and automated real-time 

monitoring systems using machine learning-based techniques to reduce labor costs and 

enhance energy efficiency in smart manufacturing. They discuss the deployment of intelligent 

data analysis, real-time supervision, and IoT techniques, as well as the application of deep 

learning-based object detection and text recognition methods in industrial production 

supervision. These references collectively illustrate the broad spectrum of AI applications in 

manufacturing, setting the stage for understanding the subsequent case studies in mobile, 

laptop, and semiconductor industries. 

1.1. Overview of AI and Machine Learning 

[1] highlight the integration of AI and ML in the AI-Assisted Customized Manufacturing 

(AIaCM) framework, emphasizing the use of ML algorithms at the device layer for low power 

devices such as FPGAs. The authors stress the importance of AI technologies such as 

knowledge graphs and human-computer interaction (HCI) in enhancing system performance 
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metrics. Furthermore, they advocate for the integration of cloud computing, edge computing, 

and local computing paradigms to maximize the effectiveness of intelligent manufacturing 

systems, which encompass smart manufacturing devices and intelligent manufacturing 

services. 

In the semiconductor industry, AI and ML algorithms play a crucial role in addressing process 

variations and parametric yield loss, as highlighted by [3]. The authors emphasize the ability 

of AI/ML to quickly identify trends and patterns in large volumes of data, enabling informed 

decision-making and process optimization. Furthermore, the literature underscores the 

endless applications of AI/ML algorithms in VLSI design and modeling at different 

abstraction levels, offering opportunities to automate processes at various VLSI design and 

manufacturing stages for quick convergence. 

1.2. Applications of AI in Manufacturing 

In the realm of manufacturing, AI is leveraged in various facets of the process to optimize 

operations and enhance performance. One notable framework is the AI-Assisted Customized 

Manufacturing (AIaCM) framework, which integrates AI technologies such as machine 

learning, knowledge graphs, and human-computer interaction (HCI) to improve system 

performance metrics. This framework encompasses smart manufacturing devices, intelligent 

manufacturing services, and the utilization of AI algorithms at different levels of computing 

paradigms, including edge and cloud servers [1]. 

Additionally, the Affordable Artificial Intelligence-Assisted Machine Supervision (AIMS) 

system is proposed to track the working state of machines in real-time, enabling the detection 

of abnormalities and deviations from standard workflows. By continuously streaming 

machine status and manufacturing operation insights, the AIMS system contributes to 

optimizing factory operations for enhanced production efficiency and dynamic scheduling of 

equipment usage, ultimately reducing energy costs [2]. These applications of AI in 

manufacturing underscore its significance in driving efficiency and productivity within the 

industry. 

2. Process Optimization in Tech Product Manufacturing 

Process optimization in tech product manufacturing is crucial for enhancing efficiency and 

maintaining high-quality standards. [4]. 
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Moreover, the adoption of AI-assisted customized manufacturing frameworks presents 

promising opportunities for smart manufacturing. However, challenges such as the cost of 

upgrading existing manufacturing machinery, ensuring security and privacy of outsourced 

data, and effective technology transfer from research institutions to enterprises need to be 

addressed for successful implementation [1]. Retrofitting legacy machines and outsourcing 

manufacturing data to trusted cloud service providers or Machine Learning as a Service 

(MLaaS) providers can be economical solutions for small and medium-sized enterprises 

(SMEs) looking to optimize their manufacturing processes. Furthermore, enforcing privacy 

and security protection schemes on manufacturing data before outsourcing is essential to 

mitigate the risks associated with data confidentiality. 

2.1. Challenges in Tech Product Manufacturing 

In the tech product manufacturing sector, several challenges impede the achievement of 

streamlined and efficient processes. One significant challenge is the complexity of integrated 

circuit (IC) design and manufacturing, particularly due to the growing process variations and 

the need to reduce turnaround time. Conventional methodologies for handling these tasks are 

manual, time-consuming, and resource-intensive, necessitating the exploration of automated 

approaches. AI and ML algorithms have emerged as promising solutions for VLSI design and 

testing, offering automated handling of complex and data-intensive tasks, ultimately 

improving IC yield and reducing manufacturing turnaround time [3]. 

