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1 Introduction

Modern manufacturing systems continue to face persistent inefficiencies due to
misalignment between production logistics and real-time workstation needs. Although
Industry 4.0 has introduced digital tools such as manufacturing execution systems (MES),
Internet of Things (loT) sensors, and digital twins (DT), their industrial use often remains
limited to monitoring or offline analysis rather than real-time control. Many factories,
therefore, struggle with issues such as delayed material delivery, unstable buffer levels,
frequent micro-stoppages, and unpredictable throughput. These challenges were
consistently observed across the industrial use cases addressed in this dissertation,
including chemical, food, metal, wood, and apparel manufacturing. As companies move
toward Industry 5.0, the need for adaptive, autonomous, and human-centric coordination
mechanisms becomes even more critical. This context provides the foundation for the
decentralized Al-driven control model developed in this research.

The motivation for addressing these challenges also stems from the author’s extensive
hands-on experience with industrial digitalization projects, where recurring inefficiencies—
such as materials and intermediate products failing to reach workstations on time—
regularly caused delays and performance bottlenecks [1]. Observing these patterns in
practice revealed the gap between available digital technologies and their actual use in
production control, emphasizing the need for a more adaptive and intelligent system that
can respond to real-time shop-floor conditions. This practical perspective directly
inspired the development of a control approach that combines digital optimization
methods with real-time performance signals through decentralized, Al-enhanced
decision-making.

The integration of intelligent digital control systems into modern manufacturing has
become a strategic focus under the Industry 5.0 framework [2]. Unlike Industry 4.0,
which mainly emphasizes automation and data sharing, Industry 5.0 prioritizes
human-centricity, flexibility, and the use of artificial intelligence (Al) to support both
machine and human decision-making [3,4]. One of the primary operational challenges in
industrial settings is inefficient coordination between production logistics and real-time
shop-floor operations, which often results in workstation downtime, uneven workloads,
and reduced throughput [5,6]. These coordination issues are frequently caused by rigid,
top-down scheduling systems that fail to accommodate the dynamic nature of actual
production environments. To overcome these challenges, lean manufacturing principles—
such as waste reduction, flow enhancement, and standardization-provide a core
philosophy for identifying and eliminating inefficiencies in logistics and production
alignment [7,8].

To effectively address these inefficiencies, it is crucial to understand the complex
interactions between logistics scheduling, real-time decision-making, and production
system responsiveness. Figure 1 positions this research within the Industry 5.0 landscape
by demonstrating how digital twins serve as the real-time data backbone, how
decentralized control enables autonomous local decision-making, and how Al-powered
reasoning links these elements into an adaptive, responsive production system.
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The development process for this research was systematically organized using the
Define, Measure, Analyze, Improve, and Control (DMAIC) methodology, a fundamental
part of the Lean Six Sigma approach, which provides a structured, data-driven
improvement cycle applied throughout this work [9]. Applying DMAIC during the design
and validation phases kept a consistent cycle of problem identification, solution
development, and empirical feedback. This method ensured that each step, from data
collection to system testing, was based on real operational needs and performance
analysis [10].

The primary goal of this doctoral research is to develop and implement a decentralized,
Al-driven control model for production processes that enables adaptive, autonomous
coordination between production logistics and shop-floor operations. The proposed
model incorporates digital twin technology, real-time data analytics, and autonomous
agent-based decision logic to ensure continuous material flow and balanced workstation
performance. By synchronizing logistics operations with the dynamic needs of production,
the system improves Overall Equipment Effectiveness (OEE), reduces throughput time,
and enhances flexibility and resilience across the manufacturing network [11]. This
approach aligns with Industry 5.0’s strategic goals by focusing on human-centricity
through real-time decision support for operators, coupled with intelligent automation
and sustainable productivity in industrial settings.

The main tasks of the thesis are as follows:

e To design a modular, distributed architecture in which each production
entity (workstation, buffer, or transport unit) functions as an autonomous
decision-making agent within the production network.

e To employ real-time production data and Al algorithms for analyzing material
flow, detecting bottlenecks, and optimizing task allocation through decentralized
control logic.

e To integrate and validate the developed model in both simulation and
industrial environments through digital-twin-based case studies, demonstrating
its effectiveness in improving OEE and production flow stability.

The research methodology encompasses digital twin modeling [12], OEE-based
performance tracking [13], agent-based and clustering analysis [14], and simulation of
intralogistics using autonomous mobile robots (AMRs) [15]. A data-driven approach
is applied throughout the work, using real-world production data collected from
collaborating industrial companies. The model is validated using both virtual simulations
and real-life factory applications. Both Lean principles and the DMAIC cycle were directly
integrated into the model design and evaluation criteria. For instance, the system aims
to reduce waste by decreasing workstation idle times, preventing overproduction
through just-in-time material supply, and standardizing logistics operations using
autonomous mobile robots guided by real-time data and Al logic.

