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ABSTRACT: Semiconductors represent the most complex production activities and stand at the forefront of smart
manufacturing. In particular, the yield of advanced processes is strongly influenced by coupling among engineering
systems, material behavior, and computational infrastructure. Consequently, the integration of deep learning (DL)
and digital twins has become essential for driving the next-generation transformation of smart manufacturing.
However, existing reviews predominantly organize literature through algorithm-oriented taxonomies, while isolated AI
paradigms alone remain insufficient to effectively capture system-level interactions and industry-driven technological
evolution. Therefore, this study proposes a system-oriented and industry-driven review framework, termed the System-
under-Industry Guided Literature Review (SIGLR), to reorganize existing literature. Specifically, 103 survey papers
and the 13,377 studies they reference are systematically analyzed. In addition, a triadic ESA–MM–HPC framework is
introduced as a system-oriented conceptual representation for analyzing next-generation semiconductor smart man-
ufacturing systems, capturing the coupling among engineering system analysis (ESA), material modeling (MM), and
high-performance computing (HPC) in complex manufacturing environments. Furthermore, a conceptual modeling
perspective is proposed for predictive digital twin (DT) analysis. Overall, this study uses the semiconductor industry as
a representative domain to extend existing smart manufacturing research from algorithm-centered approaches toward
more system- and structure-oriented perspectives. The perspectives provide a unified, scalable foundation for AI-driven
industrial systems research, advancing manufacturing technologies and discussing challenges associated with globally
distributed semiconductor manufacturing and industrial reshoring.

KEYWORDS: Engineering system analysis; material modeling; high performance computation; digital twin; smart
manufacturing; semiconductor; TSMC; automatic control systems; robotic manipulators; automated guided vehicles

1 Introduction

1.1 Motivation
Semiconductor manufacturing is regarded as the most complex cyber-physical production system, char-

acterized by high automation density, multi-scale coupling, and material-physics constraints in advanced
process nodes. Consequently, production efficiency and yield increasingly depend on integrating engi-
neering, materials, and computational infrastructures rather than relying solely on localized optimization
approaches. (Fig. 1). However, the highly coupled nature also dramatically increases system complexity
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and makes analysis more difficult using conventional frameworks alone. Therefore, beyond DL, DT’s
synchronization, simulation, and predictive capabilities is necessary to support real-time responses to
dynamic process variations and disturbances. These developments point the way to next-generation smart
manufacturing, not only to improve production efficiency and yield but also to support the continued
advancement of semiconductor process technologies. In addition, the complexity intensifies the challenges
associated with distributed production. Accordingly, this study considers this is important direction for
addressing issues of globalization and industrial reshoring.

Figure 1: Process complexity drives the need for ESA–MM–HPC-integrated DT to support next-generation semicon-
ductor manufacturing.

Such a context implies that semiconductor smart manufacturing cannot be understood solely through
isolated AI algorithms, but instead through innovations in industrial systems and engineering science.
For example, ESA, MM, and HPC represent three important and increasingly interconnected domains
in engineering science and advanced manufacturing (as evidenced by the extensive body of literature
summarized in Fig. 2 and Table 1). And ESA encompasses domains such as automatic control systems,
robotics, vehicle and suspension systems. For complex production, engineering analysis has evolved toward
high-fidelity dynamic synchronization between cyber and physical systems. Concurrently, materials science
has advanced to the angstrom scale and developed multiscale predictive modeling to overcome physical
constraints. Therefore, traditional analytical frameworks based on partial differential equations (PDEs) and
numerical methods face challenges due to exponential growth in computational complexity and resource
bottlenecks. These issues are especially critical in semiconductor manufacturing, where multiscale physical
phenomena must be addressed alongside stringent real-time control requirements, motivating researchers
to explore more scalable, computationally efficient surrogate models and data-driven mechanisms. The
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objective is to improve simulation efficiency while preserving physical fidelity in increasingly complex
manufacturing environments. Such a transition—from compute-intensive modeling to data-enhanced
engineering approaches—may provide a promising direction for addressing large-scale, complex system
evolution, materials lifetime prediction, and heterogeneous computing resource orchestration.

Figure 2: To illustrate the research landscape of next generation semiconductor smart manufacturing enabled by
engineering system analysis, materials modeling, and high-performance computing. A total of 103 review articles
indicate the growing importance and interconnections among these domains in modern intelligent manufacturing
research (see Table 1). Collectively, the references cited in these reviews are 13,377 publications, highlighting the rapid
expansion and interdisciplinary nature of this research field.

Table 1: System-oriented classification of 103 review papers within engineering, materials, and HPC domains.

Category Subcategory Reviewed Literature

Control–Cyber Axis (73 reviews)

Smart Manufacturing and
Automatic Control Systems

(18 reviews)
[1–18]

Robotic Manipulators
(29 reviews) [19–47]

Transport Systems
(20 reviews) [48–67]

Suspension Systems
(6 reviews) [68–73]

Material–Physics Axis (16 reviews) [74–89]

HPC–Compute Axis (14 reviews) [90–103]
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Recently, DL has increasingly influenced research in ESA, MM, and HPC. By leveraging physics-
informed neural networks (PINN), surrogate models, and simulation acceleration techniques, DL has
improved the efficiency of engineering simulation and analysis and enabled more adaptive prediction and
optimization under uncertainty. These developments are increasingly reflected in semiconductor smart
manufacturing. Taiwan Semiconductor Manufacturing Company (TSMC) is often cited as an example of
advanced semiconductor manufacturing. With the explosive growth in global demand for AI chips, wafer
fabrication is increasingly emphasizing sustainability, intelligence, predictability, and scalability. Meanwhile,
recent developments in semiconductor manufacturing have increasingly integrated digital twins, data-driven
automation, and cyber–physical coordination.

Amid geopolitical tensions, the United States (US) promotes reshoring manufacturing and encourages
enterprises to produce domestically. However, these initiatives face challenges related to skilled labor short-
ages and cultural, management, and regulatory disparities. In this context, TSMC’s investment in Arizona is
widely regarded as a flagship example. These developments highlight the importance of automation, digital
infrastructure, and system integration in geographically distributed environments. Meanwhile, process
technologies, automation, and digital capabilities are emphasized. The coordination among ESA, MM, and
HPC within DT–enabled cyber–physical environments becomes an important research topic for smart
semiconductor manufacturing.

Beyond relocating fabs, advanced economies can further strengthen engineering research, materials
science, AI innovation, and computing infrastructure. Meanwhile, semiconductor smart manufacturing
increasingly integrates engineering systems, materials modeling, and computational infrastructures to high-
light the role of cyber–physical integration, automation, and digital infrastructure in supporting distributed,
coordinated manufacturing environments. This trend enables advanced economies to leverage their research
and innovation strengths to support both global manufacturing deployment and reshoring initiatives. It
also highlights the importance of foundational scientific research in sustaining long-term advances in
semiconductor technologies. Within this paradigm, ESA, MM, and HPC can be viewed as closely interacting
components in next-generation smart manufacturing research. This study proposes a system-oriented
perspective to provide a conceptual framework for examining their interactions.

1.2 Contributions and Objectives
Based on the substantial body of review literature on industrial intelligence, this study systematically

synthesizes 103 reviews and their 13,377 references to identify limitations in the current research landscape
when addressing complex engineering systems, as follows:

1. Most reviews emphasize technology-centric applications with limited discussion of cross-domain
integration [88], or focus narrowly on individual technical components with limited consideration of
system interoperability and cross-platform integration challenges [47];

2. Current data-driven research is largely confined to algorithmic comparisons based on static models
while neglecting the behavior of dynamic systems under real-world physical constraints [38]. Moreover,
discussions on cyber–physical systems (CPS) are often restricted to isolated case studies, lacking
architectural comparisons and system-level generalization [33];

3. Although the role of the Industrial Internet of Things (IIoT) in smart manufacturing has been exten-
sively discussed, few review studies provide an integrated analysis spanning the full pipeline from data
acquisition and system-level analysis to decision-making processes [62].
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Therefore, this study makes the following key contributions to the field:

1. This study refines the Systematic Literature Review (SLR) methodologies. SLR implicitly assumes that
research topics and technological developments primarily evolve within the academic community and
organizes literature using an algorithm-oriented taxonomy. However, in highly engineered domains
such as semiconductor manufacturing, blockchain, and AI, technological advancement is shaped
by industrial dynamics, rendering SLR insufficient for capturing system-level interdependencies of
technologies. Therefore, this study proposes the SIGLR framework, a system-centric literature analysis
approach grounded in industrial sectors. SIGLR establishes correspondences between technological
developments and industrial system functionalities, thereby providing a system-oriented perspective
for analyzing industry-driven technological evolution.

2. This study proposes a triadic ESA–MM–HPC architecture (refer to Fig. 2) as a system-oriented con-
ceptual framework for next-generation semiconductor smart manufacturing systems. This architecture
describes the interactions among materials, system-level decisions, and computational capabilities
in complex engineering systems. By integrating this architecture with SIGLR, this study provides
a system-oriented perspective for examining the relationships between industrial requirements and
technological evolution.

This study proposes SIGLR, approaching the literature from the perspective of ESA in next-generation
semiconductor smart manufacturing. It systematically organizes and interprets studies to examine cross-
scale and cross-domain technological interdependencies in relation to industrial functionalities. The study
pursues the following three primary objectives:

1. To establish a tri-axis analytical framework, comprising the Control–Cyber Axis, Material–Physics
Axis, and HPC–Compute Axis for examining major functional domains in semiconductor smart
manufacturing systems;

2. To systematically map the selected literature onto system modules and cross-scale interaction structures,
thereby analyzing the roles and coupling relationships of key technologies—such as DL, DT, and HPC—
within industrial systems;

3. To identify structural gaps in existing research and propose a system-oriented future research roadmap
to support the development of AI-driven semiconductor smart manufacturing and digital twin systems.

1.3 Organization and Reading Map
This study adopts a system-oriented perspective to discuss the interactions among ESA, MM, and HPC

in next-generation smart manufacturing and DT systems. Accordingly, the structure is organized as follows
(refer to Fig. 3):

• Section 2 reviews the technological background and research foundations of semiconductor smart
manufacturing, including processes, equipment architectures, and roles of ESA, MM, HPC, and DT in
supporting real-time intelligent manufacturing;

• Section 3 presents the research methodology, SIGLR, adopted in this study and details the database
search strategies, Boolean query formulations, inclusion and exclusion criteria, and the resulting
classification axes and processing workflow;

• Section 4 surveys the three research domains—ESA, MM, and HPC—within the context of semicon-
ductor smart manufacturing, and covers topics including automatic control systems, robotic control,
transportation dynamics analysis, multiscale materials modeling, and HPC infrastructures;
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• Section 5 discusses open research challenges and practical limitations that remain unresolved in current
studies, and proposes future research directions and development considerations. For example, a
modeling approach that integrates Laplacian flow and sheaf theory [104,105] can be adopted to reveal
the mechanisms of anomaly propagation under multiple dynamic constraints;

• Section 6 concludes the paper by summarizing the main contributions and key limitations of this study.

Figure 3: A system-oriented literature review framework for semiconductor smart manufacturing based on SIGLR and
the ESA–MM–HPC perspective.

2 Background
Smart manufacturing has become a direction of semiconductor industrial upgrading. It supports

yield management, process coordination, and large-scale semiconductor manufacturing operations. In this
context, the ESA, MM, and HPC research domains are receiving increasing attention. Among these, DT
is an approach for improving cyber–physical coordination and system-level integration in semiconductor
smart manufacturing.

2.1 Semiconductor Processes, Equipment, and Globalization
Semiconductor manufacturing is a complex, automated process in which integrated circuit (IC)

structures are formed on silicon wafers through multiple steps, including lithography, thin-film deposition,
etching, and ion implantation. During production, wafers are stored in Front Opening Unified Pods (FOUP)
to prevent contamination (e.g., Fig. 4). In addition, FOUPs are transported to equipment via automated
transport systems, such as Overhead Hoist Transport (OHT) systems. Upon arrival, the Equipment Front
End Module (EFEM) interfaces with the FOUP to enable wafer access and transfer. Individual wafers are
then transferred into downstream processing equipment for subsequent processing steps.

A cluster tool consists of a vacuum isolation mechanism, multiple process chambers, robotic manipu-
lators, and a wafer transport module (e.g., Fig. 5). This architecture enables automated wafer transfer across
multiple steps, supports parallel processing, reduces contamination risks, and enhances efficiency, thereby
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making it one of the core equipment configurations in the fab. Throughout the process, a large number of
sensors continuously monitor equipment conditions, including temperature, gas flow rates, pressure, motion
velocity, and parameters. These data are transmitted in real time to the Manufacturing Execution System
(MES) and the Equipment Engineering System (EES), enabling real-time monitoring, anomaly detection,
and process optimization [106].

Figure 4: Automated wafer transfer workflow via FOUP, OHT, and EFEM.

Figure 5: Internal architecture of a semiconductor cluster tool.
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Leading semiconductor manufacturers, including TSMC, have increasingly adopted smart manufac-
turing technologies such as DL–assisted process control, intelligent equipment diagnostics, automated
platforms, and DT. These technologies are further integrated with IIoT, edge computing, and cloud
computing to enable process variation monitoring and sustain high-precision control [107].

Recently, due to geopolitical tensions, TSMC has expanded its global footprint by establishing fabs in
the US and Japan. To support this strategy, TSMC accelerates the integration and diffusion of smart manu-
facturing technologies across distributed fabs, while advancing DT and CPS integration. As a result, sensor
networks and data-driven analytics become important components of semiconductor smart manufacturing,
further motivating research on ESA, MM, and HPC [10].

2.2 ESA and Semiconductor Manufacturing
ESA is a system-level analytical perspective encompassing systems engineering, engineering systems,

and systems analysis to examine interactions, dynamic behaviors, and overall system performance. Current
engineering research often focuses on individual equipment or isolated physical phenomena. In contrast,
ESA integrates MM, control theory, and dynamic analysis to investigate system behavior and optimization
strategies from multi-level and interdisciplinary perspectives. From the ESA viewpoint, semiconductor man-
ufacturing constitutes a large-scale, multi-scale, and tightly coupled dynamic system, comprising hundreds
of pieces of equipment, thousands of steps, complex transport systems, and hierarchical control architectures.
It encompasses automatic control systems, robotic manipulators, and vehicle dynamics [10]. Furthermore,
due to re-entrant characteristics, it is widely regarded as one of the most challenging scheduling problems.

Automatic control systems provide a framework for utilizing sensor feedback and control algorithms—
such as model predictive control (MPC) and adaptive control—to regulate physical entities (e.g., robotic
manipulators and vehicles) in real time [60,95]. It is responsible for translating control objectives derived
from ESA into precise physical actions, while enabling automatic correction in response to deviations or envi-
ronmental disturbances (e.g., vision-guided path compensation in robotic systems) [13,34,39]. Accordingly,
it contributes to real-time responsiveness and system stability within smart manufacturing architectures [6].

Robotic manipulators and automated transport systems constitute the physical execution layer of ESA
and automatic control, translating electrical signals into high-precision motions. During operation, they
continuously transmit real-time data through IoT sensors to the ESA framework for model validation and
system-level analysis [10], and receive control commands to execute physical actions. Within the IIoT and
CPS architectures, digital systems are tightly integrated with physical equipment, enabling coordinated
operation and real-time interaction between cyber and physical domains [95].

Furthermore, beyond the interactions among equipment, robotic manipulators, transport vehicles, and
scheduling information, the incorporation of materials physics, equipment states, process, and environmen-
tal variability introduces multiple feedback loops and nonlinear dynamics, significantly increasing control
complexity. As a result, extensive research has investigated challenges in mathematical modeling, real-time
decision-making, and system-level optimization in automatic control. Recently, with the advancement of
IIoT, cloud-based architectures, and edge computing, ESA has been discussed as a system-oriented analytical
perspective for smart manufacturing. It serves as a critical bridge linking process engineering, MM, and
HPC, and, when integrated with DT, further drives the evolution of smart manufacturing toward the next
generation [106,107].
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2.3 Material Modeling and ESA
Materials modeling uses physics-based models, numerical simulations, and multiscale computational

methods to characterize the physical behavior of materials under various processing conditions. Common
approaches include Density Functional Theory (DFT), Molecular Dynamics (MD), the Finite Element
Method (FEM), and phase-field modeling. These methods enable the analysis of material properties across
angstrom- to microscale regimes under processes such as deposition, etching, thermal treatments, and
mechanical loading. Recently, materials modeling has been integrated with DL and surrogate models to
accelerate material behavior prediction and support process optimization [79,82].

Many process variabilities in semiconductor manufacturing originate from the physical behavior of
materials. For example, microstructural evolution during thin-film growth, lattice defects, interface rough-
ness, electromigration, stress migration, and thermally induced migration can affect process stability and
yield by coupled mechanisms, thereby becoming considerations within ESA. Process control parameters—
such as temperature, pressure, gas flow rates, and power settings—govern the evolution of materials during
fabrication, while the resulting material physical properties in turn influence process outcomes and system
states. Consequently, MM represents an analytical component of ESA: material behavior influences the
physical limits of the process, and these constraints determine the feasible range of control parameters, which
ultimately shape the state space and transition dynamics of system-level models [82,87].

In this context, MM provides physical insights into ESA, as it governs how microscopic physical
mechanisms are translated into macroscopic system behavior. The physical insights not only enhance the
interpretability of process models but also support DT systems, improving the representation of real-
world dynamics and thereby support real-time monitoring, prediction, and process optimization for smart
manufacturing [79,81].

2.4 High Performance Computation and ESA
HPC utilizes large-scale parallel architectures—such as supercomputers, GPU clusters, and cloud

platforms—to solve computationally intensive problems in a reasonable timeframe. It is widely applied
in climate modeling, materials science, fluid dynamics, and engineering optimization, and has become
a component for smart manufacturing with the advancement of cloud and GPU technologies [90,91]
(e.g., Fig. 6).

Figure 6: Conceptual HPC-supported ESA perspective for semiconductor smart manufacturing.
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Semiconductor manufacturing involves extensive multiscale physical phenomena and challenges in
equipment control, which are analyzed using physics-based models such as DFT, MD, and FEM. These
simulations are computationally intensive. For instance, DFT and ab initio molecular dynamics are limited
to temporal scales of femtoseconds to picoseconds, whereas equipment control and process adjustments
require decision-making at the millisecond scale, resulting in a significant scale mismatch and corresponding
computational bottlenecks. Consequently, in smart manufacturing systems, HPC is integrated with surrogate
models or DL to accelerate computation and prediction [85]. By leveraging HPC for large-scale simulations
and model training, surrogate models that capture physical behaviors can be constructed, enabling ESA to
rapidly predict process outcomes and support real-time control decisions [94,95]. Furthermore, with the
advancement of cloud, GPU, and edge computing, HPC has been integrated into DT systems, supporting
system analysis and decision-making [90].

2.5 AI, ESA, and Smart Manufacturing
Current AI research in smart manufacturing focuses on integrating CPS, IIoT, big data, and cloud

computing to support adaptive system simulation. Among these approaches, Deep Reinforcement Learning
(DRL) has been widely applied to intelligent control, predictive maintenance, and smart production to
support more adaptive and automated systems [6]. In addition, recent studies leverage DT to construct
virtual training environments, addressing the challenges of data scarcity and poor data quality in AI model
training. This enables AI agents to be trained and optimized in safe and controlled environments [7].

In ESA, AI research focuses on accurately identifying and virtually mapping complex processes.
For instance, in semiconductor manufacturing, the large-scale, high-dimensional data generated during
production can be analyzed using DL to extract latent knowledge [8]. Moreover, polynomial neural networks
are employed to predict quality metrics—such as the material removal rate (MRR)—without direct physical
measurements, thereby enabling real-time process monitoring and the development of adaptive Virtual
Metrology (VM) systems [8].

In Automatic control systems, AI research overcomes the limitations of physical models and enables
closed-loop control. For example, DL is employed to integrate visual perception modules, localization, path
planning, and intelligent control, in which visual feedback triggers control actions, enabling systems to
respond to disturbances and autonomously avoid obstacles [34]. In addition, DT enables real-time simulation
in virtual environments to implement compensation strategies prior to defect occurrence, thereby reducing
equipment downtime and process disruptions [13,16]. Furthermore, model predictive control (MPC) is
applied to address nonlinear constraints to optimize control trajectories in precision transport systems and
process equipment [17,60].

In robotic manipulators, AI research focuses on adaptive systems and on integrating kinematics,
actuation principles, and human–robot interaction. Deep convolutional neural networks (DCNN) are
employed to enhance scene understanding and environmental perception for robotic systems operating in
unstructured environments [30]. Moreover, DL is applied to quality monitoring and defect detection in
electronic manufacturing and materials inspection [95]. In addition, recent studies analyze joint vibration
signals and electrical current signatures of robotic manipulators to apply DL to prognostics and health
management (PHM). This enables the prediction of mechanical fatigue and the remaining useful life of
critical components [11].
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2.6 Digital Twin and Semiconductor Manufacturing
In semiconductor manufacturing, DT does not initially achieve a fully synchronized cyber–physical

system but rather develops progressively as data infrastructure, modeling capabilities, and system integration
mature, ultimately evolving into intelligent systems capable of supporting closed-loop decision-making
(e.g., Fig. 7) [106].

Figure 7: Evolution of digital twin in semiconductor manufacturing.

In the initial phase, the Data Monitoring Era (prior to 2006), the primary focus of fabs remained on Fault
Detection and Classification (FDC), VM, and Statistical Process Control (SPC). Sensor data monitoring and
feature extraction were employed to enhance equipment health and process stability. For example, Ref. [108]
used the wavelet transform for dimensionality reduction and fault classification of high-frequency process
signals, highlighting the issues of data availability and the identifiability of anomaly signals. Meanwhile,
Ref. [109] developed automated recognition techniques for spatial patterns of wafer defects, highlighting the
issue of defect monitoring and anomaly localization.

In the second phase, the Data-Driven Modeling Era (approximately 2006–2014), the deployment of
IIoT led to a substantial increase in both data volume and dimensionality. Consequently, research focuses
on leveraging big data and DL to enhance modeling capabilities for diagnostics and advanced process
control (APC). Specifically, Ref. [110] indicated that big data can support applications such as APC, VM,
and predictive maintenance (PdM) and emphasized the importance of distributed computing architectures.
Ref. [111] proposed a retrospective data mining framework to extract interpretable diagnostic rules. In
this stage, despite advancements in data-driven analytics, most approaches remain limited to offline or
near-online decision support.

In the third phase, the DT Emergence Era (approximately 2014–2022), the concepts of DT became well-
defined, and research emphasizes the integration of models, data, and decision-making along with CPS.
Ref. [112] reviewed the foundations, models, and issues of DT, establishing its role as a core methodology for
smart manufacturing. Furthermore, Ref. [113] applied DT to scheduling and decision support, and validated
strategies through cyber–physical synchronization.
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In the final phase, the Closed-Loop Intelligence Era (post-2022), the Digital Twin becomes integrated
with reinforcement learning (RL) and closed-loop optimization, advancing from visualization and prediction
to control and strategy generation. For example, Ref. [114] applied RL to optimize dynamic dispatching
and scheduling in a fab under constraints, demonstrating the decision value of closed-loop intelligence.
In addition, Ref. [115] combines DT, surrogate models, and closed-loop optimization to provide insights
for future adoption of closed-loop DT frameworks in semiconductor manufacturing, including run-to-run
(R2R) control, predictive control, and cross-scale integration [90,106,107].

Overall, the evolution of DT in semiconductor manufacturing can be viewed as a continuous spectrum,
progressing from data monitoring to modeling to frameworks and ultimately to closed-loop intelligence.
Future research should focus on integrating real-time capability, model interpretability, and control feasibility
into deployable, fab-scale closed-loop architectures. The DT-related literature reviewed in this study repre-
sents varying levels of integration maturity and evolving development trends in semiconductor intelligent
manufacturing, rather than treating all DT-related studies as fully closed-loop DT implementations.

3 Survey Methodologies and Taxonomy
Traditional SLR methodology (e.g., [116]) faces challenges from rapid technological advancement

in industry. Existing reviews in robotics, autonomous vehicles, MM, and smart manufacturing typically
organize the literature by algorithm types or platform categories. This approach weakens their ability to guide
future research directions, as it overlooks technological trajectories driven by industry. This limitation arises
from an implicit assumption underlying SLR that research topics and the evolution of the literature emerge
endogenously within the academic community. However, in semiconductors, blockchain, AI, robotics,
materials science, and HPC, the industry’s influence is substantial. As a result, SLR struggles to explain
why certain technological directions rapidly become focal points of academic research within relatively
short time frames. To address these limitations, this study proposes SIGLR, an industry-driven framework
that extends SLR by structuring the literature according to industrial architecture rather than algorithm
categories. However, SIGLR still follows the same procedures, including search strategy, inclusion/exclusion
criteria, screening, data extraction, and synthesis.

Semiconductor manufacturing is the most robotics-intensive, highly automated, and materials-
intensive industrial domain. In particular, leading-edge process nodes (sub-3 nm) have driven process
complexity, capital intensity, and system integration, thereby shaping the trajectory of research in related
fields. Under such conditions, applying SLR to categorize the literature based on algorithmic taxonomy can
fragment dependencies among technologies, failing to accurately capture their interactions within industrial
systems. This classification bias is pronounced in highly coupled engineering systems, where it may lead
to misleading interpretations of research directions and reduce the practical relevance of review studies.
Therefore, SIGLR should not be regarded merely as an alternative methodology, but as a necessary framework
to avoid structural mischaracterization in the analysis of industry-driven technological evolution.

3.1 Data Sources
Generative AI, autonomous driving, and robotics have significantly increased demand for advanced

semiconductor devices and accelerated the development of leading-edge process technologies. In princi-
ple, such industrial demand should stimulate corresponding academic research. However, technological
advances are primarily documented in equipment vendor reports, in-fab technical documentation, or
patents, while academic publications often refer to semiconductor manufacturing only implicitly through
broader terms such as electronics manufacturing, high-precision manufacturing, or cleanroom automation.
As a result, existing review studies, lacking an explicit relational framework, struggle to establish clear
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mappings between these research efforts and the semiconductor industry. Moreover, robotic systems
and automated transport equipment in semiconductor manufacturing are embedded within a highly
coupled system involving material variability, complex processes, multi-layer logistics, and hierarchical
control architectures. Therefore, this study introduces ESA as a cross-layer modeling and organizational
framework to define system boundaries, functional roles, and interdependencies across hierarchical levels.
This study uses “ESA + semiconductor/TSMC + smart manufacturing + digital twin” as the basis for
literature classification and search. This framework is further integrated with key modules supporting wafer
fabrication, including robotic manipulators, transport systems, MM, and HPC. Corresponding keyword
combinations are constructed according to the core technologies of each domain for literature retrieval,
screening, and reorganization. Here, MM and HPC are not treated as research methods per se, but as critical
indicators of system complexity in advanced semiconductor manufacturing, supporting ESA in defining
system-level requirements.

3.1.1 Keywords and Boolean Logic
This study adopts “ESA + semiconductor/TSMC + smart manufacturing + digital twin” as the founda-

tional framework, which is further integrated with key enabling components of wafer fabrication—namely
robotic manipulators, transport systems, MM, and HPC—to construct keyword sets and Boolean search
queries. The framework is structured as follows:

• Application Layer: ESA + semiconductor/TSMC + Smart Manufacturing + Digital Twin
• Manufacturing Enabling Layer: ESA, MM, and HPC
• ESA Supporting Layer: Automatic control systems, robotic manipulators, transport systems, and

suspension systems
• Foundational Technology Layer: dynamics, variability control and adaptation, closed-loop control,

synchronization and coordination, multi-objective and multi-scale modeling, surrogate modeling,
reinforcement learning models, resource scheduling, simulation, hybrid modeling, and edge computing

The use of “TSMC” as a keyword stems from a subset of academic studies that explicitly investigate
TSMC’s manufacturing systems. Moreover, in academic databases, publications indexed under the keyword
“TSMC” are typically associated with semiconductor manufacturing or wafer fabrication. To ensure com-
prehensive coverage and avoid omission of relevant studies, the keyword “semiconductor” is incorporated
into the search strategy to effectively identify literature within targeted research domains.

Subsequently, this study adopts a system-driven keyword generation approach. Each keyword combi-
nation is constructed by pairing system modules with enabling technologies to identify cross-layer research
relevant to semiconductor smart manufacturing. First, the core Boolean query is defined as follows:

• Core query = (“Engineering System Analysis”) AND (“TSMC” OR “Semiconductor”) AND (“Smart
Manufacturing”) AND (“Digital Twin”)

Based on this core query, 26 extended Boolean search queries are constructed by incorporating
additional keywords.