Another critical challenge in tech product manufacturing is the need to improve system 

performance metrics such as flexibility, efficiency, scalability, and sustainability. This can be 

achieved through the adoption of AI technologies such as ML, knowledge graphs, and 

human-computer interaction (HCI) to optimize sensing, interaction, resource management, 

operations, and maintenance in smart manufacturing factories [1]. Furthermore, the 

integration of cloud computing, edge computing, and local computing paradigms is essential 

to maximize the effectiveness of AI technologies in manufacturing processes. 

2.2. Importance of Process Optimization 

Across manufacturing processes, the practical reality typically involves a less-than-desirable 

percentage of products being "scrap," lesser yield, and/or more variations in manufactured 

products than target figures. In addition to ensuring the best possible performance statistics 
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of high-volume processes (like dimensions, interfacial coupling efficiency in mobiles), even 

low-volume high-value manufacturing enterprises like laptops cannot ignore poor 

performance issues or lower yields. Not only is the first yield a key component in the cost of 

manufacturing, but it also sets the baseline for the worst-case process yield as well. Finally, 

considering that manufacturing tooling and manufacturing planning have to build in buffers 

to work with process variability, suboptimal process efficiencies also limit production 

capacities. 

Across most of high-tech manufacturing, the stakes are often higher, given the level of dollar 

investment as well as the impacts on downstream value-addition edges like 

technology/performance deliverables to the user. As one moves from bulk processes, 

minimizing these issues can become more challenging, often with no single magic bullet 

solution. Process optimizations in these segments are, therefore, a complex multi-dimensional 

space, often involving analysis, overlay, co-optimization of multiple metrologies, 

characterization of process and metrology-induced variations, development of physical 

models, and the use of advanced controls. There is also the in-house versus supply-chain 

dimension for several segments, as relevant specialized (industry-wide applicable) skills may 

be available only at best-practice enterprises. In many cases, the R&D advances deliver 

process solutions that are as good as it can do as of now. 

3. AI Technologies for Process Optimization 

AI technologies play a crucial role in optimizing processes within the manufacturing domain. 

One such framework is the AI-Assisted Customized Manufacturing (AIaCM) framework, 

which integrates AI technologies such as machine learning (ML), knowledge graphs, and 

human-computer interaction (HCI) to enhance system performance metrics. The AIaCM 

framework incorporates cloud intelligence for comprehensive analysis and decision-making, 

while edge and local node intelligence are applied to context or time-aware environments. 

Moreover, AI algorithms are utilized at different levels of computing paradigms within the 

AIaCM architecture, including data visualization, system maintenance, predictions, and 

market analysis [1]. 

In the semiconductor industry, AI/ML algorithms have been instrumental in addressing 

challenges related to process variations in the nanometer regime, contributing to parametric 

yield loss reduction. These algorithms enable the quick identification of trends and patterns 
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in large volumes of data, facilitating decision-making and optimizing relevant processes in 

VLSI design and technology [3]. The integration of AI technologies in the semiconductor and 

EDA technology presents numerous opportunities for automating processes at various VLSI 

design and manufacturing levels for quick convergence. 

3.1. Supervised Learning 

Supervised learning, a prominent technique in the realm of AI, plays a pivotal role in 

optimizing manufacturing processes within the tech industry. This approach involves 

training a model on a labeled dataset to make predictions or decisions. In the context of 

manufacturing, supervised learning can be harnessed to improve quality control, predictive 

maintenance, and resource allocation. For instance, recent works by Bian et al. have 

demonstrated the application of supervised learning techniques, such as machine learning-

based computer vision, for real-time monitoring and fault detection in smart manufacturing 

systems [2]. Additionally, the evolution of deep learning, a subset of machine learning, has 

further empowered supervised learning by enabling more complex and accurate predictions 

through the use of neural networks [5]. 

The utilization of supervised learning in the tech product manufacturing industry has shown 

promise in enhancing efficiency and reducing operational costs. By leveraging this AI 

technology, manufacturers can achieve higher precision and automation in various processes, 

ultimately leading to improved productivity and product quality. 