The thesis’s theoretical novelty lies in the concept of integrating decentralized Al with
logistics and production control logic. Unlike traditional MES, which enforces fixed
production routing and restricts decision-making to a central authority, the proposed
system uses autonomous decentralized control, allowing each node (workstation, buffer,
or transport unit) to operate independently with local information, while still ensuring
coordinated flow throughout the network system [16]. The practical innovation is
demonstrated through five industrial use case studies (chemical, food, metal, wood,
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apparel), showing that Al-supported autonomous agents can collectively enhance flow
stability, decrease idle time, and deliver actionable performance feedback [17]. Early
research established the virtual factory and data-acquisition backbone (Publications |
and V), providing the foundation for Task 1 — Designing the digital twin model. Mid-phase
studies validated AMR coordination and KPI-driven control in simulation (Publications I,
11, and V1), directly supporting Task 3 —Simulating with AMRs. Publication IV contributed
to Task 2 — Developing Al-based control logic by refining the decentralized optimization
model. Late-stage work deployed the DIMUSA platform in SMEs (Publications VIl and VIII),
completing Task 4 — Validating in production through real industrial implementation.
Together, these publications create a coherent progression from architectural
development to simulation and industrial validation, fulfilling the thesis research tasks
and anchoring the contribution in real operational settings.

The results of this research show that the proposed decentralized model successfully
decreased workstation idle time, stabilized overall equipment effectiveness (OEE), and
improved responsiveness across all tested cases. The research questions were explored
through both simulation and industrial validation, confirming the approach's practical
viability. At the same time, the work recognizes limitations related to data quality, legacy
system integration, and the gap between simulation and real-world implementation,
which provide clear directions for future research.

The results of this research have been shared at international conferences and
published in peer-reviewed scientific journals. This thesis is based on eight publications.
Together, these publications provide the scientific and empirical foundation for the
proposed system.

1.1 Motivation and Significance

The manufacturing industry is undergoing a significant transformation, increasingly
influenced by the Industry 5.0 paradigm- a human-centric, sustainable, and resilient
approach to industrial development. Unlike its predecessor, Industry 4.0, which focused
on automation and connectivity, Industry 5.0 shifts the industrial strategy to prioritize
people and the planet in innovation, integrating advanced technologies with societal
purpose [18,19]. This represents a strategic transition within the Industry 5.0 framework,
aiming to align industrial competitiveness with long-term goals such as ecological
balance, inclusive economic growth, and quality employment, thereby redefining
technology's role as a means to achieve sustainable societal value. To operationalize this
vision, manufacturing systems must evolve from centralized automation toward
intelligent, adaptive networks of interconnected agents. Figure 1 illustrates the key
enabling technologies that support this transformation, including Al, digital twins,
collaborative robots (cobots), and edge computing. These technologies enable production
systems to become more autonomous, context-aware, and human-aligned.

However, despite this paradigm shift, recent analysis shows that the European Union
is currently trailing behind global competitors, such as the United States and China, in
developing and deploying many of these critical technologies. As illustrated in Figure 2,
the EU holds comparatively lower leadership shares in fields such as artificial intelligence
(Al), cybersecurity, and innovative manufacturing technologies. This technological gap
presents a clear call to action: for Europe to secure its industrial future and ensure quality
employment, targeted innovation in Industry 5.0 enablers must become a strategic
priority [18].
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Despite advances in digitalization, many factories continue to suffer from a persistent
bottleneck: the misalignment between logistics flows and the dynamic needs of
workstations. Material shortages, transportation delays, and unbalanced workflows
often result in idle time and reduced operational efficiency. Traditional centralized
control systems frequently lack the responsiveness to manage these real-time
fluctuations effectively [20,21]. This challenge highlights the need for more flexible and
responsive coordination mechanisms that can maintain stable production flow and
minimize the impact of real-time disruptions on throughput and workstation performance.
The research draws upon the author’s practical experience in industrial digitalization
projects, where recurring inefficiencies in material flow and production coordination
were observed. The research draws on the author’s practical experience in industrial
digitalization projects, where ongoing inefficiencies in material flow and production
coordination were observed. While individual technological components—such as AMRs,
Al-based decision support, real-time OEE monitoring, and digital twins—exist, their
isolated use has been insufficient to achieve a stable, adaptive production flow. What
remains missing, and what this thesis addresses, is an integrated approach where these
components work together within a coherent decentralized control model supported by
real-time digital twins, Industry 5.0 principles, and the structured DMAIC improvement
cycle.

The proposed approach is especially relevant today as manufacturers look for
solutions that go beyond basic automation. It enables systems to adapt in real time,
operate autonomously, and improve sustainability and resilience. By treating each
production component—workstations, buffers, and transport units—as an autonomous
decision-making agent connected through a digital twin and guided by OEE-based
feedback, the model supports a flexible and resilient production environment aligned
with the main goals of Industry 5.0.

