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Kivonat

Ipar 4.0 tamogatd gépi tanulasi,
folyamatmodellezési és optimalizacios algoritmusok
fejlesztése

Racz-Szabo Andras

Kivonat

Ez a disszertacié a pozicidadat-alapi optimalizdlas alkalmazasat vizsgalja, kiemelve
azokat az elonyoket, amelyeket a vallalatok nyerhetnek, valamint azokat az értékes
betekintéseket, amelyeket adatelemzési mdodszerekkel lehet kinyerni. A valds idejii
helymeghatarozé rendszerek (RTLS) adatai lehetévé teszik a gyartocégek szamara,
hogy jobban megértsék az eréforrdsok aramlasat, az tizemeltetési hidnyossdgokat és
az optimalizalasi lehetoségeket, ezaltal hozzajarulva az adatalapu dontéshozatalhoz
és a termelékenység noveléséhez.

Az els6 témakor az RTLS helymeghatarozasi adatok gyakorlati hasznossédgéra
osszpontosit a gyartocégek szaméara. A szerz6 kialakitott egy strukturalis mod-
ellt az RTLS technolégidk alkalmazasahoz, amely az integracié 1épéseit is tartal-
mazza a gyartasi rendszerekben. Az adatelemzési technikak, mint példaul az
adatbanyaszat és a statisztikai elemzés alkalmazasaval az RTLS rendszerekbol
szarmazo6 informaciok segitenek a belso logisztikai folyamatokban el6fordulé mintak
és hatékonysaghianyok feltarasaban. Ez gyakorlati betekintéseket tesz lehetévé,
amelyek javitjak az eréforrasok elosztasat, a munkafolyamatok hatékonysdgat és az
altaldnos miikodési teljesitményt.

A masodik témakor az RTLS adatok pontossagaval foglalkozik, bemutatva egy
adategyeztetési mdodszert, amely noveli a helymeghatarozasi adatok megbizhatosagat.
Az adatok pontossaganak javitdsa biztositja, hogy a folyamatfigyelési és dontéshozatali
rendszerek pontosabb informéacidkat kapjanak, ezaltal jobb miikodési betekintést és
hatékonyabb folyamatoptimalizaldst tesznek lehetové.

A harmadik témakor olyan algoritmus fejlesztésére Osszpontosit, amely a pozicid-
adatok segitségével azonositja az értékteremto és nem értékteremto tevékenységeket
egy tobbrétegii halozati megkozelitésen keresztiil. Az alkalmazés egy taxiutvonal-
optimalizalasi példan keresztiil kertil bemutatasra, mikozben az ertéforrasok aramlédsa
és az optimalizalasi lehet6ségek tobbrétegii idobeli hélézati modell segitségével
kertilnek elemzésre. A modszer esettanulmanyként New York-i taxiadatokon kertilt
alkalmazasra, amely soran megallapitasra keriilt, hogy a mddszer hasznéalatéval



jelentOs varakozasi id6csokkenés érhetd el.

A negyedik témakor olyan modszerek kidolgozasara Osszpontosit, amelyek a
logisztikai kornyezetekben végzett eroforras-tevékenységeket osztalyozzék és opti-
malizaljak beltéri helymeghatarozasi adatok és fejlett klaszterezési algoritmusok
segitségével, ezzel novelve a folyamatok hatékonysagat és tamogatva az ellatési lanc
elemzését. Az alkalmazas belso logisztikai folyamatok optimalizalasara 0sszpontosit
egy UWB-alapu helymeghatarozé rendszer hasznalataval. Itt egy modositott DB-
SCAN algoritmust és egy tobbrétegi halézati modellt dolgoztott ki a szerzd, amely
csokkenti a holtidoket és javitja az eroforrasok kihasznalasat egy raktari kornyezetben.

Az 6todik témakor az RTLS helymeghatarozasi adatok felhasznédlasaval végzett
algoritmusok fejlesztésére és keretrendszerének kialakitdsara osszpontosit, kiilonosen
a mikrologisztika és az anyagkezelési folyamatok tertiletén. Egy olyan keretrendszert
keriil kidolgozésra, amely tdmogatja az automatizalt vezetett jarmiivek (AGV-k)
litemezését gyartasi kornyezetekben megerdsitéses tanulas és Markov-dontési folyamat
(MDP) médszerek alkalmazasaval. A modszertant egy valds ipari esettanulmany
mutatja be, amely szemlélteti az RTLS helymeghatérozasi adatokban rejlé potencialt
az AGV-k iitemezésének javitasaban, az eroforras-kihasznalas és a feladatiitemezés
optimalizéldsdban, mikézben csokkenti a holtidéket és noveli a logisztikai folyamatok
hatékonysagat.

Ezeket a megkozelitéseket valos gyartasi esettanulmanyokon validaltam, amelyek
bizonyitjak azok alkalmazkodoképességét és hatékonysdgat az ercforrdas-gazdéalkodas,
a miikodési hatékonysag és a dontéshozatali folyamatok javitasaban.



Abstract

Development of machine learning, process
modeling and optimization algorithms for
supporting Industry 4.0

Andras Racz-Szabo

Abstract

This dissertation explores the use of positioning data to optimize manufacturing
processes, focusing on the integration of Real-Time Location System (RTLS) data
with advanced data science methodologies. Frameworks and algorithms are presented
to demonstrate how positioning data can reveal resource flows, operational ineffi-
ciencies, and opportunities for process optimization, enabling data-driven decision
making and improving productivity.

The research emphasizes the practical application of RTLS data in manufacturing
environments. Methods for improving the accuracy and reliability of positioning
data through data reconciliation techniques are explored. Algorithms for classifying
value-added and non-value-added activities are highlighted, using innovative multi-
layer network approaches and clustering techniques, such as a modified DBSCAN
algorithm. These methods are applied to real-world logistics scenarios, including
warehouse optimization and taxi route analysis, demonstrating their adaptability
and effectiveness in reducing idle time, increasing resource utilization, and improving
workflow efficiency.

In addition, the dissertation presents a framework for using RTLS data in micro-
logistics and material handling. Reinforcement learning and Markov decision pro-
cesses are incorporated to optimize the scheduling of Automated Guided Vehicles
(AGVs). Industrial case studies validate these methods and demonstrate their effec-
tiveness in overcoming logistical challenges, improving resource management, and
increasing operational efficiency in manufacturing systems.



Auszug

Entwicklung von Algorithmen fiir maschinelles
Lernen, Prozessmodellierung und -optimierung zur
Unterstiitzung von Industrie 4.0

Andras Racz-Szabo

Abstract

Diese Dissertation untersucht die Nutzung von Positionsdaten zur Optimierung
von Fertigungsprozessen, wobei der Schwerpunkt auf der Integration von Echtzeit-
Positionierungssystemen (RTLS) und fortgeschrittenen Methoden der Datenwis-
senschaft liegt. Es werden Frameworks und Algorithmen vorgestellt, die zeigen, wie
Positionsdaten genutzt werden konnen, um Ressourcennutzung, betriebliche Inef-
fizienzen und Optimierungsmoglichkeiten aufzudecken und so datenbasierte Entschei-
dungsprozesse zu unterstiitzen und die Produktivitat zu steigern.

Besonderes Augenmerk wird auf die praktische Anwendung von RTLS-Daten in
Produktionsumgebungen gelegt. Methoden zur Verbesserung der Genauigkeit und
Zuverlassigkeit von Positionsdaten durch Datenabgleichsverfahren werden untersucht.
Algorithmen zur Klassifizierung von wertschopfenden und nicht wertschopfenden
Aktivitaten werden unter Verwendung von innovativen mehrschichtigen Netzw-
erkanséatzen und Clustering-Techniken, wie z.B. einem modifizierten DBSCAN-
Algorithmus, untersucht. Diese Methoden werden auf reale Logistikszenarien angewen-
det, einschliellich der Optimierung von Lagerprozessen und der Analyse von Taxirouten,
und zeigen ihre Anpassungsfiahigkeit und Effizienz bei der Reduzierung von Leer-
laufzeiten, der Steigerung der Ressourcennutzung und der Verbesserung von Ar-
beitsablaufen.

Dariiber hinaus wird ein Rahmenwerk fiir die Nutzung von RTLS-Daten in
der Mikrologistik und Materialflusssteuerung vorgestellt. Verstarktes Lernen und
Markov-Entscheidungsverfahren werden integriert, um die Einsatzplanung von au-
tomatisierten Transportfahrzeugen (AGVs) zu optimieren. Industrielle Fallstudien
validieren diese Methoden und zeigen ihre Wirksamkeit bei der Bewaltigung logis-
tischer Herausforderungen, der Verbesserung des Ressourcenmanagements und der
Steigerung der Betriebseffizienz in Produktionssystemen.



Dedicated to my Family and Friends.



Acknowledgements

I am deeply grateful to my supervisors, Prof. Dr. habil. Janos Abonyi and Dr.
Tamés Ruppert, for their support and guidance throughout this journey. Their
mentorship has provided me with valuable knowledge and perspectives that will
undoubtedly assist me in tackling future challenges.

I would also like to express my heartfelt thanks to my family and friends for their
unwavering support and encouragement. Without their constant reassurance and
belief in me, this achievement would not have been possible.



Contents

1 Introduction 1
2 Utilizing RTLS positioning data in manufacturing: insights into
process efficiency and operational applications 9
2.1 Introduction to data-driven process optimization with RTLS . . . . . 9
2.2 Levels of location information in manufacturing industries . . . . . . 11
2.3 Industrial applications of RTLS . . . . ... ... ... .. ... ... 15
2.4 Steps of setting up an RTLS for manufacturing support . . . . . . . . 22
2.5 Analysis based on position data - a case study . . . . ... ... ... 24
2.6 Summary of the chapter . . . . .. .. .. ... ... ... ... ... 25
3 Enhancing position data accuracy in RTLS: A data reconciliation
approach for improved process insights 27
3.1 Introduction to position data accuracy enhancement through data
reconciliation . . . . ... ..o 27
3.2  Methodology - enhancing position accuracy in RTLS: a data reconcili-
ation approach . . . .. . ... Lo 28
3.3 Improving real-time forklift tracking with data reconciliation - a case
study . . L 32
3.4 Summary of the chapter . . . . . ... ... ... 0. 39
4 Algorithm development for identifying value-added and non-value-
added activities using position data: a multi-layer network approach 40
4.1 Introduction to multilayer network analysis for optimized resource flow 40
4.2  Methodology - multilayer network-based modeling and balancing of
complex processes . . . . . .o 42
4.3 Multilayer network-based performance assessment of taxis in New
York City - A Case Study . . . ... ... ... ... ... ...... 47
4.4 Summary of the chapter . . . . . . ... ... ... ... ... ... 51
5 Clustering and network analysis for identifying value-added and
non-value-added activities using position data in intralogistics envi-
ronment: A DBSCAN-based Approach 53
5.1 Introduction to DBSCAN clustering-based activity analysis in logistic 53
5.2  Methodology — DBSCAN clustering for IPS-based data analysis . . . 54
5.3 Multilayer network-based performance assessment of intralogistics
processes using IPS data and DBSCAN clustering — a case study . . . 58
5.4 Summary of the chapter . . . . . .. ... .. ... ... ... ... . 64



6 Exploring micro-logistics and material handling process optimization
using RTLS positioning data: a Reinforcement Learning and Markov
Decision Process framework for AGV scheduling 66

6.1

Introduction to AGV scheduling optimization using Markov Decision
Process. . . . . . . . 66

6.2 Methodology — RTLS-driven framework for AGV scheduling using
Reinforcement Learning and Markov Decision Processes in micro-logistics 67

6.3 Exploring the application of RTLS data and reinforcement learning
for AGV scheduling in micro-logistics — a case study . . . . . . . . .. 68
6.4 Summary of the chapter . . . . . ... .. ... ... 76
7 Conclusion 77
8 Research questions and thesis findings 79
9 List of notations 83

10 Bibliography 88



Chapter 1

Introduction

The concept of Industry 4.0 focuses on the digitalisation, automation, and opti-
misation of production and logistics processes. Industry 4.0 encompasses various
technological and digitalisation elements, including digital traceability, which is a
fundamental element for the virtual model or representation of our real manufacturing
processes. Using virtual model, companies can gain a deeper understanding of their
processes, identify bottlenecks, improve productivity and efficiency, and respond
more quickly to changes. In many cases, the operation of the system often relies on
an indoor positioning system (IPS) [[1], 2, 3], which enables spatial localisation and
positioning within manufacturing environments or warehouses.

Several studies address the role of Industry 4.0 technologies, such as indoor
positioning systems , in improving manufacturing and logistics processes. These
articles often explore specific applications, such as tracking, improving efficiency,
or identifying bottlenecks. However, there is a noticeable gap in providing a com-
prehensive framework that integrates IPS data into the development of algorithms
for process optimization and decision support. Furthermore, the literature lacks
a detailed examination of how IPS-based algorithms can systematically analyze
positioning data to identify inefficiencies, improve resource utilization, and enhance
overall operational performance. The first thesis addresses this gap by presenting a
methodology that not only improves positioning accuracy, but also emphasizes the
development of IPS-based algorithms tailored for process optimization and actionable
insights in manufacturing and logistics environments.