3.2. Unsupervised Learning 

Unsupervised learning plays a crucial role in process optimization within tech product 

manufacturing. This approach allows for the identification of patterns and structures within 

data without the need for labeled responses, making it particularly valuable for uncovering 

insights in complex manufacturing processes [2]. For instance, recent advancements in 

machine learning-based computer vision have facilitated the automation of industrial 

production supervision, with object detection techniques being widely applied in smart 

manufacturing. Additionally, the development of deep learning-based object detection 

methods has enhanced the adaptability and effectiveness of robotic manipulators for parts 

identification in additive manufacturing, showcasing the potential of unsupervised learning 

in revolutionizing manufacturing processes. 
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Furthermore, the evolution of neural networks and the availability of big data have paved the 

way for deep learning techniques, which are instrumental in computer vision tasks such as 

object detection [5]. These advancements enable the reliable understanding of digital images 

or videos by learning features without explicitly defining said features in the training process, 

demonstrating the significant impact of unsupervised learning in enhancing the efficiency and 

accuracy of manufacturing processes. 

3.3. Reinforcement Learning 

Reinforcement learning (RL) is increasingly recognized for its potential to optimize 

manufacturing processes within the tech industry, particularly in mobile, laptop, and 

semiconductor production. RL involves learning from delayed rewards, which makes it 

suitable for addressing complex tasks with long-term implications for efficiency and quality. 

Research by [6] emphasizes the application of reinforcement learning in process control within 

semiconductor manufacturing, highlighting its role in improving efficiency and quality. 

Moreover, [7] present a use case demonstrating the application of RL in a model factory for 

transporting and assembling goods according to predefined rules. This study showcases how 

RL can address the demands of Industry 4.0, such as shorter time-to-market, mass 

customization, and batch size one production, by improving the efficiency of the production 

process through reinforcement learning techniques. These examples illustrate the potential of 

RL to optimize processes and enhance the overall manufacturing operations in the tech 

industry. 

4. Case Studies in Mobile Industry 

The integration of AI in the mobile industry has led to significant advancements in process 

optimization. For instance, AI enables higher value-added manufacturing by accelerating the 

integration of manufacturing and information communication technologies, leading to the 

development of customized smart factories with characteristics such as self-perception, 

operations optimization, dynamic reconfiguration, and intelligent decision-making [1]. This 

has resulted in higher production flexibility and efficiency, as demonstrated in a case study of 

customized packaging within a smart factory environment. 

Moreover, the use of AI in mobile computing has introduced advanced functionalities to 

mobile devices, such as highly advanced image processing systems and smart integrated 
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assistants. However, it is important to note that AI techniques, particularly deep learning, can 

have high energy consumption on mobile devices [8]. Nevertheless, AI can also be leveraged 

to optimize data transmission and location services, thereby reducing mobile energy 

consumption. This dual role of AI in enhancing mobile features while also being a significant 

power draw underscores the need for continued research and development in this field. 

4.1. AI Applications in Mobile Manufacturing 

AI applications in mobile manufacturing encompass a wide range of functionalities that 

contribute to process optimization and production efficiency. One key area where AI is 

leveraged is in the prediction of wireless channels, optimization of mobile network handoffs, 

and control of network congestion, as highlighted in [1]. This involves the implementation of 

AI algorithms at different levels of computing paradigms within the manufacturing 

architecture. For instance, deep learning models can be trained in the cloud, while edge 

computing servers are responsible for executing algorithms for specific manufacturing tasks, 

thus enhancing the interactivity and elasticity of existing manufacturing factories. 

Furthermore, [2] emphasize the importance of AI in providing real-time machine monitoring 

and anomaly detection in mobile manufacturing. The proposed Artificial Intelligence-assisted 

Machine Supervision (AIMS) system tracks machine states through real-time observation, 

enabling the detection of abnormalities and immediate anomaly detection when machine 

components deviate from the standard workflow. This continuous streaming of machine 

status not only optimizes factory operations for production efficiency but also facilitates 

dynamic scheduling, contributing to overall process optimization in mobile manufacturing. 

4.2. Benefits and Results 

The implementation of AI technologies in the mobile manufacturing sector has resulted in 

tangible benefits and positive results. One key area where AI has made a significant impact is 

in the optimization of manufacturing processes. [1] highlight that AI technologies such as 

machine learning, knowledge graphs, and human-computer interaction have been 

instrumental in improving system performance metrics. These technologies have enabled 

intelligent manufacturing systems to enhance smart manufacturing devices, facilitate 

intelligent information interaction, and provide intelligent manufacturing services. 

Additionally, AI has been utilized for wireless channel prediction, mobile network handoff 
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optimization, and network congestion control, showcasing its diverse applications in the 

mobile manufacturing sector. 