• Core query
• (“automatic control systems”) AND Core query
• (“robotic manipulators”) AND Core query
• (“motion control”) AND (“robotic manipulators”) AND Core query
• (“force control”) AND (“robotic manipulators”) AND Core query
• (“visual servoing control”) AND (“robotic manipulators”) AND Core query
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• (“closed-loop”) AND (“robotic manipulators”) AND Core query
• (“cleanroom”) AND Core query
• (“synchronization and coordination”) AND (“robotic manipulators”) AND Core query
• (“process integration”) AND (“robotic manipulators”) AND Core query
• (“vehicle dynamic systems”) AND Core query
• (“dynamics”) AND (“vehicles”) AND Core query
• (“adaptive control”) AND (“vehicles”) AND Core query
• (“multi-objective control”) AND (“vehicles”) AND Core query
• (“reinforcement learning”) AND (“vehicles”) AND Core query
• (“digital twin”) AND (“vehicles”) AND Core query
• (“suspension systems”) AND Core query
• (“materials modeling”) AND Core query
• (“multiscale simulation”) AND (“IC”) AND Core query
• (“surrogate modeling”) AND (“IC”) AND Core query
• (“simulation under variability”) AND (“IC”) AND Core query
• (“reinforcement learning”) AND (“IC”) AND Core query
• (“high-performance computing”) AND Core query
• (“cloud computing”) AND (“HPC”) AND (“resource scheduling”) AND Core query
• (“numerical simulation”) AND (“hybrid models”) AND Core query
• (“edge–HPC”) AND Core query

3.1.2 Literature Sources and Databases
Traditional SLR approaches typically begin by selecting several academic databases and conducting

keyword searches within each. In this study, survey literature retrieval and preliminary screening were
also conducted in IEEE Xplore, ScienceDirect, SpringerLink, ACM Digital Library, and arXiv (including
preprints), based on the 26 sets of Keywords and Boolean Logic defined in Section 3.1.1. However, during the
literature screening process, significant cross-database indexing inconsistencies were identified. Specifically:

1. When a publication was available in authoritative databases such as IEEE Xplore, the official database
source was preferentially adopted for subsequent analysis. Nevertheless, some studies indexed in IEEE
Xplore or other databases could not always be effectively retrieved through direct database queries
alone. Therefore, Google Search was employed as a supplementary retrieval mechanism to facilitate
the identification of official publication sources and accessible versions during the practical literature
screening process.

2. The same publication frequently appeared across multiple platforms, while inconsistencies existed in
metadata, document versions, downloadable content, and reference accessibility.

Accordingly, the proposed SIGLR framework further incorporates Google Search as a supplementary
retrieval mechanism. For the preliminarily screened survey papers, cross-searching was performed by
combining paper titles, author information, and the corresponding Boolean Logic expressions. This approach
was intended to reduce database-dependent retrieval bias, identify sources providing the most complete
information (e.g., PDF availability, full-text access, and reference accessibility). The practical execution
procedure was as follows:
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1. The 26 sets of Keywords and Boolean Logic expressions were applied to IEEE Xplore, ScienceDirect,
SpringerLink, ACM Digital Library, and arXiv for literature retrieval.

2. Preliminary screening was conducted according to paper titles, abstracts, research relevance, and the
inclusion/exclusion criteria defined in Section 3.2.

3. For the preliminarily screened survey papers, cross-searches were further performed in Google Search
by combining paper titles, author information, and the corresponding Boolean Logic expressions.

4. Literature records and accessible information from different sources were cross-compared.
5. Among multiple available sources, the source providing the most complete metadata, PDF access, full-

text availability, and reference accessibility was selected for subsequent analysis.

Subsequently, the reference lists of the 103 selected survey papers were collected, yielding a total of 13,377
referenced studies that served as the foundation for the subsequent analysis.

3.2 Inclusion and Exclusion Criteria
The inclusion and exclusion criteria adopted in this study are defined as follows:

• Inclusion Criteria:

References cited in relevant review papers are considered primary sources for candidate literature.
Eligible publications include peer-reviewed journal articles, international conference proceedings, book
chapters, and survey/review papers.

• Exclusion Criteria:
1. Document Type: Non–peer-reviewed materials, such as technical reports, corporate white papers,

internal documents, news articles, and unreviewed online resources, were generally excluded.
However, certain preprints were included after manual verification if they had been cited by selected
review papers, demonstrated sufficient citation relevance, or had subsequent formally published
versions that were less accessible.

2. Research Topic: Studies that do not fall within the following relevant technical domains are
excluded: ESA, semiconductor, smart manufacturing, digital twins, automatic control systems,
robotic manipulators, transport system, motion control, force control, visual servoing, closed-loop
control, cleanroom automation, synchronization and coordinated control, process integration,
dynamical systems, dynamics, adaptive control, MPC, multi-objective control, RL, suspension
systems, MM, multiscale simulation, surrogate modeling, cloud, resource scheduling, numerical
simulation, hybrid models, edge.

3. Relevance to Semiconductor Manufacturing: Even if a study belongs to the aforementioned
technical domains, it is excluded if its applicability to semiconductor manufacturing scenarios is
limited or if it lacks clear relevance to semiconductor smart manufacturing.

3.3 Data Processing and Classification Methodology
This study adopts a System-under-Industry Guided Literature Review (SIGLR) approach, an industry-

oriented framework for literature review. Boolean–logic–based keyword combinations are first used to
perform systematic searches across major international academic databases. The retrieved literature is then
filtered and refined through the following procedures (e.g., Fig. 8):

1. Search: Keyword queries are executed, yielding a total of 103 review papers.
2. Reference Extraction: The reference lists of the 103 review papers are aggregated, resulting in 13,377

candidate publications.



16 Comput Mater Contin. 2026;89(1):10

3. Screening (Preliminary Semantic Organization): To process 13,377 publications, this study adopted a
multi-stage screening procedure. First, the literature was organized into 26 groups of Keywords and
Boolean Logic, followed by an initial keyword-based screening. Subsequently, LLM-based semantic
assistance (ChatGPT 5.3) was employed for preliminary semantic grouping and relevance prioritization.
The LLM-based semantic assistance was not the final decision-making tool for inclusion or exclusion
of literature. Final inclusion and exclusion decisions were manually verified by the author against
predefined screening criteria, title relevance, abstract content, and overall research-topic relevance.
During the process, studies demonstrating limited relevance to semiconductor smart manufacturing,
DT, ESA, MM, or HPC, or lacking sufficient contextual relevance, were excluded. Through the above
multi-stage screening process, a total of 680 potential candidate papers (including duplicate records)
were retained as the basis for subsequent analysis.

4. Manual Review: For the 680 candidate papers, this study examines the title, abstract, introduction, and
conclusion to evaluate their relevance to the research scope and the appropriateness of their technical
content. Ultimately, 259 publications were selected for final analysis. Duplicate records were identified
and removed through manual cross-verification based on paper titles, DOI information, publication
metadata, and cross-database records.

Figure 8: Literature retrieval and multi-stage screening framework under the SIGLR approach.

All literature retrieval, screening, semantic organization, and verification procedures were conducted
manually and verified by the author against predefined screening criteria. Therefore, no multi-reviewer
voting or conflict-resolution mechanisms were applied. The literature retrieval and screening process was
conducted primarily between 20 November 2025, and 15 December 2025.

A total of 259 publications were ultimately selected. The number of studies retained at each screening
stage was quantitatively tracked. The final corpus was reorganized according to Control–Cyber Axis,
Material–Physics Axis, and HPC–Compute Axis, which correspond to the system pillars of next-generation
semiconductor smart manufacturing. These axes are further decomposed based on the employed keyword
sets, aligning with the 26 subsections presented in Section 4. This structured approach enables a transparent
and traceable quantitative characterization of the literature filtering process, from the initial candidate pool
to the final curated research dataset.

Among the initial 13,377 publications (Table 2), the Control–Cyber Axis accounts for the largest
proportion, including Automatic control, robotic, transportation, and suspension systems in fab automation.
The Material–Physics Axis encompasses MM, multiscale simulation, and variation analysis.

Meanwhile, HPC–Compute Axis includes HPC, numerical simulation, hybrid models, and Edge–Cloud
architectures. Table 2 provides a quantitative overview of the screening process and demonstrates how SIGLR
reorganizes the literature by industrial modules rather than conventional algorithm-centric taxonomies to
depict the technological landscape in semiconductor smart manufacturing.
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Table 2: Multi-stage filtering and system-driven distribution of literature across research axes and subsections.

Categories Search Keywords Corresponding Subsection Retrieve Filter Refine

Control–Cyber Axis

ESA, Semiconductor, TSMC,
Smart Manufacturing, DT

4.1 ESA for Semiconductor
Smart Manufacturing 1696 47 28

Automatic control systems, Core
query 4.2.1 Automatic Control Systems 983 43 8

Robotic manipulators, Core
query 4.2.2 Robotic Manipulators 772 50 10

Motion control, robotic
manipulators, Core query 4.2.3 Motion Control 666 37 15

Force control, robotic
manipulators, Core query 4.2.4 Force Control 402 14 13

Visual serving control, robotic
manipulators, Core query 4.2.5 Visual Serving Control 322 20 11

Closed-loop, robotic
manipulators, Core query 4.2.6 Closed-Loop Control 196 13 9

Cleanroom, Core query 4.2.7 Contamination Free 109 37 12
Synchronization and
coordination, robotic

manipulators, Core query

4.2.8 Synchronized and
Cooperative 682 21 12

Process integration, robotic
manipulators, Core query

4.2.9 Integration of Robot
Control with Processes 241 27 11

Vehicle dynamic systems, Core
query

4.3 Transport Systems for Smart
Manufacturing 113 8 8

Dynamics, vehicles, Core query 4.3.1 Dynamics Modeling 1039 10 9
Adaptive control, vehicles, Core

query
4.3.2 Vehicle Adaptive Control

and MPC 751 21 5

Multi-objective control, vehicles,
Core query 4.3.3 Multi-Objective Control 144 26 5

Reinforcement learning,
vehicles, Core query

4.3.4 Reinforcement
Learning-Based Control 408 22 10

Digital twin, vehicles, Core query 4.3.5 Digital Twin Simulation 80 23 7
Suspension systems, Core query 4.3.6 Suspension Systems 767 17 8

Material–Physics Axis

Materials modeling, Core query 4.4.1 Materials Modeling 901 25 16
Multiscale simulation, IC, Core

query 4.4.2 Multiscale Simulation 270 35 11

Surrogate modeling, IC, Core
query 4.4.3 Surrogate Model 312 26 7

Simulation under variability, IC,
Core query

4.4.4 Materials Simulation under
Variations 239 32 11

Reinforcement learning, IC,
Core query

4.4.5 Data-Driven
Reinforcement Learning 397 28 2

HPC–Compute Axis

HPC, Core query 4.5.1 High-Performance
Computing for DT 750 22 6

Cloud computing, HPC,
resource scheduling, Core query

4.5.2 Cloud HPC and Resource
Scheduling 254 12 6

Numerical simulation, hybrid
models, Core query 4.5.3 Hybrid Models 485 38 11

edge–HPC, Core query 4.5.4 Edge–HPC Integration 398 26 8

4 Digital Twin for Next Generation Semiconductor Smart Manufacturing
The ESA, MM, and HPC disciplines will become increasingly critical to industrial development as AI

advances rapidly. Due to geopolitical tensions, the US promotes manufacturing reshoring initiatives but
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faces challenges of skilled labor shortages, cultural differences, and management conflicts. In this context,
TSMC has successfully deployed an advanced fab and achieved its yield target through advanced smart
manufacturing technologies. Such capabilities continue to strengthen through advances in engineering
and materials research. Semiconductor manufacturing processes are highly complex and require ESA
to integrate materials, equipment, data, and control strategies to sustain efficiency and yield. Advanced
process nodes operate near physics limits, and fabs deploy extensive equipment to execute thousands of
steps across multiple concurrent production orders. Even minute variations may be amplified by coupled
dynamics, thereby impacting yield. Consequently, AI is employed to support scheduling optimization,
fault prediction, and quality control, all of which involve large-scale, high-dimensional data. For example,
production automation relies on extensive infrastructure, including OHT, automated guided vehicles (AGV),
and autonomous mobile robots (AMR). These function as cyber–physical nodes, with their operational
states monitored by sensors and transmitted as high-frequency real-time data to centralized platforms. DT
leverages such data to perform simulation analysis, enabling optimization of processes across the fab.

In this context, DT is emerging as a key enabler for next-generation smart manufacturing. By syn-
chronizing the real-time states of physical entities via IIoT and constructing high-fidelity virtual replicas
in the digital domain, DT systems enable real-time monitoring, predictive analytics, and closed-loop
control optimization. These require extensive mathematical modeling across ESA, MM, and HPC domains,
encompassing automatic control, robotic manipulation, autonomous transport systems, and suspension
systems. In this context, TSMC represents a leading industrial implementation of such highly complex,
multi-scale, and nonlinearly coupled cyber–physical systems. To provide an overview, Table 3 categorizes the
259 reviewed studies according to physical layers and corresponding ESA functions, including modeling,
diagnosis, and prediction, and control and optimization. The subsequent subsections further elaborate on
each research domain under this framework.

Table 3: Classification of ESA research in semiconductor smart manufacturing across physical layers and system
functions.

Physical/ESA Modeling Diagnosis & Prediction Control & Optimization
Materials [117–132] [133–148] [149–153]

Equipment [154–163] [164–187] [188–206]
Robots/AMR [207–218] [219–228] [229–269]

OHT/AGV/AMR [270–288] [289–294] [295–312]
Sensor/IIoT [313–316] [317–329] [330–336]

Infrastructure (HPC/Edge/Cloud) [337–353] [354–365] [366–375]

4.1 ESA for Semiconductor Smart Manufacturing
This study is based on existing reviews to argue that TSMC applies ESA to transform process data

into an advantage, thereby widening its lead in advanced process technologies. First, yield diagnosis serves
as a critical indicator of process performance and acts as the trigger for intelligent control. Second, VM
focuses on real-time quality prediction to ensure product consistency. Third, FDC reduces downtime risk and
process variability. Finally, the scheduling engine dynamically adjusts resource allocation and production
flow to maximize efficiency. The core of this framework is DT models built from extensive process datasets
and powered by AI servers, serving as the backbone of semiconductor manufacturing systems. When
yield diagnosis identifies anomalies, the DT system dynamically adjusts parameters; equipment monitoring
ensures tool stability; and the scheduling system reconfigures optimal production routes. Each stage is
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supported by advanced research in ESA. To establish a direct linkage between research in ESA, MM, and
HPC and real-world processes, this study departs from conventional classifications and instead adopts a
fab practice perspective. The reviewed studies summarized in Table 4 mainly focus on three functional
dimensions: (i) to support real-time factory operation (scheduling), (ii) to ensure yield stability (FDC/VM),
and (iii) to enable intelligent decision-making (DT). This reframing not only aligns with the key drivers of
process intelligence but also highlights ESA’s research potential in the semiconductor industry.

Table 4: ESA research supporting semiconductor smart manufacturing in Section 4.1.

Physical/ESA Modeling Diagnosis & Prediction Control & Optimization
Materials

Equipment [164–175] [188–199]
Robots/AMR

OHT/AGV/AMR
Sensor/IIoT

Infrastructure (HPC/Edge/Cloud) [337–339] [354]

4.1.1 Yield Diagnosis
Yield is the core ESA metric in fabs. When smart manufacturing advances toward the next genera-

tion, yield management requires a systematic “effect-to-cause” analysis, starting from defects and tracing
backward to identify potential associations with process flows, equipment states, and material properties,
thereby providing a quantitative basis for subsequent process tuning and equipment control. In practice,
transforming yield loss into a tractable ESA problem hinges on selecting appropriate observables. Compared
with scalar yield metrics, the spatial distribution of wafer defects, represented as Wafer Bin Maps (WBM),
preserves structural information arising from the interactions among processes, equipment, and materials.
Accordingly, academic research focuses on WBM and applies pattern recognition to automatically identify
system-level defect signatures. For example, Ref. [170] proposes an automated framework integrating spatial
filtering and spectral clustering to identify both convex and non-convex defect patterns. The framework first
performs denoising via spatial filtering, then uses spectral clustering and decision tree classification to detect
systematic defects in equipment. Validation using real data from a DRAM fab in Taiwan demonstrates that
the framework can effectively identify more than four types of complex mixed defect patterns. Although the
study does not explicitly use the term WBM, its core objective—analyzing the spatial distribution of wafer
defects—is methodologically aligned with subsequent WBM-based pattern recognition studies.

In addition, Ref. [169] addresses the clustered nature of defective dies on wafers and proposes a DBSCAN
(Density-Based Spatial Clustering of Applications with Noise)–based framework to automatically detect
arbitrarily shaped defect patterns (e.g., ring-shaped, stripe-like, or arc-shaped) in WBM. Evaluations on
the real WM-811K dataset demonstrate its effectiveness in identifying complex and mixed defect structures.
Furthermore, Ref. [173] targets mixed defect patterns by first applying spatial statistical tests to filter maps
exhibiting spatial correlation, followed by unsupervised clustering using Adaptive Resonance Theory 1
(ART1) to classify and label failure patterns. This approach establishes associations between defect patterns
and process causes, enabling automated WBM to extract features and significantly reducing fault diagnosis
time. Its feasibility has been validated in a fab in Taiwan and integrated into expert systems.
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Collectively, these studies suggest that next-generation smart manufacturing will be centered on closed-
loop DT architectures. By integrating the DBSCAN-based framework in [169] with the spatial filtering and
spectral clustering techniques in [170], discrete defective dies in WBM can be transformed into physically
interpretable defect patterns, enabling precise identification of complex anomaly geometries, including
convex and non-convex structures. This defect-driven analytical paradigm enables deep integration of
spatial product quality data with temporal sensor streams, including Status Variable ID (SVID) signals and
FDC time-series data, thereby facilitating a transition from point-based monitoring to Spatio-Temporal
analysis. Such capabilities not only support wafer acceptance test (WAT) anomaly localization and cross-
tool comparison but also establish an autonomous diagnostic loop spanning detection, root cause analysis,
parameter compensation, and scheduling optimization. This framework exemplifies the strategic potential
of ESA in enabling the autonomous operation of a “four-in-one” smart manufacturing system that integrates
sensing, analysis, decision-making, and control into a unified cyber–physical architecture.

4.1.2 VM for Quality Prediction
In fabs, VM plays a dual role in real-time monitoring and preventive compensation, addressing three

limitations of physical metrology tools—particularly in advanced nodes below 5 nm:
• High cost: Physical metrology equipment (e.g., optical critical dimension (OCD), scanning electron

microscopy (SEM)) is extremely expensive.
• Metrology latency: Wafers often experience delays ranging from hours to days from queueing to

measurement completion, introducing significant risk.
• Sampling limitations: To mitigate latency, physical metrology typically relies on sampling, which fails

to capture wafer-to-wafer variability within equipment.
Therefore, VM has emerged. In processes such as chemical mechanical planarization (CMP) and

etching, VM leverages real-time equipment data (SVID)—such as gas flow, power, and chamber pressure—
to predict wafer processing quality. This enables a transition from offline sampling inspection to full-wafer,
dynamic monitoring. Furthermore, VM integrates equipment-level sensing, process control logic, and
quality prediction, reflecting a system design paradigm for multi-layer information fusion. By ESA, VM can
operate robustly in environments with high variability and stringent precision, becoming an indispensable
pillar of quality assurance. For example, a feature is the critical link between low-level sensing and high-level
decision-making. By transforming raw sensor signals into highly discriminative inputs, feature engineering
enhances the accuracy and robustness of VM models. For instance, Ref. [172] proposes a deep autoencoder
architecture tailored for complex, time-dependent, multi-step process signals in wafer fabrication. By
incorporating clipping-fusion regularization, the method effectively captures nonlinear deviations while pre-
serving the features and physical meanings of the original data. Experimental validation on etching processes
demonstrates its capability to support predictive quality control in next-generation smart manufacturing.

In addition, VM and FDC must be highly coordinated within ESA. For example, Ref. [164] extracts
yield-relevant features from large-scale equipment sensor data and applies VM to predict quality and
identify equipment anomalies. This approach not only improves prediction accuracy but also enhances
equipment utilization, ensures production stability, mitigates yield loss, and prevents unexpected downtime.
More importantly, VM predictions must support dynamic compensation, as all processes (e.g., CMP,
etching, deposition) are subject to equipment aging and material variability. Compensation is the core of
closed-loop control in ESA to ensure system dynamic stability. For example, in multi-layer fabrication,
CMP is used to planarize surfaces prior to interconnect formation. However, polishing pad wear induces
MRR drift and shift, degrading planarity and affecting downstream lithography focus. To address this,
Ref. [165] proposes a deep RL (DRL) R2R controller that uses VM-estimated pad conditions to perform
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parameter compensation for subsequent runs. Experimental validation of CMP processes demonstrates
that the controller accurately tracks MRR targets and effectively handles process variability. This approach
advances DT from static models to adaptive, intelligent control systems, enabling autonomous operation in
next-generation smart manufacturing.

As process nodes shrink below 5 nm, fab-scale expansion and IIoT deployment led to exponential
growth in data volume and complexity. From an ESA perspective, constructing dynamic models faces
challenges, including strong nonlinearity, time-varying behavior, high-dimensional input spaces, reduced
modeling efficiency, and diminished interpretability. These impact the accuracy of APC. To address these
challenges, Ref. [337] asserts that big data analytics can enhance PDM and VM performance. By leverag-
ing distributed computing architectures and deep learning algorithms, the approach reduces the cost of
ownership (CoO) and improves computational efficiency. This advancement optimizes ESA’s computational
architecture, mitigates the curse of dimensionality, and accelerates dynamic processing, thereby strength-
ening real-time DT mapping and simulation of physical systems. Ultimately, it delineates a technological
pathway toward predictive, optimized, and self-correcting next-generation smart manufacturing systems.

4.1.3 Fault Detection and Classification
FDC ensures uninterrupted operation and is a state identification problem in complex dynamical

systems within ESA. Massive data in processes poses challenges for real-time processing. To address this, DT
technologies bridge physical equipment and virtual intelligence to enable ultra–low-latency responses from
sensing to inference. This capability drives APC toward PdM, realizing next-generation smart manufacturing
that prevents failures before they occur. Relevant studies span data processing, model design, edge com-
puting, and DT implementation, illustrating ESA’s multi-layer technological evolution in the FDC domain.
Photolithography is the most critical and costly step, with advanced high-NA EUV tools costing hundreds
of millions of dollars. Operation involves frequent mask changes (often thousands of reticles), and improper
management can create bottlenecks, reduce utilization, and degrade work-in-process (WIP) quality due to
excessive queue time. Existing heuristic policies are insufficient to handle unexpected events such as tool
failures or temporary mask shortages. To address this, Ref. [190] employs a DT-based photolithography
simulator to predict the impact of decisions on equipment performance. Real-time production information
is incorporated, and a rollout algorithm is used to trial candidate mask-switching policies in the virtual
environment; the selected optimal policy is then dispatched to the equipment automation/control system.
Benchmarking and statistical validation in a fab show a 13.45% reduction in cycle time and up to a 20%
increase in scanner utilization.

During processing in tools such as etchers and Rapid Thermal Chemical Vapor Deposition (RTCVD)
systems, sensors record pressure, gas flow, and power at millisecond resolution. These high-frequency data
streams are fundamental for DT equipment modeling; however, DL models may suffer from information
overload and response latency, hindering real-time decision-making. To address this, Ref. [166] applies
the discrete wavelet transform (DWT) to reduce input data volume by over 90% while maintaining
approximately 99% accuracy, thereby reducing synchronization latency between DT models and physical
equipment. Moreover, for microsecond-scale anomalies (e.g., radio-frequency (RF) sparks), conventional
Fourier transforms tend to smooth transient events, whereas wavelet transforms—through “time–frequency
localization”—capture such instantaneous signatures effectively, which is critical for FDC as in [164]. Besides,
Ref. [166] using tree classification to demonstrate that wavelet features improve both efficiency and accuracy
of fault classification compared with raw data and exhibit strong robustness in etching processes. This
exemplifies how ESA leverages advanced signal processing to convert high-frequency, high-dimensional data
into actionable features for next-generation AI-driven decision systems.
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Another challenge in process data is the lack of standardization. Even within the same equipment,
processing different wafers leads to variable-length sensor sequences. Traditional FDC methods may lose
fine-grained information during compression, and many DL models assume fixed-length inputs, making
them unsuitable for SVID data with variable durations. To overcome this, Ref. [167] proposes a model that
combines self-attention mechanisms with convolutional neural networks (CNNs) to learn directly from raw
SVID data. The approach enables DT models to capture physical phenomena such as RF sparks and transient
pressure fluctuations, enhancing simulation fidelity. Experiments show strong robustness across sequences
of varying lengths without the need for padding or truncation. This work relaxes ESA constraints on input
formats, allowing flexible handling of variable-length, high-frequency signals and improving sensitivity to
transient anomalies, thereby strengthening DT capabilities for real-time monitoring and dynamic simulation
in highly variable processes.

Semiconductor manufacturing is an ideal testbed for integrating advanced research. For example, in
etching, sensor signals exhibit abrupt transitions between process steps. If FDC systems use improperly
smoothed features, they may fail to detect subtle anomalies such as RF sparks. Therefore, Ref. [167] uses
SVID data to identify RF power module sparking events and indicate equipment fault states. Ref. [172] uses
clipping fusion regularization to predict that “the etch depth of the current wafer batch will be approx-
imately 2 nm lower,” prompting downstream parameter adjustment. The integration of these approaches
represents a dual-monitoring paradigm—linking product quality and equipment health—and marks a key
milestone in advancing DT from predictive simulation to diagnostic closed-loop control in next-generation
smart manufacturing.

4.1.3.1 Edge DT and Real-Time Detection
From the ESA perspective, next-generation smart manufacturing requires not only accurate modeling

but also multi-level, distributed diagnostic architectures. In the highly dynamic environment, system stability
depends on the synchronization quality between physical entities and virtual counterparts. When IIoT drives
rapid system-scale expansion, communication bandwidth and computational latency can delay decisions.
This poses challenges because DT must remain tightly synchronized with physical systems to accurately
simulate equipment behavior for FDC. For example, transmitting high-frequency SVID data (e.g., [167]) to
cloud platforms will affect real-time monitoring due to network latency. To address this issue, Ref. [354]
presents an equipment-level FDC system for wet-cleaning equipment that leverages edge computing to
enable real-time anomaly detection. Through context mapping, equipment logs are transformed into
analyzable data for integration with deep neural networks (DNN) to support PdM. This architecture ensures
that DT can achieve predictive capability and real-time control with minimal latency.

Furthermore, when equipment-level FDC systems (e.g., [354]) detect concurrent minor drifts across
multiple tools, it is difficult to identify yield-impacting root causes. To address this, Ref. [171] proposes a
retrospective design of experiments (DOE) to enhance diagnostic capability. Retrospective DOE is a highly
automated AI-driven data mining system. It employs pattern-matching and search algorithms to reconstruct
large-scale data and extract samples corresponding to specific factor combinations (e.g., high temperature
with low pressure, or vice versa), followed by feature selection to eliminate irrelevant noise. Subsequently,
association rule mining is used to analyze higher-order interactions among variables, and decision trees are
employed to generate interpretable diagnostic rules. This approach enables DT to perform spatio-temporal
analysis to accurately identify latent parameter combinations responsible for yield deviations within large-
scale data.
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While edge computing enhances the timeliness of FDC, detected equipment anomalies must be
validated to determine whether they lead to actual product defects to avoid unnecessary downtime caused
by false alarms. Moreover, individual machines may operate within acceptable tolerances, yet cumulative
tolerance effects can result in systematic defect patterns observed in WBM. This transition marks a critical
step from FDC toward advanced equipment control (AEC). To this end, Ref. [168] extends the scope of
FDC to encompass full-process data, including WIP, metrology, defect inspection, WAT, and chip probing
(CP). A hybrid decision tree approach is proposed to automatically identify key influencing factors to
improve diagnostic efficiency. This enables DT to simulate not only equipment behavior but also final product
performance. The method has been adopted in a fab. Ref. [168] demonstrates a transition from single-
point equipment monitoring to full-process system integration and next-generation smart decision-making,
thereby exemplifying the practical realization of ESA in complex manufacturing systems.

4.1.3.2 Dynamic DT and Predictive FDC
In highly dynamic environments, ESA faces the challenge of collecting sufficiently comprehensive fault

samples for model training. Therefore, Ref. [174] proposes a two-stage diagnostic framework. First, DT is
employed for front-running to simulate diverse strategies and potential fault scenarios, thereby training
DNN. Second, deep transfer learning (DTL) is utilized to transfer the DT-trained models to the physical
domain for real-time monitoring. This approach was validated in complex automated production lines
to effectively detect faults. In addition, PdM can manage the equipment lifecycle to mitigate scheduling
disruptions caused by unexpected failures. To this end, Ref. [175] proposes the SAFE method (Supervised
Aggregative Feature Extraction), which extracts key health indicators from large-scale time-series data in
processes to quantify the remaining useful life (RUL) of equipment prior to failure. When degradation in
indicators is detected, the system integrates DT to assess risk and trigger maintenance strategies in real time,
achieving overall fab efficiency (OFE) objectives and ensuring uninterrupted production.

Collectively, Refs. [174,175] demonstrate a progression from deep simulation to predictive maintenance
to address the challenge of insufficient fault samples and advance DT from post hoc diagnostics toward
proactive fault prediction. It highlights the role of ESA in maintaining system stability under high-variability
processes and enables next-generation smart manufacturing with enhanced autonomous decision-making
capabilities and operational resilience.