However, data provided by IPS frequently contains measurement errors. These
errors can be divided into four main groups as the measurement environment, like
the indoor environments often contain obstructive elements, such as walls or racks,
which can introduce interference [4, 5]. The second one is the computing algorithms,
as software algorithms can contribute to inaccuracies, including estimation errors and
unfiltered data [6]. At times, IPSs have limited computational resources, impacting
processing time and accuracy [7]. The monitoring machines (third) and the human
or user interface [8] (fourth) errors are not relevant in our case. Depending on the
associated costs, these errors can be mitigated to some extent. However, there comes
a point where improving the accuracy of the system exceeds the return on investment.
Therefore, alternative solutions should be explored, including external data processing
and filtering of the data provided by the system, as well as improving accuracy using
various mathematical techniques. Different methods can be used for subsequent
algorithm-based refinement of indoor position data. One such method is the Kalman
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filter, which leverages data from diverse sensors such as accelerometers and gyroscopes
to continuously estimate and correct positions over time [9, 10, 11]. Another effective
technique is the use of particle filters, which employ probabilistic estimation to
handle non-linear and intricate systems, making them particularly suitable for indoor
environments [12, 13]. Machine learning algorithms, including neural networks, offer
another avenue for enhancing indoor positioning accuracy. These models can be
trained on sensor data to discern complex patterns and relationships, thereby refining
position estimates [14, 15, 16]. Fingerprinting strategies involve creating databases of
signal fingerprints from Bluetooth Low Energy (BLE) beacons or Wi-Fi access points
within indoor spaces. Real-time signal strength comparisons against these fingerprints
contribute to improved positioning accuracy [17, 18, 19]. Dead reckoning relies on
initial known positions and integrates data from sensors like accelerometers and
gyroscopes to track movement, making it suitable for short-term indoor positioning
needs [20, 21, 22]. Crowdsourced data collection from multiple users’ devices can also
refine positioning information by amalgamating their measurements. Map matching
techniques use pre-existing indoor maps or floorplans to refine indoor positioning
accuracy by aligning sensor data with known map features [23]. Visual SLAM
methodologies adapt Simultaneous Localisation and Mapping (SLAM) techniques
using cameras or depth sensors for indoor positioning [24]. Radio signal propagation
models, on the other hand, predict positions based on wireless signal strength and
attenuation patterns within buildings. These models are often employed alongside Wi-
Fi or Bluetooth signals [25]. Based on the literature review outlined in the previous
paragraph, it can be concluded that a simple and efficient approach is needed to
achieve increased indoor positioning accuracy when using multiple sensor datasets for
object tracking. Ensuring adaptability to variations within the indoor environment
is paramount to such a solution. Therefore data reconciliation techniques are also
usable for enhancing indoor positioning system accuracy. By delineating physical
constraints and measurement errors, data reconciliation ensures the precision of
measured position data.

Existing research to improve indoor positioning accuracy has largely focused on
isolated techniques or sensor-specific solutions that often lack adaptability to varying
indoor environments. While these methods show potential, they often do not address
the systematic reconciliation of measurement errors and constraints. The second
thesis fills this gap by introducing a data reconciliation approach that systematically
improves IPS accuracy by identifying and correcting measurement inconsistencies.
By ensuring accurate position data, the methodology supports more robust and
reliable applications in dynamic indoor environments.

To address the challenges of indoor positioning accuracy, the methodologies used
in urban mobility studies offer valuable insights. Urban mobility research often deals
with large-scale position data to analyze patterns, identify inefficiencies, and optimize
flows in complex transportation networks. These studies provide a strong foundation
for exploring how similar approaches can be applied in industrial contexts, where
position data from Indoor Positioning Systems (IPS) is abundant and increasingly
critical. The study of urban networks is particularly relevant because it demonstrates
how position data can reveal actionable patterns and support resource optimization.
The techniques developed for urban scenarios, such as multilayer networks and
clustering algorithms, are adaptable to IPS-based industrial applications. Leveraging
these methods allows for the analysis of intralogistics and manufacturing processes,

Chapter 1 2
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enabling the transition of proven solutions from urban environments to dynamic
industrial systems. This interdisciplinary connection emphasizes the potential to
extend the scope of position-data-driven optimization beyond its traditional domains.

Studying urban networks is essential for the continuous development of sustain-
able and resilient cities, e.g. public transportation is widely analyzed to explore its
efficiency [26]. The mobility patterns of cities have a crucial role in understanding
transportation behavior [27]. Exploring frequent flow patterns can identify bot-
tlenecks [28], high-traffic areas dependent on time [29], and popular places [30] as
possible starting points of the route [31].

Optimizing traffic flows requires models that represent the frequent patterns
of urban network flows [32]. Transport systems are complex and involve a lot of
stochastic processes, making them challenging to model. One sources of information
for the discovery of mobility patterns is the trajectories of taxis, although these
primarily reflect the travel behavior of a specific subset of users, such as higher-income
individuals, nighttime travelers, or those using taxis as feeders for long-distance
public transportation [33]. An integrated analysis of mobility patterns between
taxi and bus mobility records is already proposed [34]. Therefore, this work also
focuses on how taxi-related mobilities can be used to evaluate the efficiency of related
transport services.

The essential problem of transport systems is the imbalance of demands and
resources. The balance of traffic flows in an urban transportation system can be
optimized using an appropriate information system [35]. Shared mobility-on-demand
solutions also require balancing-based fleet management [36]. For example, bike-
sharing systems should be able to handle time-varying needs through the balanced
distribution of assets [37]. Balancing network flows and resources has benefits in
decreasing the required fleet capacity [38], which also helps to reduce congestion,
emissions [39], and noise pollution [40].

Increasing process and resource efficiency plays an important role in the 21st
century in a sustainable economy [41]. Not all activities add value to the product or
the service. These activities are considered wasteful because they do not directly
provide customer value, even if necessary. The concept of lean philosophy means
the usage of a system of techniques and activities for the purpose of eliminating
all non-value-added activities (Waste of overproduction, Waste of time on hand,
Waste of transportation, Waste of processing, Waste of excess inventory, and Waste
of movement) and waste (Waste of making defective products) from business with
maximum resource utilization (Waste of underutilized workers) [42]. These seven
wastes, or the so-called “Muda”, are determined by lean philosophy [43]. There
are many lean tools available to support waste identification [44]. By identifying
these wastes, non-value-added activities can be minimized and value-added activities
can be optimized. Therefore, it is important to represent them as a separate
temporal network. For example, when a taxi driver taxes a passenger, the trip can be
considered a value-added activity. In contrast, when a cab is empty after dropping
off the passengers and the taxi driver drives to the next place of demand, this state
transition can be considered a non-value-added activity. The main idea of the work
is that a model is provided to represent these non-value-added activities as different
layers in a multilayer network, distinct from the value-added activities.

Model-based problem solving plays a crucial role in logistics and in transportation,
employing case-dependent methods and models to optimize decisions and enhance

Chapter 1 3
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cost-effectiveness. This approach is exemplified in various studies such as optimizing
vehicle routes in retail distribution networks using mathematical modeling solved with
meta-heuristic algorithms [45], determining optimal prices and inventory strategies
through game theory models [46], and defining the optimal lot number and price
of perishable products for retailers [47]. Similar to perishable products, optimizing
the supply and distribution of blood products is also challenging due to uncertain
demand, but the mathematical model with a heuristic solution algorithm selects
optimal routes and minimizes costs [48]. Grey optimization can also be used to
improve the performance and efficiency of contracts used in the supply chain [49] or
blockchain technology for causal associations to determine the purpose of personalized
customer service [50].

Discrete event simulations can be highly effective for evaluating the decision
to implement lean manufacturing principles and assessing their benefits [51], and
they are also used in Value Stream Mapping to identify non-value-added activities,
such as in the case of a tire distribution company [52]. Petri nets can also be
relevant in manufacturing optimization, such as scheduling production activities
in cylinder block remanufacturing, where they serve to search for optimal or near-
optimal schedules to improve system performance [53] or for example in disassembly
process [54]. Implementing and validating the model-based problem solving solution,
such as discrete event simulations requires significant time and resources, making
them costly. Any changes to the system during model updates can be complex and
labor-intensive. In addition, the high cost of the necessary software and expertise, as
well as the significant computing power required for accurate simulations, can be
major drawbacks. The drawbacks are similar to those of discrete-event simulation,
with the added challenge of validation to ensure that the model accurately reflects
real-world processes.

Multilayer networks can process complex data and find connections at different
levels, which is why they are increasingly common in traffic-related analyzes.

Recently, multilayer network-based models have been developed to handle different
modes of transportation [55, 56, 57]. Multitemporal transport networks have also
been shown to be beneficial in traffic modeling by handling different intensities over
time [58] or detecting an anomaly in the system [59].

Other example, analyze the Chinese Airline Network from the perspective of
multilayer networks [60] or the impact of new air route strategies on the resilience
of a multilayer Chinese Airline Network [61]. Multilayer networks can be used for
resilience testing in case of random flight errors in the European Air Transport
Network [62]. The method is also usable for the detection of urban dynamics as in
the case of a railway network [63]. Multilayer network-based models can also be used
for efficiency testing in public transportation systems [64].

The state-of-the-art in the field of multilayer network-based evaluation of the
efficiency and resilience of network flows involves several key approaches:

e Network flow analysis: Utilizing mathematical models to understand the flow
of resources within a network and identify areas for improvement [65].

e Temporal analysis: Examination of network flows over time to identify trends
and patterns and assess long-term efficiency and resilience [57].

e Resilience evaluation: Assessment of the network’s ability to withstand disrup-
tions and continue to function effectively [66].

Chapter 1 4



Development of machine learning, process modeling and optimization algorithms for
supporting Industry 4.0

e Integration of data sources: The use of a wide range of data sources, such
as transportation data, demographic data, and weather data, to inform the
evaluation [67].

e Predictive analytics: Use of machine learning algorithms to anticipate future
network flows and assess the possible impacts of changes [68].

e Dynamic routing: Real-time adjustment of routes and allocation of resources
to improve efficiency and resilience [69].

e Collaborative transportation: Encouragement of collaboration among stakehold-
ers, such as carriers, shippers, and government agencies, to improve efficiency
and resilience [70].

e Infrastructure improvements: Investment in physical infrastructure, such as
roads, bridges and airports, to improve capacity and reduce congestion [71].

e Environmental sustainability: Consideration of the environmental impact
of network flows and efforts to reduce emissions and promote sustainable
transportation [72].

The third thesis addresses a gap in the analysis of location data by introducing a
framework that distinguishes between value-added and non-value-added activities
within complex systems. This research bridges the gap by applying multi-layer
network modeling to classify and optimize resource flows, providing a transfer-
able methodology for IPS-based industrial environments. By integrating advanced
clustering and network analysis techniques, it improves the identification of ineffi-
ciencies, aligning with the goals of process optimization and resource allocation in
manufacturing and logistics.

By using multi-layer network modeling to analyze resource flows, the foundation is
laid for further refinement through clustering techniques tailored to classify activities
as value-added or non-value-added. These methodologies are consistent with lean
principles and provide a way to optimize logistics and manufacturing processes by
systematically reducing waste and improving resource efficiency.

The Lean philosophy and logistics processes are deeply intertwined, as the applica-
tion of Lean principles optimizes logistics activities by eliminating waste, maximizing
resource efficiency, and streamlining processes in both logistics and manufacturing
environments [73, 74]. By focusing on reducing unnecessary activities and enhancing
value-added tasks, companies can significantly improve their operational performance.

With the advent of Industry 4.0, digital technologies such as advanced analytics
and the Internet of Things (IoT) have become critical in supporting Lean practices in
manufacturing and supply chain management. These technologies outline eight waste
reduction mechanisms that improve operational efficiency and enable data-driven
decision-making, providing a clear framework for selecting the most effective methods
to enhance logistics processes [75].

The concept of "Digital Lean” highlights the role of digital tools, such as Infor-
mation Technologies (ITs) and Operational Technologies (OTs), in enhancing Lean
manufacturing. These tools allow for the detection and prevention of physical waste
through simulations and real-time monitoring. Digital Lean also addresses digital
waste, which arises from the underuse or overuse of smart manufacturing technologies

[76].
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Building on this, Lean 4.0 incorporates a broader set of Industry 4.0 technologies
like artificial intelligence, robotics, and cloud computing to further optimize manu-
facturing processes. This integration enables more intelligent automation and deeper
alignment of Lean principles within modern manufacturing environments [77].

As previously mentioned, the concept of muda in industrial processes focuses on
eliminating waste, with idle activities in transportation, such as transport waste,
being classified as non-value-added, as they do not contribute to value creation from
a logistics perspective. Minimizing idle activities is crucial for effective resource
utilization and improving process efficiency [78].