Furthermore, OptimalPlus, as discussed by [4] , has demonstrated the transformative power 

of AI in electronics manufacturing. By leveraging data analytics, OptimalPlus has enabled 

manufacturers to streamline their operations, enhance yield/productivity, and reduce RMAs. 

The insights derived from data analytics have redefined the way the entire supply chain is 

viewed, offering opportunities for Big Data in fields like RMA prediction and management. 

These case studies underscore the substantial benefits and results that have been realized 

through the integration of AI in the manufacturing processes of mobile and electronics 

products. 

5. Case Studies in Laptop Industry 

Laptop industry, known for its rapid advancement in technology, has diverse product 

segments with unique manufacturing constraints. High-end laptops target business 

customers and require superior performance laptops assembled with premium components. 

While sales of budget laptops for schools and online connectivity declined in 2023, the 

demand for high-performance portable workstations employed in product design efforts is 

set to rise due to companies shifting towards in-house research and user-centric product 

evolution. 

A product design with elevation in 3D cameras for video conferencing will be common to 

both high-end and premium laptops, featuring FHD, 1080p, and 4 noise-canceling 

microphones, intended for seamless multi-direction HD video recording. However, costly 

PCB-level adjustments need to be made to route the signals for such augmented features 

through the ASIC capable of analyzing the input data and decoding the commands to be 

delivered to the CPUs, together with the electronics responsible for power delivery and signal 

processing. Manufacturer 1's PCBs requested by Seller A were successfully manufactured 

using AI for process optimization without wasting precious resources or moving to low labor 

cost regions. 

Prior to the launch with NPI (New Product Introduction), consolidating laptop assembly with 

the components is accomplished by recognizing and cataloging each component through 

inspection by AI computer vision. The preemptive identification of conflicting designs 
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between new PCBA with old chassis commonly overlooked by human engineers has 

drastically increased the NPI yield. Analyzing the history of chip availability used by 

engineering teams has aided in the timely prototyping of PCBA for innovative product 

features. AI-generated synonym restrictions during the manufacturing process have lifted the 

burden on quality engineers with increased praise by the prestige of Manufacturer 1. 

5.1. AI Applications in Laptop Manufacturing 

AI applications in laptop manufacturing have revolutionized the industry by optimizing 

various processes. One significant application is in the customization of manufacturing 

processes to meet individual customer requirements. [1] highlight that AI enables the 

transition to multi-variety and small-batch customized production modes, allowing for higher 

value-added manufacturing. AI technologies, such as machine learning, multi-agent systems, 

Internet of Things, big data, and cloud-edge computing, play a pivotal role in operations 

optimization, dynamic reconfiguration, and intelligent decision-making within the 

manufacturing environment. Moreover, AI-assisted manufacturing has been demonstrated to 

offer higher production flexibility and efficiency, as evidenced by the experimental results of 

AI-enabled technologies in a customized smart factory. 

Furthermore, the integration of AI/ML algorithms in laptop manufacturing aligns with the 

goals of AI/ML, which include learning, reasoning, predicting, and perceiving [3]. These 

algorithms have the capability to quickly identify trends and patterns in large volumes of 

data, facilitating decision-making and optimizing relevant processes. The application of 

AI/ML algorithms in the semiconductor industry and EDA technology offers endless 

opportunities for automating processes at various VLSI design and manufacturing levels, 

ultimately leading to quick convergence. 

5.2. Benefits and Results 

[1] emphasize that AI enables higher value-added manufacturing by accelerating the 

integration of manufacturing and information communication technologies. Through AI, 

manufacturing systems can perceive the environment, adapt to external needs, and extract 

processing knowledge, ultimately leading to intelligent decision-making and operations 

optimization. The implementation of AI in customized manufacturing has been validated 

with a case study of customized packaging, demonstrating higher production flexibility and 
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efficiency. This underscores the positive implications of AI integration in the laptop 

manufacturing sector, paving the way for dynamic reconfiguration and intelligent decision-

making in the production process. 