1.2 Research Objectives and Questions

The main goal of this doctoral research is to develop and implement a decentralized,
Al-driven control model for production processes that enables adaptive, autonomous
coordination between production logistics and shop-floor operations. The proposed
system combines digital twin technology, real-time performance data, and Al to ensure
continuous material flow and balanced workstation performance. By synchronizing
inbound and outbound logistics with evolving production needs, the model aims to
enhance throughput, improve OEE, and increase system-wide flexibility and resilience in
modern manufacturing environments. This overarching goal aligns with the vision of
Industry 5.0, which integrates intelligent automation with human-centricity, sustainability,
and adaptive decision-making.

Based on this research aim, the following research questions are formulated:

e RQ1: How can a decentralized, Al-driven control model improve the coordination
between production logistics and shop floor operations in dynamic manufacturing
environments?

e RQ2: What impact does such a model have on workstation efficiency, OEE, and
overall throughput time?

e RQ3: How can real-time data from digital twins be used to assign logistics tasks
to a mobile robot dynamically?
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In support of validation and performance measurement, a quantitative research
question is also introduced:

e RQ4 (quantitative): To what extent can the proposed system reduce
workstation idle time (%) and improve average throughput time (min)
compared to baseline logistics coordination?

To address these questions, the thesis defines the following research tasks:

e Task 1 — Design a digital twin model of a production system with modular and
real-time data interfaces.

e Task 2 — Develop Al-based decentralized control logic enabling autonomous
decision-making based on local contextual data.

e Task 3 — Simulate and test logistics scenarios using AMRs, allowing evaluation
of alternative coordination strategies under controlled conditions.

e Task 4 — Validate the model in real industrial environments and evaluate its
impact on throughput and workstation-level OEE.

e Task 5 — Synthesize results into a generalized framework for adaptive and
scalable production logistics control.

The relationship between the research questions (RQ) and the defined research tasks
is summarized in Table 1, and further elaborated in Chapter 4 through cross-publication
analysis. Each task contributes to answering one or more research questions, ensuring
comprehensive coverage of both conceptual and practical aspects of the proposed system.

Table 1. Mapping of research tasks to research questions.

RESEARCH TASK RQ1 RQ2 RQ3 RQ4 PUBLICATION
TASK 1: DESIGN A DIGITAL TWIN MODEL ‘ v v I,V
TASK 2: DEVELOP Al-BASED CONTROL LOGIC ‘ v v IV, VI
TASK 3: SIMULATE WITH AMRs \ v v v I, 11, VI
TASK 4: VALIDATE IN PRODUCTION v v v VI, Vil
TASK 5: SYNTHESIZE INTO A MODEL v -

By organizing the research around these objectives, questions, and tasks, the thesis
guarantees a systematic approach to creating and assessing a decentralized production
digital optimization and control model system.

1.3 Scope and Limitations

This doctoral research focuses on integrating intelligent digital optimization and control
models with production optimization in discrete manufacturing settings. The study
emphasizes shop-floor operations, where coordinating material transport with workstation
readiness is crucial to maintaining continuous flow and high operational efficiency.

Four key elements define the thesis:

e Development of a decentralized control architecture based on digital twins
and Al.

e Application of autonomous mobile robots (AMRs) to manage intralogistics
tasks at the workstation level.
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e Performance assessment through indicators such as OEE, workstation idle
time, and throughput time.

e Validation across real-world use cases and industrial pilots across the
chemical, food, wood, apparel, and metalworking industries.

Several limitations are also acknowledged. The proposed model is specifically designed
for discrete manufacturing and may not be suitable for continuous or batch processing
industries. Successful implementation depends on structured, real-time production data,
which is often lacking in legacy systems. The research does not address enterprise-wide
planning tools, such as Enterprise Resource Planning (ERP) or MES, beyond their role as
interfaces with the digital twin infrastructure. Moreover, while the model supports Al-
based local decision-making, global system-wide optimization across multiple factories
is outside its scope. Lastly, the validation scenarios involve only a few partner companies
and may not fully represent the diversity of the entire manufacturing sector.

To provide clarity, the main boundaries of the study are summarized in Table 2, which
highlights the areas included in the scope and those explicitly excluded.

Table 2. Scope and limitations of the research.

In Scope Out of Scope

Decentralized control model Enterprise-wide ERP/MES

Al-based local decision-making Global optimization across factories

AMRs for intralogistics

Digital twins for real-time data ‘ Process industry applications
‘ Legacy data integration challenges

Validation in real factories Large-scale generalization

This focused scope enables an in-depth investigation of decentralized, Al-driven
production control and its practical feasibility. At the same time, it outlines clear
boundaries for the model's applicability and identifies areas where future research is
needed, particularly in extending scalability and interoperability to broader industrial
domains and multi-line production systems.