One of the key challenges is identifying these non-value-added activities. Several
methods can be employed to address this, such as the Spaghetti Diagram [79, 80,
81], which is a visualization tool that helps depict movement and interactions during
processes, allowing them to be classified and analyzed. Another approach is Value
Stream Mapping (VSM) [82, 83, 84|, which reviews intralogistics processes to identify
idle times and eliminate unnecessary steps, thus improving material flow and reducing
downtime.

Another solution involves using Manufacturing Execution Systems (MES) and
Indoor Positioning Systems data, combined with data analytics and data science
techniques, to identify non-value-added activities. MES is a software system that
monitors and controls manufacturing operations on the shop floor, providing detailed,
real-time production data, while IPS provides precise location information for tools,
materials, and personnel. By integrating these data sources, advanced analytics
can be used to identify inefficiencies such as idle time, unnecessary movements, or
bottlenecks, enabling a more detailed understanding and optimization of intralogistics
processes.

These TIPS systems address critical logistics challenges, such as improving the
accuracy of warehouse positioning and ensuring reliable monitoring of goods in
transit within large facilities [85]. In addition, IPS facilitates real-time value stream
mapping, helping to identify bottlenecks and optimize processes through accurate
state tracking [[86]].

Clustering techniques, such as DBSCAN, can be applied to position data provided
by Indoor Positioning Systems to identify patterns in resource movements, helping
to distinguish between value-added and non-value-added activities, thus optimizing
logistics processes and improving overall efficiency.

Clustering [87, 88] is a method that can assist in identifying areas or periods
where the movement or activity of resources significantly deviates from the norm, or
in identifying potential areas for optimization. Time-series classification (TSC) is
widely utilized in manufacturing systems, including applications such as supply chain
optimization. The importance of TSC has grown significantly in smart manufacturing
systems, driven by the integration of Machine Learning (ML) and Deep Learning
(DL) algorithms, which are essential for processing the vast amounts of time-series
data generated by these systems [89].

Additionally, Machine Learning-based methods [90] facilitate the creation and
training of models to recognize different states, analyzing data to detect anomalies,
such as periods of idleness, through various algorithms. Movement Trajectory
Analysis [91] examines resource movement patterns to identify areas or routes where
resources are less active or exhibit significantly different trajectories.

A multilayer network framework enables the analysis of complex systems by cap-
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turing multiple types of interactions between entities across different layers, providing
a comprehensive understanding of interconnected subsystems [[92]]. These networks
are also utilized for inventory optimization in e-commerce platforms, integrating
material flow, inventory management, and pricing strategies to improve supply chain
efficiency [93]. Furthermore, a multilayered temporal network-based model distin-
guishes value-added from non-value-added resource flows, enabling a comprehensive
view of the flow of resources in the system [94].

The fourth thesis addresses the gap in the use of clustering techniques, specifically
DBSCAN;, to distinguish value-added from non-value-added activities in industrial
settings. By refining DBSCAN to classify activities based on position data, this
thesis provides a methodology to systematically identify inefficiencies. It bridges the
gap by integrating clustering results into process optimization, thereby improving
resource allocation and operational performance in industrial environments.

Analyzing position data and classifying activities are essential for optimizing
manufacturing and logistics processes. These insights not only improve the efficiency
of existing systems, but also lay the foundation for automated decision-making
frameworks, such as optimal task scheduling for AGVs, driven by Industry 4.0
advances.

The principles and technologies of Industry 4.0 are transforming manufacturing
paradigms by integrating digital technologies and automation into production pro-
cesses. Automated production lines, designed according to Industry 4.0 principles,
allow machines and devices to collaborate within the Internet of Things (IoT) frame-
work [95], fostering a lean manufacturing system [96] characterized by increased
efficiency, reduced possibility of errors, and flexible management of fluctuations in
production volumes. The further application of Industry 4.0 creates opportunities for
automated material supply, where scheduled automated transport of raw materials,
semifinished, and finished products optimizes manufacturing processes [97]. It also
enables the implementation of inventory strategies within the lean philosophy that
optimize inventory levels as a type of waste [98, 79]. This requires the use of tools
such as Automated Guided Vehicles (AGVs) or automated warehouses that are
seamlessly integrated into the production system to ensure flexible and intelligent
material flow in manufacturing.

To optimize these processes, it is crucial to understand the specific activities
performed by each logistics and production element at every stage. Although some
of this information can be extracted from the enterprise resource planning system,
tracking the tools involved in the supply chain requires the use of Indoor Positioning
Systems [[1]]. This technology plays a crucial role in achieving full traceability by
enabling the definition of states using precise position information provided by the
system, allowing for accurate tracking of the current position and state of AGVs. As
a result, the ability to monitor production in real-time is gained, allowing forecasts
to be made based on this information and a simulation environment to be created
to analyze the impact of changes in the production process, thereby laying the
foundations for the creation of a digital twin [99].

However, integrating industrial automation into the IoT framework often presents
challenges [100] due to the complexity of production processes, the heterogeneous
manufacturing environment, and the intricacies of internal stocking and material
supply scheduling caused by unbalanced production processes. The application of
machine learning methods [101, 102], such as reinforcement learning algorithms [103,
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104], could provide a potential solution. The Markov Decision Process (MDP) model
serves as a mathematical tool to achieve optimal task scheduling for AGVs [105, 106,
107, 108]. The MDP model’s components include states, actions, state transitions,
and rewards, which are crucial for defining the state of the system, state transitions,
possible actions, and rewards [109].

To achieve a model-level representation of the real production system, it is
essential to analyze our existing production and logistics processes. Following
this, it is worthwhile to examine whether process optimization is possible, as these
factors impact the development of the MDP model. The design of the model is of
paramount importance in the context of the reinforcement learning agent’s learning
process and the determination of the optimal decision strategy. The agent, which
functions as the decision-making entity, seeks to maximize the cumulative rewards
obtained, continuously learning from interactions with the environment and feedback
received. By collaborating with the MDP model and the agent’s learning process,
RL algorithms shape the optimal decision strategy based on available information,
taking into account the complex interconnections of states, actions, and rewards [110,
111, 112]. The gap addressed by the fifth thesis lies in the limited exploration of how
Markov Decision Process (MDP) modeling can be effectively applied to optimize
task scheduling and resource allocation in industrial environments.
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Chapter 2

Utilizing RTLS positioning data in
manufacturing: insights into
process efficiency and operational
applications

2.1 Introduction to data-driven process optimiza-
tion with RTLS

Getting accurate and actual information of a process status is very important in
the management and development of production systems. Information is often
position located; this way, it defines the actual position of a workpiece or resource in
the production area. This location based information may be suitable to connect
information of resources and activities/workpieces. The purpose of this thesis is
to introduce the potential in tools developed for indoor positioning, as well as the
available technologies and the possible use of data hidden in information.

According to the ISO/TEC 24730-1:2014 standard, the real-time locating system
(RTLS) is a wireless system used to locate the position of an item anywhere in a
defined space at a point in time that is or is close to real-time. Indoors positioning
systems (IPS) [113] locate objects in closed structures, such as office buildings,
hospitals, stores, factories, and warehouses, where the GPS proves to be inaccurate
[114]. In this section, the focus is placed on how indoor positioning can be utilized
in manufacturing, and for simplicity, these indoor positioning systems are referred to
as RTLS.

Several surveys and comparative analyses can be found on indoor tracking tech-
nology based on localization techniques [115, 116, 117]. One article has attempted to
classify techniques and systems by presenting a comprehensive performance comparison
of the accuracy, precision, complexity, scalability, robustness and cost [118]. Similarly,
studies comparing RTLS technologies can also be found in the literature [119, 120, 121,
122, 123, 124, 125]. Furthermore, a meta-review provides a comprehensive compilation
of 62 survey papers on the topic of RTLS [126], and the classification of current typical
RTLS is introduced with a layered conceptual framework [127]. Many technologies are
available such as infrared light, ultrasound, laser and their combinations. The reviews
of these technologies focus on the technical elements and standalone applications and
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show that only a few specific industrial applications are available [128].

This section aims to provide an overview of the applicability of RTLS in manu-
facturing to support the practical applications and provide a guideline or reference
for implementation, research and development of indoor positioning and RTLS.

In order to explore the potential applications a systematic examination of litera-
ture was performed in Scopus, following the PRISMA-P protocol. The used keyword
set (“real-time positioning systems” OR “indoor positioning systems”) AND (“man-
ufacturing” OR “industry”) resulted near to 300 articles from which the thematic
groups of the related research were identified.

Positioning data in the production system is the key information for traceability
[129], and digitalization [130]. The potential technologies and possible traceability
levels are overviewed in Section 2.2. The levels represent the identification unit from
the transportation unit (highest level— trucks, ships) to item unit (lowest level-raw
material). Determination of the traceability level depends on more factors such as
the complexity of the production process, the number of raw material types and the
conditions of the information system and infrastructure.

The potential manufacturing applications are discussed according to the tasks
depicted in Figure 2.1. The figure describes how positioning-based information allows
for continuous improvement to other parts of the manufacturing environment, such
as production control, logistics, applications in quality management, safety and
RTLS-based efficiency monitoring. These applications and the required data analysis
tasks are discussed in Section 2.3.

Production
control with
/ = \
RTLS for
collaborative and RTLS in
Operator 4.0 logistics
solutions
Continuous
improvement
RTLS-based Applications in
efficiency quality
monitoring management
RTLS for safety

Figure 2.1: Use of real-time locating system (RTLS)-based positioning information
by the different parts of the manufacturing environment. Continuous improvement
is a central element of an RTLS project.

Section 2.4 describes a workflow to implement an RTLS-based digitalization
project such as installation with the necessary hardware elements and data processing
to allow the data integration. Finally, the applicability of the RTLS in manufacturing
is illustrated by a case study presented in Section 2.5.
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2.2 Levels of location information in manufactur-
ing industries

To determine the appropriate tracking technology, the identification levels along
with the associated technologies need to be known. In terms of integration into our
system, it is important to see the relevant characteristics for the selection process of
the particular RTLS technology. In this section, the criteria for choosing a method
for a tracking solution arising in a production system are presented. This section
also includes recommended indoor positioning-based tracking technologies as part
of its content. Please note that a detailed description of the technologies is not the
purpose of this research.

Identification levels and technology solutions

Different applications require different types of tracking systems. Figure 2.2
shows the identification layers based on the possible available levels.

Layer5 [ Transportation (truck, airplane, ship, train) ]

Unit load ,Pallet”
Layer3 ’» {
Transport Transport Transport
unit unit unit
Layer2 } é

[Package ] [Package ] [Package ] [Package ] [Package ] [Package ] [Package ] [Package ]

Layer1 1 }

Layerd

Figure 2.2: Identification levels in a production system. Layers define the logistic
units from raw material (items) to trucks (transportation).

GPS is used for tracking containers and transportation equipment. At the
lower level, where intralogistics are considered, GPS is not accurate, or in many
cases, it is deemed unusable and unsuitable for general asset tracking due to energy
consumption. RTLS can handle indoor container identification as well as the unit
load, transportation unit and package, that is, the third, second and first layers.
RFID and barcode technologies are possible solutions for item identification, but
it is essential to consider whether using a particular technology is appropriate or
if it is worthwhile to combine the available technologies, such as UWB technology
(which is not recommended for raw material tracking). This approach is called
hybrid traceability technology in the literature [131]. However, with RFID tags, unit
identification can be achieved with a lower cost [119].

Table 2.1 shows solutions for these different identification levels (see in Figure
2.2) with the advantages and disadvantages. Four different traceability solutions are
discussed to support the chosen technology. A decision-making model for selection is
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proposed in Reference [128], where UWB, RFID, Wifi, Zigbee and BLE (Bluetooth
Low Energy) are compared with several aspects based on the developed methodology.
The steps of this methodology are RTLS definition, market analyses, weights of
criteria, ranking. They made a comparison between the technologies with the
many parameters (coverage area, accuracy, room level usefulness, RF interference
potential, bit rate, complexity, initial cost, security and privacy, health concern).
Application-oriented parameters are focused on in Table 2.2.

Structure of Indoor Positioning Systems and Potential Traceability
Technologies

Table 2.1 helps us to choose the right technology in the case of layer 0 and 1.
The applicability of the RTLS is now the focus. A multilevel selection criteria [132]
was found, where the three levels are Economic, Technical, and Implementation.
An overview of the most relevant RTLS technologies (excluding the no-radio based
technologies) is provided in Table 2.2. It summarizes these technologies with critical
performance criteria, including accuracy, power consumption and costs.