6. Case Studies in Semiconductor Industry 

In a recent study by Amuru et al. [3] , the authors emphasize the significance of artificial 

intelligence (AI) and machine learning (ML) algorithms in addressing the challenges within 

the semiconductor industry. The research highlights the ability of AI/ML algorithms to 

handle multi-dimensional and multivariate data at high computational speeds, enabling 

quick identification of trends and patterns in large volumes of data. The authors stress the 

potential for AI/ML solutions to automate processes at various Very Large Scale Integration 

(VLSI) design and manufacturing levels, offering quick convergence and optimization in 

semiconductor manufacturing. 

Furthermore, Wan et al. [1] underscore the role of AI in smart manufacturing, particularly in 

the context of customized manufacturing (CM) within the semiconductor industry. The study 

emphasizes that AI technologies, including deep reinforcement learning and hybrid 

intelligence, offer significant potential for smart manufacturing, especially in the realm of CM 

in smart factories. The authors highlight the application of AI algorithms in running the 

manufacturing of personalized products, supported by cognitive computing, real-time data 

analysis, and autonomous decision-making, thus permeating through every link of CM value 

chains. 

These case studies underscore the transformative impact of AI in optimizing processes within 

the semiconductor industry, from VLSI design and manufacturing to the realization of smart 

and customized manufacturing in the Industry 4.0 era. 

6.1. AI Applications in Semiconductor Manufacturing 

AI applications in semiconductor manufacturing have been instrumental in optimizing 

processes and improving system performance metrics. [1] emphasize the integration of AI 

technologies such as machine learning (ML), knowledge graphs, and human-computer 

interaction (HCI) to enhance system performance metrics. They highlight the use of AI in 

intelligent manufacturing systems, including smart manufacturing devices, intelligent 

information interaction, and intelligent manufacturing services. Additionally, [3] stress the 
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significance of AI/ML algorithms in handling multi-dimensional and multivariate data at 

high computational speeds to optimize processes in VLSI design and manufacturing. They 

note that AI/ML can quickly identify trends and patterns in large volumes of data, facilitating 

decision-making and enabling quick convergence in manufacturing processes. 

These references underscore the pivotal role of AI in semiconductor manufacturing, 

showcasing its potential to revolutionize the industry by optimizing processes and improving 

system performance metrics. 

6.2. Benefits and Results 

The integration of AI technologies in semiconductor manufacturing has led to numerous 

benefits and positive outcomes. [1] emphasize that AI technologies such as machine learning 

(ML), knowledge graphs, and human-computer interaction (HCI) have improved system 

performance metrics including flexibility, efficiency, scalability, and sustainability in the 

manufacturing sector. The authors highlight the role of intelligent manufacturing systems in 

providing smart manufacturing devices and services through the amalgamation of AI 

technologies. Furthermore, AI algorithms are employed at various levels of computing 

paradigms to enhance the interactivity and elasticity of existing manufacturing factories. 

Additionally, [3] note that AI/ML algorithms have enabled quick identification of trends and 

patterns in large volumes of data, leading to relevant decision-making and optimization of 

processes in VLSI design and technology. This has significantly contributed to automating 

processes at various VLSI design and manufacturing levels, ultimately resulting in quick 

convergence and improved performance evaluation of complex digital and analog ICs. 

These findings underscore the substantial advantages and positive outcomes that have 

emerged from the implementation of AI technologies in semiconductor manufacturing, 

ultimately leading to enhanced efficiency and performance in the industry. 

7. Key Success Factors in Implementing AI 

Implementing AI in the manufacturing industry requires careful consideration of key success 

factors to ensure effective integration. One crucial factor is the quality and availability of data, 

as highlighted by [1]. They emphasize that AI technologies enable manufacturing systems to 

perceive the environment, adapt to external needs, and extract processing knowledge, 

ultimately contributing to intelligent decision-making and operations optimization. 
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Additionally, the study by [9] emphasizes the significance of managerial support, government 

involvement, and vendor partnership in the successful adoption of AI technologies. These 

factors, along with compatibility and relative advantage, were found to be significantly 

related to AI adoption in the telecom industry, as indicated by the empirical testing of the 

proposed framework. 

These findings underscore the importance of not only technological aspects but also 

organizational and managerial issues in the successful implementation of AI in 

manufacturing. Therefore, companies aiming to leverage AI for process optimization need to 

consider factors such as data quality, availability, managerial support, and external 

partnerships to ensure successful integration and realization of the potential benefits of AI 

technologies in the manufacturing industry. 