1.4 Research Methodology Overview

This doctoral research employs a mixed-method approach that combines design science,
simulation modeling, and empirical validation in industrial settings. The main goal is not
only to develop a theoretical framework but also to iteratively design, implement, and
evaluate a decentralized control model that enhances synchronization between
production logistics and shop floor operations. To accomplish this, the research utilizes
a set of complementary methodological components, each addressing a key aspect of
the development process. These components ensure that the proposed model is both
conceptually rigorous and practically applicable.

The methodology consists of the following key elements:

e Digital Twin Modeling: Virtual replicas of the production environment are
created to reflect real-time operational conditions, including workstation
statuses, buffer levels, and material routes. These models are constructed using
3D simulation tools and factory-specific data inputs.
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e Data Acquisition and OEE Tracking: Real-time data is collected from production
systems to calculate key performance indicators (KPIs) such as availability,
performance, and quality. Besides supporting continuous performance
monitoring and OEE-based decision-making, this real-time data stream also
constantly updates and strengthens the digital twin, ensuring its virtual state
accurately reflects the physical production environment.

e Al-Based Decentralized Control: Autonomous agents-representing machines,
buffers, or mobile robots-make localized decisions based on Al logic. These
include rule-based heuristics, clustering algorithms, and feedback loops to
support adaptive coordination.

e Simulation-Based Testing: Various logistics scenarios are tested in a controlled
simulation environment to explore system behavior under different workloads,
identify bottlenecks, and optimize task allocation strategies.

e Validation in Industrial Case Studies: The proposed model is tested and
evaluated in real-world manufacturing settings, encompassing the chemical,
food, wood, apparel, and metalworking industries. Performance improvements
are quantified by comparing baseline results (manual or centralized
coordination) with those of the Al-based system.

e Cross-Publication Synthesis: Insights from 8 peer-reviewed scientific publications
are consolidated into a validated framework. Each article addresses specific
elements of the architecture, including model design, algorithm development,
and industrial deployment.

Each of these elements serves a specific purpose in the research process: digital twins
act as a testing environment for model design, data collection ensures decisions are
based on evidence, Al logic enables autonomy and flexibility, simulation provides a
controlled setting for evaluation, and industrial validation connects the results to
real-world practice.

The research methodology follows an iterative and practice-oriented cycle, as
illustrated in Figure 3.
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Figure 3. The research methodology cycle and DMAIC integration were employed in the dissertation
(T. Raamets).

In addition to the core methodological elements, the research process is structured
around the DMAIC cycle, which provides a systematic framework for iterative
development and validation. Originating from Six Sigma, DMAIC ensures that problem
identification, solution development, and empirical testing follow a disciplined and
repeatable process [22,23]. Applying this cycle kept the research closely aligned with
both industrial needs and academic rigor, ensuring that improvements remained
continuously grounded in measurable results. In the Define phase, the primary
challenges in production logistics were identified, including material shortages, idle time,
and unbalanced workflows. This was followed by establishing clear transformation
objectives in collaboration with industrial partners. The Measure phase focused on
collecting real-time production data—such as workstation idle times, transport delays,
and OEE losses—to establish a quantitative baseline of existing inefficiencies. During the
Analyze phase, simulation experiments and clustering techniques were used to identify
bottlenecks, systemic weaknesses, and opportunities for improvement within the
production process. The Improve phase involved designing and refining Al-based
decentralized control logic, testing alternative coordination strategies in digital twin
environments, and selecting the most effective solutions for deployment. Finally,
the Control phase validated the improved system in industrial pilot studies, ensuring
sustained performance improvements through continuous monitoring, feedback loops,
and adaptive reconfiguration. By embedding DMAIC into the research methodology,
the work ensures that each stage of system development—from conceptualization
to industrial validation—follows a structured improvement cycle. This enhances both
the credibility of the research findings and their practical applicability in real-world
manufacturing environments.
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1.5 Scientific and Practical Novelty

The novelty of this doctoral research lies in the design and implementation of a
decentralized, Al-driven control architecture that integrates digital twin technology with
real-time production logistics, enabling more adaptive, efficient, and resilient
manufacturing processes. Unlike conventional centralized systems, the proposed
approach empowers each production element-such as workstations, buffers, and
autonomous transport units-to act as an autonomous decision-making agent while still
contributing to system-wide efficiency [24,25]. A further contribution lies in transforming
extended OEE from a retrospective performance indicator into a real-time control signal
that dynamically triggers decentralized logistics actions, providing a new mechanism for
synchronizing production flow with actual workstation conditions.

From a scientific perspective, this work makes several distinct contributions to the
academic field:

¢ Integration of digital twins with mobile robots — enabling dynamic adaptation
to local production conditions, a capability that remains underexplored in previous
research and broadens current understanding of cyber-physical logistics systems.
¢ Clustering analysis combined with real-time OEE tracking — Introducing an
interpretable, data-driven system for detecting bottlenecks, optimizing workstation
flow, and guiding decentralized operations decision-making.