Figure 2.3 gives us a classification of RTLS. The left side of the figure was
considered because there are very few examples of no radio-based technologies in
actual industrial applications. In the production environment, ultrasound signal
transmission is also accompanied by a radio frequency (RF) pulse to combine the high
accuracy of ultrasound with the high communications capacity of RF, which enables
tracking of hundreds of simultaneously moving tags [133]. The technology is not used
independently in the manufacturing environment because of the communications
capacity, and environmental noise can degrade the localization accuracy [122]. One
standalone application of RTLS is tracking the locations of construction resources such
as labor, materials, machinery, and vehicles [134]. This application uses WiFi-based
RTLS because GPS is limited in indoor environments, such as tunnels and buildings
under construction. Another example is the development of a self-governing mobile
robot navigation system for indoor construction applications [135]. Several navigation
strategies with a mobile robot were tested with various combinations of localization
sensors, including wheel encoders, sonar /infrared /thermal proximity sensors, motion
sensors, a digital compass, and ultra-wideband (UWB) technology. The findings can
be adapted to several potential construction or manufacturing applications such as
robotic material delivery, inspection, and onsite security.

Two RTLS applications of UWB and ultrasound technology have been tested in
the SmartFactory KL [136].
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Table 2.1: The most widely applied solutions for traceability. The advantages and disadvantages help us to choose the right solution for
the right layer (see in Figure 2.2).

Solution Advantages Disadvantages
. Th ial for h is high

Cost effective, spread technology ¢ potential for human errot 1s hig
% Barcode Additional installation cost per every layout changing
n
7 The cost per item is low The cost of printed labels can be relevant in the case of
5 enormous stock
§ Cost effective, spread technology Every new station needs new hardware and installation
= .
Z RFiD . . " . . .
= The cost per item is low Additional installation cost per every layout changing
3
- The human error can be minimized

Spread technology The accuracy is not enough in the case of indoor posi-
GPS tioning

Many devices are already compatible The reliability is low in the case of indoor positioning

It is highly scalable

The error of human is excluded The cost depends on the number of tracked items
RTLS The traceability is available at the covered area

The system is fully flexible, any layout changing can be
handle in the software application

Any new item can be added at any time to the system
(highly scalable)
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Figure 2.3: Classification of RTLS [137].

Compared to other technologies, Zighee has not spread substantially in industry
[138]. However, industrial applications in the literature, such as the Zigbee positioning
system for coal miners [139], have also been studied [140]. Laser-based systems are
also used for navigation [141] and production tracking [142]. RFID is used in the
production independently as an identification system [143] because only the presence
of tags, such as barcodes, can be accounted for at the RFID reader. Other technologies
must be used for real-time location [144]. An RFID-based RTLS solution exists, but
this solution is less widely used because it is more expensive and inaccurate than
UWRB [145]. RTLS must be able to locate, track and identify objects in an indoor
environment; therefore, RFID technology is not appropriate for RTLS. Given the
controversial literature in this area, various types of technology, such as Bluetooth,
WiFi, Zigbee, and UWB, are considered to have the ability to support RTLS. Apple
proposed the iBeacon protocol [146] in 2013 as another tool [147]. The new iPhone
11 from Apple already includes UWB beacons, which may be suitable for indoor
positioning [148]. Moreover, it is essential to mention 5G technology [149], which
could be crucial for future smart manufacturing, including highly accurate indoor
localization. Because of the large-signal bandwidth and beamforming capabilities,
localization and tracking could be more robust and efficient [150]. The technique is
only now beginning to spread in industry; currently, it can only be applied in test and
development environments [151]. The different indoor positioning-based traceability
technologies can be combined in RTLS (already mentioned hybrid technology) to
take advantage of different solutions in one system; for example, the ZigBee and
UWB technologies or RSS measurements and a fingerprinting location algorithm
usage for better position estimation [152]. To use hybrid technology, a platform is
also needed. In general, roughly five layers are worth defining. A hardware layer,
where position data are generated; a processing layer, where the position is calculated
and filtered; a data layer, where location data is stored; a service layer, where the
system can be optimized; and a visualization layer, where real-time location data
can be analyzed and monitored.
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Table 2.2: Review of indoor positioning-based traceability technologies

Techn. Tag Cost Module Cost [153] Accuracy Space dim. Power cons.
[154, 155, 156] [157, 153]
Scale L:<38% L:<10$ L:>1m 2D /3D L:<100 mA
M:<10$ M:<40$ M:10 cm H:>200 mA
H:>20$% H:>70% H:<10 cm
Zigbee [158] M M M 2D L
RFID [159] L H L/M 2D /3D L
BLE [160] L L L/M 2D L
Wifi [161] H H L/M 2D H
UWB [162] H H H 2D/3D H

In the next Section 2.3, potential industrial applications are described, while in
Section 2.4 a workflow for setting up an RTLS-based manufacturing support system
is proposed. Finally, a use case is described to illustrate the applicability of RTLS.

2.3 Industrial applications of RTLS

An approach to RTLS selection is reviewed [128] and the RTLS based articles and the
main advantages are summarized within Table 2.3 with the related fields of application
in production and logistics categorized according to areas of use such as Quality
Management, Safety and Efficiency Monitoring. Within the topics, reference is made
to existing solutions, but possible directions for development are also presented in
the following subsections.

Different application possibilities exist in manufacturing departments with RTLS.
Table 2.4 presents various types of applications, where the RTLS-provided information
is defined for every industrial application. The possible benefits define how the
efficiency of the RTLS project can be validated. The applied positioning system
provides real-time information about where equipment, semi-finished or finished
products and specified logistic vehicles or workers are located in the manufacturing
area [163].

Production control with RTLS

Cycle time optimization is a critical task, especially in the case of modular or just-
in-time (JIT) production [164]. A positive correlation exists between the potential
of RTLS and JIT manufacturing. Several objects are defined as the main focus for
tracking in the case of industry applications (mobile assets, workers, materials, key
components, forklifts, pallets) [132].

The cycle time optimization is also possibly based on the position of products. For
that, it is necessary to know which products are on the assembly line at every moment
in time [164]. Pairing a semi-finished product with a tag makes inter-manufacturing
tracking possible and makes the following information available:

e Time spent on the workstation for a given product;
e The production sequence;

e Which products are/have been on rework;
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e Which products are/were in quality assurance;
e Average lead time for a particular product type (tact time);

e The goods in production are available with a continuous, real-time production
status that supports production programming and shift design.

A position data-based decision-making approach is presented that relies on ad-
vanced data analytics for asset location systems to help production [165]. A potential
use case in construction is discussed in Reference [166] and another application of
material tracking in a pipe spool fabrication shop in [167].

Table 2.3: Industrial applications of RTLS technologies.

Application Application Technology
type
Production Cycle time optimization UWB [164]
Production Position data-based decision making UWB [165]; RFID [168, 169]
Production Activity-Time monitoring in production UWB [170]
line
Production Digital Facility Layout Planning Independent [171]
Logistics Logistics management RFID [172]; Hybrid [133]; Independent
[132]
Logistics Warehouse management RFID [173]; WiFi [174]
Logistics Pallet management RFID [143]
Logistics Material /component and production WiFi [167]); UWB [175, 143]; RFID [176,
tracking 163, 177, 178, 143]; Hybrid [179]; Laser
[142]; Barcode [180]
Logistics Assets tracking Bluetooth [166]; RFID [181, 182, 183, 184];

Hybrid [185); UWB [186, 187); Laser [141];
Barcode [180]; ZigBee [158]

Quality Weak spot analyzis in production UWB [188]
Safety Safety management RFID [145]
Safety Collision avoidance UWB [189]
Safety Personal protective equipment monitor- Hybrid [190]
ing
Safety Person tracking ZigBee [139]; RFID [191]; UWB [192]
Safety Contact tracking Independent [193]
Efficiency moni- Performance of manufacturing process RFID [194]
toring
Efficiency moni- Lean manufacturing UWB [195]; BLE [160]
toring
Efficiency moni- Human resource monitoring RFID [196]
toring
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Table 2.4: Application of RTLS in manufacturing based on Section 2.3, the useful
information it provides and possible benefits.

Application Name Information Provided by RTLS Possible Benefits

P >t 1 with F i f semi-finish .. . .
roduction control wit ootprint of semi-finished More efficient production planning

RTLS products and cycle time control
RTLS in logistics Tracking of logistical assets More cost-effective logistics
in the production system process planning
Applications in quality =~ Root cause analysis depends Help quality management
management on position data department comply with
standards and regulations
TLS for safet, H and material handli i t . . .
RTLS for safety tman and material Aanciig equibmen Reduction in occupational accidents
tracking can help in collision detection
RTLS-based efficiency Efficiency indicators provide a realistic Real-time efficiency monitoring
monitoring picture of real-time production assigned to machines or tools

can support making better decisions

RTLS for collaborative  Precise real-time position of operators to More efficient decision making
and Operator predict the possible collaboration situations for the smart operator
4.0 solutions and collaborative system

Similar RTLS-based position data are already available in the literature, where a
real-time connection between operator performance and varying product complexity was
designed [170]. Another paper proposes an RTLS-based solution for a logistics problem
with hybrid traceability technology (WiFi with RFID) to realize materials tracking,
which can automate considerable amounts of warehouse work, such as stock-taking
and storage positioning and checking [163]. Related research proposes an RFID-based
intelligent decision support system architecture to handle production monitoring and
scheduling in a distributed manufacturing environment [168]. Furthermore, RTLS
technology can even be an element of reconfigurable facility layout planning. With
its help, the processing steps of the activity and their relationships can be easily
mapped and recorded in a database. More complex material flow can be provided
(with information of the real flow between machines or congestion phenomena), which
is not possible with a simple flowchart [171].

With the proliferation of Industry 4.0, it can be seen that there is also a strong
emphasis on production monitoring. This is evidenced by the numerous references
presented in the topic of production management.

RTLS in logistics

Logistics efficiency is largely dependent on the movement of forklifts, pallet trucks
and stacker trucks. To improve logistics efficiency, current processes should be
understood to identify points where lead time reductions can be achieved in the
supply chain. A properly selected RTLS technology can be a tool for exploring
logistics processes [175]. The following information is made available with logistical
vehicles tracking:

e Routes and time spent in specific areas;
e Speed of forklift;
e Data for predictive maintenance;

e Forklift overall equipment effectiveness (OEE).
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The objective of [173] is to propose an IoT and advanced data analytics-based
warehouse management system (WMS) to enable smart logistics for Industry 4.0.
The proposed IoT-based WMS can improve warehouse productivity, picking accuracy
and efficiency, and it is robust to order variability. In [180], the authors present
a sophisticated algorithm for tracking production and determining the traceability
of a product. Reference [176] gives an example of how to apply RTLS across the
supply chain and manage various assets within shop floors. A forklift based use-case
is described in [179] where movement inside a warehouse determined by the RTLS is
associated with assets that it picks up (attach through UHF-RFID reading) or puts
down (detach through the loss of RFID signal).

IR-UWB-based RTLS has been deployed in an in-operation warehouse to track
forklifts [187], and an RFID-enabled positioning system in AGV for a smart factory
has also been presented [181]. Observations and lessons from simulation and testbed
studies could be used to guide automated logistics within a smart manufacturing shop
floor. The framework of an R-AGV-based material distribution scheme is proposed
[185] based on an RTLS platform and electronic workshop map. The analysis and
experimental results indicate that the R-AGV-based material distribution system
provides new levels of process visibility and efficiency compared to traditional AGV-
based distribution systems.

Tracking of transportation device is mandatory to obtain an accurate picture
of intralogistics processes. A related paper describes an industrial forklift tracking
problem that requires precise internal positioning [186]. It presents a study on the
feasibility of meeting this challenge using UWB technology. Placing two tags on the
forklift enables even more robust localization, as the measurements from the two
tags are combined.

Based on the studied articles, it can be seen that much RTLS-related research is
being done in logistics; there are still, of course, unexplored application possibilities.

Applications in quality management

It is possible to see where losses are generated with a real-time tracking system.
The monitoring of the material low with RTLS and the average duration of the
processes provide information about problematic weak spots in the production process.
Based on this information, possible reasons for the delay in production is discussed in
Reference [188]. Root cause analysis is an essential component of quality assurance
for the customers of the manufacturing company. After exploring the root cause,
different action plans can be implemented, such as a review of the workflow, redesign
of the workspace, education of workers and modification of work instructions.

Another possible advantage is RTLS-based dynamic work instruction. A crucial
point in non-automated and human resource-required production processes is to
ensure the well-supported work of the operators. One possible solution is showing
just the information required to process the actual workpiece and no more. Based on
full traceability, the actual work instruction at every workstation can be shown using
the product information from RTLS. There are relatively few practical applications
on the topic, but potential development opportunities can be clearly identified such
as dynamic work instruction.

RTLS for safety

Collision avoidance is one possible improvement in the EHS (Environment, Health
and Safety). Real-time alerts and notifications can be developed to prevent accidents
based on the movement of vehicles and workers. A significant portion of the workplace
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accidents can be traced back to failure to use the required protective equipment. The
monitoring of the personal protective equipment (PPE) usage is also an available
function using RTLS [190]. RTLS technology can be used to control access to
restricted areas for employees by sending automatic alerts whenever someone enters
an unauthorized area [191]. Moreover, in the event of an emergency or natural
disaster, such technology can be used to determine if everyone has already left the
area or whether every worker used the designated route to leave the building [192].