4.1.4 Scheduling Optimization Engine
The goal of smart manufacturing is to achieve real-time responsiveness, dynamic scheduling, and global

optimality. To this end, ESA provides a framework spanning parameter identification, behavioral modeling,
and strategy optimization. Confronted with the high complexity and re-entrant nature of semiconductor
manufacturing, ESA must address the high-dimensional parameters of individual tools and dynamically
integrate equipment operation, resource allocation, and decision strategies to support real-time scheduling
and adaptive responses. Recently, studies combining DT, RL, and distributed decision intelligence have
begun to redefine scheduling logic, spanning from micro-level equipment parameter tuning to macro-level
capacity planning. At the micro-level, cluster tools enable wafer transfer between steps without leaving mini-
environments. For example, lithography bundle systems, as discussed in [190], are critical to performance
and yield. However, variations often render preset parameters suboptimal. Therefore, Ref. [188] employs
DT to simulate real equipment and process environments, integrating physics engines and event-triggering
mechanisms to accurately reproduce wafer movements. And Ref. [188] iteratively applies a hill-climbing
algorithm to search for optimal parameter configurations, achieving a 41.14% reduction in cycle time.
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Similarly, scheduling parameter optimization for etch cluster tools becomes complex due to process
diversification. For example, JIT1 (Just-In-Time 1) governs the coordination between robot movement
and process initiation. Therefore, Ref. [191] proposes a KNN-based automated modeling and parameter-
optimization approach to address time fluctuations in production data. Simulation results show that the
method improves equipment performance. Furthermore, the method integrates a chatbot for real-time
decision support.

Collectively, Ref. [188] uses physics engines to reconstruct real systems to provide interpretability for
parameter optimization. Ref. [191] uses machine learning (ML) to capture time fluctuation and improve
robustness. Ref. [199] uses DRL to learn action policies and enable intelligent control. These methods rep-
resent different ESA approaches to extend smart manufacturing from efficiency optimization to intelligent
decision-making.

In addition, the multi-layer stacking of a chip leads to a re-entry characteristic. An advanced chip can
exceed 100 layers, and each layer must be processed by the same equipment. This results in strong nonlinear
coupling across layers, which is widely recognized as the most challenging scheduling optimization prob-
lem [194]. Therefore, Ref. [194] proposes a fuzzy hierarchical reinforcement learning (FHRL) framework. It
employs recurrent reinforcement learning (Recurrent RL) units to precisely control the sub-cycle time (Sub-
CT) associated with each layer of the chip, thereby capturing temporal dependencies across layers. A fuzzy
reward mechanism is introduced to mitigate schedule fluctuations caused by batch rematching. Experimental
results show that the mean deviation (MD) between actual and expected completion times is reduced by 30%
compared with conventional methods.

Re-entry also requires the same equipment to simultaneously process wafers at different stages of the
product lifecycle. When short-term equipment faults occur (e.g., etch tool anomalies identified in [167]),
the system faces decisions about equipment repair and wafer processing priorities. Although ERP/MES
systems generate production plans based on order due dates, shop-floor scheduling often deviates from these
plans due to real-time equipment conditions and defect risk. This may delay urgent orders and create a
mismatch between planned and actual production. Even under full capacity utilization, order delays can still
occur. In this context, traditional heuristic scheduling rules are insufficient to resolve resource competition
across thousands of steps. Therefore, Ref. [193] applies a deep Q-network (DQN) to optimize scheduling
policies, and experimental results show clear improvement over conventional dispatching rules. Ref. [197]
further proposes a decentralized framework that combines discrete-event simulation and DRL. Each piece
of equipment is modeled as an agent responsible for its own dispatching decisions, with an independent
DQN trained using a discrete-event simulation model. Experimental results show that collaborative DRL
scheduling improves both local resource utilization and global fab performance.

Re-entry-induced scheduling challenges also arise in advanced packaging processes. For example, die
attach and wire bonding reuse the same equipment across different process stages. Similar characteristics
are observed in heterogeneous integration technologies (e.g., CoWoS), where multi-component matching
and multi-stage path dependencies are required. Conventional RL methods face scalability issues when
the number of machines increases and job types become more diverse, leading to significant challenges
in function approximation and policy exploration. To address this, Ref. [195] proposes a centralized DRL
approach executed by an AI agent. By introducing a novel state representation and continuous action space,
the model adapts to varying machine configurations and dynamic production demands. Experimental results
show that this method reduces the make span compared with rule-based and conventional RL methods. The
AI agent learns scheduling policies directly from system states and dynamically adjusts decisions, enabling
efficient scheduling under changing production conditions. This represents a concrete implementation of
efficiency maximization in smart manufacturing.
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These studies implement ESA from multiple perspectives. Ref. [194] uses hierarchical modeling to
mitigate cascading effects caused by local disturbances. Ref. [193] addresses scheduling imbalance caused
by plan–execution mismatch. Refs. [195,197] demonstrate, respectively, decentralized and centralized AI
agent decision-making in dynamic environments. Overall, scheduling evolves from rule-based methods to
learning-based intelligent scheduling.

4.1.5 Fab Macro Scheduling and Dynamic Resilient Decision
From the ESA perspective, fabs are highly complex dynamic systems with strong nonlinear coupling.

When the scope shifts from single-tool optimization to fab macro scheduling, ESA’s challenge is to establish
a production release and real-time scheduling framework to achieve flow balancing and lead-time control
under large-scale resource competition and stochastic disturbances. Wafer fabrication involves thousands
of steps with repeated visits, which can easily cause tool congestion (WIP accumulation) or resource idling.
Production release planning is therefore required to regulate the production rate. Therefore, Ref. [189]
develops a DT framework to collect real-time physical process parameters and update the simulation model.
Piecewise linear regression is used to fit clearing functions (CF). The CF is used by the simulation model
for optimization. Experimental results show that the optimized release plan reduces cost by at least 26%
compared with traditional release control methods.

When demand changes rapidly (e.g., urgent orders), the ERP system may issue dense production plans
to meet due dates. If shop-floor scheduling cannot absorb these plans while the fab continues releasing lots,
delays can propagate to all orders. Long queue time may also degrade product quality (e.g., film oxidation
or contamination). Therefore, Ref. [196] uses CNN to extract fab-level production features and applies an
asynchronous advantage actor–critic (A3C) algorithm to learn composite dispatching rules (CDR) with
multi-objective optimization. The method adjusts release rates and scheduling priorities in response to
dynamic events. Experimental results show reduced mean completion time (MCT) and improved on-time
delivery rate (ODR) for urgent orders, enabling resilient scheduling. Besides, Ref. [198] focuses on high-mix,
low-volume IoT orders and trains scheduling agents using DQN. The system consists of multiple cooperative
DQN agents. Experimental results show that the agents optimize the first-come, first-served scheduling for
different objectives (e.g., cycle time or due date).

Within ESA, these studies address fab-level control from different aspects. Ref. [189] establishes the
basis for flow control through CF and release optimization. Ref. [196] integrates CNN and A3C for real-
time scheduling under dynamic events, thereby improving system resilience Ref. [198] uses multi-agent
reinforcement learning to handle diversified order scheduling under high variability. Together, they link
structural modeling, data-driven state estimation, and decision optimization to support real-time response
and global balance in next-generation smart manufacturing.

4.1.6 Hardware Security and ESA
Counterfeit chips and hardware Trojans pose significant threats to defense supply chains and are a major

driver for semiconductor sovereignty [116]. These counterfeit components cause annual losses exceeding
USD 100 billion and compromise the security of critical infrastructure, including military, aerospace, and
energy systems [376]. Existing inspection standards and procedures are insufficient to detect all types
of counterfeit components. In addition to applying advanced blockchain for origin fraud detection and
forensics, next-generation smart manufacturing requires more advanced physical and electrical inspection
mechanisms to counter increasingly sophisticated counterfeiting techniques.
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From the ESA perspective, developing hardware Trojan detection methods beyond traditional heuristic
or static analysis requires standardized attack models for validation. To this end, Ref. [338] establishes a
benchmarking framework for hardware Trojans and maliciously compromised circuits. Due to variations in
process, trigger mechanisms, and design scale, current metrics, such as detection rate, false-positive rate, and
test coverage, are insufficient for a fair comparison across methods. Therefore, Ref. [338] models threat across
stages of the IC supply chain from register-transfer level to netlist and layout, and implements the framework
on platforms such as microcontrollers and cryptographic IP cores. Through vulnerability analysis—ranging
from structural analysis to test pattern generation—the method identifies regions in circuits that are most
susceptible to Trojan insertion. It further defines quantitative evaluation metrics based on the activation
efficiency of test patterns and resistance to side-channel analysis. These results provide the underlying
data required for developing physical and electrical detection mechanisms and enable the identification of
uncontrolled variables within the supply chain.

Heterogeneous systems-on-chip (SoC) are widely deployed in critical domains such as aerospace,
automotive, finance, and healthcare, where security is essential. Current protection methods are often limited
to processor cores or rely on manual implementation, leading to inefficiency and potential vulnerabilities.
Therefore, Ref. [339] proposes to treat hardware security as a primary objective in high-level synthesis
(HLS) and advocates a secure-by-construction (SBC) design paradigm rather than post hoc detection. For
example, design flaws in accelerator controllers (e.g., CWE-691) may allow attackers to manipulate inputs,
alter execution behavior, or even access sensitive data through shared memory or output interfaces. Under
the SBC approach, accelerators can enforce mechanisms such as fixed execution time to mitigate certain
classes of physical attacks. Future HLS tools should support the automated synthesis of multiple protection
mechanisms to enable heterogeneous architectures that achieve both performance and security.

4.2 ESA for Automated Control and Robotic Manipulators
From the ESA perspective, automatic control systems in next-generation semiconductor smart man-

ufacturing serve as the core interface for cyber–physical integration within a DT architecture. They use
sensor feedback and advanced algorithms to regulate physical processes in real time, translating ESA-enabled
system-level decisions into precise physical actions. Through high-fidelity virtual replicas, DT supports real-
time monitoring, predictive analysis, and control optimization, ensuring tight coupling between control
logic and physical phenomena and process stability. They operate continuously with high repeatability and
cleanliness, avoiding contamination and human errors. Robotic systems are widely used across operations,
including automated material handling systems (AMHS), atmospheric and vacuum robots, and precision
tasks in back-end processes such as wire bonding and pick-and-place operations. These applications ensure
precise control from process operations to material flow. As primary actuators in automatic control systems,
robotic manipulators function as execution and feedback nodes in wafer fabs. Their control logic integrates
closed-loop feedback and visual serving to achieve micrometer positioning accuracy. In addition, force
and contact control enable manipulators to perform fine operations under constrained conditions and in
the presence of uncertain disturbances. IoT sensors continuously stream joint-level data to support DT
model calibration and prognostics. To improve efficiency, robotic systems are evolving toward multi-arm
coordination and arm-to-machine integration, enabling obstacle avoidance and real-time error correction.
Within ESA, scheduling systems apply RL to adjust dispatching policies based on low-level anomaly signals
from robotic systems, supporting autonomous operation in smart manufacturing.

The reviewed studies in this section are summarized in Table 5, which categorizes the literature
by physical system levels and ESA functional roles (modeling, diagnosis and prediction, control, and
optimization), and illustrates how ESA supports automatic control and robotic systems.
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Table 5: Automatic control and robotic manipulators research supporting ESA in semiconductor smart manufacturing.

Physical/ESA Modeling Diagnosis & Prediction Control & Optimization
Materials

Equipment [154,155] [176–182] [200–206]
Robots/AMR [207–215] [219–228] [229–269]

OHT/AGV/AMR [295–299]
Sensor/IIoT [317–322] [330–332]

Infrastructure (HPC/Edge/Cloud) [340–343] [355–360] [366]

4.2.1 Automatic Control Systems
From the ESA perspective, semiconductor manufacturing constitutes a complex scheduling prob-

lem characterized by strong coupling, multi-level constraints, and resource competition. In this context,
automatic control systems have evolved into control networks capable of distributed sensing, local decision-
making, and cross-layer coordination in smart manufacturing. As advanced processes below 2 nm impose
stringent requirements on stability and accuracy, conventional control strategies based on static rules or fixed
parameters are insufficient to address high-dimensional, nonlinear, and time-varying process variations.
Recent studies have therefore shifted toward control architectures that integrate Industrial AI and DT to
enhance adaptability to dynamic uncertainty and overall resilience. Ref. [330] indicates that wafer fabrication
is the most advanced and complex technology, where automatic control is a fundamental component. In
addition to highly automated material-handling systems that transfer wafers through hundreds of steps,
wafer selection and placement are also performed by robotic manipulators. Both robotic and material-
handling systems require extremely high precision, and any deviation or delay can affect operational goals.

4.2.1.1 Adaptive Control (Single-Tool Intelligence Layer)
While Ref. [330] ensures precise execution at the equipment level, maintaining such precision in

dynamic environments remains a challenge. For example, long-term operation under vacuum conditions
may alter joint friction characteristics; handling FOUP of different specifications may introduce abrupt
changes in inertial load; and minor bearing wear may cause positioning drift. To compensate for these
dynamic deviations, adaptive control must be incorporated to enable autonomous error correction in robotic
manipulators, ensuring that equipment maintains high precision under nonlinear variations and accurately
executes control strategies derived from ESA. In processes, wafers traverse hundreds of nodes, including
photolithography, etching, and cleaning tools, forming highly complex discrete routes. This is analogous
to job shop machining environments characterized by high uncertainty and complex routing. In this
context, Ref. [200] identifies those unpredictable events—such as urgent order insertion, material shortages,
and equipment failures—that disrupt predefined schedules, and proposes a function-block approach to
generate adaptive adjustments. The method demonstrates strong responsiveness and fault tolerance under
uncertainty, enabling production equipment to perform real-time autonomous control based on shop-floor
conditions. Ref. [201] further proposes a future smart manufacturing framework incorporating intelligent
machine agents, self-organizing models, and adaptive models. Each machine is modeled as an intelligent
agent with capabilities for data acquisition and autonomous control. The adaptive mechanism monitors
process execution and autonomously handles anomalies when occurring. Prototype validation shows that
dynamic machine reconfiguration can achieve optimal resource utilization.
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4.2.1.2 System-Level Control and Edge Computing
Fabs deploy extensive transport systems and robotic manipulators. Beyond single-tool automation,

large-scale coordination across hundreds of tools must be achieved through ESA. Edge computing must
be tightly integrated into system-level control to enhance distributed decisions of IIoT. This integration
improves real-time responsiveness and adaptation efficiency while handling high-dimensional, nonlinear
variations. In this context, data flow and response among controllers, edge nodes, and equipment become
critical. Robotic manipulators and tools serve as key nodes for integrating control with edge intelligence.
To enhance responsiveness, Ref. [340] embedded ML at edges to rapidly extract critical information, and
employed DRL to realize scenario-aware Dynamic Adaptive Planning (DAP). This approach enables edge
devices to autonomously respond to high-dimensional nonlinear variations and to perform optimized
scheduling and control adjustments. Experimental results show that DAP improves IIoT’s responsiveness to
dynamic edge environments.

In addition, automated control logic (e.g., PLC/DCS programs) uses Function Blocks (FB) as the
fundamental units for encapsulating control and decision logic. ESA configures, coordinates, and integrates
FB to support complex process planning and adaptive control. This allows individual tools to adjust control
actions based on real-time feedback data to correct execution deviations. For example, Ref. [154] indicates
that FB enables distributed control systems to support distributed dynamic decision-making, thereby
enhancing the autonomy and intelligence of robots. This study proposes a dual architecture comprising
Supervisory and Operation Planning to enable bidirectional information flow between the centralized
control and individual nodes.

4.2.1.3 Automatic Control and Digital Twin
The objective of automatic control systems is to establish a robust, safe global protection framework.

As process scale complexity increases, minor errors or transient interruptions may lead to large-scale coor-
dination failures. Therefore, integrated automation is required to enhance security and stability. Therefore,
Ref. [341] uses DT to construct Cyber-Physical Production Systems (CPPS) to minimize latency between
data acquisition and model generation. CPPS integrates isolated data-collection schemes into a unified
system to enable near-real-time production control for large-scale coordination. In addition, Ref. [341]
introduces the concept of inherent data security to protect data by separating volatile data from master data,
thereby preventing the leakage of intellectual property (IP) associated with processes. Moreover, Ref. [342]
indicates that DT enables the simulation, prediction, and optimization of physical systems, thereby enabling
proactive protection before failures occur (e.g., predicting robot trajectory conflicts). When ESA generates
global control strategies, DT validates safety and dynamically detects anomalies during execution to enhance
control integration and enhance process safety. Ref. [202] proposes Digital Engine to leverage high-fidelity
simulation to address the high trial-and-error cost and the lack of physical data when training AI agents
on production lines. It trains DRL algorithms within a digital environment to achieve near-synchronous
control through a communication interface network. Digital Engine acquires process knowledge and predicts
faults, enabling AI agents to identify optimal actions and scheduling policies prior to deployment, thereby
improving control robustness and autonomous decision-making under dynamic conditions.

4.2.2 Robotic Manipulators
Robots must adapt in real time; otherwise, small local errors may propagate and amplify into system

losses due to complexity and dynamic variations of processes. Therefore, robots can adjust their behavior
through imitation learning and RL, enabled by advances in AI and sensing. In addition, robots are
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constrained by global objectives and resources and must coordinate with process planning, scheduling,
equipment states, and logistics. Therefore, robots must operate as perceptive, adaptive, and cooperative AI
agents. This defines the direction of next-generation smart manufacturing. DL and DT are integrated to
provide validation and pre-evaluation of system behavior for ESA decisions. This shifts automatic control
from conventional feedback-level regulation to task-level autonomous decisions to maintain process stability
under local disturbances. This is the basis for the literature organization in this study.

4.2.2.1 Robotic Manipulators in High-Precision Processes
Many studies do not explicitly target wafer fabrication, but they exhibit functional equivalence in

engineering conditions, including cleanliness, precision, consistency, and system integration. For example,
Ref. [229] proposes a generic, self-assertive robotic skill model for highly automated manufacturing,
along with executable code for mobile manipulators. Experiments show that analyzing standard operating
procedures (SOPs) can extract a set of robot skills during new equipment deployment. These skills are
modular, parameterizable for different environments, and support cyber–physical validation after execution.
In addition, robots can handle environmental uncertainty by integrating sensing and acting. Complex control
logic is encapsulated within skills, reducing the need for expert intervention. This skill-based architecture is
considered an enabler for transformable factories.

In addition, Ref. [230] proposes a learning-based auto programming method to construct robot skills
through observational learning. The approach uses workspace modeling and simulated retargeting to plan
robot actions, and applies RL to pre-train skills for handling uncertainty and variation. The method is
validated on production lines. Ref. [219] develops an online fault-diagnosis system for robots based on
transfer learning (TL). A hybrid model combining 1D multi-channel CNN and recurrent neural networks
accurately detects joint conditions. This enables self-awareness and predictive maintenance in collaborative
robots and supports future self-healing architectures. Experimental results show that this method achieves
99.03% accuracy in joint fault detection. From an ESA perspective, such online monitoring and diagnosis
mechanisms enhance system stability and predictability, preventing local failures from propagating into
system disruptions. Ref. [203] analyzes the evolution of control architectures in automated production lines.
The study shows that robots operate within highly interconnected control networks composed of controllers,
sensors, and actuators, and are constrained by global objectives and resources. Modular, reconfigurable con-
trol architectures enable cross-station coordination and system optimization, thereby enhancing flexibility,
stability, and performance.

Refs. [231,232] focus on flexible production lines different from wafer manufacturing. However,
Ref. [231] proposes a reconfigurable autonomous mobile manipulator (AMM) architecture that integrates
manipulation capabilities and edge computing for real-time processing and decision-making in complex
environments. Virtual simulation and real-world experiments validate stability and accuracy, reducing
deployment risk. From the ESA perspective, such cyber–physical validation and system risk pre-evaluation
align with the requirements of cross-station coordination and system risk control in advanced wafer
fabrication. Ref. [232] designs a sixth-generation autonomous industrial mobile manipulator (AIMM)
and proposes a skill-oriented control framework integrated with CPS. This approach transforms robots
from isolated control units into system-configurable and verifiable engineering entities. Using skill-based
structures, robots execute modular tasks such as pick-and-place operations. A unified network connects
sensors and robots to acquire and analyze cross-equipment data, thereby optimizing processes. Experimental
results demonstrate high stability and precise execution in automated material handling tasks.
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4.2.2.2 Digital Twin and Real-Time Scheduling
Ref. [19] reviews robot learning in smart manufacturing, including imitation learning, policy gradient,

value-based learning, actor–critic methods, and model-based learning. These methods are applied to robotic
grasping, assembly, process control, and human–robot collaboration. Learning-based approaches enable
robots to identify unknown states in complex environments and improve robustness under stochastic
conditions. The study also discusses the use of DT to reduce the simulation-to-real gap.

Refs. [295–298] focus on AGV scheduling in dynamic and complex environments and address real-
time decision, energy constraints, and multi-agent coordination. Ref. [296] proposes a DT–driven DRL
framework for robot scheduling and path planning under frequent process changes. It uses a Markov decision
process (MDP) to formulate the AGV scheduling problem and combines an improved double deep Q-
network (ID3QN) for discrete scheduling. Meanwhile, deep deterministic policy gradient (DDPG) supports
continuous control for obstacle avoidance and path adjustment. The DT provides a synchronized virtual–
physical environment for policy learning and optimization. Experimental results show reduced delay and
energy consumption. Ref. [295] proposes a DT decision-support method that accounts for path conflicts,
system failures, and battery constraints. This method uses Q-learning to generate scheduling plans and
virtual–physical synchronization to enable rapid validation. Experimental results show improved battery uti-
lization and reduced operation time. Ref. [297] proposes an adaptive DRL scheduling method using an MDP
to model task volume, waiting time, transport distance, and AGV state. Hybrid decision rules are introduced.
Experimental results show that this method outperforms genetic algorithms and rule-based scheduling.
Ref. [298] proposes a multi-agent deep deterministic policy gradient (DDPG) algorithm based on an MDP
formulation and obstacle avoidance. Experimental results show that this method outperforms GA, DQN,
and single-agent DDPG. Although these studies are conducted in container terminal environments, their
key characteristics—high task concurrency, strict timing constraints, and system-level coordination—closely
align with AMHS and OHT scheduling problems in wafer fabs.

4.2.3 Motion Control
Robotic motion control is grounded in mathematical theories, including forward and inverse kinemat-

ics, dynamic modeling, motion planning, feedback control, Jacobian-based control, and planning algorithms
such as PRM and RRT. Recent advances integrate DL to support motion control strategies, enabling robots
to address inverse kinematics and obstacle avoidance in dynamic, uncertain environments. In addition, the
cascading effects of motion control strategies in large-scale heterogeneous systems are becoming increasingly
important. In advanced wafer fabrication, local errors may couple and propagate, affecting overall stability
and yield. Therefore, this study examines the role of robotic motion control in next-generation semiconduc-
tor smart manufacturing. Within ESA, motion control is a critical subsystem that influences cross-station
coordination, process continuity, and the propagation of system risk. Inverse kinematics, motion planning,
and learning control form the engineering foundation for advanced wafer fabrication.

4.2.3.1 Contact Tasks and High-Precision Motion Control
In advanced processes, including back-end advanced packaging, precision assembly, and material

handling, there are challenges such as ensuring compliance and reducing damage risk. These tasks require
consideration of mechanical coupling, manipulator impedance, physical constraints in dynamic interaction,
and unified motion planning. Therefore, Ref. [233] proposes an impedance control framework with a
conceptual mathematical formulation that achieves Cartesian end-effector impedance for nonlinear manipu-
lators. The control law shapes desired impedance behavior, enabling compliant, bio-inspired interaction and
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preventing excessive contact forces under rigid constraints (e.g., door opening). This is applicable to wafer
alignment, probe contact, and precision bonding. During wafer handling, robot–equipment interaction
requires spatial decomposition to enforce constant force along constrained directions while maintaining pre-
cise position control along unconstrained directions. Therefore, Ref. [234] proposes a hybrid position/force
control scheme that integrates force/torque and position feedback to satisfy trajectory requirements under
constrained motion. The task space is decomposed into orthogonal subspaces assigned to position and
force control. The method requires real-time sensing of environmental interaction. Experimental results
demonstrate stable performance under step and ramp inputs.

For probe stations and wafer probers in wafer electrical testing (wafer sort/chip probing), operations
such as probe contact, wafer alignment, and precision bonding require low damage and high consistency.
Therefore, Ref. [235] decomposes robot motion into compliant motion and guarded motion (contact
transition). Compliance is achieved through mechanical design or control algorithms. Force control guides
motion by using task geometry to define force, direction, and position constraints, and by applying the
orthogonal constraint principle to address model uncertainty. With advances in AI, this work builds on the
impedance control framework in Refs. [233,236] and uses RL to dynamically adjust impedance parameters
to address uncertainties in contact, model errors, and precision alignment issues. This study proposes a
framework that integrates RL with an operational space controller to enable robots to exhibit adaptive,
compliant behavior in contact-rich assembly scenarios that support contact exploration. Experimental
results show robustness under small environmental variations (e.g., positional deviations) in contact-rich
assembly tasks.

4.2.3.2 Contact Tasks and High-Precision Motion Control
Recent research on trajectory planning and obstacle avoidance in dynamic environments integrates real-

time perception, model constraints, and learning-based decision-making. These frameworks enable robots
to resolve path conflicts, equipment occupancy, and state uncertainty without trial-and-error or process
interruption. Such methods align with trajectory planning and collision avoidance in fab automation. In
advanced processes, AMHS, OHT, and cleanroom transport involve dynamic equipment states, human–
robot coexistence, cross-station logistics, and continuous operation. Motion control must generate feasible,
smooth trajectories under high density, strong constraints, and low fault tolerance, without disrupting the
overall process. For example, Ref. [207] proposes a novel dynamics modeling approach that combines
physical priors with data-driven learning. The method learns accurate manipulator dynamics directly from
trajectory data using an enhanced Deep Lagrangian Network with a Feedforward Neural Network. This
hybrid modeling framework enforces physical consistency in the learned dynamics (e.g., energy conserva-
tion) and compensates for non-ideal effects not captured by the explicit physical model, such as friction and
unmodeled disturbances. Experimental results show that the method applies to multibody robots, legged
robots, and autonomous vehicles, achieving high accuracy and good generalization, and demonstrating its
potential as a physics-consistent learning model for complex dynamical systems.

Ref. [237] proposes a robotic manipulator motion-planning method that combines recurrent neural
networks (RNN) and virtual fencing for obstacle avoidance and target tracking. Level set functions are
used to define virtual fences, converting complex obstacles into geometric inequality constraints. Task
requirements, physical limits (e.g., joint angles and velocities), and spatial constraints are formulated as a
quadratic programming problem. An RNN-based dynamical model with parallel computation capability is
used as a real-time solver to enable continuous-time convergence to constraint-satisfying feasible solutions.
Experimental results show that the method ensures obstacle avoidance while maintaining joint states
(angles and velocities) within safe limits. For path planning of robotic manipulators in complex, cluttered
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environments, Ref. [238] proposes an improved Rapidly-Exploring Random Tree (RRT) algorithm. The
method replaces random sampling with hybrid constrained sampling and integrates an Artificial Potential
Field (APF) to guide tree expansion. Bidirectional trees are constructed in Cartesian and configuration
spaces to effectively support local path planning and replanning. Experiments on real robotic manipulator
platforms show that it can serve as a baseline path planning module for non-contact motion phases
in cleanroom environments or within equipment. For redundant-degree-of-freedom manipulators (e.g.,
wafer handling robots in EFEM systems) operating in constrained spaces and dynamic environments (e.g.,
dynamic obstacle avoidance within equipment), Ref. [239] proposes a framework that integrates offline
path planning with online motion control. Potential fields are used to generate an initial feasible path
that avoids static obstacles and adapts to dynamic obstacles. Bézier curves are then applied to smooth the
planned trajectory, reducing velocity and acceleration discontinuities during motion. Simulation results
show that joint angular acceleration can be reduced by approximately 90%, effectively extending hardware
lifetime. In the online phase, redundancy resolution and a damped least-squares method are used to compute
the inverse Jacobian and avoid kinematic singularities. Experimental results demonstrate that the method
achieves highly smooth motion and effective dynamic obstacle avoidance. Traditional sampling motion
planning algorithms (e.g., RRT) may suffer from slow convergence and insufficient real-time performance
in high-dimensional configuration spaces. Therefore, Ref. [240] proposes goal-oriented sampling to reduce
the time required to find an initial feasible path. Experiments on a six-degree-of-freedom (6-DOF) robotic
manipulator demonstrate that the method achieves faster path generation in complex environments.