¢ A modular simulation model — Combining digital twin modeling with Al-based
control logic to assess decentralized logistics scenarios before physical deployment,
thereby enhancing design science methodology in manufacturing research.

¢ Integration of Design Science, digital twin simulation, DMAIC structuring, and
industrial validation into a unified methodological framework — creates a clear,
iterative process for developing, testing, and refining decentralized Al-driven
control systems. This combined approach has not been previously applied in
research on autonomous production logistics, making it a novel methodological
contribution of this dissertation.

¢ A theoretical contribution to distributed manufacturing control — aligning
decentralized system design with the principles of Industry 5.0, including resilience,
adaptability, and human—machine collaboration.

In addition to these scientific advances, the integration of the proposed DMAIC- and
Industry 5.0-based technological backbone into real-world production environments
enables several practical benefits and innovations:

¢ Industrial validation across multiple domains — including chemical, food, wood,
apparel, and metalworking industries, demonstrating robustness and adaptability
under heterogeneous operational conditions.

¢ Improved operational performance — including measurable reductions in idle
time, improved workstation uptime, increased throughput consistency, and
smoother logistics—production synchronization supported by AMR coordination.
¢ Real-time decision support for operators — delivering interpretable insights
through OEE-driven triggers, clustering-based diagnostics, and digital twin
visualizations that enhance human decision-making consistent with Industry 5.0’s
human-centric principles.
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¢ A scalable and cost-efficient pathway for SMEs — enabling gradual digitalization
without demanding replacement of existing MES or ERP systems, thereby
supporting wider industry adoption of intelligent decentralized control.

The technical implementation details behind these contributions are presented in
Chapters 3 and 4, where the digital twin architecture, DIMUSA data pipeline [26],
clustering workflow, and Al-based decision logic are described in depth. Their practical
application and validation are further demonstrated in Publications I-VIII. Specifically,
the digital twin and data-acquisition architecture are detailed in Publications | and V, the
simulation and AMR intralogistics analysis in Publications Il, Ill, and VI, the Al-based
control logic in Publication IV, and the full industrial validation in Publications VIl and VIII.
The combination of these scientific and practical contributions demonstrates that the
research is not only conceptually novel but also relevant for real-world manufacturing.
The results show that decentralized, Al-enhanced decision-making can simultaneously
advance theoretical knowledge and deliver tangible benefits in industrial environments.
A summary of the key scientific and practical novelties is provided in Table 3.

Table 3. Summary of scientific and practical novelties.

Scientific Novelty

Practical Novelty

Integration of digital twins with a mobile
robot for localized adaptation

Use of clustering and real-time OEE
tracking for decision-making

Modular simulation combining digital
twins and Al control logic

Integration of Design Science, digital
twin simulation, DMAIC structuring, and
industrial validation into a unified
methodological framework

Theoretical contribution to distributed
control in Industry 5.0 context

Validated in apparel and wood industry
use cases

Improved workstation uptime and
throughput time using AMR coordination
Real-time feedback for human decision-
makers

Provides a structured and scalable
implementation pathway that supports
incremental adoption in real factories

Scalable solution suitable for SME

implementation

The proposed method enhances theoretical understanding of decentralized, Al-driven
production control and demonstrates tangible benefits in industrial settings. This dual
focus highlights the dissertation's substantial contribution to advancing intelligent
manufacturing systems, aligning with the broader objectives of sustainable, resilient, and
human-centered production within the Industry 5.0 framework.

1.6 Structure of the Thesis

This doctoral thesis is organized into five main chapters, each contributing to the
development, validation, and synthesis of a decentralized digital control model for
production logistics within the Industry 5.0 framework. The structure follows a logical
progression from problem definition and theoretical grounding to methodological
design, empirical validation, and synthesis of findings.
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The thesis is based on eight scientific publications organized into three thematic clusters:
(1) conceptual and architectural foundations—Publications | and V; (2) simulation-based
design and optimization—Publications Il, Ill, and VI; and (3) industrial validation—
Publications IV, VII, and VIII. Together, these works create a comprehensive foundation
that connects theory, simulation, and practice, thereby supporting the overall research
framework presented in this dissertation.

The structure of the thesis is illustrated in Figure 4, showing the progression from
conceptual foundations through methodology and case-based validation to a generalized
model and conclusions.

Introduction
Motivation, objectives, research questions, methodology, novelty, structure

Theoretical Background
Industry 5.0, logistics, Al, AMRs, OEE, digital twins

Development and Implementation of a Decentralized Al-

Driven Control Model for Production Processes
Design science, simulation, validation

Discussion and Synthesis
Cross-publication analysis, Integration, findings, proposed model

Conclusions and Future Work
Contributions, future research

Publications

Figure 4. Structure of the doctoral thesis.