The main purpose of contact-tracking solutions in industry is to help identify the
contact matrix when the infection is recognized. RTLS is one possible solution to
support to explore the potentially infected people [193]. Therefore, it can be used
for the protection against the COVID-19 pandemic [197]. RTLS can be used in
production systems also to monitor adherence to distance requirements between the
operators. This is a possible useful function for a COVID-19-like epidemic situation.
Due to the pandemic, the field of research for RTLS is topical, but there are also
several solutions in the literature in the field of EHS (Environment, Health and
Safety).

RTLS-based efficiency monitoring

A related research article presents an RFID-based RTLS solution for performance
metrics through RTLS data analysis to evaluate workflow performance and to obtain
a lean process [194]. Spaghetti diagrams (visual representation using a continuous
flow line to trace the path of an item or activity throughout a process) are time-
consuming and static and, therefore, do not reflect the dynamics of logistics systems.
RTLS was proposed to overcome this drawback [195].

The efficiency of a human resources personalized measurement is challenging. To
achieve set goals, every organization must devise adequate, effective and efficient
means of managing its HR. Related research reported on the development of an
RFID and RTLS-based real-life personnel monitoring system to accurately and
reliably estimate distance and coordinate the location of personnel at any instant
[196]. This method can be used to measure—based on RTLS positioning data—how
much time each product has spent at a particular station. This measurement can
be further developed, and performance indicators can be obtained for workstations
where operators work. By breaking down the overall process into sub-processes,
the zones that allow for personalized performance tracking can be refined. The
proposed RTLS can provide a solution to compute availability, a key parameter of
OEE (Overall Equipment Efficiency) based on position data. Position data could
improve the accuracy of the measurement of human resource efficiency (HRE) [198]
and integrate other sensor measures for real-time activity monitoring [170]. Real-time
sensor data assigned to the location of tools or machines on the shop floor allows
online efficiency monitoring and supports the development and maintenance of digital
twins [198] or intelligent decision-making systems.

In terms of human resources, there is still quite a bit of related research. More
potential RTLS applications—like the mentioned personalized performance tracking—
can help to achieve more efficient operations.

RTLS for collaborative and operator 4.0 solutions

The future of manufacturing will be the personalization, and Industry 5.0 defines
by the co-operation between man and machine [199]. During the current fourth
industrial revolution, companies have realized they need to put humans back into
industrial production with collaborative robots [200]. The workers need to be upskilled
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to provide value-added tasks in production to handle the mass customization and
personalization for customers. This philosophy overlaps with the Operator 4.0
concept [201].

Shop floor trackers are one of the required technologies of Industry 5.0 [200].
RTLS could be a suitable solution for the full traceability on the shop floor. The
smarter operator is an element of Operator 4.0 methodology [202], which is used to be
the intelligent personal assistant-based solution. Real-time position data providing
precise location information helps the system to make better decisions for operators
and make possible the trajectory prediction of operators [203].

Analysis of position data and building data-driven solutions

Raw data provided by the RTLS cannot directly be utilized to support the
manufacturing. The purpose of this section is to introduce data based solutions and
the related data analysis techniques needed for data pre-processing and building data-
driven solutions. Again, a systematic examination of literature in Scopus was done,
using the keyword set (“indoor positioning” AND (“machine learning” OR “data
science” OR “data mining”). The network of the mentioned keywords can be seen
in Figure 2.4. Based on this network, the key thematic groups of machine learning
techniques and the related application areas, which will also be discussed in detail
in this section, can be defined. Data mining techniques are reviewed in Reference
[204] to solve indoor navigation systems problems. The performance of the RTLS is
shown via the integration of different features and classification algorithms, including
decision tree, multi-layer perceptrons, and Bayesian networks [205]. In another
article, naive Bayes theorem-based classification techniques and other classification
techniques to enhance the classification accuracy are compared to identify the
best location estimation algorithm [206]. K-nearest neighbor [207], support vector
machine [208], decision tree [209], naive Bayes [210] and Bayesian network methods
[211] are compared and combined with ensemble learning algorithms to improve
the performance, i.e., accuracy, f-score and computation time [212]. Decision tree-
based classification is applied to estimate the position to improve the accuracy
[209]. The clustering machine learning (ML) technique is usually used to improve
RTLS accuracy, like K-means clustering backpropagation NN [213], Spatial Division
Clustering (SDC) method [214], affinity propagation clustering [215]. The feeding
behavior of cows is measured with RTLS in [216]. The presence at the feeder (feeding
probability) of the cows was calculated using the logistic regression model. Support
Vector Regression (SVR) is used to calculate the efficient RTLS [217]. Based on the
aforementioned literature study, the common combinations of ML techniques are
presented in Table 2.5 and RTLS technologies can be seen in Figure 2.5. Based on
the qualitative analysis of the literature it can be highlighted that many researchers
have successfully applied NNs to the indoor positioning problem via convolutional
neural networks (CNNs) [218]. A ZigBee [219] indoor positioning research scheme
based on the location fingerprinting approach uses an NN locating model. This
model, with the signal-index-pair data pre-processing method, is used to increase
positioning precision [220]. Related research uses a particle swarm optimization-based
backpropagation (PSO-BP) NN to determine the relationship between RFID signals
and the position of a tag for an RFID-based positioning system [221]. Furthermore,
to improve the quality of training samples, the experimental data are pre-processed
via Gauss filtering. The following section is devoted to show how RTLS systems and
the presented models can be integrated into one system.
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Figure 2.4: Network of keywords based on Scopus database.
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Table 2.5: Data mining techniques and areas of RTLS-based application

Method Definition Data Analytic Techniques Application Areas RTLS-based Applications

Neural network

Discriminating data into different labeled R L
Iscriminating data into cifterent labeled Support vector machine (SVM)  Pre-defined distribution

subsets pursuant to class attribute. For intralogistics navigation problems [204],

PP Decision tree e.g., identification of differences . . -
Classification . . (g . ) shows the performance of RTLS [205],
Lo . k-Nearest neighbor Fault detection X N . . .
Retrieving important and relevant infor- X . find the best location estimation algorithm [206]
Bayesian network Anomaly detection problems

mation about data and metadata. Lo X
Genetic algorithm

Partition based algorithms .
\ . . . . > Data segmentation
srouping the database according to their  (e.g., K-means, fuzzy c-means .
G g the datak ling to th K fuzzy
il it e (division into homogeneous sets)
. Identification of typical prototypes  Improve RTLS accuracy [213, 214, 215]
Clustering (e.g., dendrogram) ) i oo § ° v 24, 2
) ) i o 8 (e.g., simultancous identification of ~ Pedestrian motion learning [222]
Discovering similarities and dissimilarities Density-based method

time-homogeneous periods and their

ased methods averages/trends)

ed methods

between the data.

Identifying and analyzing the relationship
between variables. Multivariate linear regression Creating a model that predicts time .. -
. . . © o ! - Used to calculate the efficient RTLS [217]
Regression analysis Neural network (e.g., creating a model for predicting . . .
ST . . feeding behavior of cows [216]
Predicting and forecasting the process or ~ Regression tree temperature)

dependent variables.

2.4 Steps of setting up an RTLS for manufacturing
support

An installation of RTLS is described in this section with a proposed workflow to
illustrate the difficulties of RTLS projects. Figure 2.6 shows the necessary steps for
RTLS-based process analysis. In general, the first step of an RTLS-based digitization
project is the identification of requirements, where the physical area on the shop
floor and the possible applications are defined. The next step is the installation of
the sensor network. After the system is running and the position information is
being successfully gathered, the accuracy of the system should be validated. The
multi-tag concept substantially improves the object detection probability and makes
the system more robust [223, 224|. Generally, the position engines of RTLS apply
filtering methods to pre-process the position data (e.g., a Kalman-filter in the case
of GPS) [225]. Several accuracy improvement solutions are available based on RTLS,
including regression [226] and k-nearest neighbor classification [207].

With the spread of RTLS, position data pre-processing and cleaning methods
have become an important research topic, based mainly on pedestrian dead reckoning
[227] and wireless signal positioning methods [10]. The cleared and filtered position
data provides more accurate information to the production system.

The integration of position data into the Manufacturing Execution System (MES)
is a crucial element of the implementation.

To obtain usable data from the position information, zones of the manufacturing
process should be defined. A zone (Station ID) represents a workstation or storage
space, and the RTLS can obtain zone information from every tag in real-time. Figure
2.7 shows the connections among the RTLS, MES and production. At the beginning
of production, the operator pairs a product with an RTLS tag (with a barcode
scanner or manually at a PC) to identify the actual product ID in the system.
The RTLS provides the zone information (based on the position data of tags and
zones definition) with a timestamp to the MES with an application programming
interface (API). The MES changes the status of the actual product ID based on
the information from RTLS (e.g., the product is tested at a testing station). If a
digital interface is provided at the workstation, then the MES can show the work
instruction for the actual product or can set the optimal cycle time based on the
product content [164].

Chapter 2 22



Development of machine learning, process modeling and optimization algorithms for
supporting Industry 4.0

Identify use-cases

¢ Application environment
¢ Determination of applicability

Installation

e Cabling and device placement
e Layout definition

Data preprocessing

® Data cleaning and filtering
* Data reconciliation

Integration

* Integration to MES
* Feedback based on position data

Figure 2.6: The full setup of RTLS in manufacturing. After the physical system
installation, the layout and zone definition is necessary for system integration into
the Manufacturing Execution System.

Product ID

Station ID

Start time - MES

End time Product status change

Product ID

Cycle time setting

&

Work instruction

New Production
product

Attach RTLS tag

Figure 2.7: The real-time connection between the Manufacturing Execution System
(MES) and production is available based on the RTLS.
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2.5 Analysis based on position data - a case study

Position data-based production tracking has considerable potential to optimize
production processes. In this section, a case study based on an implemented RTLS
in a manufacturing environment is presented. The purpose of the position data in
production is to transform to relevant information, in the interest of comparing the
defined production zones with the position based clusters. Hidden information can
be extracted from the position data for production management.

The use case presented is an anonymized example from a Tier 1 supplier company
in the automotive sector. The production company used the Sunstone-RTLS Ltd.
system, which is accurate to 50 cm with eight anchors per every 2000-3000 m?. The
system architecture is shown in Figure 2.8. There are seven workstations that are
used to produce a small wire harness. The zones define the workstations, storage units
and routes. The workstations are Tubing station I., Tubing station II., Channeling
station, Test station, Screwdriver station, Packaging station and Quality check.

Thanks to the position data, the full traceability of products is available. The
cycle time of workstations can be measured based on the classified zone data. The
operator scans the product identification label at the first workstation, where the
system paired it to the current tag ID (ID is also scanned at the station). The spent
time of the actual p product (7) in the actual zone (z) is the difference between the
last timestamp (777 (l) of the actual product (p) position data in the actual zone and
the first one (T7(f)).

The operator attaches the RTLS tag to the product at the first station (Tubing
station I/1T), and the final station is the Packaging.

The goal of the position-based zone identification is to determine the temporary
storage at the temporary station area: a K-means algorithm is applied for position
data classification. Figure 2.9 shows the classified position data where the algorithm

Figure 2.8: The infrastructure of the Sunstone-RTLS. Every central unit (CU) has
eight anchors (which collect data from tags), and the CUs can be connected to create
a cascade installation.
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Figure 2.9: The production layout with seven pre-defined workstations. The classified
and pre-defined (rectangles) zones are shown. The algorithm detects three small
areas behind the Temporary station and indicates that Tubing station II was not
used in this period.

detects the three small storage areas over the pre-defined zones. These three undefined
or unplanned stations could be the cause of several losses.

Figure 2.10 shows the cycle time deviation of every workstation. The boxplot
shows the distribution of the times related to the production of more than 150
products (in one shift). It can be observed that the packaging station has a shorter
cycle time and the smallest deviation. This is because the real finish time at this
station cannot be identified, as the tags traced by the RTLS are collected after
production, and instead, the test label is scanned by the operator during packaging.

The figure shows the Tubing station I. is the bottleneck, but it can be seen in
Figure 2.9, there is a second station (Tubing station II.), which is a spare workstation.
In the current situation, there are not enough resources to operate both workstations,
but it could be the solution to improve the process.

As this example highlighted, the RTLS can provide accurate and real-time
information about the current status of the production process that could be utilised
in the development of production processes.

2.6 Summary of the chapter

The purpose of this thesis was to provide a comprehensive overview of the application
and development possibilities of RTLS in the manufacturing field. The overview
of the solutions determined the value of the positioning data and specified which
traceability technologies are suitable for real-time locating in different situations to
ensure traceability. The research explored the possible applications in the production
and logistics process. Finally, the implementation of RTLS and a data cleaning
method are represented. The end of the Section 2 presented a case study, in which it
was demonstrated what kind of information an RTLS system can provide.
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Figure 2.10: Boxplots of the cycle times measured at different zones of the production
process. (Green triangles represent the averages, while red lines the medians).