4.2.3.3 Pose Error Compensation and Nanometer Precision Correction
Wafer and reticle stages are parallel or quasi-parallel mechanisms (e.g., Stewart-like or flexure-based

structures). In metrology systems such as CD-SEM, overlay metrology, AFM, and e-beam inspection, the
relative position between the probe or measurement head and the wafer must remain statically ultra-stable.
However, error modeling of parallel manipulators is highly complex and difficult to describe accurately
using analytical models. Therefore, Ref. [208] proposes a CNN–BiLSTM–SE model for pose error prediction
and compensation. CNNs are used to extract spatial error features across different robot configurations.
Bidirectional long short-term memory is used to capture bidirectional dependencies in pose sequences,
improving prediction continuity and accuracy. A squeeze-and-excitation module is introduced to weight
feature importance, enabling the model to focus on dominant error factors. Experiments on a 6-UPS
parallel manipulator show an 88.6% reduction in pose deviation. In addition, Ref. [209] proposes a hybrid
algorithm combining particle swarm optimization (PSO) and ant colony optimization (ACO) to compensate
for geometric parameter errors caused by link deformation in industrial robots, thereby overcoming the
tendency of single algorithms to become trapped in local optima. The method is built on the classical
Denavit–Hartenberg model to formulate the robot error model. A PSO variant with linearly decreasing
inertia weight and stochastic perturbation enhances population diversity. ACO provides a global search
capability. Experimental results show that the absolute positioning error is reduced from 45 to 0.45 mm.

4.2.3.4 Inverse Kinematics and High-DOF Manipulator Control
In wafer fabrication, inverse kinematics (IK) and high-DOF motion control are fundamental for

precision subsystem stability, such as wafer alignment, probe contact, and in-chamber positioning. Ref. [241]
proposes a framework that combines neural networks (NNs) with numerical error minimization to address
the challenges of obtaining accurate, efficient solutions to the IK problem for general six-axis robots. The
joint space is partitioned into multiple subspaces for piecewise fitting. Forward kinematics (FK) is used to
generate training data for each subspace, and multiple multilayer perceptron (MLP) networks are trained
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to improve approximation accuracy. A Newton–Raphson iterative refinement improves the initial solution.
Simulation results show position errors below 0.001 mm and orientation errors below 0.001 rad, with an
average computation time of 0.0218 s per target pose. Ref. [242] proposes an LSTM method for solving IK
in a 5-DOF collaborative robot. An accurate analytical FK model is established based on the robot’s physical
structure. The FK model generates large-scale pose data for training, and the LSTM learns a mapping from
end-effector poses to joint angles. Experimental results show higher efficiency than conventional numerical
IK methods. Ref. [243] uses CNN to solve the IK problem for a 7-DOF manipulator with a linear guide. D–H
parameters are obtained to define the workspace, and MATLAB is used to generate kinematic datasets. These
data are used to train the CNN model, demonstrating that neural networks can effectively handle intensive
matrix inversion operations.

4.2.3.5 Robotic Control-Level DT
In high-precision manufacturing, applications involving real-time control of robotic manipulators,

contact tasks, and precision motion are often affected by difficulties in controller parameter tuning, model
uncertainty, and the high cost of physical trial-and-error, thereby degrading system performance. ESA
concerns how such local control decisions propagate through system coupling to affect overall stability and
risk transmission. Accordingly, recent studies introduce DT at the control level and motion level to enable
virtual models to synchronize with the real-time dynamic states of robotic manipulators. These DT serve
as core platforms for controller parameter optimization, motion behavior validation, and simulation-to-real
transfer. They allow pre-evaluation of control strategies without disrupting physical production, reducing
the risk that local errors propagate into system failures. For example, Ref. [244] applies DT at the controller
level to address overshoot and tracking error in integer-order Proportional-Integral-Derivative (PID) control
for high-precision manufacturing. The framework integrates DT with fractional-order control (FOC). DT is
used to build a 3D visual model to enable cyber–physical monitoring, while real-time data analytics ensure
accurate state alignment between virtual and physical systems. Fractional-order calculus is used to enhance
control flexibility, and an improved particle swarm optimization algorithm is used to identify optimal FOC
parameters. Experimental results show that overshoot is reduced by 42%, elevating DT from a passive
monitoring tool to an active engineering component for control decision-making and system optimization.

4.2.4 Force Control
In high-precision manufacturing and cleanroom automation, robotic manipulators must operate under

uncertain contact conditions and satisfy system constraints, including low damage, minimal error amplifi-
cation, and stable cycle time. Force control, compliant control, and contact-task learning are subsystems at
the local control level in ESA. Their stability and error compensation propagate through system coupling,
affecting overall reliability and yield. Recent studies integrate compliance/impedance control with RL,
imitation learning, and multimodal sensing to enhance the adaptability and robustness of the control system.
Although most approaches are validated in industrial assembly or electronics manufacturing rather than
in wafer fabs, their control logic is well-suited to cleanroom environments and high-precision processes,
demonstrating strong cross-system transferability.

4.2.4.1 Force and Compliance Control
Compliance (admittance) control computes a desired displacement from measured interaction forces

and executes it via a position controller; it can be regarded as a variant of force control. For example, Ref. [245]
proposes an adaptive admittance control scheme integrated with RL for time-varying environments. Critic
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learning is used to estimate the value function and update admittance parameters. A cost function that
combines interaction forces and trajectory-tracking error is defined. RL is used to implicitly approximate
the optimal control law associated with the discrete-time Algebraic Riccati Equation to achieve optimal
compliant motion of the robot. A Radial Basis Function Neural Network (RBFNN) adaptive controller is
further employed to compensate for dynamic uncertainties. Experimental results show compliant inter-
action with the environment and effective suppression of excessive contact forces. When input saturation
(e.g., actuator force limits) occurs, the control performance of n-DOF manipulators will degrade, leading
to increased overshoot and tracking errors. Therefore, Ref. [246] develops an adaptive neural network
impedance control scheme to regulate the impedance between the end-effector and the environment. A
RBFNN is used to approximate and compensate for unknown disturbances. Both state-feedback and output-
feedback controllers are designed. Experiments demonstrate robust tracking performance under saturation
constraints. To meet stringent requirements for motion speed and impact safety in advanced processes,
Ref. [247] proposes an algorithm that combines variable admittance with adaptive fixed-time sliding-mode
control. The outer loop implements the admittance controller to adjust compliance parameters online,
providing flexibility and reducing impact forces during contact. The inner loop employs adaptive control
to ensure fast, accurate tracking of the modified trajectory, and a nonsingular sliding-mode manifold is
used to avoid controlling singularities. Experimental results show rapid convergence of errors and improved
dynamic response in dynamic environments.

4.2.4.2 AI for Force Feedback
In advanced processes, wafer probers and advanced packaging systems operate as closed-loop vision–

force systems, and model error compensation is inherent. Accordingly, Ref. [248] proposes a residual RL
strategy that fuses visual and force-sensing information. Using Red, Green, and Blue (RGB) images as input,
DRL is used to determine the robot’s Cartesian position increments. A modified parallel force/position
controller is adopted to ensure stable contact operations. The approach is validated through simulation and
on real robotic platforms to demonstrate robustness under model uncertainty and strong transferability of
the residual compensation. In addition, for force estimation and compensation, Ref. [249] uses generalized
momentum theory and joint motor torque to construct a disturbance observer to estimate end-effector
contact forces. A compensation scheme is proposed to improve estimation accuracy. CNN is applied for
data-driven calibration and compensation of the estimated forces. The method is validated on a physical
robotic system.

4.2.4.3 Imitation Learning Frameworks
For contact-rich tasks, Ref. [250] adopts a Generative Adversarial Imitation Learning (GAIL) frame-

work to analyze force sensor recordings and emulate production-line operational behaviors. To improve
adaptability in contact-rich tasks, Ref. [251] propose a residual Learning from Demonstration framework
that learns correction policies to incorporate as compensation terms in Dynamic Movement Primitive
base trajectories to handle uncertainty. Experimental results show a significant reduction in robot learning
time. To meet stringent reliability and cycle-time requirements, Ref. [252] proposes Super-Human Insertion
using the Learning from Demonstration framework. It employs Deep Deterministic Policy Gradient from
Demonstrations for deep optimization and asynchronous training, enabling on-policy correction during
execution to improve learning efficiency. The framework achieves a 99.8% success rate on the National
Institute of Standards and Technology Assembly Benchmark and outperforms rule-based methods in both
speed and reliability. For high-precision assembly, Ref. [253] proposes an RL framework to use trajectory
optimization as a semi-supervisor. Q-values derived from optimal control are used to accelerate Critic
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network training and reduce convergence time. The method is validated in simulations and real robotic
platforms. For position-controlled robots, Ref. [254] uses DRL to dynamically adjust robot compliance to
actively tune force control gains along predefined task trajectories. Experimental results show that active DRL
control outperforms conventional passive Remote Center Compliance mechanisms in high-precision tasks.

4.2.4.4 Multimodal Sensing and Predictive Learning
For contact-rich manipulation of deformable objects, Ref. [255] proposes a deep predictive learning

approach integrating vision, tactile sensing, and action to address manipulation challenges. Convolutional
architectures are used to process high-dimensional tactile data to enhance dynamic response. A SoftMax
transformation is applied for action prediction to make manipulation behavior smoother and more natural.
Experimental results show improved task success rates. In addition, Ref. [204] proposes a learning-based
force control method using a neural network inverse model to address nonlinear control challenges in
Twisted String Actuators. DNN’s inverse model maps desired forces to motor voltage commands and
automatically compensates for unmodeled dynamics such as non-ideal helical deformation, friction, and
limited string stiffness. Experimental results demonstrate superior performance compared to conventional
feedback linearization methods. Ref. [256] reviews DRL applications in robotic manipulation and analyzes
how to combine DL with RL to address high-dimensionality and data scalability challenges in robotic
manipulation tasks. The study highlights that DRL can be integrated with imitation learning, generative
adversarial networks (GAN), and meta-learning. However, improving sample efficiency remains a key
challenge for deploying DRL in real-world robotic systems. Although most learning-based force control
and imitation learning methods are validated in assembly rather than wafer fabs, the control logic—such
as contact stability, uncertainty compensation, and error-sensitive motion adaptation—is highly compatible
with cleanroom and advanced processes.

4.2.5 Visual Serving Control
In high-precision manufacturing, visual servoing control is the key sensing and outer-loop mechanism

for precision alignment, error correction, and pose compensation. In semiconductor processes, typical
applications include wafer pre-alignment and notch detection, pose measurement of wafers, reticles, and
substrates, and micron- to submicron-level alignment correction in probe stations and bonding equipment.
In ESA, because measurement errors, latency, and uncertainty can propagate through system coupling
to affect overall stability and yield, visual servoing control forms a hierarchical closed-loop architecture
of “sensing–correction–control.” In addition, Deep learning is introduced into a sensing and observation
enhancement layer, which encompasses image feature extraction, landmark detection, pose and error
estimation, and compensation for environmental and sensor drift. These approaches improve the robustness
of visual servoing control against occlusion, noise, and illumination variations and enhance the accuracy and
stability of visual measurements. This aligns with the stringent requirements for stability, verifiability, and
process auditing in wafer fabs and cleanrooms.

Ref. [220] proposes a DL pose prediction method guided by image similarity to improve the accuracy of
robotic visual servoing. The method combines an L1 loss function (absolute error between the predicted pose
and the ground truth) with Mean Similarity Image Measurement. In addition, a Residual Neural Network
(ResNet-152) is adopted as the backbone to achieve high-precision, low-dimensional pose regression. The
CNN-predicted pose is applied to position-based visual servoing (PBVS) to achieve decoupled control of
the manipulator. Experimental results demonstrate strong robustness to occlusion disturbances. Ref. [221]
proposes an image visual servoing method integrated with DL. CNN are used to construct a two-stream
network as the main framework for visual alignment and feature extraction. A neural network is employed
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to model the complex nonlinear mapping from image space to task space. Experimental results demonstrate
accurate visual servoing prediction for a 4-DoF robotic manipulator.

Ref. [223] proposes an architecture combining DRL, GAN, and visual servoing to address the sim-
to-real “reality gap” in DRL for robotic grasping. Proximal Policy Optimization is used in simulation to
train grasping policies to avoid potential hardware damage during real-world training. Visual servoing
is introduced to correct end-effector pose estimation errors from DL models, thereby mitigating the
positioning inaccuracies observed in end-to-end networks. Comparative results against pure DRL + GAN
and pure VS approaches demonstrate the superior robustness of the integrated framework. Ref. [224]
employs DRL to adaptively adjust controller gains to maintain feature visibility to address feature loss
caused by limited camera field of view (FOV) in classical image-based visual servoing (C-IBVS). This study
employs the Deep Deterministic Policy Gradient (DDPG) algorithm to adaptively adjust controller gains
in a continuous action space. Visibility constraints are incorporated into RL as penalty terms to guide the
robot away from feature-loss regions. Experimental results show superior performance in high-risk scenarios
where features approach image boundaries. This method is applicable to logistics robots and autonomous
systems with visual navigation. Ref. [225] redesigns a pretrained CNN for direct visual servoing, suffering
from limited convergence domains. The classification layer is replaced with a regression layer to estimate
the relative pose between the current and target images. The network output is directly used as input to a
PBVS controller to guide robot motion. Experiments on a 6-DoF manipulator demonstrate sub-millimeter
positioning accuracy.

For human–robot collaboration, Ref. [226] develops a system integrating IBVS, human hand prediction,
and Bayesian repulsive pose estimation to ensure optimal grasping efficiency and safety. Monte Carlo
Dropout is used to treat ResNet as a Bayesian approximation, enabling uncertainty estimation. The Bayesian
DNN reduces the risk that robots will take potentially unsafe actions when encountering unseen states
not covered by the training data. By modeling weight uncertainty, the system can assess the reliability
of predictions and prevent the robot from moving to invalid positions outside its reachable workspace.
Experimental results show prediction interval coverage probabilities of 0.84, 0.94, and 0.95 in the x-, y-, and
z-directions, respectively. Ref. [299] uses the DDPG algorithm to develop an RL image-based visual servoing
controller for visual tracking and guidance tasks in multirotor UAVs. Effective transfer from simulation
to real flight platforms is demonstrated. Ref. [258] develops a vision control method for an eye-in-hand
configuration. Bounding box parameters predicted by a CNN are used as control inputs. An LSTM network
is employed for temporal smoothing to mitigate chattering in bounding box outputs. A Lyapunov-like
approach is adopted for rigorous stability analysis of the closed-loop system. Experiments demonstrate
strong tracking performance of the CNN controller.

Ref. [259] proposes an end-to-end visual servoing strategy based on RL. A neural network extracts
features from target detection outputs. The distance between the current state and the cluster center is
computed to define the state’s novelty, which is then converted into an intrinsic reward to encourage the
agent to explore unknown regions of the state space, and is finally mapped into robot control commands.
The Soft Actor-Critic algorithm is used to ensure stability and diversity of the control policy. Experimental
results show a 0.35 improvement in reward and an 8.0% increase in task success rate compared to the
baseline algorithm. Ref. [257] proposes an autonomous mobile manipulation system integrating coordinated
control, visual/force servoing, and reactive task control. The combination of visual servoing and force control
significantly improves success rates in precision insertion tasks. A high-level executive is combined to enable
error recovery when constraint conflicts are detected. Experimental results demonstrate high reliability and
robustness under tight tolerance requirements. For occluded and space-constrained environments, Ref. [222]
proposes a computer vision–assisted system. Efficient 3D object registration methods and visual algorithms
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are employed for precise geometric alignment and gap measurement. Ant colony optimization and virtual
reality are employed for assembly path planning and validation. A dedicated machine vision inspection
system is developed to provide high-precision feedback without interfering with components. Case studies
demonstrate the approach’s feasibility.

4.2.6 Closed-Loop Control
Industry 4.0 transforms manufacturing systems from linear, automation-oriented paradigms into highly

interconnected, data-driven, and closed-loop architectures [355]. For example, advanced semiconductor
manufacturing is a highly coupled, cross-layer, closed-loop engineering system. From wafer processes,
equipment states, and measurement feedback to process decision-making, the physical and virtual domains
form a continuous feedback loop (for example, in real-time process control). This enables semiconductor
fabs to become leading implementations of closed-loop manufacturing. As process technologies advance,
system coupling effects are further amplified, necessitating CPS centered on DT and AI as the foundation
of semiconductor smart manufacturing to enable process monitoring, anomaly detection, and quality
prediction. From the ESA perspective, the challenges of closed-loop smart manufacturing include cross-layer
data integration, system stability, latency, uncertainty propagation, and verifiability and governability. These
constraints drive the semiconductor industry to adopt closed-loop control, AI, and DT to advance toward
next-generation smart manufacturing.

To achieve energy efficiency and a low-carbon economy, Ref. [359] indicates that enterprises’ primary
challenges lie in incomplete data acquisition, communication, and infrastructure. In the context of Industry
4.0, deploying self-aware machines can reduce processing costs by enabling energy savings. Energy-efficient
operation encompasses physical systems, unit models for virtual space, virtual production models, and
active energy-saving decision models. Among these, DT establishes dynamic mappings between physical
processes and virtual models. DT is combined with communication infrastructures to transform fragmented
data into actionable energy-saving indicators. Therefore, Ref. [359] proposes the DT architecture to provide
the essential prerequisites for the “sensing–analysis–decision–feedback” process in energy closed-loop
operations. In addition, Ref. [358] investigates the impact of AI across manufacturing domains, including
robotics, automation, supply chains, predictive maintenance, and quality control. By leveraging ML and
real-time data analytics, manufacturing systems can predict equipment failures before they occur, enabling
predictive maintenance to reduce unplanned downtime, optimize resource allocation, and extend equipment
lifespans. This forms a decision loop from “sensing” and “prediction” to feedback and corrective actions. The
study emphasizes AI’s capability for real-time monitoring and data analytics of production metrics, enabling
continuous perception and evaluation of process states and adjustment of operations and decisions. This
constitutes a critical information layer and supports control and decisions for closed-loop manufacturing.

Traditional closed-loop control cannot effectively predict temporal disturbances such as thermal
accumulation. Therefore, Ref. [177] develops an intelligent closed-loop control system integrating DT and
real-time MPC to mitigate quality instability caused by thermal accumulation in additive manufacturing.
DT serves as a computational and decision-making platform for integrating physical sensing and model
inference. LSTM is used to construct a surrogate model to overcome the high computational cost of physical
models and to capture the spatiotemporal dynamics and future temperature trends in Directed Energy
Deposition processes. Experimental results show that the system dynamically adjusts laser power over time
to accommodate variations in cooling rates at different spatial locations.

In hybrid production environments, Ref. [176] integrates digital threads, multimodal sensor networks,
and CNN to support the management framework for zero-defect manufacturing. The framework can
accurately classify 14 defect types in high-precision continuous fiber composite materials, achieving 97%
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accuracy. AI insights enhance the closed-loop feedback system, reducing response time to production
anomalies to 45 s and the proportion of potential defects propagating to downstream processes by 78%.
These results demonstrate its feasibility for real-time quality monitoring and rapid feedback. In addition,
Ref. [317] integrates ML, sensor data, and IIoT to continuously monitor production parameters and establish
a feedback decision process to reduce production interruptions and defect risks. The study analyzes sensor
data to enable early fault prediction and anomaly detection, supporting proactive quality management and
adaptive process optimization. The results indicate that AI technologies have strong application potential in
real-time quality monitoring, predictive maintenance, and process decision support.

Material flow in complex processes is prone to physical disturbances, such as parts tipping on conveyor
systems, which can lead to unexpected incidents. Therefore, Ref. [356] uses a physics engine to simulate
interactions between parts and material-handling systems and develops a DT to improve the predictability
of material flow behavior under variations in transport paths and material properties. In addition, Ref. [356]
applies a model-based systems engineering approach to manage system complexity, covering requirement
definition, structural design, and interaction modeling. The framework is integrated with industrial envi-
ronments via the Open Platform Communications Unified Architecture protocol to enable bidirectional
connectivity between DT and the physical system.

Ref. [357] proposes a DT architecture enhanced by generative AI for intelligent virtualized network
management. The DT serves as a platform for network state modeling and strategy evaluation. It simulates
network behavior, abstracts feature representations, and supports management decisions. GANs are used
to improve DT’s simulation accuracy. Generative AI generates high-fidelity simulation data to complement
physical measurements and reduce the frequency of physical data acquisition under controlled error
conditions. The system establishes an external closed loop between the physical network and the DT. It uses
an error-discrimination mechanism to dynamically adjust the measurement frequency and reduce resource
consumption. An internal closed loop is formed within the DT for strategy evaluation, comparing the
performance of generative AI and conventional models to select the optimal network management strategy.
The results show that the generative AI-enhanced DT effectively supports closed-loop network management
while maintaining model accuracy and system resource efficiency.

The lack of bidirectional feedback between physical and virtual systems prevents factories from
responding to unexpected events and, in severe cases, may lead to process interruptions. Therefore, Ref. [318]
integrates sensors, data analytics, and DT to transmit physical data to the virtual model for analysis. The
resulting decisions are fed back to the operational and execution layers of the physical system. This establishes
a decision feedback loop based on near-real-time alignment of system state. The study uses sensors and
IIoT devices to capture behavior and performance data from the physical system as inputs to the DT.
The DT performs virtual experiments and parameter optimization without interrupting actual production.
The analytical results are translated into actionable operational decisions, completing a closed-loop cycle
from data perception to execution and correction. Experimental results demonstrate that the near real-time
decision feedback loop improves resource utilization.

4.2.7 Contamination Free
In wafer fabs, robotic manipulators handle wafers and perform process integration tasks, operating

within cleanrooms. This makes contamination-free control of cleanrooms a typical problem in ESA.
The cleanroom system is dynamic and highly coupled with equipment behavior, process conditions, and
contamination control strategies. Any motion or behavior of robotic manipulators can alter local airflow
structures and particle distributions, thereby affecting process stability and yield. Refs. [178,179] show that
contamination risk in cleanrooms exhibits systemic characteristics. It does not originate from a single source
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but is closely related to human behavior, automated equipment operation, and environmental control. In
addition, systematic contamination control and real-time environmental monitoring, when combined with
automated monitoring, reduce human intervention and contamination uncertainty. With sensor networks,
real-time monitoring, and data analytics, manufacturing systems can monitor the environment and provide
feedback to equipment for control and decisions to form a closed-loop architecture [178]. In this context,
control of robotic manipulators in contamination-free cleanrooms becomes a smart manufacturing problem
that involves environmental perception, system coupling, and cross-layer feedback adaptation.

Excessive particle concentration in cleanrooms can degrade yield. However, when conventional sensors
detect an increase in particle concentration, contamination has dispersed within the environment. In this
context, Ref. [180] assumes that human occupants are the dominant dynamic source. Ref. [181] also reports
that human occupants account for approximately 80% of total particle sources in bio-cleanrooms. Particle
concentration reaches its peak within 1 min of entry and then gradually decreases over the next 2 min,
stabilizing at approximately one-fifth of the peak value. Ref. [181] further indicates that activity intensity is
the primary factor affecting particle emission rates, and particle concentration exhibits dynamic fluctuations
with changes in activity type. The analysis shows that optimizing the fan system in bio-cleanrooms can
achieve energy savings exceeding 50%. Ref. [180] proposes that predictive occupancy is necessary for
demand-driven ventilation to compensate for the response delay of physical systems, such as ventilation
timescales. The study demonstrates a strong correlation between occupancy and particle concentration,
which can serve as a surrogate indicator for environmental control. These findings indicate that, in high-
cleanliness cleanrooms, human behavior, airflow control, and contamination risk form a coupled engineering
system with inherent time-delay characteristics. This characteristic is directly relevant to wafer fabrication.

Ref. [366] proposes a five-layer Industry 4.0 CPS architecture. The first layer (Connection) and the
second layer (Conversion) emphasize the acquisition of seamless, accurate, real-time data from equipment
and sensors, and ensuring that the state of the physical world is reflected in the virtual system in real time.
The system must transform raw data acquired from the environment into information with management
relevance. Real-time integration enables operators or control systems to observe current states, eliminating
information asymmetry in decision-making. These principles are helpful for constructing the environmental
sensing data integration layer and system state representation layer of cleanroom systems within ESA.

Ref. [320] proposes a monitoring system integrating wireless sensors, embedded gateways, and an
IIoT server to enable real-time data flow and prevent over-ventilation, reducing energy waste. Wireless
sensors enable simultaneous, real-time monitoring across multiple target locations. System parameters can
be flexibly adjusted to account for specific contamination sources in different environments. This architecture
can support environmental state measurement in ESA for cleanrooms. Ref. [321] develops a real-time air
quality monitoring system integrating sensors through IIoT. The system uses an ESP32 microcontroller to
acquire sensing data and transmit it to a server platform. When pollutant concentrations exceed predefined
safety thresholds, the system automatically sends real-time notifications. The monitoring results can be used
to improve laboratory ventilation systems and to support the installation of pollutant-capture devices. In
addition, thermal anomalies in equipment are indicators of accidents. Therefore, Ref. [360] develops an
autonomous monitoring system based on an Edge–Fog–Cloud architecture. The system uses the Internet of
Robotic Things as mobile edge monitoring nodes and uses DL to enable autonomous navigation. Unmanned
aerial vehicles (UAV) are deployed as fog nodes to transmit hotspot data from target locations. Thermal
imaging data are uploaded to the cloud and analyzed by CNN. Visual images are analyzed to identify hotspot
locations and associated equipment. The system automatically generates anomaly reports for corrective
actions. Ref. [319] develops an IIoT-based air quality monitoring system that provides intuitive, real-time
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composite indicators. The system continuously monitors air quality and aggregates data to a server by
integrating sensors and networks.

Pharmaceutical manufacturing facilities and cleanrooms generate large volumes of monitoring data.
However, these data are not used to effectively reduce contamination risks because they are not fed back
to real-time control. Therefore, Ref. [182] uses analytics tools to transform heterogeneous and distributed
monitoring data into visualized insights. A rolling period method is introduced to process sparse and highly
fluctuating raw data and to identify trends of improvement or degradation in environmental quality. The
study emphasizes that data must be contextualized and interpreted before they can be translated into effective
control actions.

Ref. [331] develops a real-time indoor air quality monitoring and automation system that integrates IIoT
and LoRaWAN communication technology. The system uses a communication module and a multifunctional
sensor module to perform sensor calibration, data acquisition, cloud visualization, and actuation. Experi-
mental results demonstrate high accuracy and efficiency in both data acquisition and automated actuation.
This real-time measurement–threshold evaluation–actuation response architecture provides a reference
framework for environmental state sensing and control in cleanrooms. In addition, Ref. [322] develops a real-
time air quality forecasting system based on IIoT and ML. The system adopts a microcontroller architecture
and continuously monitors particulate matter. The data acquisition pipeline includes device-level adjustment,
local smoothing, and cloud transmission. By integrating long-term data storage and feature engineering, the
system generates accurate short-term air quality forecasts.

4.2.8 Synchronized and Cooperative
Semiconductor manufacturing is a multi-agent system, including multiple robotic manipulators, equip-

ment modules, and human operators. These systems are influenced by multiple state variables and their
interactions, and their synchronized and cooperative control, including multi-arm coordination and arm-to-
machine coordination, can be formulated as multi-input multi-output (MIMO) dynamic control problems
under multiple constraints. Studies indicate that control strategies for collaborative robots have evolved
from independent motion planning to real-time coordinated feedback control, which considers the states
of other robots, equipment, and human operators simultaneously. The system is highly coupled and time-
sensitive. Synchronization errors, control delays, and interaction disturbances can be amplified through
system dynamics and affect stability.

4.2.8.1 Multi-Agent and Multi-Arm Synchronization and Coordination
This study considers hierarchical co-simulation as a system methodology for analyzing, validating, and

designing synchronization and cooperative control in dynamically coupled multi-arm systems. Ref. [210]
proposes a framework to integrate multiple heterogeneous simulation models within CPS to describe
how spatiotemporal interactions among components at the micro level evolve into system behavior at
the macro level. The hierarchical design decomposes complex CPS into manageable layers. Co-simulation
ensures that coupling relationships across layers are accurately captured. Fast dynamic models at the micro
level, such as motor control of robotic manipulators, are synchronized with discrete-event models at the
macro level, such as production line scheduling. This achieves spatiotemporal synchronization, immediately
reflecting parameter adjustments in system performance. Ref. [155] indicates that intelligent manufacturing
networks are characterized by the integration of digital technologies such as the IIoT, big data, and AI.
These technologies blur the boundary between low-level equipment control and high-level operational
management. Human decision-making and automated systems form an inseparable whole. Therefore, the
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interactions among physical equipment, digital algorithms, and human behavior create a complex and
dynamically coupled system. Future research should focus on data-driven decision support, cyber–physical
integrated real-time control, and system adaptability under human–machine collaboration.