Additionally, the thesis includes a list of publications, a statement of the author’s
contributions, abbreviations, references, and an Estonian-language summary. The chosen
structure provides a coherent narrative flow: it begins with the identification of research
problems and theoretical foundations, progresses through the systematic development
and validation of the proposed model, and concludes with its broader implications. This
organization guarantees both conceptual rigor and practical relevance, while providing
readers with a clear overview of how the research objectives are consistently met.
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2 Theoretical Background

The development of a decentralized, Al-supported digital optimization and control model
for innovative manufacturing environments necessitates a multidisciplinary theoretical
foundation. This chapter outlines the key concepts, technologies, and frameworks that
inform and support the approach proposed in this dissertation. It begins with an
exploration of the Industry 5.0 paradigm, which redefines industrial progress by shifting
focus from automation and efficiency alone toward human-centricity, resilience, and
sustainability [27]. Within this context, smart manufacturing emerges as a response to
the growing demand for production systems that are flexible, adaptable, and aligned
with societal objectives. Subsequent sections introduce the core technological and
methodological building blocks relevant to modern manufacturing research: production
logistics and throughput time management, OEE, the role of AMRs in distributed logistics,
the use of DT for real-time monitoring and simulation, and Al techniques used for
dynamic decision-making and optimization. Each subchapter outlines the operational
challenges faced by contemporary factories and summarizes how existing research
addresses these issues through distributed intelligence, autonomous systems, and
real-time data integration.

The application of these technologies within the specific decentralized control model
developed in this dissertation is described later in Chapters 3 and 4, ensuring that the
present chapter focuses solely on the theoretical background and state of the art.

2.1 Industry 5.0 and Smart Manufacturing

Industry 5.0 represents the next evolution of industrial development, building on the
technological foundations of Industry 4.0 while reintroducing the human element into
advanced manufacturing. While Industry 4.0 emphasized automation, digitization, and
cyber-physical systems, Industry 5.0 seeks to establish systems that are not only efficient
and data-driven but also sustainable, resilient, and human-centric [28,29]. Whereas
Industry 4.0 primarily focused on cyber-physical integration, automation, and data-driven
optimization, Industry 5.0 extends this paradigm by explicitly addressing societal and
human-oriented goals. It marks a shift from technology-driven transformation toward
purpose-driven industrial ecosystems, where resilience, sustainability, and human
empowerment become equally important alongside productivity. This evolution highlights
not only technological advancement but also the strategic reorientation of manufacturing
toward long-term societal value. The European Commission defines Industry 5.0 as a
vision in which technological advancements serve broader societal goals, aligning
productivity with worker well-being and environmental responsibility [30]. This
encompasses integrating technologies such as artificial intelligence (Al), digital twins,
and collaborative robotics, which not only optimize production but also foster adaptable
processes that empower human workers to be more effective. The three foundational
principles of Industry 5.0 are human-centricity, resilience, and sustainability [31].
As illustrated in Figure 5, Industry 5.0 promotes talent and empowerment, ensures
adaptability and robustness through flexible technologies, and respects environmental
limits while advancing sustainability.
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Key principles of Industry 5.0 include:

e Human-centricity: Systems are designed to support human workers, providing
decision support, customization, and ergonomic features that enhance user
experience.

e Resilience: Production systems must be able to adapt to disruptions, such as
supply chain volatility or rapid market changes.

e Sustainability: Emphasis is placed on reducing waste, improving energy efficiency,
and designing circular production models that minimize environmental impact.

The human-centric dimension of Industry 5.0 goes beyond ensuring worker safety and
well-being. It emphasizes co-creation of value, where human operators and intelligent
systems collaborate in decision-making. In this context, artificial intelligence functions as
a co-pilot rather than a replacement, augmenting human skills with predictive insights
and adaptive support. This principle ensures that technological development empowers
rather than displaces the workforce, thereby reinforcing the human role in smart
factories.

Industry 5.0

.. promotes talents, diversity
and empowerment

«
SUSTAINABLE
... is agile and resilient with flexible ... leads action on sustainability
and adaptable technologies and respects planetary boundaries

Figure 5. Core values of Industry 5.0 [31].

In the context of smart manufacturing, these principles are operationalized through
the collection of real-time data, predictive analytics, and autonomous systems that
respond to dynamic conditions. Innovative manufacturing environments rely heavily on
intelligent control systems that integrate information from various sources—machines,
sensors, and humans—and act upon it in near real-time [32].
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Figure 6. Schematic diagram of the components of a smart factory [32].

The principles of Industry 5.0 are clearly reflected in the model presented in this
dissertation. Resilience is achieved through decentralized, agent-based decision-making
that enables production systems to respond quickly to disruptions. Sustainability is
emphasized by optimizing resource use, reducing idle time, and minimizing unnecessary
transportation through Al-driven logistics coordination. Human-centricity is supported
via the system’s Smart Services layer (as shown in Figure 6), which offers operators
real-time performance feedback, visual analytics, and decision support tools. This approach
ensures that humans remain central to supervision, interpretation, and strategic
management. Therefore, the dissertation advances not only the technological foundation
of Industry 5.0 but also its broader societal objectives.