The research pointed out that information extracted from RTLS is highly applicable
for performance monitoring. Based on this fact, RTLS supported LEAN projects are
very important research topics of the future. This study also introduced that machine
learning and state estimation techniques are getting used more and more widely in
the development of position data based models. Another conclusion of the case study
is that typical states of the production process can be easily determined based on
clustering algorithms. Analyzing the sequence of these means a significant increase
in the understanding of the processes and in support of process models. It can be
suggested that process mining will be the most relevant research topic in the future.

It is also important to highlight that an installed RTLS makes the integration
of more sensor data available, and in this way the quick implementation of IoT
solutions. This opportunity is seen as particularly beneficial for the development of
existing processes, such as the introduction of brownfield Industry 4.0 solutions.

The advantage of these solutions can be exploited well if the production system is
supported by a Manufacturing Execution System (MES), in which a system ensures
that information derived from position data can be used in production process
optimizations. In line with this, an RTLS project should be connected with an MES
development. This MES development process can be supported by semantic models,
which are helping to structure sensor and production data. The application of these
models is also a research and development topic for the future.
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Enhancing position data accuracy
in RTLS: A data reconciliation
approach for improved process
insights

3.1 Introduction to position data accuracy en-
hancement through data reconciliation

Data reconciliation based on indoor positioning data using map-based error refine-
ment is a novel approach characterised by its ability to reconcile disparate data
sources and improve accuracy. The equations of equilibrium can be further extended
depending on the specific solution. While the map-based error evolves dynamically,
the current method only calculates an average error for the designated area, so it
may be beneficial to consider a weighted average for the error map to allow for
adaptability. Such adaptation involves the prioritisation new data, allowing a faster
response to changes in the production or logistics environment. Integration into
production environments requires consideration of factors such as industrial integra-
bility, scalability, data security, reliability and resilience of the algorithm, and user
acceptance. The advantage of the method is that it can be easily applied to the data
refinement provided by indoor positioning systems. The data in the error map is
constantly updated using weighted error averaging, making the method flexible to
changes in the production or logistics environment.

The contributions of this work are the following;:

e Definition of tags associated with resources and bring the data to a common
time base by interpolation.

Using physical and logical relationships between sensor tags to determine the
measurement error from historical IPS data.

Classification of the error average of the position data based on the map.

Application of the data reconciliation method to refine the real-time position
data based on the error map.
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According to these contributions, the Section 3 is structured as follows: The
next section presents the preparation of position data provided by the IPS and
the estimation of map-based measurement errors. After that, the position data
refined based on the data reconciliation method is shown. Finally, the applicability
of the methodology is illustrated through a case study of forklift position data in a
warehouse environment.

3.2 Methodology - enhancing position accuracy in
RTLS: a data reconciliation approach

A detailed methodological overview is provided in this section based on the steps
illustrated in Figure 3.1. The first step is to create the relationship matrix between
sensors and resources and to determine the physical distances between sensors within
the same resource. Due to the lack of synchronisation in the data recording frequency
between individual tags, it is necessary to interpolate the coordinates over time.
Therefore, the unique recording times for the position data of the sensors associated
with each resource are identified for interpolation. The second step in dealing with
missing positional data is to apply interpolation techniques to fill the gaps for all
unique recording times across all resource-related sensors, resulting in a comprehensive
positional data matrix. With this matrix in hand, the third step is to calculate the
distances between all sensors within the same resource group based on their positional
data. Discrepancies between calculated distances and actual physical distances are
quantified by generating an error matrix through subtractive analysis, which is the
fourth step. As described in the fifth step, these errors are then spatially distributed
on a map by averaging the discrepancies to effectively distribute them based on
measured coordinates. Finally, in the sixth step, a data reconciliation algorithm is
implemented to refine the measured position data, effectively correcting inaccuracies
due to the layout-based errors identified in the previous steps. This iterative process
ensures the accuracy and reliability of the final position data obtained from the
sensor network.

In the context of resource localisation, multiple tags are used for each O =
{01,09,...,0n,} set of objects, where N, represents the number of objects, and

1. Determine the physical 4. Calculate the R error 5. Determine the map-based

distance between the S matrix based on subtracting division of the average of the
sensors belonging to the the physical distance value estimated errors based on
same O resource from the calculated distances the measured coordinates

2. Using interpolation to
determine the missing
position data of T unique
recording times for all O
resource related sensors

3. Calculate the distances 6. Use data reconciliation
based on position data algorithm to accurate the
between all O resource measured position data with

related sensors the layout-based error

Figure 3.1: Process steps of the applied methodology.
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S ={s1,59,...,5n,} denotes the set of sensor tags, where N; indicates the number
of tags. Leveraging the unique identification numbers associated with the tags,
the relationship between the tags and their respective objects can be established:
0; = {s1,52,...,sn5,} €S, where Nl(oj) is the count of tags assigned to o; object.
The A matrix contains all the relationships between the S sensors and the O objects,
where 1 means the S sensor belongs to the O object and 0 means the S sensor does
not belong to the O object:

[ 01 02 ) O] IR OND-
_SNS 0 o --- 1 .- 0 ]

If it is known which sensor tags belong to an object, the relationship between
these sensors within the object can be defined, for example the physical distance
between them. The D matrix contains this information:

[ S]_ 32 P SNS ]
S1 N/A d172 s dl,Ns
D=| s2 | d N/A - dyp, (3.2)
| SN, dNS,l dNS’Q cee N/A ]

dn, , n, is the distance between sy, |, and sy,
Dsy. 15y, = if the sensors belong to the same object, (3.3)
N/A if the sensors do not belong to the same object.

The sensors are situated at a consistent separation from each other. Periodically,
these tags transmit positional data, representing the 3D spatial coordinates for indoor
positioning. Typically, this raw data is stored in a large P! C T! x X! database,
where T = {t},t},.. .t} } are the timestamps and X' = {x}, X5, ..., X}, ..., XN, }
where x| = [z}, ;, 2}, 5, 7}, 5] € R* are the coordinate-based position data at the k-th
time of the I-th sensor. N} represents the number of the recorded position data of the
[-th sensor. Inaccurate data may occur, such as discrepancies relative to coordinates
aligned with the actual production environment, or simply missing data. It is crucial
to identify and filter out these occurrences at the outset of our process. The data
combined per resource may differ over time; therefore, an initial crucial aspect in the
methodology description is the synchronization of timing data, achieved by linearly
interpolating the position data. This interpolation yields pairs of position data points,
allowing for the computation of the distance between the tags, accounting for errors.
The goal is to determine the set of unique times and identify the missing time points
in both databases. This process entails linearly connecting temporal data points
during interpolation, thereby estimating them at the desired time points. Therefore,
at all the T = [ty,ta,...,ty,...,ty] time points, the X' coordinates are available
in the X(imer) matrix, where x;, € Ximern) is the interpolated position data vector
of the [-th sensor at the t, time point, Xl( g—1) and xl( g+1) are the nearest available
measured data points of the [-th sensor before and after interpolation at the ¢, time
point.
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Ml ] el l I 7

X xlm le’Q xlm
l
X9 To1 Lo Tog
(o) — | = | _ : : :
X interp) = < | T |4 7 2 (3.4)
g 9,1 9,2 9,3
! l ! !
[ XN | TN1 TN2 Tng3l

where, linterp means the [-th sensor with the interpolated data and N is the
number of all unique timestamps with available position data. It is important to
note that for starting and ending data, where there are no intermediate values for
interpolation, the missing values can only be determined by extrapolation. Since a
consistent solution regarding the current position data may not be achieved, these
values are ignored during further data processing. The interpolation for a position is
the following:

l l
(X(g+1> - X(g—l))
(t(g+1) - t(g—l))

The X, matrix containing the position data of all sensors can be written as
follows:

Xlg = Xl(gfl) + (tg - t(g—l)) '

(3.5)

1 2 N.
X; X7 X}V s
X% X% P X2 s
Xan = | . . . (3.6)
X}V X?V X%s

Based on the A matrix, the associated sensor position data can be determined

per object in the Xgﬂj) tuple:

x; x? xzs xéojz

_ x) %2 X ° x>
X% = X x A o) = |72 F 2 xA(0) = |72 (3.7)

Xk X% ccc XN x(o7)

where xfloj) C A(:,05) is an Ny x 3 matrix containing the position data of sensors

belonging to the o; object:

e

(o [oF] [0 05

x(01) — X“ﬁj _ “”"_5’1 “””_52 5”‘”?{3 (3.8)
x| el i), wll,

The physical distances between the related sensors are defined in the D matrix, and
the Dﬁl"j) distance matrix can also be calculated between sensors from the measured
data. Ideally, the two distances should be the same, but due to measurement
inaccuracy, an r error can be calculated as follows:
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Z — Dy (3.9)
g=1 f=1
s Ns
( (0]) Df,g) (3.10)
g=1 f=1
d%/Olj,; débof,) d%olji By dis - dyy
rgloj): dn.;,l dn.;,2 d’I”LQJg _ dQ‘y]_ d2.72 d2‘7g (311)
dily it e di) dpy dpa -+ dpg

If all the errors are calculated for all O objects based on X,j;, a matrix R,y is
obtained that contains all the errors:

1 2 N
rl rl e rlN-O
r% r% e r2 o
Rai= | . . . (3.12)

The measured position data from X,; with the calculated errors from R,; are
available based on the objects and through the accumulation of a substantial volume
of measurement data, the prospect of constructing Ry error cartography matrix is
the following:

T(@i1) T(e2) 7 Taig)
; | X 7"(90'2,1) T(I'Q’Q) . r($'2,q) (313)
p,q =1 =1
T(apa) T(ap2) "7 T(zpa)

where p is the x-axis, ¢ is the y-axis layout-based boundary, and N, ,) represents
the numbers of the calculated error for every x(p q) position. In this case, the position
data are known and the related error, so one possible method to improve the accuracy
of the position data is data reconciliation.

minimizing J()Eéoj)) = (X](Coj) _ A(OJ))TV ( (05) )A(ECO]'))

o) (3.14)
subject to f(x,7") =0

where,

° xl(:)j) is the M X 1 vector with the measured position data pairs:

our case, x.° € R3, therefore M = 3;
° )Ac,(coj ) is the M x 1 vector with the reconciled position data pairs:
in our case, f(éoj ) ¢ R3:

e Visthe M x M covariance matrix of the measurement, which is calculated
based on the r(; ) € Rx error cartography;
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e fisa C x 1 vector, which describes the functional form of the model’s equality
constraints, for example, the physical distance constraint equation.

In our case, the J ()2) objective function is the following:

[0} ~l05 T [0 ~lO05
(Y (D
. 0; ~(0; -1 0; ~(0;
J(x) = mEkJ%) — xgkjg) V(xk) xEk]%) — xgk%) (3.15)
Z(13) ¥k3) T(13) T (13)

To determine the V(_xi) covariance matrix, the error values are needed from the

R error cartography matrix based on the two ngjl )) and XEZ; )) position data of the o;

object’s relevant sensors:

) 0 0 0 0 0 |
0 T, 00 00
0 o 0 0
V! = *w0) 3.16
Gk 0 0 0 e o0 0 (3.16)
0 0 0 0 2 0
0 0 0 0 0o k)
L Xpa))

The equality of the f cost function can be the mentioned distance-based constraint
as the minimizing basis of the J ()21({0")) objective function:

Foin { I =GN = Do) } = fuin {2 — dop} =0 (317)

By using the reconciled position data pairs obtained in this manner, more precise
real-time indoor positioning can be achieved. In the following section, the applicability
of the developed method is demonstrated through a warehouse case study.

3.3 Improving real-time forklift tracking with data
reconciliation - a case study

The use case originates from a real logistics environment, where forklifts are tracked
by a UWB-based IPS during the storage process. The forklifts are equipped with
two tags (as seen in Figure 3.2). These tags continuously transmit real-time position
data every three seconds during movement.

Five forklifts are being monitored, and each forklift is equipped with two sensors.
The IPS sensor tag I is fixed in position on the forklift cabin, while the IPS sensor
tag II moves with the fork in the Z-direction. As a result, only the X-Y coordinates
were used to calculate the distance, and the relative distance between the two sensors
was fixed in these two dimensions at 1.7 meters in our case. The A matrix defines
the tags paired with the forklifts.

Chapter 3 32



Development of machine learning, process modeling and optimization algorithms for
supporting Industry 4.0

01 O O3 O4 Of
54968 [ 1 00 00 i
S4967 01000
S$4966 00100
54965 0001O0

A = S4957 00 001 (318)

55294 1 00 00
S5378 01000
S$5302 00100
S5208 0001O0
S5301 [ 00 001 ]

A total of ten sensor data points are summarised in Table 3.1. The number of
position data available for each sensor before and after filtering (data is filtered out
when the forklift is not active), and after interpolation. The data recording interval of
the sensors becomes less frequent, at 5 seconds in our case, if no movement is detected,
and these downtimes are filtered out from the position data. The interpolation is
performed in the same manner as described in Equations 3.4 and 3.5. The recording
time data of the sensor tag pairs is aggregated, unique values are determined, and
interpolation is then carried out based on the position data from the time points
before and after the sensor for which data at the given time is missing. In the
methodological description, it was also highlighted that if extrapolation is required
at the beginning or end of the measurement data, those data are not taken into
account.