7.1. Data Quality and Availability 

Data quality and availability are critical determinants for the successful integration of AI 

technologies in the manufacturing sector. Lundgren et al. (2018) emphasize that building a 

robust data value chain for Big Data applications in manufacturing necessitates a deep 

understanding of digital technologies as well as established knowledge about manufacturing 

processes. The authors highlight the significance of predictive maintenance in digitalized 

manufacturing, where data analytics plays a pivotal role in enabling preventive actions to 

mitigate failures and reduce risks. Similarly, Haindl et al. (2022) underscore the relevance of 

quality characteristics for human-AI teaming in smart manufacturing, with trustworthiness, 

functional suitability, reliability, and security identified as the most important quality traits. 

These insights stress the need for high-quality data and the relevance of specific quality 

characteristics in ensuring the effectiveness of AI applications in manufacturing. 

7.2. Skillset and Training 

In the context of AI integration in manufacturing, honing the expertise and capabilities of 

personnel is crucial for successful implementation. According to [11] , the quality 

characteristics for human-AI teaming in smart manufacturing include trustworthiness, 

explicability, and auditability. These characteristics are essential for establishing a 

collaborative environment between human operators and manufacturing machines. 

Moreover, the interviewees emphasized the importance of improving the production cycle, 
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increasing operator efficiency, reducing scrap, and minimizing ergonomic risks as key success 

criteria for human-AI teaming in smart manufacturing. Similarly, [1] highlight the significance 

of AI-enabled technologies in a customized smart factory, emphasizing the need for intelligent 

decision-making, dynamic reconfiguration, and operations optimization in the 

manufacturing process. 

These insights underscore the necessity for training programs that equip personnel with the 

skills to effectively leverage AI technologies in manufacturing, emphasizing the importance 

of understanding AI-based software platforms, intelligent manufacturing devices, and the 

implementation of AI-driven customized smart factories. 

8. Future Trends in AI for Process Optimization 

The future of AI in process optimization within the manufacturing industry is poised to be 

shaped by the integration of Internet of Things (IoT) and the concept of explainable AI. As 

highlighted by [1] , the utilization of AI technologies such as machine learning (ML) and 

knowledge graphs can significantly enhance system performance metrics including flexibility, 

efficiency, scalability, and sustainability in smart manufacturing. The integration of cloud 

computing, edge computing, and local computing paradigms is crucial for maximizing the 

effectiveness of AI technologies. Cloud intelligence is responsible for comprehensive analysis 

and decisions, while edge and local node intelligence are applicable to context or time-aware 

environments. Additionally, the AIaCM framework considers the advent of edge computing 

and advanced AI technologies, emphasizing the importance of smart devices, smart 

interaction, AI technologies, and smart services within the manufacturing landscape. These 

developments are indicative of the potential for AI to revolutionize process optimization in 

manufacturing, particularly in the mobile, laptops, and semiconductor industries. 

8.1. Integration of IoT and AI 

The integration of IoT and AI has shown tremendous potential for revolutionizing process 

optimization in manufacturing. Wan et al. [1] emphasize the role of AI technologies such as 

machine learning (ML), knowledge graphs, and human-computer interaction (HCI) in 

enhancing system performance metrics, particularly in sensing, interaction, resource 

optimization, operations, and maintenance in smart customized manufacturing (CM) 

factories. The authors highlight the pivotal role of smart devices as the physical layer for the 
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entire AI-Assisted Customized Manufacturing (AIaCM) framework, with ML algorithms 

being implemented at the device layer in low power devices. Furthermore, AI algorithms are 

adopted at different levels of computing paradigms in the AIaCM architecture, including 

cloud-based deep learning model training and edge computing servers for executing specific 

manufacturing tasks. 

Moreover, Li et al. [2] have contributed to the field by proposing a centralized and automated 

real-time monitoring system for improving energy efficiency in smart manufacturing, 

showcasing the practical applications of AI in enhancing supervision and condition 

monitoring in manufacturing systems. These studies collectively underscore the significant 

strides made in leveraging IoT and AI for advancing process optimization in manufacturing, 

setting the stage for further advancements in the field. 

8.2. Explainable AI in Manufacturing 

Explainable AI (XAI) has gained significant traction in the manufacturing domain due to its 

ability to provide transparency and interpretability in AI systems used for process 

optimization. [12] highlight the integration of explainability into models such as Generalized 

Additive Models (GAMs) for transparent modeling of non-linear relationships between faults 

and measures, enhancing interpretability. Additionally, the Deep Taylor Decomposition 

(DTD) deconstructs deep learning model outputs by attributing contributions to each neuron, 

offering a clear understanding of specific components' influence on overall model predictions. 