Ref. [211] proposes an adaptive, nonsingular terminal sliding-mode control method to ensure accurate
trajectory synchronization and stable tracking performance in multi-agent systems. The purpose is to address
parameter uncertainties, friction, external disturbances, and stochastic time-varying delays introduced by
communication networks in robotic manipulators. The method mitigates the drawbacks of conventional
sliding mode control, including excessive control energy, chattering, and oscillations caused by constant high
gains. This study introduces a novel time-varying gain based on a logistic function to improve convergence
smoothness and steady-state tracking accuracy and to prevent significant overshoot under large initial posi-
tion deviations. A hybrid feedback signal-processing mechanism is employed to reduce phase-shift effects
introduced by network transmission. Experimental results show that the system maintains accurate position
synchronization under weakly connected topologies and time-varying network delays, and the tracking error
remains bounded. In addition, Ref. [260] develops a nonsingular terminal sliding-mode control scheme to
address tracking delays caused by the leader’s variable-speed motion via pose synchronization. The method
provides full control of the end-effector, including both position and orientation, rather than only joint
space or translational motion. Unit quaternions are used to achieve decoupled control of position and
orientation dynamics. The nonsingular design avoids numerical singularities during computation. A mixed-
type feedback mechanism is adopted to reduce follower signal deviations caused by network delays and
to optimize performance under weakly connected directed graphs. The study provides rigorous stability
analysis and proves that the tracking error converges to a bounded region within finite time.

Ref. [261] investigates the coupled dynamics and control of two mobile manipulators manipulating a
common object with relative motion under parameter uncertainties and external disturbances. The purpose
is to address geometric constraints, reduced degrees of freedom, and internal force regulation arising
from closed-chain kinematics in multi-robot cooperation. A centralized control scheme is proposed to
ensure that both the motion trajectory and force trajectory of the constrained object converge to desired
bounds. Lyapunov stability theory is employed to prove the closed-loop system’s stability and the finite-
time boundedness of the tracking errors. Simulation results demonstrate robustness against disturbances
induced by relative motion and environmental noise, ensuring coordinated operation of the platforms and
manipulators. In addition, Ref. [212] proposes a control algorithm for cooperative transportation of a single
object by multiple mobile manipulators. A leader–follower control strategy based on impedance dynamics is
adopted to achieve synchronized cooperation. Each mobile manipulator is modeled as an impedance system
connected to the object. Compliant physical interaction is emulated by software. A compensation mechanism
is introduced to reduce motion deviations caused by model uncertainties. Experimental results validate the
algorithm’s feasibility and extend conventional multi-robot cooperative manipulation methods to mobile
manipulator systems with mobile bases.

For multiple mobile manipulators with nonholonomic constraints, Ref. [262] proposes a cooperative
grasping control framework with integrated obstacle avoidance to employ Nonholonomic Passive Decom-
position to decompose complex robot motion into three independent dimensions. According to obstacle
size, the system selects either global formation transformation or internal configuration reconfiguration for
obstacle avoidance. It explicitly handles nonholonomic constraints, such as no lateral slip of mobile platform
wheels, to ensure dynamic coordination between platforms and manipulators. Simulation results verify the
theoretical feasibility.
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4.2.8.2 Dual-Arm Cooperative Control
In multi-arm cooperative systems, local-level interaction control plays a critical role alongside system

synchronization and coordination strategies. In dual-arm collaborative robots, studies integrate admittance
control with hierarchical control architectures to regulate contact forces and internal force stability in arm–
object interaction. This means that hierarchical design enables the incorporation of local interaction control
into the overall cooperative framework. Ref. [332] investigates dual-arm cooperative manipulation of a
common object using 6-DOF impedance control to regulate motion and interaction forces. A centralized
external impedance control scheme is adopted to provide compliant behavior of the manipulated object
during contact with the environment. Distributed internal impedance control is implemented at each end-
effector to prevent excessive internal stress caused by asynchronous motion between manipulators. Force
measurements from wrist-mounted sensors are used to adjust impedance in real time. Experimental results
validate system stability. Ref. [264] develops a control framework for dual-arm collaborative robots in
unstructured environments. Admittance control in a cooperative task space is employed to regulate internal
and external forces. The dual-arm task is decomposed into absolute motion and relative motion components
to achieve precise coordination and control. Tracking of relative motion is assigned the highest priority to
enhance safety and stability in cooperative manipulation. The framework is implemented and validated on
a physical experimental platform.

4.2.8.3 Human–Robot Collaboration
Ref. [265] examines human–machine cooperation in assembly lines by combining the high productivity

and fatigue-free operation of robots with human flexibility and sensory capabilities in handling complex or
deformable components. Robots act as intelligent assistants in collaborative tasks, supporting operations that
are difficult, repetitive, or physically demanding. In addition, Ref. [266] investigates symbiotic human–robot
collaboration by integrating robots’ strength, endurance, and precision with human intuition, flexibility, and
perception-driven problem-solving. The approach establishes a shared workspace in which humans and
robots operate side by side. The study identifies 12 future research directions, including advanced human–
robot symbiosis mechanisms and intelligent control, for example the use of DL for gesture classification,
context awareness, and task recognition, as well as the integration of augmented reality and intelligent sensing
systems to provide real-time decision support for operators.

4.2.9 Integration of Robot Control with Processes
From the perspective of ESA, the challenge in smart manufacturing is to achieve end-to-end integra-

tion of robotic manipulation control, process parameter adjustment, and information systems to ensure
consistency and real-time controllability. Robotic control must respond in real time to equipment states,
process variations, and scheduling changes. This requires decision mechanisms based on cross-system data
integration. If data semantics, timing, and consistency are not aligned at the system level, robot control
quality and process stability are directly degraded. This makes data integration a critical ESA issue. In
addition, CPS in smart manufacturing still face challenges in cross-layer interoperability and standardization.
Without a unified integration framework for process and management workflows, information silos can
reduce overall efficiency. Recent studies reposition robot control from an isolated equipment problem to a
coordination problem across process, control, and management systems.

Ref. [45] integrates CPS, system automation, and the process execution layer to propose that robotic
manipulators (e.g., wafer handling robots) should evolve from devices executing predefined commands into
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adaptive execution cores embedded in an end-to-end system architecture. This transformation ensures trans-
parency of process parameters and consistency of the decision chain to support autonomous production.
In addition, Ref. [46] proposes a three-layer framework integrating process, control, and management. The
study emphasizes that without consistent integration of process and management workflows, high levels of
automation at the control layer remain ineffective. The framework redefines robot control as a core systems
engineering integration challenge. For tightly coupled and high-precision wafer fabrication, this framework
provides a practical pathway for coordinating distributed decision logic and enabling system autonomy.

Ref. [47] demonstrates a logical chain from data integration to decision support, which influences
automation and process control behaviors. Process control quality and system adaptability are no longer
limited to motor speed or motion trajectory, but depend on the data–decision linkage between robotic
manipulators and the overall production system. A representative scenario is semiconductor material han-
dling. If process parameters transmitted by ERP systems, such as wafer type and thickness, are semantically
inconsistent with robot-side sensor data, pick-and-place operations may fail or cause damage even when
positioning accuracy is high. Furthermore, temporal misalignment degrades control quality due to data
latency or misregistration. In ESA, robot control becomes a complex data engineering problem, where
alignment of data flows is a prerequisite for achieving operational resilience and system autonomy. Within
the overall process and decision chain, resource virtualization enables proper embedding, coordination, and
scheduling of robot control. Therefore, Ref. [343] proposes a practical test-driven resource virtualization
model. Through sensors, wireless networks, and cloud storage, smart factories can monitor the real-time
status of all manufacturing resources, including personnel, robotic manipulators, equipment, and materials.
Data analytics provide predictive insights into machine conditions and factory capacity for management.
Furthermore, CPS virtualizes physical assets to support the development of resilient, intelligent, and
self-aware machine nodes.

4.2.9.1 Manipulator Kinematics and Control Laws
Ref. [227] proposes an adaptive control law employing an online parameter estimation mechanism

to automatically update control parameters of robotic manipulators. Lyapunov stability theory is used to
prove that the trajectory tracking error will converge to zero despite parameter uncertainties. This result
has important implications for semiconductor manufacturing. The study also expresses the nonlinear robot
dynamics as a linear combination of parameters (linear parameterization property). This property enables
computational tractability and serves as a standard paradigm in adaptive control design for manipulators.

Ref. [213] systematically presents robot kinematics, dynamics, and control theory, with emphasis on
mathematical modeling for precise positioning of wafer handling robots. The study introduces state-space
representations and covers modeling approaches for sensor feedback and vision feedback control in robotic
systems. It integrates adaptive control into a framework for robot modeling and control analysis. The study
also defines the physical limits of a single machine, which later become a prerequisite for integrating robots
into higher-level manufacturing systems and management architectures.

4.2.9.2 Reinforcement Learning
Ref. [214] develops a DQN agent to learn control policies from high-dimensional sensory inputs. An

end-to-end RL framework is adopted to map sensory inputs to action commands. This approach bridges
the gap between high-dimensional perception and executable actions. Under high-dimensional sensing and
partially observable conditions, conventional manipulator control methods based on explicit models and
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control laws exhibit limitations at both the perception and policy levels. Therefore, the perception–policy
learning paradigm is consistent with recent trends in learning-based control for robotics.

Ref. [267] employs a DDPG algorithm for continuous control. The method avoids the curse of dimen-
sionality caused by action space discretization in high-DOF manipulators. DDPG preserves the continuous
structure of the action space, which is critical for precise physical control. The approach has been successfully
applied to more than 20 physical tasks, including vehicle driving and articulated motion control. Ref. [215]
performs end-to-end joint training of perception and control to develop a DL policy that maps raw image
observations to robot motor torques. The model consists of a seven-layer CNN with 92,000 parameters,
designed for real-time robotic control. The algorithm enables policy training within tens of minutes of real-
world interaction. Experimental results demonstrate the capability of the system in visual tracking, object
localization, and complex contact dynamics in real-world tasks.

4.2.9.3 Vision-Guided Control
Visual serving control uses computer vision data as feedback in the servoing loop to achieve precise

control of robot motion. Ref. [268] summarizes image-based visual serving (IBVS) and position-based
visual serving (PBVS). PBVS treats the vision sensor as a three-dimensional (3D) sensor and defines errors
and control laws in Cartesian space. IBVS treats the camera as a two-dimensional (2D) sensor and drives
the robot using feature point errors in the image plane. These frameworks provide a common basis for
subsequent research on vision-guided control, weak-model approaches, and learning-based visual serving.
Ref. [228] proposes a method based on large-scale CNN that uses monocular images to predict gripper
motion in the workspace and perform real-time serving control for precise grasping. Experimental results
demonstrate that data-driven DL methods enable continuous, real-time visual serving for grasping under
monocular vision, supporting the feasibility of learning-based visual serving in practical robotic grasping
tasks. Ref. [269] develops a robotic pick-and-place system to grasp and recognize both known and novel
objects. An affordance-based prediction algorithm is used to identify graspable regions directly from RGB-
Depth images. After grasping, a cross-domain image matching framework is used to match captured images
with online product images for object recognition, while CNN are used to learn visual features. Experimental
results demonstrate that the system maintains high grasp success rates and recognition accuracy under severe
occlusion and high object variability.

4.2.9.4 Single-Machine (Cell-Level) Optimization
When each single-machine is optimized independently, inherent variability affects system performance.

Mass individualization aims to make cell-level optimization applicable within highly dynamic systems.
Therefore, Ref. [205] analyzes challenges and future research directions, highlighting a paradigm shift in
smart manufacturing from centralized control to distributed autonomy. Agent computation transforms
intelligent and decentralized manufacturing systems. Machines (cells) can be modeled as autonomous agents
with local goals. Ref. [206] indicates that multi-agent systems (MAS) typically employ coordination or
negotiation mechanisms to resolve conflicts arising from distributed decision-making among autonomous
entities, such as locally optimized cells. In ESA, MAS provides a promising approach to mitigate system
conflicts induced by local optimization behavior.

4.3 Transport Systems for Smart Manufacturing
Wafer fabrication depends on the coordination of material, information, and control flows for sys-

tem integration, real-time decision-making, and predictability. The vehicle dynamic systems here include
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AMHS, AGV, AMR, and OHT. The powertrain characteristics, control architecture, and multi-controller
coordination of these systems are similar to those of electric vehicles (EV), particularly in real-time control,
multi-controller interaction, energy management, and reliability validation. In addition, DT, AI-driven
monitoring, human–machine collaboration, and advanced logistics are key enabling technologies for smart
manufacturing. DT establishes high-fidelity models of dynamic systems, enabling multi-controller inter-
action testing, fault injection, and extreme condition simulation, thereby improving system observability
and predictability. This study examines the functional roles, control architectures, and digital twin modeling
methods of automated mobile equipment in highly complex manufacturing environments within ESA. It
further clarifies how these systems support operation in wafer fabs (as shown in Fig. 9).

Figure 9: Conceptual framework for mapping electric vehicle power systems to semiconductor AMHS via digital twin–
based system analysis.

This subsection summarizes the reviewed studies in Table 6. The table categorizes the literature accord-
ing to physical system levels and ESA functional roles (modeling, diagnosis and prediction, control and
optimization), to illustrate how ESA supports transport systems in semiconductor smart manufacturing.

Table 6: Transport systems research supporting ESA in semiconductor smart manufacturing.

Physical/ESA Modeling Diagnosis & Prediction Control & Optimization
Materials

Equipment [156–159]
Robots/AMR [216–218]

OHT/AGV/AMR [270–288] [289–294] [300–312]
Sensor/IIoT [313,314] [323–325]

Infrastructure (HPC/Edge/Cloud) [344,345]

DT integrates multi-physics, multi-scale, and stochastic simulations to emphasize bidirectional feed-
back between virtual and physical models. IIoT generates large volumes of real-time sensing data that DT
uses for simulation, analysis, and manufacturing optimization. EV integrates mechanical, electrical, and
software subsystems. DT can fully replicate these complex interdisciplinary systems. Therefore, Ref. [270]
proposes a DT architecture for EV power systems to integrate sensing, control, and energy management.
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Deep perception and fuzzy adaptive control can be applied to path planning. The DT modeling logic for
mobile CPS with multi-controller coordination and energy-flow constraints can be mapped to AMHS/AGV
systems in wafer fabs to analyze material-flow stability. In addition, Ref. [301] reviews research on AMR
planning and control in intralogistics and distinguishes them from traditional AGV. Existing studies mainly
focus on machine digitalization and IT infrastructure, while overlooking material handling systems in
supporting cloud manufacturing. Therefore, Ref. [272] replaces fixed conveyor systems with AMR and
integrates cloud platforms for real-time data sharing. The system distributes decision points and allocates
materials based on real-time capacity, enabling dynamic responses to supply–demand variations. The study
develops and validates a mathematical model demonstrating that conventional material-handling equipment
leads to rigid factory layouts and process routing. Contrarily, AI-enabled AMR support more flexible
transportation strategies.

The mathematical models for intralogistics, AMR scheduling, and control can be applied to intralogis-
tics systems and AMHS path planning in wafer fabs. For example, Ref. [156] employs CPS to link Industry
4.0 and technical theories and proposes a framework to integrate advanced sensing, robotics, IIoT, and AI
algorithms to support smart workshops. The study introduces a quantitative model to assess the state of smart
manufacturing and identify weaknesses. The CPS design logic of system layering and feedback coordination
can be mapped to multi-level coordinated control architectures in semiconductor material flow, including
AMHS vehicles, path planning, and station-level control. Ref. [157] proposes a smart manufacturing system
(SMIS) and a roadmap to integrate the physical, information, network, data, and visualization domains. It
is implemented in several national projects. It adopts an ESA perspective to provide valuable guidance on
defining the role and system boundaries of AMHS as a key material-flow subsystem in fabs.

Integration of vehicle powertrain models requires a detailed understanding of interactions among
engines, transmissions, batteries, and motors. Hardware-in-the-loop (HIL) connects physical components to
virtual environments to enable controlled and repeatable testing. Accordingly, Ref. [271] proposes a modeling
technique that integrates vehicle energy systems into existing HIL platforms. The study employs three case
studies to predict generator voltage variations, battery and generator currents, and generator efficiency
and input torque. The results demonstrate that virtual testing systems reduce the risk and cost of physical
testing while enabling performance evaluation of powertrain systems under realistic conditions. The HIL
co-validation framework, which embeds physical controllers into virtual systems, can be extended to AMHS
and AGV systems.

Control of permanent magnet synchronous motors (PMSM) is a critical component in EV subsystems.
Accordingly, Ref. [300] integrates robust nonlinear model predictive control with space vector modulation
(SVM) to establish a cascaded control architecture that ensures zero steady-state error under various oper-
ating conditions and exhibits strong robustness against parameter variations and unknown disturbances. In
experiments, the method reduces electromagnetic torque ripple by 66% and current ripple by 54% compared
with conventional strategies. The accurate reference tracking and fast dynamic response are useful for testing
AMHS systems under extreme operating conditions, such as high load and high-frequency scheduling.

4.3.1 Dynamics Modeling
The combination of dynamics and smart manufacturing integrates the dynamics of transport equipment

into an ESA framework for wafer fabs that is monitorable, predictable, and optimizable via closed-loop
control. It is built on CPS to integrate sensing, communication, computation, and control into closed loops
to become a distributed, self-adaptive, and self-optimizing smart factory architecture [51,52]. However,
bottlenecks in wafer fab transport chains—such as FOUP transport, robotic transfer, vehicle-based transport,
and dynamic routing—lie in the fidelity and real-time capability of dynamic models. Purely data-driven
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approaches enable rapid approximation but often lack physical consistency and generalization capability.
A more practical approach is to use rigid-body dynamics based on Euler–Lagrange or Newton–Euler
formulations as the backbone, and then apply ML to model residuals, including friction, load variations, and
unmodeled disturbances. This hybrid approach supports safe, robust, and interpretable motion control and
optimization [53].

In cleanrooms, the fluid dynamics of airflow, pressure differentials, temperature control, and contam-
inant transport directly affect yield and process stability. Therefore, multi-physics simulations based on
computational fluid dynamics (CFD), when accelerated by cloud/HPC resources, IIoT boundary conditions,
and ML surrogate models, can evolve from offline design tools into near real-time decision support systems
and serve as key solvers in DT frameworks [54,55]. Accordingly, this study treats DT as an engineering
platform that integrates high-fidelity dynamic models, real-time data connectivity, and service-oriented
decision-making. DT provides reusable capabilities for monitoring, prediction, diagnosis, and control, while
CPS offers system closed-loop interaction [217]. In this context, the value of DT extends beyond visualization.
DT incorporates dynamic uncertainties, data latency, and cross-system interoperability into a unified ESA
optimization problem, enabling the development of next-generation smart manufacturing that is evaluable,
verifiable, and deployable [57,67].

4.3.1.1 Rigid-Body Dynamics
The inverse dynamics model computes the required torques or forces based on desired robot motion,

including position, velocity, and acceleration. It is built on a rigid-body model that assumes all robot links
are rigid, and it is parameterized using kinematic parameters, such as the Denavit–Hartenberg (DH) model,
and inertial parameters, including mass and inertia tensors. Existing approaches are sensitive to calibration
errors and suffer from high computational dimensionality, often requiring large training datasets to achieve
high accuracy. Ref. [216] proposes structured kernels that embed robot dynamics into a reproducing kernel
Hilbert space (RKHS). This approach enables convergence to rigid-body dynamics with fewer training
samples by incorporating structural priors. It is suitable for semiconductor manufacturing applications, such
as Front Opening Unified Pod (FOUP) robotic manipulators and transfer equipment.

Data-driven identification of dynamic parameters may produce physically implausible results. To
address this issue, Ref. [217] introduces physical constraints into the recursive Newton–Euler algorithm
(RNEA) during parameter learning to ensure physical consistency. This improves training efficiency and
model generalization. Validation is conducted using a 7-degree-of-freedom robotic manipulator in both sim-
ulation and real-world experiments, demonstrating improved accuracy. The differentiable RNEA proposed
in [217] provides a practical approach for embedding dynamics into intelligent control and DT systems. It
ensures that virtual models remain physically consistent during data-driven learning and serves as a bridge
between physical systems and intelligent algorithms.

4.3.1.2 Computational Fluid Dynamics
Contaminant particles in cleanrooms originate from human activities and mechanical friction during

equipment operation. Ventilation systems are required to remove particles and maintain a uniform tem-
perature distribution. Accordingly, Ref. [158] employs CFD to determine ventilation control strategies to
achieve target air conditions and to validate performance through coupled simulations of fluid flow and
thermal fields. In addition, Ref. [159] integrates CFD simulation with in-situ measurements to propose an
improvement strategy. CFD is used to simulate airflow distribution and particle dispersion within the factory,
while measured data are used to provide boundary conditions and improve simulation accuracy.
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Direct numerical simulation (DNS) exhibits computational cost that scales cubically with the Reynolds
number, making large-scale turbulent flow simulation using conventional CFD methods, such as finite
difference or finite volume methods, impractical. Therefore, Ref. [344] proposes a hybrid approach that
embeds ML models within traditional numerical solvers to correct low-resolution simulation errors. The
method replaces components most affected by resolution loss, such as convective fluxes and residual terms,
with ML models. Differentiable programming with JAX enables end-to-end gradient-based optimization of
the entire algorithm. In experiments, the method achieves accuracy comparable to high-resolution DNS.

Furthermore, Ref. [345] uses CNN to develop a turbulence model to improve low-resolution simulations
of the incompressible Navier–Stokes equations. The method introduces physics-informed loss functions
derived from turbulence theory and employs a differentiable numerical solver to propagate gradients across
multiple solution steps. In experiments, this hybrid approach achieves better physical consistency than
purely data-driven predictive models. In addition, Ref. [344] presents a decision-acceleration framework
that integrates CFD and ML and is suitable for incorporation into DT systems. Ref. [345] proposes a
method that ensures physical consistency and long-term stability in transient turbulence prediction through
physics-informed loss functions and long-horizon differentiable training.

4.3.1.3 Vehicle System Dynamics
Mathematical models of vehicle dynamics are central to control loops and predictive learning systems

in autonomous driving. Physical models provide interpretability, but parameter estimation is difficult and
computationally intensive. Accordingly, Ref. [274] compares standard nonlinear physical models, linear
state-space models, and neural network models. The results indicate that the latter two data-driven models
achieve higher prediction accuracy than conventional nonlinear physical models. In addition, physical
parameters estimated by structured neural networks, such as aerodynamic drag and rolling resistance, exhibit
better physical consistency than those obtained from traditional models, thereby providing technical support
for accurate DT modeling.

Ref. [273] proposes a method that integrates a component-based reduced-order model library with
Bayesian state estimation to construct data-driven yet physics-informed digital twins. Physics-based
reduced-order models provide computationally efficient, sufficiently accurate representations that meet DT
prediction requirements. The component-based approach enables scalable modeling of large, complex sys-
tems and supports flexible model adaptation. Furthermore, model adaptation and uncertainty quantification
in DT are formulated as a Bayesian state estimation problem, which infers the most suitable candidate
model from the model library. Experimental results validate the feasibility of the proposed framework and
provide an engineering methodology for modularizing, real-time calibration, and uncertainty management
in dynamic models of AMHS subsystems.

4.3.1.4 Cyber–Physical Production Systems
Ref. [275] defines CPS as the confluence of embedded systems, real-time systems, distributed sensing

systems, and control technologies. CPS is characterized as an emerging discipline that requires close
collaboration among computer scientists and engineers from mechanical, civil, and biological domains. From
the perspective of computational science and dynamics, CPS must integrate discrete logic with continuous
dynamics while accurately handling noise, uncertainty, and imperfect spatiotemporal synchronization in
physical systems.

In addition, Ref. [51] summarizes ESA research by the International Academy for Production Engi-
neering (CIRP) on cyber–physical production systems (CPPS). This includes the technological evolution
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from embedded systems to CPPS and the computational mechanisms required to achieve self-regulation
and adaptation. Ref. [51] also defines the application boundaries of CPPS. Technologies such as multi-agent
systems, RFID, and cloud computing are identified as key enablers of CPS, and CPPS is recognized as a
core driver of Industry 4.0. For wafer fabrication, CPPS’s ability to perceive and reason about the dynamic
states of physical assets in real time provides a theoretical foundation for transport subsystems such as FOUP
and AMHS. From a dynamics perspective, semiconductor equipment and material-handling systems are
continuous-time systems. Their dynamic states must be incorporated into CPPS closed-loop sensing and
control architectures that provide real-time responsiveness and self-regulation, supporting high-frequency
and low-tolerance requirements.

4.3.2 Vehicle Adaptive Control and MPC
Transport chains in wafer fabs, including AMHS, OHT, and AGV systems, are dynamic systems gov-

erned by multiple constraints, including safety distances, path conflicts, acceleration and deceleration limits,
load variations, and network delays. MPC explicitly handles state and input constraints in closed-loop control
through receding-horizon optimization. It can be extended from single-vehicle control to fleet coordination
under both centralized and distributed architectures. MPC is therefore well suited for high-frequency and
low fault-tolerance requirements [58]. For stable long-term deployment in fabs, control models must address
uncertainties arising from friction, load variations, aging, and environmental disturbances. Recent research
trends integrate MPC with adaptive control, state estimation, and multivariable coordinated control. These
approaches are applied to fleet coordination tasks, such as platooning, cooperative lane changing, and
intersection coordination, to improve efficiency and safety margins. This control paradigm, characterized
by coordination, constraint handling, and uncertainty management, is structurally analogous to system
optimization problems in wafer fab transport networks [59].

In addition, DT integrates equipment/vehicle dynamic models, sensor data fusion, and real-time control
decisions into a closed-loop framework that is calibratable, traceable, and verifiable. For example, DT-
assisted localization and data registration improve the state reliability of transport equipment in complex
environments. This provides more reliable online state and parameter inputs for MPC, thereby reducing
conservatism and improving overall throughput [67]. ML complements this framework by enhancing
models in a data-driven manner, estimating uncertainties, and reducing online computational burden. This
supports MPC requirements for accurate predictive models and real-time solvability, enabling constrained
optimal control to approach deployable engineering scales. It also establishes a scalable technical interface
for DT–MPC closed-loop integration in semiconductor transport systems [60].

Ref. [58] reviews the extensive application of MPC in both single and multiple AGV. MPC utilizes
predicted future information to optimize control actions while explicitly handling system constraints. AGV
can respond autonomously to its environment, including acquiring sensor inputs, identifying system states,
and planning actions. In multi-AGV systems, coordination requires information exchange to avoid path
conflicts and collisions, which necessitates distributed MPC. This distributed architecture is analogous to the
coordination requirements of multiple OHT and AGV systems in wafer fabs, particularly at intersections and
merging segments where path conflict avoidance is critical. The control framework must maintain real-time
responsiveness and safety margins while avoiding centralized computational bottlenecks. This corresponds
to the core optimization problem addressed by MPC.

Demand-driven mobility systems actively allocate transport resources to regions with predicted
demand, significantly improving transport performance. Accordingly, Ref. [290] proposes a data-driven
distributionally robust optimization (DRO) approach. The method employs quad-tree dynamic region par-
titioning to capture high-resolution spatiotemporal demand dynamics. It further utilizes stochastic demand
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covariance to design efficient algorithms for constructing demand probability distributions. Experimental
results show superior average system performance. This is analogous to AMHS operation in wafer fabs, where
uncertainties such as load variations, path congestion, and equipment state changes require both system
stability and real-time responsiveness. DRO provides a useful framework for analyzing resource allocation
strategies and imbalance risks in AMHS systems.

When GPS signals are unavailable, vehicle position and path curvature cannot be obtained. Vision
sensors, such as cameras, can be used to detect lane markings and estimate path-following states. Accordingly,
Ref. [291] proposes a composite nonlinear feedback (CNF) controller based on a fuzzy observer. The
approach integrates a Takagi–Sugeno fuzzy dynamic model to transform nonlinear system characteristics
into a convex structure. The CNF controller reduces convergence time and minimizes overshoot. A parallel
distributed compensation control scheme is incorporated to handle actuator saturation constraints. The
control performance is validated through software simulations. In addition, the CNF framework provides
feasible path estimation under sensor failure conditions. This approach can enhance the reliability of MPC
inputs in OHT and AGV systems and support high-performance control under narrow-path conflict scenar-
ios. In addition, wireless channel uncertainty in vehicle-to-vehicle (V2V) communication introduces system
delays. Accordingly, Ref. [302] proposes a communication–control framework to enhance the stability of
vehicle control systems. The framework models V2V link performance under complex environments with
5G cellular network interference. The framework provides a useful engineering methodology for stability
design in large-scale distributed AMHS control architectures under network uncertainty.

Ref. [303] employs ML and MPC to reduce pollutant emissions from compression-ignition engines
without increasing computational burden. The study develops a support vector machine (SVM) linear
parameter-varying (LPV) model as the embedded MPC model. To address the high computational cost of
MPC, an imitation controller based on a DNN is introduced to replicate the LPV-MPC’s control policy.
The proposed “offline training and online imitation” strategy does not replace control decisions with ML.
Instead, it learns the optimal control policy embedded in MPC. This approach significantly reduces real-
time computational cost while preserving constraint handling and stability properties. This methodology can
be extended to OHT and AMHS systems, where high-frequency MPC obstacle avoidance and scheduling
problems can be reformulated as neural network-based real-time decision approximations.

To enhance safety control under driving limit conditions, Ref. [304] proposes an integrated controller
based on tube-based MPC. The approach incorporates control vector constraints and lateral stability
constraints into the control formulation. The method is validated through HIL simulations and achieves
multiple objectives, including path-following accuracy, handling stability, and rollover prevention. At the
methodological level, the maintenance of feasible sets and robustness characteristics emphasized by tube-
based MPC provides a useful reference for analyzing safety boundaries in real-time obstacle avoidance and
speed control for OHT and AGV systems in wafer fabs.