The contribution to Industry 5.0 involves demonstrating how digital twins and Al can
be used to implement decentralized, disturbance-responsive control on real shop floors.
This is illustrated through tangible improvements in material flow synchronization across
the industrial use cases.

2.2 Lean Manufacturing Principles

Lean manufacturing is a philosophy and systematic approach to improving production
efficiency by eliminating waste, optimizing value streams, and continuously improving
work processes [33]. Originating from the Toyota Production System, Lean principles
have become a foundational framework for operational excellence across various
manufacturing sectors [34]. Lean manufacturing provides not only a philosophy of
efficiency but also a structured set of principles that directly address inefficiencies in
production and logistics. For this research, Lean principles are not considered in isolation,
but as a framework that can be integrated with digital technologies such as DT, OEE, and
AMRs. This integration allows Lean thinking to evolve from a primarily organizational
philosophy into a digitally supported, data-driven methodology that supports real-time
decision-making and decentralized logistics control [35]. In particular, five core Lean
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principles form the foundation for structuring the proposed model, including: value
identification, which defines what truly creates value from the customer’s perspective;
value stream mapping, which analyzes and visualizes every step of the production
process to eliminate non-value-adding activities; flow optimization, aimed at ensuring a
smooth and continuous production flow by reducing waiting times and bottlenecks;
pull-based systems, which focus on producing only what is needed, when it is needed,
thereby minimizing inventory and overproduction; and finally, the pursuit of perfection,
which establishes a culture of continuous improvement (Kaizen) across all organizational
levels. Central to Lean manufacturing is the reduction of waste, which is classified into
eight categories: defects, overproduction, waiting, non-utilized talent, transportation,
inventory, motion, and extra processing.

In the context of this research, several Lean principles are embedded within the
decentralized digital logistics system through the integration of AMRs, digital twins, and
OEE-based monitoring. Within the proposed model, waste reduction is achieved by
minimizing idle time and unnecessary transport movements, which are automatically
detected and addressed through real-time feedback from the digital twin; flow
optimization is supported by AMRs that dynamically respond to production needs,
ensuring just-in-time material delivery and minimizing workstation waiting times;
standardization is established via agent-based digital twins, which apply consistent logic
in requesting and executing logistics tasks; and continuous improvement is sustained
through OEE tracking, which highlights losses in availability, performance, and quality,
providing data for iterative process optimization and enhancement.

Table 4 illustrates how key Lean principles are mapped to elements of the proposed
digital optimization and control system.

Table 4. Mapping of Lean principles to the optimization and control model.

Lean Principle Digital Logistics Implementation
Waste reduction Real-time identification of transport and idle-time

inefficiencies via OEE and digital twin monitoring

Flow optimization AMRs autonomously coordinate material delivery to
ensure uninterrupted production flow.
Standardization Digital twin agents use predefined control logic and
communication protocols.

Pull-based operations Workstations initiate logistics requests based on real-
time production needs.

Continuous improvement | OEE-based analytics provide feedback loops for system

tuning and improvement.

While Lean principles have been applied in digital manufacturing contexts before,
previous research has typically focused on centralized scheduling, predefined rules,
or standalone analytics tools [36]. Few studies combine Lean flow principles with a
decentralized, agent-based logistics system that responds to real-time OEE signals and
digital twin feedback. The innovation in this dissertation is operationalizing Lean
principles—such as waste reduction, pull-based flow, and continuous improvement—
within a distributed, Al-supported control model in which workstations and logistics units
function as autonomous agents. This approach extends traditional Lean methods by
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enabling real-time, data-driven responses that adapt dynamically to disruptions and
variability on the shop floor.

By integrating Lean principles into the digital optimization and control model,
the research ensures that the system stays focused on value creation, continuous flow,
and waste reduction, even as new technologies are introduced. The synergy between
Lean thinking and digital tools, such as AMRs, digital twins, and Al-based decision logic,
enables production systems to respond more quickly, manage resources more effectively,
and sustain long-term improvements [37]. Therefore, the Lean framework is not only
aligned with the goals of Industry 5.0 but also offers a practical structure for embedding
waste reduction, flow optimization, and continuous improvement into the proposed

decentralized control system.

2.3 Production Logistics and Throughput Time

Production logistics plays a critical role in ensuring the smooth, continuous flow of
materials, components, and finished goods throughout the manufacturing process.
Itinvolves the planning, execution, and control of all intralogistics activities, including the
supply of raw materials to workstations, handling of intermediate products, and movement
of finished goods within the factory [38,39].

One of the key performance indicators in production logistics is throughput time, the
total time it takes a product to move through the entire production process, from the
release of raw materials to the completion of the final product. Throughput time is
directly influenced by factors such as material availability, workstation readiness,
transport system responsiveness, and task coordination [40,41].