The project aims to identify the areas within the warehouse where forklifts are
operating. The movement of the tag placed on the fork in the Z-direction indicates
that an order has been fulfilled. The position data is then used to determine the
location in the warehouse where the work has been completed. This approach allows
us to assess the efficiency of the logistics service and identify potential opportunities
for improvement. Figure 3.3 identifies the movement of O, forklift based on the S99

. - IPS sensor tag |.
© - IPS sensor tag Il.

Figure 3.2: IPS sensors placed on the forklift.
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Sensor

Number of measured data

Number of measured data after filtering

Number of data after interpolation

54968 (ﬁx)

63773
58351
66226
70628
54175
66034
45535
57794
27451
26854

62417
57086
64581
68823
52749
64673
43969
56528
26977
26366

119501
119501
133402
133402
117421
117421
100496
100496
53313

53313

Table 3.1: Number of the available position data for every sensor before and after
filtering, and after interpolation.

sensor data as blue markings and the layout represents a warehouse environment
where material flow is managed using the aforementioned forklifts. This includes
storage operations from the delivery zone to the high warehouse, as well as the
reverse process as picking out.

However, accurate position data is essential, so it is important to enhance the
accuracy of the IPS-based position data. To achieve this, the developed data
reconciliation-based algorithm is being utilized. The algorithm requires an estimated
error, which is determined by comparing the physical positions of the tags placed on
the forklifts with the position data-based positions on a layout basis.

The method is demonstrated on randomly selected O, forklift with Sje¢5 and
Sso98 pair of sensors. As discussed earlier, the physical distance between the related
tags is consistently 1.7 meters in each case. By employing time-based synchronization
and linear interpolation with the two tags, and then subtracting the physical distance
from the theoretical distance calculated from the coordinate data pairs obtained in
this manner, the estimated error can be derived. Subtracting the physical distance
value from the calculated distances gives the error distribution, as shown in Figure
3.4.

The Figure 3.5 heatmap is based on the measured absolute average distances.
Based on the methodology presented in the previous section, it is worth examining
the layout-based distribution of the calculated error. After collecting a sufficient
number of measurements, in our case minimum fifty pieces of data from each divided
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| & 15 L |30
s o T - i |
e _ | A350 A360
oy - I [
BIN | AJUD A310 A320 A330 A340 0
€ ' | "‘5— |
e :
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B s el o e i AR
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&xit 2 EXIT1 - Consolidation | Delivery zone 2 HEIDLER
Duty Good receipt | Finished good figor location |
1 = = = - = = I = = - l -10
20 0 -20 40 60 -80

Figure 3.3: Indoor positioning data-based movement of forklift in a warehouse
environment. Sufficiently accurate location data is important for identifying the
logistics area.
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area part (multiple position data from multiple forklifts), the average errors can be
calculated as absolute values of the difference between the actual physical distance
and the distance calculated from the position data. If there is not enough data for
the given area, the average error calculated for the warehouse environment is used.
These average errors can then be displayed on the layout as a heatmap, based on
the position data, using the R, error cartography matrix.

The diagram shows the division of the logistics area according to x and y
coordinates, and the colour scale on the right indicates the degree of error in metres
(the darker blue indicates insufficient data, while lighter shades represent errors
between 1 and 2 meters, and yellow indicates errors exceeding 7 meters in the given
area). Figure 3.5 can be reconciled with the layout shown in Figure 3.3, revealing
identical coordinate distributions along the x and y axes. There is also a notable
escalation of error in the high warehouse, a phenomenon that is understandable given
the inherent challenges that such environments pose for Indoor Positioning Systems
(IPS).

The map-based heatmap characterizes the storage environment by measuring
errors based on the defined resolution of the layout. This noise is typically caused by
environmental factors such as a metal shelving system or walls. Based on this, the
average error of the current position data within the specified section of the storage
environment can be determined. Using the layout-based error matrix obtained in
this manner, the estimated error considered in the data reconciliation calculations
can be enhanced. The error map is used to determine the estimated error associated
with the position data that needs to be refined. These data will constitute the
elements of the V' matrix. Using the previously mentioned physical distance, the
data is optimized, and the reconstructed (refined) position data is obtained.

A sample set of this data is presented in Table 3.2. The first column presents
measurement data, while the second column indicates the corresponding layout-
based error, which is crucial for the data matching algorithm. The third and fourth
columns show the distances calculated from the coordinates and the physical distances

100

Distribution of the calculated distances error [pcs]

o
S

Ml il ] . L
-2 0 2 4 6 8 10
Calculated distance error [m]

Figure 3.4: Histogram of the distances error belonging to the O, forklift.

Chapter 3 35



Development of machine learning, process modeling and optimization algorithms for
supporting Industry 4.0

between the tags respectively. The fifth column shows the distance derived from
the difference between these distances. It’s worth noting that certain pairs of data
have errors that exceed the average. The error determined from new data points is
treated in the same way in the map-based error calculation, forming a constantly
evolving database. Consequently, a larger volume of measurement data allows for
more accurate estimates. The penultimate column shows the coordinates after data
matching, alongside the recalculated distances, which match the actual physical
distances.

The organized nature of the positions is evident in the fact that the positions
of the two components remain stable even during turns, contributing to improved
trackability. The results help to obtain a more accurate representation of the paths
taken by the forklifts. This is shown in Figure 3.6, with a forklift path segment based
on the measured (left) and refined (right) position data. The red connection shows
the temporally related data and therefore the distance based on the measurement
data, and the green connection shows the related reconciliation data, showing that
the algorithm has refined the position data to the actual physical distance. The more
accurate position data can also be observed visually, as the O, forklift’s rotation is
clearly visible. Furthermore, this approach has the potential to enhance the precision
of indoor positioning data, making it applicable to solving the clustering issue
mentioned earlier (Figure 3.3). By improving the accuracy of spatial information,
our approach sets the foundation for more effective monitoring and operational
optimization in warehouse environments.

The data reconciliation method provides realistic positions in terms of distance,
resulting in a simplification of the error histogram shown in Figure 3.4 to zero error.
Based on this, a map-based index was developed to indicate the improvement in
data usability. To achieve this, a velocity-based metric was created based on the
displacement of two sensors over time. From this, two velocity values are derived that
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Good re eipt] Finished ggod floor location ||
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Figure 3.5: The warehouse error heatmap of the measured error based on the average
distance between tag pairs [m]. If the number of measurements per given resolution
does not reach a limit (in this case 50) in the given area, then -1 value is used on the
layout and the average error for data reconciliation.
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Calcu-
(04) (04)
N I dis (04 lated
measured Cac™) | Calcu- K k distance
s layout- Physical | tance | reconciled
position lated . . . after
based : Dis devi position
data dis ¢ . recon-
. error ance ation data e
pairs tance [m] [m] irs [m] cili-
[m] [m] [m)] pairs ation
[m)
7.57; -1.53 | 0.3935; 0.885 1.7 —0.815— | 7.63; -0.89 1.7
7.49;-2.42 | 0.1000 7.48; -2.58
7.84; -1.72 | 0.3935; 0.896 1.7 —0.804— | 8.25;-1.22 1.7
7.26; -2.40 | 0.1000 7.16; -2.53
8.06; -1.80 | 0.3935; 0.972 1.7 —0.728— | 8.55;-1.95 1.7
7.25; -2.41 | 0.1000 7.13; -2.49
8.46; -2.02 | 0.1000; 1.948 1.7 —0.248— | 8.27;-2.08 1.7
6.62; -2.66 | 0.1000 6.67; -2.65
8.42; -2.57 | 0.1000; 1.822 1.7 —0.122— | 8.36; -2.57 1.7
6.60; -2.67 | 0.1000 6.66; -2.67
8.32; -2.73 | 0.1000; | 1.747 1.7 —0.047— | 8.30; -2.73 1.7
6.58; -2.68 | 0.1000 6.60; -2.68

Table 3.2: Summary table of data reconciliation results with some example data of
O, forklift with Syg5 and Ssags (sensor position data, layout-based error, calculated
distance, physical distance, distance deviations, reconciled position data and calcu-

lated distance after reconciliation).
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Figure 3.6: Forklift route segment based on measured and reconciliated position data
of O, forklift with S,965 and S5298 sensor.

must not exceed the physical constraints of the forklift, namely below 0.4 and above 5
km/h. These unacceptable velocity values were identified, and their proportions were
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plotted on the map shown in Figure 3.7 and Figure 3.8. In terms of applying and
validating the method, it was recognized that the system does not reliably correct
unrealistically erroneous recorded position data with the currently implemented mass
balance equation. It should be noted that the application of the method in the
case study demonstrates its applicability, but in solving real-world problems, efforts
should be made to solve as many mass balance equations as possible. In this case,
this was not feasible, so a simple outlier detection method was applied based on
these erroneous values. For the original tag distances (Figure 3.4), position data
pairs where the calculated distance falls outside the range of 0.5 to 3 m were filtered
out.

-
| i !
A300 % A-r\m | A330 l A340 E‘J’_l;

x [m]

Figure 3.7: Map based ratio of unreal speeds of S4965 tag. The top graph shows
the distribution of velocity data obtained from the original position data, while the
bottom graph shows the distribution of velocity data obtained after data matching.
If the number of calcilated speed data per given resolution does not reach a limit -
which is 50 in this case - in the given area, a value of 0 is used on the layout.
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Figure 3.8: Map based ratio of unreal speeds of 55298 tag. The top graph shows
the distribution of velocity data obtained from the original position data, while the
bottom graph shows the distribution of velocity data obtained after data matching.
If the number of calcilated speed data per given resolution does not reach a limit -
which is 50 in this case - in the given area, a value of 0 is used on the layout.

3.4 Summary of the chapter

The goal of this thesis is to enhance the accuracy of indoor positioning data by
employing the data reconciliation method to map the layout-induced noises in the
production and logistics environment. The method is demonstrated through a case
study in which position data is obtained by attaching two tags to the resources.
By utilising the physical distance between the tags, an estimation of measurement
error is derived through distance calculation from position data and comparison with
the actual distance on a map. These data represent the values of the covariance
matrix for data reconciliation. Based on the results in Table 3.2, it can be seen
that the method provides more accurate position data, which is also supported
by the turning path of the forklift truck shown in Figure 3.6. The advantage of
the method is that it can be easily applied to clarify systems that provide indoor
position data, and the continuously updated error map allows flexible handling of
changes in the environment under investigation. The algorithm can be extended by
introducing additional equalities and inequalities. For example, this could involve
considering physical constraints such as walls and racks, or integrating information
about direction, velocity, and acceleration to determine the next position. The
method allows for the enhancement of real-time indoor positioning data accuracy,
which is essential for resource tracking and process optimisation.
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Chapter 4

Algorithm development for
identifying value-added and
non-value-added activities using
position data: a multi-layer
network approach

4.1 Introduction to multilayer network analysis
for optimized resource flow

In general, the multilayer network-based evaluation of network flows involves a
combination of mathematical models, data analysis, and collaboration between
stakeholders. Based on the production optimization example, the algorithm was first
built using the New York Route Database, as the data series had already been added.
The model created in the following is used in an AGV-based (Automated Guided
Vehicle) raw material service optimization task, where the states of the machines used
in production determine the assignment of the AGV task, and multilayer network
analysis can also be used to examine value-added (the AGV carries raw materials)
and non-value-added (AGV idling) processes.

My suggestion is that advanced solutions should be based on networked models
that account for the stochastic nature of the system. A convincing example can be
found in an application where taxi driving strategies are interpreted as a Markov
decision process model used in reinforcement learning-based optimization [228].

The contributions of this work for multilayer network-based modeling and bal-
ancing of complex processes are the following:

e Implementation of a multilayered network to differentiate between value-added
and non-value-added resource flows.

e Design of the network’s weighted edges to represent time-dependent flow
probability distributions.

e Determination of the resource requirements and surpluses for each supply
location based on flow analysis and node representation.

40



Development of machine learning, process modeling and optimization algorithms for
supporting Industry 4.0

e Solving of the optimal transportation problems at different time instances to
determine a network layer for optimal resource re-balancing.

e Development of a method to evaluate the efficiency and resilience of the system
through the analysis of the overlap of the network layer.

e Validation of the method using an analysis of New York taxi routes.

The multilayer network presented in this study allows the characterization of
efficient or resilient flow, as the system is designed to minimize the number of idle runs
and optimize resource allocation through the network. The importance of efficient
and resilient flow lies in the fact that it leads to optimized resource utilization and
improved system performance. A system that is able to minimize idle runs and
effectively allocate resources leads to reduced waste, increased productivity, and
efficiency.

The transportation problem is a type of linear programming problem that deals
with finding the most efficient way to distribute a limited quantity of goods from
a set of sources (such as factories) to a set of destinations (such as warehouses or
stores) at the lowest cost. The goal is to minimize the total transportation cost
while satisfying the demands of the destinations and the supplies of the sources. The
problem can be solved using various methods such as the northwest corner rule, the
least cost method, and the stepping stone method [229]. The probabilities of the
occurrences of the discrete events (such as in our case taxi-cab-related mobilities) are
approximated by continuous kernel density functions that significantly improve the
transparency and interpretability of the multilayered temporal network-based model.