4.3.3 Multi-Objective Control
Operations of AMHS, OHT, and AGV systems in wafer fabs must simultaneously satisfy multiple

objectives, including real-time responsiveness, collision avoidance, congestion reduction, minimizing empty
loads, and maintaining global throughput stability. This constitutes a multi-objective, strongly coupled, and
uncertain dynamic optimization problem, analogous to multi-objective control in autonomous driving.
Therefore, analytical frameworks that integrate multibody dynamics models, CAD/CAE simulations, and
multi-objective optimization in autonomous driving can be directly adapted. DT provides a system inte-
gration platform for this type of analysis. By integrating dynamic models, sensor data, and optimal control
strategies within a CPS, DT supports multi-objective trade-off analysis and real-time decisions. In wafer fabs,
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this enables dynamic adjustment of efficiency and resource allocation, allowing multi-objective optimization
to become a sustainable capability in smart manufacturing.

Autonomous Mobility-on-Demand systems are designed to handle dynamic variations in the demand
and supply of electric vehicles. Ref. [276] proposes an uncertainty set construction algorithm that ensures
model parameters lie within a confidence interval with a specified probability. An equivalent convex
optimization formulation is introduced to improve computational efficiency. This approach dispatches empty
vehicles to predicted demand regions and guides low-battery vehicles to charging stations. This distribution-
ally robust optimization framework can be applied to AMHS in wafer fabs to address uncertainties arising
from time-varying demand (e.g., batch arrivals and machine waiting), constrained supply (e.g., vehicle
availability and charging or maintenance states), and network congestion.

Distributed-drive electric vehicles are equipped with four in-wheel motors. Ref. [305] proposes a
hierarchical control method to address independent drive control and energy efficiency. The upper-level
motion controller uses sliding-mode control to compute the required total driving force and yaw moment.
The lower-level allocation controller performs optimal torque distribution among the four in-wheel motors
to maximize energy efficiency. A motor efficiency model integrates the motor efficiency map with a current
closed-loop model. Experimental results show simultaneous trajectory-tracking performance and energy
savings. The hierarchical control framework provides a practical and transferable control architecture for
OHT systems in wafer fabs. It ensures transport stability and safety constraints while extending battery
endurance and reducing energy consumption. In addition, Ref. [306] proposes a longitudinal and lateral
trajectory planning and tracking control algorithm in V2V. The upper-level trajectory planner generates a set
of collision-free trajectory clusters for different lane-change durations. The trajectories are represented using
polynomial functions, and a single tuning factor is adopted to simultaneously optimize both longitudinal and
lateral paths. The lower-level controller employs a multi-input multi-output (MIMO) triple-step nonlinear
control approach. It incorporates an error feedback structure similar to PID control and establishes closed-
loop stability using a Lyapunov function. The hierarchical framework for multi-vehicle collision avoidance
and lane-changing planning with tracking control can be mapped to coordinated scheduling strategies for
OHT systems in wafer fabs. This mapping is applicable to scenarios involving multi-track switching and
dynamic conflict avoidance among vehicles.

Parameter uncertainty, modeling errors, and external disturbances degrade trajectory tracking per-
formance in autonomous driving systems. Accordingly, Ref. [307] proposes a gain-scheduled controller
that integrates LPV modeling, MPC, and H

∞
robust control theory. The LPV framework captures time-

varying characteristics of vehicle speed and tire cornering stiffness. H
∞

robust control is applied to handle
system uncertainties and external disturbances. MPC is employed to enforce state and input constraints.
Experimental results demonstrate that the proposed controller improves trajectory tracking accuracy and
ensures both lateral and rollover stability of the vehicle. At the control methodology level, this controller
provides a reference framework for precise positioning control of OHT systems in wafer fabs under varying
load conditions, such as fully loaded and empty wafer carriers.

Cooperative driving automation (CDA) lacks convenient validation tools. Accordingly, Ref. [292]
proposes OpenCDA, an open-source architecture that integrates co-simulation, including a co-simulation
platform, a full-stack cooperative driving system, and a scenario manager. The architecture adopts a highly
modular design and supports testing with user-defined algorithms. At the system architecture level, this
design paradigm provides an important reference for constructing DT platforms for AMHS in wafer fabs. By
modularizing OHT path planning, re-planning, and cooperative collision avoidance logic, and integrating
scenario management with co-simulation mechanisms, the framework enables evaluation of the coordinated
behavior and system stability of hundreds of OHT vehicles in a complex network under a CPS setting.
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4.3.4 Reinforcement Learning-Based Control
In autonomous driving systems, motion planning and control address multi-DOF dynamics, strict

safety constraints, real-time requirements, and coupled interactions among multiple agents. Conventional
real-time optimal control methods based on analytical models are limited by computational complexity,
which constrains system performance. Accordingly, RL/DRL does not rely on online solving of high-
dimensional models [66]. It learns control policies through an offline state–action–reward loop, where
complex system dynamics are implicitly encoded in model parameters. During online operation, control
commands are generated via low-computational-cost inference, satisfying real-time requirements. In addi-
tion, DT provides high-fidelity simulation, parameterized system models, and multi-scenario testing spaces.
These support training, stress testing, and performance benchmarking of RL models, and enable system
transfer from simulation to real-world deployment. In semiconductor smart manufacturing, integrating
RL and DT provides an engineering methodology for exploring complex motion and scheduling strategies
without compromising safety or verifiability. This approach provides clear, consistent engineering insights
for system control and the optimization of mobile equipment.

4.3.4.1 Reinforcement Learning
Path following is a core task in autonomous driving and involves time-varying and nonlinear vehicle

dynamics. Ref. [308] adopts proximal policy optimization as the core DRL algorithm and combines it with
the conventional pure pursuit method. Simulation results show improved path-following accuracy and
performance in low-speed driving scenarios. Applying RL to adaptive path-following control introduces
several challenges. These include how to represent environmental states using features such as vehicle
speed, lateral deviation, and road friction, and how to perform real-time fine-tuning of control parameters
using limited feedback. Accordingly, Ref. [278] proposes an online RL algorithm based on multi-kernel
dual heuristic programming. The method employs recursive least-squares temporal difference learning to
iteratively update the weights of kernel functions and uses an approximate linear dependency mechanism
to construct a kernel dictionary. This approach effectively builds a feature space suitable for multi-kernel
representations. Simulation results show that the proposed controller achieves high tracking accuracy and
smoothness. RL for lane-changing control typically constrains control actions to discrete spaces. Ref. [309]
applies the DDPG algorithm to learn control policies through trial-and-error and constructs a continuous
action space for lane-changing control in dynamic driving environments. Simulation results demonstrate a
high lane-change success rate across diverse driving scenarios.

DNN has demonstrated strong performance in robotic applications, but it lacks formal robustness
guarantees. This limitation poses risks in safety-critical scenarios such as pedestrian avoidance and sensor
disturbances. Accordingly, Ref. [279] develops an online verifiable robust defense algorithm for DRL, referred
to as certified adversarial robustness for DRL. Under worst-case perturbations, the algorithm identifies and
selects the most robust discrete control actions. Experimental results show improved safety performance
under adversarial disturbances and sensor noise.

Ref. [311] proposes a supervisor agent that leverages deep distributional RL to enhance existing driver
assistance systems. The agent adopts an end-to-end approach that maps camera images and LiDAR data
to maneuver decisions. Quantile regression DQN is employed as the core distributional RL algorithm.
Experimental results show superior performance. This architecture resembles the monitoring and scheduling
logic used in equipment control in wafer fab automation. In addition, Ref. [312] applies transfer RL to
high-level decisions in autonomous driving. The method first trains in a simplified environment and then
transfers the learned policy to a simulator that accurately captures real vehicle dynamics. This approach
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reduces exploration in hazardous environments and accelerates model training. Experimental results show a
reduced driving failure rate due to perception errors, from 10% to 2.75%. Ref. [277] develops a photorealistic
simulation and training engine to address trajectory deviation or near-collision conditions. The system
generates novel training data by rendering new trajectories from limited driving data and constructs
continuous paths using virtual agents. This enables RL agents to learn robust control policies without relying
on manual annotation. Experimental results demonstrate improved capability in correcting vehicle motion
direction. At the ESA level, this approach provides a reference for designing robust motion control and
fault-tolerant training processes for AMHS in wafer fabs under constrained safety boundaries and abnormal
disturbance conditions.

4.3.4.2 Digital Twin
Conventional RL is costly and risky to train in real-world environments. Accordingly, Ref. [293] applies

RL to path-following control in autonomous driving to minimize the transfer gap. A digital counterpart is
constructed to model vehicle dynamics, traffic scenarios, and sensing systems. The simulation environment
incorporates a large number of critical and hazardous scenarios, thereby reducing costs and risks. Parameter
randomization is employed during training to enhance the robustness of AI agents against uncertainties in
different paths and vehicle models. This approach can be extended to wafer fabs. By developing a DT model
of AMHS, various scenarios such as production load variations, traffic congestion, and system expansion
can be reproduced in simulation. RL can then be used to train robust scheduling and routing strategies.

Dynamic variations in complex engineering systems are often accompanied by unpredictable stochastic
disturbances and nonlinear deviations. Therefore, Ref. [294] proposes a time-evolving DT architecture that
integrates physics-based and data-driven models via a weighting mechanism to dynamically capture the
behavior of physical entities. The architecture is validated by a two-stage cascade tank system. At the ESA
level, this methodology can be extended to semiconductor process modeling. For example, it can integrate
chemical reaction models based on reaction kinetics with data-driven models derived from sensor data to
capture variations in process behavior caused by equipment degradation or sensor drift.

4.3.5 Digital Twin Simulation
DT bridges physical systems and data-driven models. It constructs a virtual representation that co-

evolves with the physical system, enabling real-time simulation, monitoring, and analysis of system states.
In intelligent vehicle systems, DT supports vehicle localization, sensor data registration, and system state
estimation. This capability improves stability and reliability in high-noise, uncertain environments. This
provides a transferable methodology for wafer fabrication, including process monitoring, virtual metrology,
and equipment management. DT is employed to overcome limitations in onboard sensing coverage and
computational resources. Simulation results indicate reduced travel time and congestion caused by traffic
incidents. This method can be mapped to AMHS in wafer fabs. For example, facility-sensing data and
scheduling information can be integrated to construct a vehicle-state map that supports real-time routing
and scheduling decisions.

Ref. [281] proposes an end-to-end DT system for autonomous driving. Roadside units are used to
capture traffic information. The data are preprocessed through edge computing and then transmitted to
the cloud to construct a synchronized DT model. Experimental results indicate that the path planning
services achieve a reliability of 99%. This sensor and state map sharing mechanism can be mapped to wafer
fabrication. It can be interpreted as process-state sharing among multiple machines to support coordinated
decision-making and scheduling under shared process-state conditions. In addition, Ref. [282] proposes a
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DT co-simulation framework that integrates connected vehicles with pedestrians in the loop to address the
limitation of conventional simulation environments, which lack interaction with real traffic participants,
thereby reducing test validity. A virtual cave environment enables real pedestrians to participate in the DT
simulation. Experimental results indicate a better performance of the warning system.

Ref. [325] proposes a vision-based DT framework for personnel localization and safety monitoring. The
study replaces conventional Computer-Aided Design (CAD) or manual modeling with 3D scanned models
and applies DL to detect personnel in video streams. The detected states are mapped in real time to the DT to
enable region-wise occupancy counting, trajectory tracking, and scheduling optimization. The experimental
results demonstrate that the method meets management requirements. This approach can be applied to real-
time safety monitoring in human–machine collaboration zones, maintenance pathways, and hazardous areas
in wafer fabs, and supports system observability in smart manufacturing. In addition, Ref. [313] proposes a
centralized DT localization system that does not rely on high-precision sensors on individual robots. The
framework utilizes onboard robot sensors and surveillance camera images, and applies an extended Kalman
filter for state estimation. The DT system integrates 3D simulation to achieve accurate state synchronization
with the physical twin. The architecture supports the integration of robots with heterogeneous technologies
and specifications, is easy to deploy, and incurs low maintenance costs. This architecture can be extended
to fab AMHS, for example, by using existing facility surveillance cameras as centralized localization sources
to manage AGV systems with different brands and technical specifications, thereby reducing reliance on
high-end onboard sensors and lowering overall system upgrade cost.

The first step of DT is to transform the physical world into an accurate digital representation. Ref. [323]
proposes a data-driven collaborative sensing architecture employing a message passing neural network
to enable information sharing among vehicles, thereby improving localization accuracy and providing a
geometric model of the environment state for DT. Data are aggregated in a mobile edge cloud to achieve
optimal localization performance. Experimental results demonstrate better performance. Similar collabora-
tive sensing and implicit information fusion mechanisms can be extended to AMHS localization in wafer
fabs. For example, shared track reference-point information can improve navigation accuracy in confined
spaces and address sensing blind spots. In addition, to mitigate cumulative drift in visual-inertial odometry,
Ref. [324] proposes matching sparse 3D point clouds with a DT map using a point-to-plane approach.
This method performs geometric alignment and provides 6-DoF global measurements. Experimental results
show that the method achieves higher robustness in environments with significant viewpoint variations.

4.3.6 Suspension Systems
The suspension system is simultaneously influenced by structural mechanics, actuator dynamics,

sensing uncertainty, and control coordination. It is a highly coupled cross-scale dynamic system and exhibits
strong system-level similarity to the integrated control of precision motion platforms, vibration isolation
modules, and equipment in wafer fabs. Recent studies indicate that suspension system research has rapidly
shifted from passive and semi-active designs to active actuation, intelligent control, and DT approaches.
This transition is consistent with the evolution in semiconductor smart manufacturing from static recipe
control to real-time model updating and adaptive optimization. Ref. [283] proposes an interval-based multi-
objective robust design optimization algorithm and applies it to a 15-DOF full-vehicle model under double
lane change maneuvers. A non-probabilistic α-cut interval analysis is adopted. Experimental results indicate
that the optimized suspension parameters effectively mitigate the impact of uncertainty propagation on
vehicle dynamic performance. At the methodological level, this algorithm can be extended to the design and
vibration suppression of AMHS suspension systems in wafer fabs under non-probabilistic uncertainties such
as load variations and track wear.
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Ref. [284] proposes a numerical optimization framework for multi-objective optimization of passive
suspension systems operating on stochastic road profiles. The method integrates the NSGA-II algorithm with
vertical dynamic analysis. For an 8-DOF vertical dynamic system, the approach generates a Pareto-optimal
front that balances ride comfort and safety objectives. This multi-objective Pareto optimization method can
be regarded as a transferable systems engineering tool to support load balancing and vibration suppression
in AMHS systems in wafer fabs. In addition, Ref. [285] proposes a controllable electrically interconnected
suspension system composed of a controllable electrical network and two independent electromagnetic
suspensions. The independent electromagnetic suspensions convert vibration energy into electrical energy. A
2-DOF model is used to analyze the mechanical characteristics of the electromagnetic suspensions, including
damping, stiffness, and inertia. Experimental results confirm that adjusting the resistance in the electrical
network enables real-time tuning of suspension characteristics and improves vertical vibration performance.
This energy conversion and control architecture provides a reference for the design of virtual stiffness and
damping, for example, in vibration isolation and parameter tuning of precision motion equipment in wafer
fabrication, where high-speed, high-precision requirements are required.

Ref. [286] proposes a serial active variable geometry suspension (SAVGS) scheme in which a controlled
single-link active component is connected in series to the upper end of the spring–damper strut in a
conventional double A-arm suspension. The design attenuates high-frequency vertical acceleration and
has the potential to replace conventional anti-roll bars. The approach suppresses high-frequency vertical
vibration through controllable kinematic DOF. This concept can inform the design of vibration-isolation
mechanisms for mobile robotic platforms used in wafer fabrication. In such systems, motion-induced
disturbances can directly affect localization accuracy and overall system reliability.

Continuous damping control (CDC) is an active damper with an adjustable damping coefficient and is
widely used in robotic and manufacturing systems. However, its application in DT systems is limited by high
computational cost and insufficient accuracy. Therefore, Ref. [218] proposes a hybrid model that integrates
a lumped-parameter model with a neural network. The former represents the CDC output damping force
using simplified physical component combinations, while the latter compensates for the nonlinear hysteretic
force that the lumped-parameter model cannot accurately capture. Experimental results indicate that the
output force computed by the hybrid model under random excitation closely matches the measured results.
This modeling approach is consistent with the concept in wafer fabrication of monitoring equipment states
and predicting process outcomes through virtual metrology. In addition, Ref. [287] proposes a semi-active
suspension control system based on a 7-DOF full-vehicle model with four electrorheological dampers. An
LPV fast MPC scheme is adopted to simplify the computation of dissipative constraints and to achieve
balanced control objectives within a very short control period (5 ms). This system exhibits similarity to multi-
DOF vibration isolation platforms used in precision manufacturing equipment, and can serve as a reference
for mitigating multi-directional micro-vibrations in systems such as wafer scanners.

Hub motor electric vehicles experience increased vertical vibration due to the added unsprang mass.
Accordingly, Ref. [288] proposes a self-powered electromagnetic vibration suppression and absorption
system that integrates a magnetorheological damper (MRD) with a linear motor. The MRD is used as the
suspension damper, while the linear motor acts as a linear electromagnetic dynamic vibration absorber. The
system converts vibration energy into electrical energy to power the MRD, enabling self-powered operation.
Particle swarm optimization is used to optimize system parameters. This concept can inform the design
of self-powered condition-monitoring systems for wafer material-handling environments, particularly in
elevated OHT track scenarios where wiring is difficult. The vibration compensation strategy for unsprang
mass can be extended to AMR systems carrying heavy modules for vertical vibration suppression and
transport stability design. In addition, Ref. [314] integrates heterogeneous sensing modalities, including
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stereo vision, GPS, and an inertial measurement unit (IMU), to improve control accuracy, stability, and safety
of active suspension systems. Ant Colony Optimization is applied to finely tune suspension parameters. HIL
simulation results indicate that suspension dynamic deflection is reduced by more than 4%. This control
logic, with state recognition and mode-switching capabilities, can be extended to vibration-suppression
strategies for OHT systems in wafer fabs when traversing tracks with different turning radii, for example, by
switching between speed and damping control modes based on curvature and dynamic state.

4.4 Materials Modeling in Semiconductor Smart Manufacturing
In addition, material problems in advanced processes commonly exhibit multiscale (micro–meso–

macro) and multiphysics coupling. Examples include microstructure evolution, interfacial behavior, and
thermo–mechanical–electrical interactions, which influence process outcomes across different temporal
and spatial scales. However, materials simulations are computationally expensive and are difficult to apply
directly to real-time process control or large-scale parameter exploration. Therefore, recent developments
have shifted MM toward DT and surrogate or reduced-order models, enabling physical consistency while
improving computational efficiency and system integration. The studies discussed in this subsection are
summarized in Table 7. The table classifies the literature according to physical system levels and ESA
functional roles (modeling, diagnosis and prediction, and control and optimization) to illustrate how MM
research supports engineering system analysis in semiconductor smart manufacturing.

Table 7: Materials modeling research supporting ESA in semiconductor smart manufacturing.

Physical/ESA Modeling Diagnosis & Prediction Control & Optimization
Materials [117–132] [133–148] [149–152]

Equipment [160–163] [183–187]
Robots/AMR

OHT/AGV/AMR
Sensor/IIoT

Infrastructure (HPC/Edge/Cloud) [346,347]

4.4.1 Materials Modeling
Data-driven and graph-based modeling approaches are important for linking material microstructures

with macroscopic properties. By representing materials as structural systems composed of nodes and edges,
graph neural networks (GNN) can effectively capture structure–property relationships and demonstrate
strong performance in various material behavior prediction tasks. Compared with purely physics-based
models, these approaches are better suited for integration with DT, as they provide fast, updatable predictions
with limited computational resources, meeting the requirements of real-time operation and scalability in
smart manufacturing.

4.4.1.1 Material Modeling and ESA
Ref. [117] reviews research on the nonlinear mechanics of materials and identifies gaps between

material models used in industry and those in academic laboratories. Ref. [118] indicates that the crystal
plasticity finite element method is powerful for mechanical problems in materials science. It integrates
micromechanical models into a unified plasticity framework to capture multiphysics interactions at the
mesoscale (grain clusters) and microscale (intragranular level). It can address the influence of boundary
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conditions on mechanical response and microstructure prediction. Refs. [117,118,298,299] indicate that the
key challenge of MM is to embed cross-scale material models into engineering decision frameworks that are
predictive and verifiable.

4.4.1.2 Material Microstructure
Synthetic microstructures provide stochastic samples for numerical MM, but they incur high com-

putational cost, low reproducibility, and limited control over sample distributions. Ref. [119] proposes a
DL framework that combines GAN with actor–critic RL to generate three-dimensional microstructures
conditioned on quantities of interest. Experimental results indicate that the error between predicted physical
properties and target values is within 5%. In advanced packaging and interconnect processes, low-k materials
typically exhibit porous microstructures. The approach in [119] can be used to synthesize and optimize
such porous microstructures and to evaluate their structural stability during CMP. In addition, photoresist
stochasticity is a key factor affecting line edge roughness and yield in advanced lithography. The controllable
generation of three-dimensional microstructures demonstrated in [119] can be extended to numerical
modeling and statistical analysis of stochastic photoresist microstructures, providing a tool to assess the
impact of microstructure evolution on process stability.

In addition, Ref. [120] applies next-generation computational materials engineering (CME) to optimize
the physical and thermodynamic properties of Al–Si alloys before actual casting, thereby replacing costly,
time-consuming trial-and-error approaches. CME performs atomistic-scale modeling through simulation,
enabling the integration of experimental and virtual environments. It supports the construction of DT for
production chains and products and enables the embedding of MM into manufacturing decision processes.

4.4.1.3 DT, MM, and Smart Manufacturing
Ref. [74] indicates that DT serves as a dynamic virtual replica of physical materials or processes for

real-time prediction and optimization of material behavior. The virtual model integrates finite element
analysis, phase-field modeling, and molecular dynamics, and is constructed using both physics simulations
and ML models. Furthermore, DT captures complex process–structure–property relationships and monitors
microstructural evolution under loading. For example, the properties and service life of metal additive
manufacturing components are strongly influenced by geometry, microstructure, and defects. Optimiza-
tion of process variables relies on costly and time-consuming trial-and-error approaches. Accordingly,
Ref. [121] proposes a first-generation DT that employs transient three-dimensional models to compute the
spatial and temporal evolution of metallurgical parameters. Experimental results demonstrate that DT can
transform expensive physical experiments into fast and low-cost numerical experiments, thereby reducing
development time.

Only a few commercial alloys can be fabricated by 3D printing into defect-free and structurally stable
components. Component qualification relies on costly and time-consuming trial-and-error approaches.
Accordingly, Ref. [122] integrates mechanistic models, control models, and statistical models to construct
a DT of the printing system to reduce trial iterations and shorten qualification time. In addition, the
performance of a DT depends on high-fidelity digital models and surrogate models. To address the complex
thermophysical evolution in additive manufacturing, Ref. [123] investigates a hybrid DT architecture that
combines physics and AI approaches, including multiscale–multiphysics modeling, surrogate modeling,
and bidirectional communication with closed-loop control. Using laser powder bed fusion (LPBF) as an
example, the study shows that melt pool instability can be predicted by the digital model and mitigated
by adjusting laser power to eliminate defects. Ref. [124] proposes a methodology for constructing DT for
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the LPBF process. The approach uses physics mechanistic models to establish a virtual representation of
the LPBF process as the foundation of DT, and incorporates model uncertainty and process variability. The
performance of DT is validated using data collected from the manufacturing process. The material-centric
DT approaches in [123,124] provide a systematic reference for handling material variability, yield control,
and process optimization in semiconductor manufacturing.

4.4.1.4 GNN Applications in Materials Science
Ref. [76] indicates that atomistic materials science is increasingly adopting advanced ML techniques.

Conventional ML faces limitations when handling complex crystal structures due to incompatibility with
non-Euclidean systems. In contrast, GNN provides strong capabilities in feature extraction, relational
reasoning, and compositional generalization. Accordingly, Ref. [76] presents several GNN-based models,
applied to crystal structure stability prediction, rapid materials screening, and the computation of diverse
optoelectronic and mechanical properties. In addition, atomistic GNN provides high-accuracy and low-
computational-cost property prediction modules that can serve as surrogate models in semiconductor DT.
These modules can be embedded into ESA to enable real-time parameter feedback and serve as a foundation
for metallurgical and electronic properties.

Conventional ML requires manual feature engineering or complex transformations of atomic coordi-
nates. Accordingly, Ref. [133] proposes a crystal graph convolutional neural network (CGCNN) framework
that learns material properties directly from atomic connectivity. The crystal structure is represented as
a crystal graph encoding atomic features and chemical bond interactions. Convolutional layers iteratively
update atomic features by aggregating information from local environments, including neighboring atoms
and bonds, through nonlinear transformations. The model is trained using data from the Materials Project,
covering more than 46,000 diverse inorganic crystals. Experimental results show that CGCNN achieves high
prediction accuracy for eight different crystal properties, with performance comparable to density functional
theory (DFT) calculations.

Ref. [134] proposes a materials graph network (MEGNet) model that enables accurate property
prediction for both molecules and crystals. On the QM9 molecular dataset, MEGNet outperforms previous
ML models on 11 out of 13 property prediction tasks. For 60,000 crystal structures in the Materials Project
dataset, MEGNet achieves higher accuracy than DFT in predicting formation energy, band gap, and elastic
modulus. In wafer fabrication such as chemical vapor deposition and dry etching, material behavior is
strongly influenced by the reaction chamber environment. MEGNet incorporates these physical variables as
global inputs and enables accurate prediction of material stability and electronic properties under specific
process conditions. It can serve as a property prediction module for constructing process DT systems.

Ref. [77] indicates that GNN can process structured representations of chemical molecules. For example,
message-passing neural network architectures convert molecular structures into computational models by
propagating node features (atoms) along edges (chemical bonds) and iteratively aggregating information
from local neighborhoods. This is applied to property prediction, database screening, inverse materials
design, simulation acceleration, and synthesis pathway prediction. Compared with conventional DFT
calculations, GNN can handle compositionally disordered systems, such as high-entropy alloys, and predict
their properties. In wafer fabrication, the chemical structures of photoresists and deposition precursors
directly determine film quality. GNN can automatically learn chemical features and predict thermal stability,
chemical reactivity, and reaction kinetics under specific temperature and pressure conditions, enabling
early-stage evaluation and reducing experimental and computational costs.
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Ref. [135] proposes an extended neural message passing model for predicting the formation energy of
molecules. The model employs an edge-update network, in which the information exchanged between atoms
depends on the receiving atom’s state. The model is evaluated on the QM9, Materials Project, and OQMD
datasets and demonstrates superior prediction accuracy compared to existing state-of-the-art methods. In
addition, existing atomistic GNN models rely on interatomic distances and neglect bond-angle effects. Many
material properties, such as band gaps, are highly sensitive to small variations in bond angles. Accordingly,
Ref. [136] proposes an atomistic line graph neural network that performs message passing on both the atomic
bond graph and its corresponding line graph, which encodes bond-angle information. In the line graph,
nodes represent chemical bonds and edges represent the angles between bonds. By alternating convolution
operations on the bond graph and the line graph, angular information is efficiently incorporated into atomic
representations. In semiconductor materials, small geometric distortions (strain) induced by processes can
directly alter the band structure. ALIGNN can predict band-gap shifts induced by process-related stress
and serve as a reference for DT device performance modeling and automated parameter optimization in
wafer fabrication.

4.4.1.5 Microscopic Materials and Polycrystalline Silicon
Ref. [78] indicates that AI and ML play central roles in property prediction, materials design, and

large-scale data analysis, and emphasizes that physics mechanistic models are important for developing
AI surrogate models. Porous materials, such as metal–organic frameworks, piezoelectric poly (vinylidene
fluoride) (PVDF), and 3D-printed metamaterials, are representative cases of materials informatics applied
to the design of micro- and angstrom-scale structures. For example, in MOF, ML is used to screen structures
with target adsorption or catalytic properties from large candidate spaces. This materials informatics
paradigm, combining physics models with AI surrogate models, can serve as a framework for material
structure search, property prediction, and rapid evaluation of process parameters in wafer fabrication. For
polycrystalline silicon, the high degrees of freedom in the microstructure and the wide range of length scales
make pure physics simulations insufficient for exploration under process-iteration constraints. Therefore,
materials informatics also employs GNN to perform relational reasoning and interpretable feature extraction
for polycrystalline microstructure characterization.

Within the materials informatics framework, ML is used to establish structure–property relationships
between microstructures and effective properties, providing a foundation for handling polycrystalline
systems with higher DOF. For example, Ref. [137] employs a three-dimensional CNN to link material
microstructures with their effective properties. The 3D CNN automatically learns salient features from
microstructures and uses them to estimate higher-order spatial correlations. Experimental results demon-
strate that this approach learns interpretable structural features and improves prediction accuracy for
unseen microstructures.