Moreover, the development of transparent neural networks, as discussed by [13] , aims to 

enhance human comprehension by combining concept formation with various forms of 

reasoning, thereby creating AI systems that are both transparent and understandable. These 

advancements signify a shift towards transparent AI approaches, broadening the 

understanding and adoption of explainable fault detection and diagnosis in manufacturing 

processes. 

The relevance of explainable AI in the semiconductor industry is particularly pronounced due 

to the complex properties encountered in the manufacturing pipeline, as well as the challenges 

associated with obtaining complete measurement data for all process steps. The development 

of domain-specific explainable AutoML frameworks in smart manufacturing addresses the 

need for more understandable machine learning solutions and enhances the reliability of 

yield-enhancing models. The literature also emphasizes the importance of explainability in 
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ensuring that AI systems can make decisions and reasoning that humans can understand, 

thereby contributing to the overall goal of building reliable xAutoML systems. 

9. Conclusion and Recommendations 

In conclusion, the systematic review by [14] underscores the vast potential of AI in 

transforming manufacturing processes across industries. The integration of AI technologies 

offers opportunities for automation and optimization in various manufacturing tasks, 

including aerospace verification, validation, and predictive maintenance. Moreover, [1] 

emphasize the pivotal role of AI in smart manufacturing, particularly in the context of 

customized manufacturing (CM) in smart factories. The application of AI algorithms in CM 

value chains, encompassing design, production, management, and service, demonstrates the 

extensive reach of AI-driven solutions in process optimization within the manufacturing 

sector. As such, the recommendations for promoting the adoption of AI technologies in 

manufacturing should prioritize the development and integration of AI-driven systems across 

manufacturing processes to realize the full potential of process optimization and automation. 

9.1. Summary of Key Findings 

This subsection provides a comprehensive overview of the key findings obtained from the 

exploration of AI applications in process optimization within the tech product manufacturing 

sector. The systematic review by Nelson, Biddle, and Shapira [14] highlights several 

significant applications of AI in manufacturing processes. These include AI applications in 

product and service design and development, planning and scheduling of operations, 

predictive maintenance, machine status monitoring, and control of machine movements. The 

study emphasizes the potential of AI to enable automation of delicate and context-sensitive 

tasks, reduce programming costs, and facilitate extensive human-robot collaboration in the 

manufacturing process. 

Furthermore, Wan et al. [1] emphasize the transformative impact of Industry 4.0 on smart 

manufacturing, with a particular focus on customized manufacturing (CM) and its alignment 

with AI-driven smart factories. The authors underscore the role of AI technologies in 

simulating, extending, and enhancing human intelligence, especially in the context of CM in 

smart factories. AI algorithms are identified as pivotal in running the manufacturing of 

personalized products, supported by cognitive computing, real-time data analysis, and 
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autonomous decision-making. These insights collectively underscore the potential of AI in 

revolutionizing process optimization within the tech product manufacturing sector. 

9.2. Recommendations for Industry Adoption 

When considering the adoption of AI technologies in the manufacturing landscape, it is 

crucial for industry players to focus on specific recommendations for seamless integration. [1] 

emphasize the potential of AI-driven customized smart factories to support multi-variety and 

small-batch production modes, enabling higher value-added manufacturing through self-

perception, operations optimization, dynamic reconfiguration, and intelligent decision-

making. This underscores the importance of leveraging AI to enable manufacturing systems 

to perceive the environment, adapt to external needs, and extract processing knowledge, 

ultimately leading to higher production flexibility and efficiency. 

Furthermore, [14] highlight the diverse applications of AI in manufacturing, including 

automation of aircraft positioning, predictive maintenance, design of manufacturing tools and 

machines, scheduling of manufacturing tasks, and contextual, AI-enabled communication. 

These insights underscore the wide-ranging potential of AI to optimize processes and drive 

substantial improvements across various facets of manufacturing. 

Overall, the recommendations for industry adoption of AI technologies in manufacturing 

emphasize the need to harness AI for operations optimization, flexibility, efficiency, and 

automation across different manufacturing processes and systems. 
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