To precisely analyze and improve production logistics efficiency, throughput time (TT)
must be clearly defined and monitored. Throughput time is the total elapsed time
required for a product to pass through the entire production system—from the release
of raw materials to the completion of the finished product. This metric is crucial for
identifying bottlenecks and inefficiencies in both production and intralogistics flow[42].

Throughput can be expressed with the following formula:

IT = Tpmcess + Tqua/ity + Ttransport + Twaiting (21)

In Equation (2.1) [43] T, Is process time, T, Is quality inspection time,
T; Is transportation time, and T,, It is the waiting time.

This decomposition enables more targeted analysis and optimization of each
component in the total time.

In traditional production systems, logistics planning is often centralized and
prescheduled, resulting in inflexible operations that struggle to adapt to disturbances on
the shop floor [44].

Common issues in traditional production systems include delayed material delivery
or removal, which leads to idle workstations; overloaded buffers, which obstruct
transport systems and reduce process visibility; and bottlenecks arising from misaligned
timing between production and logistics activities [45,46].

These inefficiencies not only increase throughput time but also negatively impact OEE,
which reflects how well a manufacturing system utilizes its resources in terms of
availability, performance, and quality.
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To address these challenges, modern production systems increasingly adopt real-time,
decentralized logistics control, where decisions about material flow are made dynamically
based on current conditions. In such systems, each production unit (such as a workstation
or AMR) functions as an intelligent agent capable of communicating its needs, monitoring
local status, and independently requesting or executing logistics actions [47].

This thesis builds on this concept by proposing a decentralized digital optimization and
control model supported by digital twins and artificial intelligence [48]. The goal is to
reduce idle time at workstations, minimize transport delays, and ultimately improve
throughput time. By combining real-time data with autonomous control, the system
enables more responsive and balanced production flows, which are essential for
high-performance Industry 5.0 environments.

2.4 Overall Equipment Effectiveness (OEE)

OEE is one of the most widely recognized performance indicators in manufacturing,
providing a quantitative measure of how effectively a production system utilizes its
resources [49]. Initially introduced by Seiichi Nakajima as part of the Total Productive
Maintenance (TPM) framework in the 1980s, OEE has since evolved into a global
benchmark for assessing production efficiency across industries [50,51]. The metric
combines three dimensions-availability, performance, and quality-into a single index that
highlights both technical and organizational losses. Availability reflects the proportion of
scheduled time the equipment is operational; performance measures the actual output
speed relative to the designed capacity; and quality accounts for the ratio of good units
produced relative to the total [52]. By capturing these aspects simultaneously, OEE
provides a comprehensive view of equipment utilization and productivity bottlenecks
[53,54].

It is calculated as the product of three core components:

e Availability: The percentage of scheduled time that the equipment is
available for production (i.e., no breakdowns or waiting for materials).

e Performance: The speed at which the process operates as a percentage of its
designed capacity.

e Quality: The proportion of good units produced out of the total output.

Equation (2.2) [55] is typically expressed as:

OEE = (A) x (P) x (@) (2.2)
Where,

Availability(A) = Planned production time — unplanned downtime 23
varasiity\al) = Planned Production Time (23)
Perf Py = Actual amount of production (2.4)

erformance(P) = Planned amount of production '
. Actual amount of production — non acepted amount

Quality(Q) = (2.5)

Actual Amount
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It is particularly relevant in high-mix, low-volume environments, where frequent
changeovers and material-handling disruptions significantly affect productivity [56,57].
Traditional OEE implementations, however, focus mainly on machines or production
lines and often overlook logistics-induced downtime [58].

In the proposed control model, OEE values are calculated in real time at the
workstation level and used as an active control signal. For example, when availability
drops due to missing input materials, an urgent transport request can be triggered to an
AMR. Similarly, if buffers are full, OEE feedback can reprioritize AMR tasks to remove
excess items. By embedding OEE into the decision-making loop, the system transforms
the metric from a retrospective performance measure into a dynamic driver of
decentralized optimization.

The application of dynamic, data-driven OEE calculations facilitates intelligent
decision-making and adaptive logistics flow control, aligning with the decentralized
architecture advocated in Industry 5.0 systems. Moreover, by integrating OEE feedback
directly into the control loop, the system can continuously self-optimize, proactively
address bottlenecks, and maximize workstation utilization.

To highlight the conceptual differences, Table 5 compares the traditional OEE
calculation with the extended OEE approach developed in this research, which explicitly
integrates logistics-related downtime and real-time data into the metric.

Table 5. Comparison of Traditional OEE and Extended OEE (logistics-inclusive).

Aspect Traditional OEE Extended OEE in this research
Workstation + logistics units
Scope Machine or production line
P P (AMRs, buffers)
Equipmen ime an li Real-time OEE + transpor +
Data basis quipment upti .e and quality eal-time O tra .s.po t status
metrics buff