Properties of polycrystalline materials are often described using statistical representations or image
methods, which do not account for physical interactions between neighboring grains. Accordingly, Ref. [127]
proposes a GNN model that transforms polycrystalline microstructures into graph embeddings. The
embeddings are connected to target properties via a feedforward neural network (FNN) that incorporates
intergranular interactions. The model provides high interpretability and enables quantitative analysis of the
contribution of grain-level features to the overall material properties.

Grain boundaries have five macroscopic geometric DOF. Together with temperature and composition,
they form a seven-dimensional space that is difficult to model. Ref. [125] proposes a data-driven approach
combining a genetic algorithm (GA) with a DNN to construct grain boundary property maps. The GA
is used for variable selection to identify the most influential geometric features among many candidates.
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The DNN evaluates grain boundary properties over millions of geometric configurations. Experimental
results indicate that the model accurately predicts the distribution of grain boundary properties in the seven-
dimensional space. In wafer fabrication, conductive and structural materials, such as metal interconnects and
polycrystalline thin films, are also polycrystalline systems strongly governed by grain boundary behavior.
Models that describe grain boundary property distributions in the space of temperature, composition,
and geometric DOF are structurally consistent with the materials–process–reliability analysis framework
commonly used in semiconductor engineering.

4.4.1.6 High-Performance Materials
High-performance materials, such as titanium alloys, stainless steels, and specialized synthetic materials

(e.g., Teflon), require specific heat treatment, pressure, and processing parameters and are more difficult
to process than conventional materials. Ref. [79] indicates that smart manufacturing can rapidly adapt to
the unique processing requirements of advanced materials. Conventional robotic systems require manual
error correction and reprogramming, whereas smart manufacturing enables automatic implementation of
design changes through interconnected systems. In addition, intelligent technologies accelerate simulation
and experimental validation, reducing the development-to-testing cycle. In wafer fabrication, materials
must withstand extreme chemical corrosion, temperature, and pressure conditions. The real-time feedback
and microstructure adjustment of smart manufacturing ensure stable material performance under complex
operating environments.

In smart manufacturing, the processing of high-performance materials involves highly complex,
high-dimensional process and material parameter spaces, making real-time decision-making and rapid
convergence critical challenges. Although process conditions can be dynamically adjusted, decision perfor-
mance depends on a computable description of material microstructure–property relationships. For this
purpose, Ref. [126] proposes a predictive ML framework that reduces high-dimensional microstructure
search spaces using data-driven methods, providing a computational basis for material design and process
decision-making in smart manufacturing. Due to the high dimensionality of microstructure spaces, conven-
tional optimization methods are inefficient and often fail to achieve optimal solutions. Ref. [126] uses the
magneto strictive Fe–Ga alloy (Galfenol) to demonstrate the application of predictive ML to microstructure
optimization and materials design. This framework includes random data generation, feature selection,
and classification algorithms. Experimental results indicate highly efficient search space reduction, with the
search range of some variables reduced by up to 99%.

4.4.2 Multiscale Simulation
In wafer fabrication, reliability and performance degrade due to cross-scale coupling effects. For

example, in electronic packaging interconnect materials, such as solder, intermetallic compounds, and
interfaces, reliability is jointly governed by angstrom-scale defects (vacancies, dislocations, and grain
boundaries), microstructural evolution (grain growth, phase transformation, and accumulated plasticity),
and macroscopic temperature and stress fields in the package structure. Under temperature fluctuations
and power cycling, these effects manifest as thermomechanical fatigue. Therefore, the value of multiscale
modeling lies in propagating microscale material properties to macroscale structural responses and estab-
lishing a computable and transferable information chain. For example, microscale models can be used to
derive effective constitutive parameters or fatigue damage parameters, which are then incorporated into
package-level FEM simulations.
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In addition, multiscale simulation results can be used for engineering decisions and risk management.
For example, multiscale multiphysics simulation can be embedded into DT frameworks and integrated
with sensing and process data. AI surrogate models can accelerate microscale computations, enabling real-
time lifetime monitoring, predictive maintenance, and parameter optimization. This approach transforms
the cross-scale causal chain of materials–structure–process interactions into a continuously operating
closed-loop decision engine, thereby supporting reliability, yield, and life-cycle resilience in semiconductor
smart manufacturing.

4.4.2.1 Angstrom-Scale Defects, Diffusion, and Sintering
As process technology advances below the 5 nm node, local material behavior in solder joints and

intermetallic compounds used in advanced 3D packaging and chip stacking is increasingly governed
by angstrom-scale physical effects, including size-dependent discontinuities and microscopic degradation
mechanisms, posing major challenges to system reliability. Conventional models based on macroscopic
material parameters exhibit reduced predictive accuracy at the angstrom-scale. Accordingly, Ref. [129]
employs MD simulations to analyze the thermomechanical properties of Sn–Ag–Cu (SAC) lead-free solder
at the angstrom-scale. The simulations use a modified embedded-atom method (EAM) potential and
investigate SAC105, SAC205, SAC305, and SAC405 alloys with varying silver content. The results indicate
that increasing silver content enhances the uniaxial tensile strength and elastic modulus of SAC solder at
the angstrom-scale. The coefficient of thermal expansion also increases, while fracture strain (ductility) and
thermal conductivity decrease. The accuracy of the modified EAM potential parameters is validated. These
results provide a physical basis for the design and manufacturing of angstrom-scale interconnect components
in electronic packaging.

Ref. [128] employs MD simulations based on EAM to investigate the pressure less sintering kinetics
of silver nanoparticles with sizes ranging from 4 to 20 nm. The sintering process can be divided into three
main stages. The study indicates that pore geometry significantly affects the onset of densification and
the densification rate in the first two stages. These effects are further influenced by sintering temperature,
surface diffusion, grain boundary diffusion, and plastic deformation. Accordingly, the study develops a
linearly scalable parallel MD code for simulation. The results resolve limitations of conventional microscale
sintering theories in accurately predicting angstrom-scale behavior. The angstrom-scale sintering kinetics
model established in this study provides a foundation for subsequent multiscale investigations that link
process parameters with joint structure evolution.

Nanostructured copper is an ideal interconnect material for wide bandgap (WBG) semiconductors due
to its high melting point, low cost, and high thermal conductivity. It enables low-temperature packaging
and high-temperature operation. Accordingly, Ref. [130] employs MD simulations to study the sintering
mechanisms of nanostructured copper and the subsequent mechanical behavior. The simulations use an
EAM potential to accurately describe interatomic interactions in copper. Five models combining nano
spherical and nanoflake structures are constructed to analyze the effect of geometry on sintering. Pressure less
sintering is simulated in the temperature range of 500–650 K. The results indicate that mechanical properties
increase with sintering temperature. Strength can be further enhanced by adjusting material composition,
such as incorporating nanoflake structures.

WBG semiconductor devices operating at high temperatures can induce ratcheting in conventional sol-
der joints, leading to packaging failure. Accordingly, Ref. [138] employs two viscoelastic constitutive models
to predict ratcheting behavior in sintered nano silver lap shear joints. Experimental results indicate that the
viscoelastic model with the Ohno–Wang and Armstrong–Frederick (OW–AF) hardening rules outperforms
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the Anand model in predicting ratcheting behavior, particularly in capturing complex stress–strain responses
at elevated temperatures.

Conventional shear or tensile tests for nano silver thin films suffer from limited alignment accuracy,
difficulty in controlling thickness due to solvent evaporation, and a large strain-rate mismatch between
nanoindentation and uniaxial testing. Accordingly, Ref. [131] proposes a nanoindentation analysis method
and introduces a rate factor to bridge the data gap between indentation tests and uniaxial tensile tests.
Experimental results indicate that the rate factor can convert indentation strain rates into corresponding
uniaxial strain rates, effectively reducing the discrepancy between the two by up to two orders of magnitude.

Silicon carbide (SiC) devices can experience a mismatch in thermal expansion coefficient between the
chip and the substrate. Under power cycling loading, this mismatch induces fatigue cracking in sintered silver
interconnect layers. Accordingly, Ref. [139] combines FEM with a fracture phase-field method to simulate
crack initiation and propagation. The simulations indicate that fatigue cracks initiate at the chip-side corners
and propagate toward the center until forming through-thickness cracks. These results support reliability
optimization of die-attachment structures.

Random microporous structures generated during sintering of nano silver paste affect the mechanical
strength, thermal conductivity, and fatigue life of nano silver joints. Conventional homogenization models
cannot capture these effects. Accordingly, Ref. [140] uses a Gaussian random field to automatically generate
stochastic microporous geometries and applies a phase-field method to simulate crack initiation and
evolution under thermomechanical conditions. The simulation results are highly consistent with experi-
mentally observed cracking behavior and enable the prediction of fatigue failure in the sintered layer under
thermal cycling.

High-temperature cycling in WBG semiconductors can induce thermomechanical fatigue failure in
sintered silver interconnect materials. Accordingly, Ref. [141] integrates insulated-gate bipolar transistor
(IGBT) chips using sintered silver onto multiple substrates, including printed circuit boards, insulated metal
substrates (IMS), copper lead frames, and direct-bonded copper. The assemblies are evaluated using a
combination of active power cycling tests, passive temperature cycling tests, and FEM. Experimental results
indicate that the copper lead frame substrate exhibits the highest risk of delamination in the sintered layer,
consistent with simulation results. Two failure mechanisms are observed, including wire bond lift-off and
die-attach degradation.

4.4.2.2 Multiscale Coupling and Multiphysics
MD simulations exhibit low computational efficiency when modeling large spatial domains and long-

time scales in fluid systems. Conventional continuum mechanics also becomes invalid at the angstrom-scale
due to molecular effects. Multiscale approaches that couple MD with the Navier–Stokes equations are
complex and may introduce interfacial noise or violate conservation laws. Accordingly, Ref. [132] proposes
dissipative particle dynamics as a mesoscale simulation method that bridges microscopic MD and macro-
scopic continuum fluid dynamics. The method is validated by reproducing known polymer scaling laws and
by accurately simulating polymer chain behavior in dilute solutions. In addition, Ref. [346] proposes an open-
source, highly modular, and future-proof software architecture named Cactus. The framework emphasizes
abstract mechanisms for parallelization, data exchange, and module management to support cross-platform
execution and co-simulation of multiphysics modules. Although the system is not specifically designed for
materials or semiconductor process simulation, its modular design and multiphysics integration principles
provide an important systems engineering reference for the development of multiscale and multiphysics
simulation frameworks.
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Developing multiphysics and multiscale simulations faces challenges in coupling heterogeneous com-
putational models, high replacement costs of sub models, and frequent interface modifications across
different spatial and temporal scales. Accordingly, Ref. [347] proposes a coupling framework, the distributed
spatiotemporal coupling library, based on the complex automata paradigm and agent technologies. Each
sub-simulation model is encapsulated as an independent software agent using Java Agent Development
Framework middleware. Experimental results demonstrate that the platform enables the coordinated
operation of multidisciplinary models spanning physics, biology, and biochemistry across different spatial
and temporal scales. This software architecture–centric coupling approach provides a reusable system
design paradigm for subsequent multiscale and multiphysics simulation systems, including materials and
process simulations.

4.4.3 Surrogate Model
In ESA, materials surrogate models serve as computational interfaces between high-fidelity material

physics and system decision, enabling the integration of material behavior into closed-loop DT systems.
From a DT perspective, real-time process-side decisions, such as reliability risk assessment of packag-
ing and interconnects, parameter adjustment, and maintenance scheduling, are often constrained by the
computational latency of multiscale and Multiphysics material models that incorporate microstructure
evolution, thermo-Elastoplast city, and damage. Therefore, surrogate models are required to provide near
real-time predictive feedback. In addition, the training pipeline of surrogate models must be engineered.
This includes data acquisition (experimental design and simulation sampling), model training, validation,
and deployment, forming a traceable, maintainable, and modular workflow. Such a framework enables
continuous updating and reliable operation across different material systems, process windows, and even
varying equipment or batch conditions.

Further, treating surrogate model training as an integral part of a digitalized workflow, rather than as
a one-time research task, is critical for smart manufacturing. Conventional finite element analysis (FEA) is
computationally expensive when modeling complex, randomly distributed two-phase microstructures, due
to the need for large representative volume elements. Accordingly, Ref. [142] proposes a hybrid approach
combining supervised ML with FEA. A microstructure generation algorithm is used to produce random
two-phase structures with varying volume fractions, size distributions, and morphologies. FEA is performed
to compute elastic modulus, Poisson’s ratio, and phase stress as ground truth data. After extracting key
geometric features, ANN and ensemble forest methods are trained. The results indicate accurate prediction
of homogenized linear elastic properties.

Full-field simulations can capture the linkage between microstructure and material properties but
incur high computational cost. Accordingly, Ref. [143] proposes a method that integrates Gaussian process
regression from ML to predict unknown responses, including their uncertainty, and to enable selective
execution of full-field simulations in regions with high model uncertainty, thereby improving computational
efficiency. The method is evaluated on a dataset of 1100 synthetic two-phase microstructures. The results
indicate that the approach can identify microstructures that maximize target properties within the dataset
using only a small number of full-field simulations.

Polycrystalline materials, such as steels, incur extremely high computational costs when high-resolution
simulations of mechanical behavior are performed using conventional numerical methods, such as spectral
methods or FEM. Accordingly, Ref. [144] proposes a CNN based on a U-Net architecture. Numerical
methods are used to solve boundary-value problems for polycrystalline microstructures under quasi-static
uniaxial loading, and the resulting von Mises stress fields serve as reference models for training the CNN.
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Experimental results demonstrate that the trained CNN predicts stress fields approximately 500 times faster
than conventional spectral methods.

Existing CNN surrogate models for microstructure analysis often cannot simultaneously incorporate
structural geometry and diverse material property information as inputs. Accordingly, Ref. [145] proposes
a method that encodes material properties into microstructure images. The properties of each phase are
transformed into higher-order tensors and combined with grayscale microstructure images, enabling the
model to capture the spatial distribution of material properties. Evaluation on 5000 test samples within the
training domain indicates that 96% of predictions achieve an absolute percentage error below 5%.

Conventional high-resolution simulations are computationally inefficient for evaluating the effective
mechanical properties of periodic composite materials. Accordingly, Ref. [146] proposes a CNN surrogate
model that represents periodic unit-cell structures using binary bitmap images. A multilayer neural network
is used to establish a nonlinear mapping from structural pixel data to mechanical properties. The trained
surrogate model enables rapid evaluation of mechanical properties and can serve as an alternative to
conventional full-field simulations. Experimental results indicate that the optimal structures identified by the
surrogate model exhibit mechanical performance highly consistent with solutions obtained from traditional
topology optimization methods, such as the solid isotropic material with penalization approach. This study
demonstrates that CNN surrogate models can provide a fast alternative to high-resolution simulations. The
image structural representation and homogenization prediction framework offer a reference methodology
for developing material surrogate models in semiconductor packaging and process DT systems.

ANNs in MM often lack physical consistency, leading to poor extrapolation and predictions that
may violate physical laws. Accordingly, Ref. [147] proposes an elastoplastic neural network as a surrogate
model for classical elastoplastic constitutive relations. This method replaces traditional yield functions,
plastic potentials, and flow rules with more flexible algorithmic representations and incorporates physical
constraints into the loss function during training. Experimental results demonstrate that this method out-
performs a CNN in predicting sand behavior with different initial densities under unseen strain-controlled
loading paths.

In many complex systems, spatiotemporal data of pressure or temperature can be observed, but the
underlying governing physical laws remain unknown. In addition, differentiation of spatial and temporal
observational data is highly sensitive to noise, with small measurement errors being significantly amplified
during differentiation, leading to model instability. Accordingly, Ref. [148] proposes Deep Hidden Physics
Models that directly identify unknown nonlinear partial differential equations as the governing dynamics
from sparse, potentially noisy spatiotemporal observations. Experimental results indicate that the models
can accurately reconstruct the underlying dynamics and forecast future system states.

4.4.4 Materials Simulation under Variations
Process variations affect chip performance, power consumption, yield, and reliability. Variations typ-

ically manifest at multiple scales, including within-wafer, wafer-to-wafer, within-lot, and lot-to-lot. These
variations originate from stochastic deviations in key process parameters, such as lithography, etching, thin-
film deposition, and doping, and directly induce shifts in electrical parameters, including threshold voltage,
channel length, and channel width. In addition, re-entry, multi-product, large-scale equipment fleets, and
long process sequences introduce coupled effects from equipment heterogeneity, drift, failures, measurement
errors, and scheduling variations. These factors impact system stability, traceability, and productivity. In
ESA, material and process models must address interactions among variations, spatiotemporal correlations,
and multi-source uncertainties to serve as closed-loop decision components in DT systems. Material
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uncertainty and equipment variability must be integrated into a unified system framework. Besides, real-time
variation management strategies must be supported by quantifiable robustness metrics, including sensitivity
to variation, risk boundaries, and feasible process windows. These conditions can advance wafer fabrication
toward next-generation smart manufacturing.

4.4.4.1 Incorporating Materials Physics into Process Simulation
When accurate and timely prediction of wafer surface geometry and composition evolution is lacking,

chip and process development cycles are significantly prolonged. Accordingly, Ref. [160] proposes a virtual
fabrication framework that integrates physically based models with topography simulation frameworks. The
framework employs ballistic transport and reaction models to simulate transport and reaction kinetics at
submicron feature scales, covering deposition, etching, flow, and planarization processes. Feature-scale sim-
ulation serves as a natural coupling point between atomistic and equipment-scale models, improving process
predictability and enabling realistic simulation for process development and complex device manufacturing.
Modern virtual fabrication systems are evolving toward comprehensive DT architectures, and topography
simulation is a key technology for mapping equipment parameters to physical wafer states.

In lithography processes, stochastic disturbances and drift arising from equipment, materials, and
environmental variations lead to deviations in the critical dimension and sidewall angle of photoresist
patterns from their target values, as well as print bias between isolated and dense lines. Accordingly, Ref. [149]
proposes three run-to-run (R2R) feedback controllers combined with a Kalman filtering scheme to estimate
and compensate for process disturbances. Focus is introduced as an additional control input, enabling
a multi-input multi-output control architecture. Simulation results demonstrate that these controllers
effectively reduce the adverse impact of disturbances and print bias. By incorporating geometric quality
metrics from lithography simulation into R2R control, this approach represents an early paradigm of a
simulation–control closed loop.

Wafer fabrication faces challenges due to cross-wafer critical dimension non-uniformity, leading to
variations in device performance, power consumption, and yield. Accordingly, Ref. [150] proposes a method
that compensates for systematic critical dimension variations by adjusting the temperature distribution in
the post-exposure bake step of the lithography process. The method leverages the higher spatial control-
lability of the lithography step to compensate for deviations introduced by downstream plasma etching
processes, where spatial control is limited, such as etch-loading effects. Experimental results show that the
temperature-to-offset model has higher fidelity and transferability and is better suited for critical dimension
uniformity control.

In wafer fabrication, the interactions among etching, deposition, and CMP steps are difficult to
predict. Accordingly, Ref. [161] proposes a feature-scale 2D physics simulator based on contact mechanics
and integrates it into a process topography simulation environment. The model accounts for pad surface
roughness and elastic deformation to compute pressure distribution and incorporates the Preston equation to
determine the local material removal rate. The simulator supports multi-line two-step polishing simulations
using different pads, slurries, and process parameters. The approach is validated by simulating barrier-layer
deposition in oxide trenches and copper overfill processes, demonstrating the integration of the topography
simulation module with the CMP module.

In wafer fabrication, plasma etching process development relies on time-consuming, costly manual
trial-and-error design of experiments, while conventional technology computer-aided design simulations
incur high computational costs. Accordingly, Ref. [162] proposes a high-efficiency process workflow that
integrates 3D plasma physics simulation with ML for mechanism calibration and etch profile optimization.
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Neural networks are used to generate samples and predict etch depth, critical dimension, and profile under
different process conditions. Optimal physical parameters are rapidly identified based on target etching
outcomes, enabling accurate model calibration. In addition, a 3D plasma etching physical model for shallow
trench isolation is developed. Experimental results indicate a reduction in prediction time, with calibrated
model achieving relative errors below 7%.

4.4.4.2 Incorporating Materials Physics into Process Simulation
In wafer fabrication, high production volume and high cost prevent full wafer or die-level quality

measurement for every unit. Accordingly, Ref. [163] proposes a probabilistic virtual metrology model
that integrates CNN with Gaussian process regression (GPR). CNN is used to extract key features from
large-scale raw sensor data, which are then fed into the GPR model. The Bayesian formulation of GPR
captures process stochasticity and its relationship with quality variables, providing both predictive mean
and quantified uncertainty. Experimental results demonstrate that the proposed model effectively handles
large-scale datasets and achieves a better balance between efficiency and prediction accuracy.

In CMP, the complex interaction between chemical and mechanical effects makes accurate prediction
of the MRR challenging. Accordingly, Ref. [183] proposes a physics-informed multi-task learning (PI-MTL)
model that integrates physical constraints into a CNN. This model is used to learn shared representations
in the network’s early layers. By learning multiple targets, the model captures interactions in the feature
space. Domain-specific physical laws are incorporated into the DL model as constraints to guide learning.
Experimental results indicate that auxiliary tasks improve the accuracy of the primary task. In addition,
in plasma etching processes, optical emission spectroscopy (OES) data are high-dimensional and large-
scale, causing conventional methods to lose critical physical information and reduce prediction accuracy.
Accordingly, Ref. [184] proposes a novel VM method based on singular value decomposition (SVD). The
wafer OES matrix signals are flattened into a single long vector, and SVD is applied to the training set to
obtain low-rank projection features, which are used as inputs to ridge regression. The method is evaluated
using real plasma etching datasets with five-fold cross-validation. The results show that SVD-based OES
features consistently outperform baseline VM models that use selected wavelengths or spectral bands across
all evaluation metrics.

Conventional wafer geometric quality metrics, such as total thickness variation, bow, and warp, cannot
fully capture intra-wafer local variations and provide limited support for process improvement. Accordingly,
Ref. [185] proposes a hierarchical statistical model that uses 2D data maps to characterize wafer geometry
and thickness variation. The model decomposes wafer thickness variation into macro-scale and micro-scale
components. The macro-scale mean trend is modeled using a cubic function. The micro-scale local variation
is modeled using a first-order intrinsic Gaussian Markov random field. The effectiveness of the method is
demonstrated through a real-world case study in a wafer fab.

In wafer fabrication, defect clustering leads to inaccurate predictions in conventional yield models.
Accordingly, Ref. [186] proposes a yield model based on hierarchical Bayesian modeling that incorporates
the spatial distribution of defects on wafers. Spatial coordinates on the wafer are used as covariates to
construct four regression models, including Poisson, negative binomial, zero-inflated Poisson, and zero-
inflated negative binomial. A hierarchical Bayesian framework is employed to introduce random effects,
enabling the model to capture both intra-wafer spatial characteristics and wafer-to-wafer variations in defect
distributions. The model is validated using real wafer map datasets. The results show that these regression
models provide more reliable and accurate yield estimation and prediction.
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Conventional semiconductor yield models often suffer from degraded prediction performance due
to violations of model assumptions, such as normality and independence, arising from non-normal data
distributions and hierarchical correlations. Accordingly, Ref. [187] proposes the generalized linear mixed
models for yield prediction. The study compares two approaches, batch-specific and population-averaged,
and evaluates the effects of different link functions, sample sizes, and levels of data aggregation, including
chip-level and wafer-level models, on prediction performance. Validation using yield datasets indicates
superior predictive performance compared with conventional generalized linear models and previously
reported models.

4.4.5 Data-Driven Reinforcement Learning
In wafer fabrication, materials evolve as dynamic systems under external process conditions. The role of

data-driven RL is not to construct predictive models of material properties, but to couple material evolution
with process decision and formulate the problem as a Markov decision process. Under the influence of
temperature, pressure, plasma power, gas flow rate, and time, the system state interacts iteratively with control
actions to learn an optimal policy that guides material states along desired evolution trajectories. Data-driven
RL transforms material evolution from a static property-prediction problem into a dynamic optimal-
control problem and enables policy learning under multi-step decision-making and delayed feedback. When
material models are integrated with process DT systems to form real-time feedback loops, RL can further
serve as the decision core for cross-scale process control. Material behavior is analyzed and actively optimized
through data-driven control policies as an engineered system. However, the application of RL in materials
and process systems requires that material models can be evaluated rapidly and repeatedly. Conventional
DFT provides high accuracy but incurs prohibitive computational cost, making it unsuitable for multi-step
decision and policy search. Accordingly, Ref. [152] proposes a neural network representation for constructing
DFT potential energy surfaces, where the energy and atomic forces are expressed as functions of atomic
positions. The model is validated using bulk silicon, demonstrating computational speeds several orders of
magnitude faster than conventional DFT, while achieving higher accuracy than empirical potential models
and maintaining close agreement with DFT results. This acceleration provides the computational foundation
for repeated policy evaluation and closed-loop decision.

Conventional materials development relies on intuition and trial-and-error. It is inefficient when dealing
with complex chemical compositions and large combinatorial design spaces. Accordingly, Ref. [151] proposes
an adaptive design strategy tightly coupled with experiments to reduce the search space through sequential
guidance. The study focuses on nickel–titanium-based shape memory alloys and establishes a closed-loop
iterative system that integrates ML regression models, uncertainty estimation, and experimental feedback.
Alloys selected during the experimental process outperform randomly selected candidates. This framework
shows that materials discovery can be formulated as a sequential closed-loop iteration driven by uncertainty-
guided exploration and experimental feedback, establishing a prototype of materials systems as interactive
decisions. When these models are embedded in process DT systems with real-time feedback loops, RL can
optimize policies across cross-scale material–process systems. Material behavior can be actively controlled
through data-driven strategies as an engineered system.

4.5 High Performance Computing and Smart Manufacturing
In wafer fabs, equipment and sensors generate massive, high-frequency time-series data every second.

This imposes bandwidth limitations and communication latency on conventional cloud computing for real-
time quality control and robotic coordination. Edge computing addresses this limitation by performing
preprocessing and real-time inference at the data source, shifting computation to the network edge, and
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enabling millisecond-level response times for critical process parameters and predictive maintenance. This
transition drives smart manufacturing from centralized control systems toward distributed architectures
composed of HPC, cloud manufacturing, and edge intelligence. However, edge computing alone is insuffi-
cient for large-scale optimization across multiple fabs, which requires a cloud–edge–end architecture. End
devices are responsible for data acquisition; the edge layer performs real-time decision-making and model
compression optimization; and the cloud leverages HPC for large-scale data analytics and global model
training. The deep integration of HPC with AI/ML relies on specialized hardware accelerators to overcome
the memory wall. This integration ensures efficient execution and energy sustainability of complex DL
models. The studies discussed in this subsection are summarized in Table 8. The table classifies the literature
based on physical system levels and ESA functional roles, including modeling, diagnosis, and prediction, and
control and optimization, to illustrate how HPC, edge computing, and cloud-based infrastructures support
ESA in smart manufacturing.

Table 8: HPC, edge, and cloud computing research supporting ESA in semiconductor smart manufacturing.

Physical/ESA Modeling Diagnosis & Prediction Control & Optimization
Materials [153]

Equipment
Robots/AMR

OHT/AGV/AMR
Sensor/IIoT [315, 316] [326–329] [333–336]

Infrastructure (HPC/Edge/Cloud) [348–353] [361–365] [367–375]

4.5.1 High Performance Computing for DT
In smart manufacturing, DT and cloud–edge architectures serve as surrogate models that connect phys-

ical systems with virtual representations. These systems rely on HPC for large-scale parallel computation to
support real-time simulation and complex what-if scenario analysis. In wafer fabrication, HPC-enabled DT
architectures allow engineering systems to identify subtle defects in virtual environments and autonomously
optimize process parameters. This enables a transition from reactive operations to proactive, intelligent
decision-making. With the adoption of extreme ultraviolet (EUV) lithography, feature sizes have scaled to
the nm regime. Conventional scanning electron microscopy inspection requires comparison with large-
scale design layout data and suffers from a shortage of defect samples for training ML models. Accordingly,
Ref. [315] proposes an unsupervised learning method based on autoencoders. These images are decomposed
into multiple sub-patterns, compressed into low-dimensional latent vectors using an autoencoder, and
then reconstructed. A discrepancy index between the input and reconstructed images is used as the
detection criterion, where large discrepancies indicate anomalies. The method effectively handles large-
scale image data generated by high-throughput, high-speed inspection and captures subtle variations in
process conditions.

DL imposes excessive computational demands on embedded hardware, resulting in inefficient deploy-
ment in production lines. Accordingly, Ref. [367] proposes a cloud–edge computing architecture. The
framework employs CNN to integrate defect localization and classification within a unified network,
enabling robust detection under complex backgrounds and of micro-scale defects. Edge computing provides
high-throughput processing capability near the data source to mitigate latency constraints. The cloud layer
is responsible for large-scale data storage and continuous model training and updating. Experimental
results indicate high-accuracy detection within a very short response time and outperform conventional
image classification methods. In addition, Ref. [368] integrates cloud computing and DL to establish a
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DT framework for structural health monitoring. The architecture integrates physical structures, device-
level measurements, and digital models to enable real-time monitoring. Cloud computing infrastructure
and web-based applications are employed to enhance data interaction among physical structures, digital
models, and human intervention. A fog computing layer is deployed to reduce the digital model’s data
volume and computational demand. Experimental results indicate a detection accuracy of 92% in damage
identification. Besides, Ref. [348] proposes a high-precision, HPC-driven DT architecture that transforms
HPC from offline simulation to a dynamic workflow. Tasks are dynamically allocated to edge, cloud, or
HPC resources based on urgency and computational requirements. Experimental results show that the
architecture achieves near-ideal strong scaling performance within practical resource limits when processing
compute-intensive workflows, enabling DT to become more intelligent, responsive, and capable of handling
highly complex systems.

Modern cloud data centers must handle increasingly complex, compute-intensive workloads, including
DL, scientific computing, and big data analytics. Accordingly, Ref. [369] introduces the NVIDIA A100 GPU,
based on the Ampere architecture, as a flagship hardware solution that delivers extreme performance and
scalable flexibility. Validation results demonstrate that, in molecular dynamics, physics, and engineering
sciences, the A100 achieves performance improvements of 1.5× to over 2× compared to the V100 GPU,
and accelerates DL models for electronic design automation (EDA), photolithography simulation, and
wafer defect inspection. In addition, HPC, AI, and data analytics workloads impose increasing demands
on computational throughput, memory bandwidth, and data locality. Accordingly, Ref. [370] introduces
the H100 Tensor Core GPU based on the new Hopper architecture. A dedicated DPX instruction set
is introduced to accelerate inner-loop computations in complex algorithms. Within the existing CUDA
hierarchy of threads, thread blocks, and grids, a new Thread Block Cluster level is added to improve data
locality. Through hardware–software co-design innovations, including the introduction of a cluster-level
hierarchy and asynchronous execution units, the H100 effectively addresses locality optimization challenges
associated with scaling hardware resources.

4.5.2 Cloud HPC and Resource Scheduling
Smart manufacturing is a highly coupled engineering system spanning materials, equipment, and

production lines. It involves multi-level decision-making, heterogeneous resource allocation, and dynamic
data-flow control. Cloud computing and HPC provide the core capabilities to ensure system computabil-
ity and schedulability. Manufacturing resources, including equipment, capabilities, knowledge, and data,
can be encapsulated as callable cloud services through virtualization and service mechanisms, enabling
dynamic allocation and sharing under the Everything-as-a-Service (XaaS) paradigm. HPC supports large-
scale process simulation, production scheduling optimization, and multi-scenario what-if analysis, thereby
determining system response time and decision quality. Meanwhile, IIoT connects equipment and sensors,
generating high-frequency, large-volume time-series data streams. If processed only at edge nodes, data
are constrained by computational capacity and memory. If fully transmitted to the cloud, they are subject
to bandwidth constraints and latency. Therefore, distributed computing architectures and cloud resource
scheduling are introduced. Wafer fabrication involves thousands of highly coupled steps, where any schedul-
ing or parameter adjustment affects the entire system. Cloud HPC and resource scheduling enable timely
global optimization, including complex rescheduling, process window simulation, yield prediction model
training, and multi-scenario what-if analysis. By leveraging cloud HPC, wafer fabs can achieve real-time
updates and dynamic simulation of DT, advancing smart manufacturing to the next level.

With the expansion of global IC foundry outsourcing and increasing product complexity, brand
companies require robust platforms to manage dynamic variations. Although TSMC has developed the
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eFoundry service, some companies lack the capability to build such large-scale systems and therefore rely
on cloud manufacturing as an alternative. Accordingly, Ref. [371] proposes a Software-as-a-Service (SaaS)
cloud architecture for the semiconductor industry, which virtualizes and services resources to enable more
flexible global coordination. A case study demonstrates that cloud manufacturing can be effectively applied
to outsourced processes, including wafer fabrication, packaging, and testing.

Wafer fabrication generates large volumes of heterogeneous data with diverse formats and high
complexity, making integration and analysis challenging. Accordingly, Ref. [372] proposes a cloud-based big
data lake architecture that includes a standardized pipeline for automated ingestion, processing, and storage
from multiple data sources. The architecture stores large-scale, multi-source data in raw and fine-grained
formats. It supports advanced analytics, process optimization, and predictive maintenance. In addition,
cloud manufacturing cannot provide services effectively if it fails to sense and connect underlying physical
resources. Accordingly, Ref. [334] proposes an IIoT cloud architecture that leverages Radio Frequency
Identification (RFID), embedded systems, and various intelligent sensors to transform physical equipment
and software systems into identifiable and connected digital nodes. The architecture adopts a five-layer design
comprising the resource layer, perception layer, network layer, service layer, and application layer, covering
hardware, computational, and intelligent resources. A case study on machine tools demonstrates that IIoT
can connect underlying resources with cloud platforms and enable automated equipment management
and control.

In cloud manufacturing, a granularity gap exists between distributed, heterogeneous physical resources
and complex requirements. Resource providers and users describe functional characteristics at differ-
ent levels of granularity, ranging from fine-grained parameter control of equipment to coarse-grained
scheduling. Accordingly, Ref. [349] proposes a multi-granularity resource virtualization and sharing strategy
that includes resource aggregation functions and clustering algorithms. Experimental results indicate that
the strategy improves resource utilization and provides a more robust foundation for resource discovery
and selection. In addition, many cloud systems adopt proprietary architectures tied to specific vendors,
resulting in high switching costs and complex migration processes when enterprises operate across different
business stages or environments. Accordingly, Ref. [373] proposes a Hybrid Manufacturing Cloud archi-
tecture that supports three deployment models: private, community, and public clouds. The architecture
allows enterprises to define customized access control policies for each resource, preventing unauthorized
access. A feasibility study conducted on a group of enterprises with complex resource access requirements
demonstrates that the system can effectively handle complex authorization constraints.

4.5.3 Hybrid Models
Wafer fabrication spans plasma physics, heat transfer, and material phase transitions, as well as

scheduling, quality control, and equipment health management. It constitutes a highly complex, multi-scale,
multi-physics coupled dynamic engineering system with stringent requirements on modeling methodolo-
gies. Traditional physics-based numerical simulation models, such as FEA, provide strong interpretability
and physical consistency in process design and analysis. However, they incur high computational costs,
require difficult parameter identification, and are not suitable for real-time decision support. Besides, large
volumes of process data highlight ML/DL in predictive maintenance and quality prediction. However, their
black-box nature and limited extrapolation capability restrict their application. Therefore, hybrid models
emerge to achieve a balance among accuracy, computational efficiency, and interpretability by embedding
physical knowledge into ML surrogate models for numerical simulations and applying residual learning
to correct errors in physics models. Besides, HPC-driven numerical simulations are difficult to apply to
real-time decisions and dynamic optimization. Hybrid models construct high-fidelity surrogate models
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that compress simulation time from hours to milliseconds. They also provide the theoretical and technical
foundation for developing adaptive DT systems.

In CMP, strong assumptions in physics models and a lack of interpretability affect MRR predictions.
Accordingly, Ref. [153] introduces a physics-informed ML framework. The physical model captures the
microscopic contact behavior between the polishing pad and abrasives, as well as between abrasives and the
wafer. ML is used to predict the asperity radius and density of the polishing pad, and predictions are fed
back into the physical model to estimate MRR. Experimental results indicate high-accuracy prediction of
MRR under various operating conditions. In addition, in full-chip CMP simulation, virtual dummy filling
synthesis is inefficient due to the high computational cost of numerical gradient evaluation. Accordingly,
Ref. [352] proposes a model to migrate the conventional full-chip CMP simulator to a neural network
architecture and to integrate a multi-start sequential quadratic programming optimizer. Experimental results
indicate significant acceleration in both objective function evaluation and gradient computation.

Data acquisition in complex physical, biological, and engineering systems is costly, leading to small-
data learning that is difficult to converge to physically consistent solutions. Accordingly, Ref. [350] proposes
a DL framework embedding physical laws into the loss function. The framework includes continuous-
time and discrete-time models and automatically differentiates neural network outputs to compute physical
residuals. The effectiveness is validated through fluid mechanics, quantum mechanics, reaction–diffusion
systems, and nonlinear shallow water wave propagation. In addition, Ref. [361] proposes a framework
incorporating simulation results from physics models as input features to the neural network and uses a
penalty term to enforce consistency with governing physical equations and to reduce model variance to
improve generalization performance on unseen data. In the lake water temperature modeling, experimental
results indicate superior performance to purely data-driven models in both prediction accuracy and physical
consistency. Ref. [362] proposes a model based on a cross physics–data fusion scheme. The model leverages
physical cutting processes to extract latent feature information from unlabeled samples. Experimental results
indicate improved prediction safety and reliability.

For discontinuous solutions of the Euler equations in gas dynamics, similar scenarios arise in wafer
fabrication, such as high-speed gas deposition in CVD, plasma etching under sensor-limited conditions for
flow dynamics simulation, and fluid simulation in precision nozzles with complex geometries. Accordingly,
Ref. [351] employs a physics-informed neural network (PINN) framework that integrates the Euler equations
(conservation laws) with initial and boundary conditions to construct a DL surrogate model for nonlinear
partial differential equations. The method uses a small number of randomly distributed sampling points
and applies automatic differentiation to compute the residuals of the Euler equations, enabling the solution
of 1D and 2D problems involving contact discontinuities and oblique shock waves. The model is validated
using Sod and Lax Riemann problems, and the results indicate strong agreement with benchmark solutions
reported in the literature.

DL relies on large-scale labeled datasets but high-fidelity CFD simulation data are costly and difficult
to obtain. Accordingly, Ref. [363] proposes a data-free, physics-constrained DL surrogate model driven
by physical laws. The governing Navier–Stokes equations are incorporated into the loss function of DNN
to guide model training. Labeled CFD data are not required, and model parameters are optimized by
minimizing the residuals of the governing equations. Experimental results indicate strong agreement
with conventional first-principles CFD simulations. In addition, Ref. [364] proposes a hybrid modeling
framework integrating physics simulation data and experimental measurement data. High-fidelity CFD
simulations and optical imaging experiments are combined to generate an aggregated dataset of melt pool
width in laser powder bed fusion. Experimental results indicate the highest prediction accuracy among all
compared models.
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Computer Numerical Control machine prediction methods do not account for the diversity and
consistency of equipment states across the lifecycle, resulting in inaccurate and untimely predictions.
Accordingly, Ref. [326] proposes a hybrid predictive maintenance approach that integrates DT and data-
driven components to reflect actual operating conditions. Data collected from various sensors are used to
drive a remaining useful life prediction model. Experimental results indicate higher prediction accuracy
than purely data-driven or physical approaches. In addition, functional component failures lead to reliability
degradation. Accordingly, Ref. [328] proposes a DT real-time remaining useful life prediction method,
adopting a sensing data acquisition approach to collect real-time operational data from the shop floor. A
DT model of the shop floor is constructed, along with a prediction model based on nonlinear Brownian
motion. The effectiveness of the method is validated through case studies. Besides, Ref. [327] proposes a
ML framework integrating physical model predictions with in-situ sensing signals for real-time process
monitoring. The framework is evaluated in laser powder bed fusion and directed energy deposition additive
processes, achieving defect detection F-scores close to 90%.

4.5.4 Edge–HPC Integration
HPC is deployed in cloud or data center environments for high-fidelity numerical simulation, fab-wide

optimization, and long-term model training. As IIoT is adopted, high-frequency data streams introduce
latency and cause a bottleneck for centralized cloud architectures. Edge computing is used to shift com-
putation closer to the data source to perform real-time preprocessing, anomaly detection, and preliminary
inference, while reducing reliance on the cloud. To support simulation and model training, a Cloud–Edge–
End architecture emerges to integrate real-time decisions at the edge with cloud HPC and to enable model
deployment at the edge through model compression, hierarchical inference, and collaborative training.
Besides, federated learning and collaborative inference allow multiple devices to update models without
sharing raw data to enhance data privacy and system robustness. As a result, the Edge–HPC collaborative
architecture is the enabler for DT systems.

Cloud systems cannot identify production line anomalies in real time, such as random machine failures
and urgent tasks, nor support timely decisions. Accordingly, Ref. [336] proposes an adaptive anomaly control
method driven by edge–cloud cooperation that leverages IIoT and embedded edge computing to achieve self-
sensing, self-analysis, and self-optimization. A fuzzy Bayesian network is used to diagnose anomaly causes
and extract key production indicators. Experimental results indicate improvement in anomaly detection,
efficiency, and stability. In addition, Ref. [316] proposes an edge CNN model to transmit only the resulting
parameters to a cloud server. An optimization mechanism is employed to reduce computational require-
ments. A testbed implemented on Google Cloud indicates reduced network traffic in IIoT environments.
Besides, Ref. [329] proposes a computing framework that integrates fog computing, cloud computing,
wireless sensor networks, and ML. ML algorithms are deployed on Amazon Elastic Compute Cloud to build
predictive models. Wireless sensors are deployed to monitor vibration and energy consumption of power
plant pumps and machines. Experimental results demonstrate that real-time machine state data can be
collected to predict milling tool wear.

Ref. [374] proposes an end-to-end architecture that integrates 5G non-public networks, time-sensitive
networking, and edge computing to enhance determinism and reliability within local networks and to reduce
application latency. The architecture is applicable to AMHS in fabs, such as AGV and OHT. 5G provides
stable wireless connectivity, while the edge architecture ensures that machine control commands are not
delayed due to network congestion. In addition, frequent migration between edge and cloud environments
increases the load on underlying networks. Ref. [375] proposes a software-defined networking edge–
cloud interplay mechanism. The approach employs a multi-objective optimization algorithm and applies
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the Tchebycheff decomposition method for traffic scheduling and routing. Experimental results indicate
improved system performance in IIoT environments. Besides, Ref. [353] proposes a set of design guidelines
for DT architectures based on IIoT and emerging protocols. Experimental implementations indicate that
IIoT and communication protocols facilitate DT development and enable secure interaction.

Manufacturing systems must support real-time upgrading, downgrading, and modification of produc-
tion plans to meet customized demands. Ref. [335] employs edge computing to integrate interconnected
nodes into a distributed control architecture. Each node is equipped with holons, digital agents, and local DT.
Experimental results demonstrate that the architecture enables local control, autonomous decision-making,
and process optimization through information sharing and collaboration. In addition, Ref. [365] proposes
a hybrid edge–cloud framework that integrates edge computing and cloud computing. Edge nodes execute
latency-sensitive fault detection to reduce communication delay and data loss. Under normal operation,
only low-resolution data are transmitted to save bandwidth. When anomalies are detected at the edge,
full-resolution measurement data are transmitted to the control center. Experimental results indicate high
reliability and automated fault localization for power grid monitoring.

5 Future Research
This study proposes the SIGLR methodology and the ESA–MM–HPC perspectives to discuss relation-

ships between industrial and technological evolution (as illustrated in Fig. 10) and provides system-driven
directions for future research.

Figure 10: A SIGLR-driven system-oriented future research roadmap based on the ESA–MM–HPC perspectives.

First, from ESA’s perspective, future research should focus on cross-layer system integration to support
real-time decision-making under multiple dynamic constraints. This direction includes the development
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of adaptive control mechanisms, system-level optimization under uncertainty, and the integration of het-
erogeneous subsystems, such as robotic manipulators, autonomous transport systems, and process control
modules. In semiconductor manufacturing environments, interactions between cyber–physical systems
require new modeling approaches that simultaneously capture discrete events and continuous dynamics.
Future research should therefore move toward topology-consistent system perspectives based on graph-
theoretic formulations, rather than treating system components as independent units. Through distributed
peer-to-peer network modeling approaches [104], physical flows, information propagation, and operational
constraints can be examined within integrated modeling perspectives. On this basis, conservation laws
(e.g., Laplacian flow) and topological consistency principles (e.g., sheaf theory) provide useful analytical
perspectives for examining multidimensional dependencies and ordering structures across system layers.
This perspective may help analyze relationships between local behaviors and global consistency to detect
anomalies. Such structural representations can be further integrated with machine learning models for
structured anomaly detection and predictive analytics [105], supporting predictive analysis within DT
systems to explore how local variations propagate and amplify across the system, thereby affecting yield and
production stability. This perspective suggests a direction for integrating structure-aware analysis with data-
driven anomaly detection. The paradigm is naturally aligned with the ESA–MM–HPC triadic framework,
in which structural modeling (ESA), physical consistency (MM), and computational scalability (HPC) are
intrinsically coupled.

Second, in the Material–Physics domain, future research should further integrate multi-scale modeling
and data-driven approaches. Existing studies typically treat material behavior and process parameters sepa-
rately. Establishing a computable mapping between microstructural evolution and system-level performance
is a critical requirement for next-generation semiconductor smart manufacturing. Integrating surrogate
modeling and RL can help bridge this gap.

Third, the integration of cloud computing, edge computing, and HPC represents a direction for next-
generation semiconductor smart manufacturing. Future research should investigate hybrid Edge–HPC
architectures that enable real-time data processing at the edge while leveraging large-scale cloud computing
resources. Key challenges include resource allocation, latency-aware scheduling, and the co-design of
algorithms and computing architectures.

Fourth, coupling mechanisms among ESA, MM, and HPC represent an important research topic for
achieving closed-loop optimization across the design, manufacturing, and operation stages in cross-layer
systems. This is reflected in the interaction between data flow and control decisions, as well as in the inter-
dependent relationships among physical constraints, system behavior, and computational resources. In this
context, DT serves as a virtual representation and a cross-layer coupling mechanism that integrates physical
modeling, system control, and computational optimization processes. Through bidirectional information
feedback and constraint propagation, the system can achieve closed-loop decisions and dynamic adaptation
within ESA. This integrates cyber–physical semiconductor manufacturing and support improved system
coordination and operational stability.

Fifth, the proposed SIGLR framework provides a systematic approach to reorganizing the literature in
complex engineering domains. By restructuring literature based on industrial system architectures, SIGLR is
intended to examine relationships between technological developments and system functions and establishes
a structured foundation for cross-domain knowledge integration. Based on this methodology, the study
demonstrates that SIGLR has strong potential for cross-domain extension and can be applied to engineering
domains such as robotics, autonomous vehicles, and smart energy systems, where technological evolution
is driven by industrial development. This further indicates that a system-oriented taxonomy is not only
feasible but can also provide a system-oriented perspective for cross-domain knowledge organization and
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comparative analysis, thereby promoting a comprehensive understanding of complex engineering systems
and the analysis of technological evolution.

Finally, this study indicates that future research may explore system-level co-design approaches, which
integrate the optimization of material properties, control strategies, and computing architectures. This
transition is critical for advancing next-generation smart manufacturing systems and reflects a broader shift
in research paradigms from technology-driven approaches to system-oriented methodologies.

6 Conclusion and Limitations

6.1 Conclusion
This study discusses challenges of conventional algorithm-oriented literature review methods in com-

plex engineering systems. It proposes a system-driven, industry-guided literature review framework, termed
the System-under-Industry Guided Literature Review (SIGLR). From the perspective of ESA for next-
generation semiconductor smart manufacturing, the framework reorganizes and interprets cross-domain
research. Overall, the study achieves predefined research objectives and analyzes the methodological value
of a system-oriented literature review approach.

First, this study proposes a perspective consisting of the Control–Cyber Axis, Material–Physics Axis,
and HPC–Compute Axis to characterize the structure of semiconductor smart manufacturing systems.
This perspective complements conventional classifications based on individual technologies or algorithms.
It integrates key domains, including automatic control, robotic manipulators, material modeling, high-
performance computing, and digital twins, at the engineering system level. It provides an analytical approach
for cross-layer and cross-domain integration.

Second, this study applies the SIGLR methodology to systematically map the selected literature to
system modules and cross-layer interactions. It integrates 103 survey papers and their extended references
to construct a comprehensive knowledge structure for smart manufacturing research. Compared with
conventional literature reviews, which often yield fragmented insights, this approach examines the functional
roles and coupling relationships of key technologies, including deep learning, digital twins, and high-
performance computing, within industrial systems. It further supports system-level discussion of large-scale
complex engineering systems.

Finally, this study adopts an industrial perspective on semiconductor smart manufacturing and
discusses challenges in current research to identify structural gaps in existing research, including sys-
tem integration, physics-based modeling, computational resource allocation, and cross-layer decisions.
Based on these findings, a system-oriented future research roadmap is proposed that emphasizes the
co-evolution of physical modeling capabilities, system-level decision mechanisms, and high-performance
computing infrastructures.

In addition, the proposed SIGLR provides a system-oriented approach for organizing literature in
complex industrial contexts. By structuring the literature around industrial architectures, SIGLR is intended
to examine relationships among technologies and their functional roles in real-world systems. Furthermore,
the ESA–MM–HPC is a system-oriented conceptual perspective for examining semiconductor smart man-
ufacturing systems. It highlights the importance of considering interactions among physical models, system
control, and computational capabilities, rather than from improvements in any single technology.

Overall, this study presents the value of incorporating system-oriented perspectives into next-
generation smart manufacturing research. The proposed methodology provide useful insights for future
studies in other complex engineering domains. They can be extended to other complex engineering systems,
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such as electric vehicles, unmanned aerial vehicles, and smart supply chains. The approach also supports
broader discussion between academic research and industrial technology development.

6.2 Limitation
Although this study discusses cross-domain integration and in-depth system-level analysis, several lim-

itations should be noted. First, this study integrates 103 survey papers and their extended references, totaling
13,377. However, literature selection is still influenced by the search strategy and inclusion/exclusion criteria
defined in the SIGLR methodology. Because SIGLR emphasizes literature screening based on semiconductor
industrial system architectures, certain domain-specific or emerging research topics may not be fully covered.

Second, this study adopts TSMC as an industrial proxy for semiconductor smart manufacturing. While
it represents advanced process technologies and highly automated manufacturing environments, it may
introduce industry-specific bias. System characteristics in other manufacturing contexts, such as small and
medium-sized fabs or different industrial domains, may not be fully captured by the proposed analytical
framework. In addition, the operational characteristics, automation strategies, and infrastructure condi-
tions observed in advanced-node semiconductor fabs may not generalize to legacy-node manufacturing
environments, or non-Taiwanese semiconductor ecosystems.

Third, ESA–MM–HPC is a perspective derived from a system-level concept. It has not yet been
developed into a quantifiable or formally verifiable model. Its applicability in specific application scenarios
requires further validation through empirical studies. In addition, the proposed perspective primarily
focuses on engineering, materials, and computational infrastructures, while other dimensions such as
supply chain constraints, economics, cybersecurity, and operational policies remain outside the current
scope. Operational systems such as MES, APC, FDC, VM, and metrology are treated as application-level
implementations within broader ESA-enabled manufacturing environments rather than as independent
dimensions of the proposed perspective.

Finally, although the SIGLR methodology provides a system-oriented approach to literature review, its
cross-domain applicability requires further evaluation. The current analysis focuses on semiconductor smart
manufacturing. Future research should extend this methodology to other complex engineering systems to
assess the feasibility of applying the proposed taxonomy.
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Abbreviations
The following abbreviations are used in this manuscript

AEC Advanced equipment control
ANN Artificial neural networks
ALIGNN Atomistic line graph neural network
AMHS Automated material handling systems
AMR Autonomous mobile robots
CVD Chemical Vapor Deposition
CF Clearing functions
MCT Completion time
CFD Computational fluid dynamics
CAD Computer-Aided Design
CNN Convolutional neural networks
CoO Cost of ownership
CPPS Cyber-Physical Production Systems
DCNN Deep convolutional neural networks
DL Deep learning
DQN Deep Q-network
DTL Deep transfer learning
D–H Denavit–Hartenberg
DOE Design of experiments
DNS Direct numerical simulation
DAP Dynamic Adaptive Planning
EDA Electronic design automation
ESA Engineering System Analysis
EFEM Equipment Front End Module
FDC Fault Detection and Classification
FEM Finite Element Method
FOUP Front Opening Unified Pods
FB Function Blocks
GAN Generative adversarial networks
GNN Graph neural networks
HPC High performance computation
IBVS Image-based visual servoing
IGBT Insulated gate bipolar transistor
IP Intellectual property
IK Inverse kinematics
LPBF Laser powder bed fusion
LSTM Long Short-Term Memory
MRD Magnetorheological damper
MDP Markov decision process
MRR Material removal rate
MOF Metal–organic frameworks
MD Molecular Dynamics
MLP Multiple multilayer perceptron
ODR On-time delivery rate
OES Optical emission spectroscopy
OHT Overhead Hoist Transport
PSO Particle swarm optimization
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PINN Physics-informed neural networks
PdM Predictive maintenance
PID Proportional Integral Derivative
RF spark Radio-frequency sparks
RNN Recurrent neural networks
RL Reinforcement learning
R2R Run-to-run
SBC Secure-by-construction
SiC Silicon carbide
SAC Sn–Ag–Cu
SOP Standard operating procedures
SVID Status Variable ID
SoC Systems-on-chip
US The United States
3D Three-dimensional
2D Two-dimensional
V2V Vehicle-to-vehicle
WAT Wafer acceptance test
WBG Wide bandgap
APC Advanced process control
APF Artificial Potential Field
AGV Automated guided vehicles
AIMM Autonomous industrial mobile manipulator
CMP Chemical mechanical planarization
CP Chip probing
ACO Colony optimization
CDR Composite dispatching rules
CME Computational materials engineering
(CDC) Continuous damping control
CDA Cooperative driving automation
CGCNN Crystal graph convolutional neural network
CPS Cyber–physical systems
DDPG Deep Deterministic Policy Gradient
DNN Deep neural networks
DRL Deep RL
DOF Degree-of-freedom
DFT Density functional theory
DT Digital twin
DRO Distributionally robust optimization
EV Electric vehicle
EAM Embedded atom method
EES Equipment Engineering System
EUV Extreme ultraviolet
FNN Feedforward neural network
FEA Finite element analysis
FOC Fractional-order control
GAIL Generative Adversarial Imitation Learning
GA Genetic algorithm
HIL Hardware-in-the-loop
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HLS High-level synthesis
IIoT Industrial Internet of Things
IC Integrated circuit
CIRP International Academy for Production Engineering
KNN k-Nearest Neighbors
LPV Linear parameter-varying
ML Machine learning
MES Manufacturing Execution System
MM Material modeling
MEGNet Materials graph network
MPC Model predictive control
MAS Multi-agent system
CNF Nonlinear feedback
OCD Optical critical dimension
OFE Overall fab efficiency
PDE Partial differential equations
PMSM Permanent magnet synchronous motors
PBVS Position-based visual servoing
PHM Prognostics and health management
RFID Radio Frequency Identification
RRT Rapidly-exploring Random Tree
RGB Red, Green, and Blue
RUL Remaining useful life
SEM Scanning electron microscopy
SAVGS Serial active variable geometry suspension
SVD Singular value decomposition
SVM Space vector modulation
SPC Statistical Process Control
SLR Systematic Literature Review
SIGLR System-under Industry Guided Literature Review
TSMC Taiwan Semiconductor Manufacturing Company
TL Transfer learning
UAV Unmanned Aerial Vehicles
VM Virtual Metrology
WBM Wafer Bin Maps
WIP Work-in-process
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120. Yaǧci T, Cöcen U, Çulha O. Aluminum alloy development for wheel production by low pressure die casting with
new generation computational materials engineering approaches. Arch Foundry Eng. 2021;21(4):35–46. doi:10.
24425/afe.2021.138677.

121. Knapp GL, Mukherjee T, Zuback JS, Wei HL, Palmer TA, De A, et al. Building blocks for a digital twin of additive
manufacturing. Acta Mater. 2017;135(3):390–9. doi:10.1016/j.actamat.2017.06.039.

122. Mukherjee T, DebRoy T. A digital twin for rapid qualification of 3D printed metallic components. Appl Mater
Today. 2019;14:59–65. doi:10.1016/j.apmt.2018.11.003.

123. Gunasegaram DR, Murphy AB, Barnard A, DebRoy T, Matthews MJ, Ladani L, et al. Towards developing
multiscale-multiphysics models and their surrogates for digital twins of metal additive manufacturing. Addit
Manuf. 2021;46(9):102089. doi:10.1016/j.addma.2021.102089.

124. Nath P, Mahadevan S. Probabilistic digital twin for additive manufacturing process design and control. J Mech
Des. 2022;144(9):091704. doi:10.1115/1.4054521.

125. Hu C, Zuo Y, Chen C, Ping Ong S, Luo J. Genetic algorithm-guided deep learning of grain boundary diagrams:
addressing the challenge of five degrees of freedom. Mater Today. 2020;38:49–57. doi:10.1016/j.mattod.2020.03.004.

126. Liu R, Kumar A, Chen Z, Agrawal A, Sundararaghavan V, Choudhary A. A predictive machine learning approach
for microstructure optimization and materials design. Sci Rep. 2015;5(1):11551. doi:10.1038/srep11551.

127. Dai M, Demirel MF, Liang Y, Hu JM. Graph neural networks for an accurate and interpretable prediction of the
properties of polycrystalline materials. npj Comput Mater. 2021;7(1):103. doi:10.1038/s41524-021-00574-w.
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