The objective of this Section 4 is to identify value-added and non-value-added
activities in network flows and to represent them as a multilayer network for easier
process understanding. It then presents a methodology for minimizing non-value-
added flows as waste. The method is based on reallocating the resources involved
in the flows to ensure that non-value added activities are minimized. The research
questions of this thesis are first, How can a multilayered network be effectively
implemented to differentiate between value-added and non-value-added resource flows,
and how does this contribute to overall system efficiency and resilience? and second,
What methodologies can be employed to design weighted edges that accurately represent
time-dependent flow probability distributions within the network, and how do these
contribute to optimizing resource re-balancing in transportation systems?

According to these research questions, the Section 4 is structured as follows: The
next section presents the proposed time-dependent multilayer network structure of
the value-added and non-value-added network flows. After that, I show the layer that
represents how the network can be optimally rebalanced by solving a transportation
problem. Finally, the applicability of the methodology is illustrated through a case
study of New York taxi routes.
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4.2 Methodology - multilayer network-based mod-
eling and balancing of complex processes

Complex processes can be considered as a networked series of activities characterized
by starting and ending times and the set of required resources. The proposed method
can be used to analyze any flow-oriented process where the activities are logged with
the attributes defined by the T}, ordered list as

Tk: = (Us,ve,ts,te,ﬁ,lm), (41)

where k = 1... N represents the index of activities (transactions) that can be
considered as state transitions defined between the starting states v, and the ending
states v, that are elements of the finite set V = {vy, v}, where the number of states
is N, = |V| and vs,v. € {1,...,N,}. The state transitions are characterized by
starting at ts and ending at t. times (vs(ts) — ve(t.)), and the required resources
r; € R, where R represents the set of resources. The key idea of this work is that
the r; labels of the resources will be used to form layers of state transition networks.
The networks of state transitions will be further enriched by [, labels that provide
additional information on the utilization of related resources; for example, in our
case, the label [,,, = « is used to represent the value-added activity and [,, = 3 for
the non-value-added activity. As many labels as desired can be used to define layers;
in our case, two I, € {a, 5} = {1... M}, where M is the number of layers used.

The proposed method transforms the raw data presented into valuable information
represented by a multilayer network, G = (V, E, D) where V stands for the set of
vertices (states of the system), £ =V x V is the set of labeled edges which represent
the state transitions, and (r,1,) € D represents the set of dimensions (labels of
resources and utilizations as value-added or non-value-added). E('m) represents the
set of state transitions based on r; resource separated by the [, labels, in our case
by the value-added and the non-value added activities.

The layers of the multilayer networks are defined according to these dimensions,
where the intra-layer connections are represented by the elements of the A(tm)
adjacency matrices defined as

i » U
1,J

(ridm) > 0’ if (U(T’z,lm) U(”’lm)> c E(’/‘l,lm) (4 2)
0, otherwise -

a%’lm) represents the weight of the state transitions of the r; resource from the i

state to j according to the [, type of activity. The weights of the network represent
the costs of the activities. When adequate information on these costs is not available,
these costs can be approximated by information related to activity times, or based on
some distance measure defined between nodes. An example of this will be presented
in the case study, in which the cost will be terminated based on the statistical
evaluation of the logged activity times.

The interlayer connections represent the weight of the change in activity type.
According to the possible transitions between value-added and non-value-added
activities, a multiplex network can be formed, where the nodes of the layers are
identical for all r; resources, V.= V® = V# and can be interconnected only with
the same nodes in other layers, so agj";’“)*(”’ﬁ ) =0,Vi # j. Figure 4.1 illustrates how
connections define the value-added and non-value-added transitions, respectively,
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while the interlayer edges a?f stand for the transitions when a value-added activity
is followed by a non-value-added activity or the other way around (af ).

This work proposes a method that transforms transactional data into valuable
information represented by the presented multilayer network. The five steps of the
method are depicted in Figure 4.2.

e In the first step, the network of value-added activities is identified based on
mobility patterns.

e In the second step, the network of non-value-added flows is reconstructed by
tracking the movement of the resources between two value-added activities.

e In the third step, the demands and shortages of resources are calculated.

e In the fourth step, based on the calculated balances, the optimal flows that can
rebalance resources are calculated based on solving a network transportation
problem.

e Finally, the efficiency and resilience of the network are calculated based on the
comparison of this layer and the layer of the non-value-added flows.

In the following subsections, the details of these steps will be introduced.
Time-dependent flow-based representation of value-added activities
One significant novelty of the proposed network-based model is that it interprets

the a;; (t) edge weights as number of finished state transitions in a given time interval

per unit of time that can be integrated at any time interval to calculate the number
of the expected state transitions:

t2

Q% (11, t) = / a2 (1)t (4.3)

t1

E.g., in the discussed case, Q7 (t1,t5) represents the number of taxi cabs that go
from zone i to zone j with passengers.

Figure 4.1: Multilayer network representation of the value-added (upper) and non-
value-added (lower) activities (the r; index of the resource is not shown for clarity).
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of resources flows of resources and shortages optimization network

Network layer
that
represents the

Network layer
that
represents the

Evaluation of
the time-
sl dependent
balance of the
network

Network layer
that
represents the [
value-added
activities

Evaluation of

o Lhe resource

optimal re- -
P efficiency

balancing of
the resources

non-value-
added
activities

Figure 4.2: The five main steps of the proposed method developed to explore the
efficiency of complex processes.

The difference of the kf;,, in-degree and k', out-degree of a node defines how

the flows around the i-th node are locally balanced at a given time instant,
Ny Ny
d3 (1) = ki (t) = Kfloue(t) = D afi(t) = > afy(h). (4.4)
j=1 j=1

The d$(t) difference can be normalized to get a node-level asymmetry value,

1<z <1
Lo (t) _ kzojzn(t) - kgout(t)
Z kitin () + Kfou (1)
If z(t) is close to zero, the flows around node i are balanced. A positive value z;
means that there is an oversupply at this node, while a negative value z; shows that
the demand at the node is higher than the supply.
When the nodes are considered as inventories, the inventory levels can be calcu-
lated as:

(4.5)

a = [ ' 0+ 05t (46)
Q(to) =0 (4.7)

The network is well balanced and resilient when Q%(t) > 0,Vt > t,. For example,
in the studied example, Q%(t) represents the number of taxis in zone ¢ at time ¢,
so when there are no available taxis in zone i, it is necessary to redistribute taxis
from other zones, which trips cannot be considered as value-added activities. This
example demonstrates that the local unbalances of the value-added activities are
balanced by the flows of the network of non-value-added activities.

Network layer of the optimal non-value-added activities

The costs of the non-value-added activities are related to the distances of the
non-value-added movements or times where the resources are not utilized. When
ci j(t) represents the cost of the i — j state transition, the C#(t) total cost can be
formalized as the sum of these costs:

Ny Ny

Cot) =D ) aij(t)al;(t) (4.8)

i=1 j=1

Chapter 4 44



Development of machine learning, process modeling and optimization algorithms for
supporting Industry 4.0

Figure 4.3: The a value-added layer and the 8 non-value-added layer are extended
with a v layer determined as the optimal non-value-added layer.

To evaluate the efficiency of the process, the non-value-added state transitions
needed to ensure the balance of the network are calculated by minimizing the cost
function.

Ny Ny
min C7(t) = it az, ¢ 49
aj ;(8)Yi,j5t ( ) ;; ’J( ) J( ) ( )

by optimizing the azj (t) values and comparing them to the reconstructed layer of
the non-value-added activities (as it is depicted in Figure 4.3).

The ¢; j(t) cost of transportation is time dependent, so in this study, this cost
was approximated as the average of the transportation times recorded in a t,, time
window.

)= — S (), (4.10)

Y kth —t<t,,

where t’;j and t’; stand for the end and start times, respectively, and m; ; represents
the number of transports that are in the time window defined by the parameter t,,.

Nodes with positive d?(t) values are considered as supplies and negative d(t) as
demands. As highlighted, the goal of the non-value-added activities is to balance
the network. To obtain the optimal rebalancing strategy that has minimal cost,
a set of non-value-added activities must be found, a;;(¢), that minimizes the cost
represented by Equation 4.9. The resulting transportation problem is one of the
typical applications of linear programming (LP). Equation 4.9 represents a cost
function that is linear in the a;,;(¢) decision variables. The optimization problem is
constrained by the following linear equality and inequality constraints.

e At each location, the resource transfers must be greater than or equal to zero
(no negative values).

al,(t) > 0|V, j € {1,...,N,} (4.11)

e The flow-conservation at each node has to be ensured, d?(t) + d](t) > 0
N, N,
ds'(t) + (Z al,(t) — Zazj(t)> >0 (4.12)
j=1 j=1
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The problem is feasible only if the transportation problem is balanced:

Ny
> dr(t) > 0,vt >0, (4.13)
=1

To address infeasible problem instances, an always-feasible problem is defined by
introducing an additional source:

Ny

dy(t) ==Y _d2(t) (4.14)

This external source dj}(t) evaluates how many additional resources should be in-
troduced to the system to meet all the demands (e.g., how many new taxi cabs
should be additionally located in different zones). Accordingly, ¢o; costs must also
be defined, which represent the costs of assigning new resources to the system.

The solution of linear programming problems can be achieved through several
available tools, including standalone software solvers specifically designed for linear
programming, such as CPLEX or Gurobi. Another option is to utilize online tools,
such as NEOS or LINDO, which provide remote access to linear programming
solvers. Additionally, spreadsheet programs, such as Microsoft Excel or Google
Sheets, feature linear programming solvers as part of their data analysis tools.
General-purpose mathematical software packages, such as MATLAB or R, also offer
linear programming solvers as part of their toolboxes. In this particular case, the
MATLAB R2021b solver was used for linear programming, which provided fast
solutions mostly around a second.

Based on the C7(t) optimized and C?(t) reconstructed non-value-added state
transitions costs, the efficiency of the networked process can be evaluated:

_ @)
- Oy

E(t) (4.15)

The layer overlap is an important similarity indicator of the optimized and recon-
structed layer which can highlight edges/activities that are critical to balance:

No No min (aﬁ (t),a) (t))

1 1,J\") g
O%(t) = 55 2

, (4.16)
i=1 j=1 mMax <a§j(t)7a2:j(t)>

The difference in the degree and the degree of centrality of the nodes can also
highlight states that require special attention, which is straightforward, as the
proposed values d?(t), d’(t), and d(t) values clearly represent how the external
demand of the resources are covered by the non-value-added activities.
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4.3 Multilayer network-based performance assess-
ment of taxis in New York City - A Case
Study

The zone-based network analysis of taxi trips in New York City has been chosen as
a case study because it possesses all the necessary characteristics since

e the nodes of the network that represents states are the taxi zones,
e the edges are the traffic intensities modeled as state transition probabilities,
e the taxi cabs are considered resources,

e passenger transport is interpreted as value-added activity (as the efficiency of
the taxi cabs is desired to be maximized).

The January 2012 dataset is being worked with, as it contains additional infor-
mation, such as the medallion (car ID) and hack license (Driver ID) [38], which is
useful for reconstructing the non-value-added movements of the taxi cabs.

The hack license is a license given to an individual who meets the United States
Residency, New York State Department of Motor Vehicle Licensing, New York
State Department of Financial Services, New York State Tax and Finance, and
Municipality’s criteria for the privilege of driving a taxicab in the State of New York.

The state of New York is divided into 263 taxi zones (see Figure 4.4). As the
studied dataset contains only the GPS coordinates of the pick-up and drop-off places,
based on the shape file of the taxi zones, the data are transformed into the proposed
network form. As some coordinates do not belong to any of the defined taxi zones, a
new zone 264 was defined as the collector of trips outside the zones.

Figure 4.4: The reconstructed network of the value-added (green) and non-value-
added (red) routes between New York taxi zones.
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In the original dataset, only value-added activities are recorded. Our main idea
is that the non-value-added activities/movements can be reconstructed as these are
placed between two value-added trips (between the departure zone and the next
pick-up zone). The flow intensities are modeled by kernel-density estimation to
provide a compact and easy-to-interpret model. With the help of this technique, a
large number of discrete events are transformed into probabilistic density functions.
The kernel width (bandwidth) was selected to balance the accuracy, transparency
(smoothness), and generalization ability of the model.

Based on the calculated edge-weights all the variables presented in the previous
section can be calculated for any time-period. Figure 4.5 represents intensities
between two randomly chosen zones and the node balance determined from the
intensities for the entire network, which will give the node-level asymmetry.

The distance of each node can be determined, but it should also be considered
that the traffic intensities of the given routes may change depending on the time.
Therefore, it is more expedient for the time-dependent travel times between the
individual nodes to be determined, allowing for the indirect calculation of traffic
intensity during the optimization. The distances (times) between the specified nodes
will be proportional to the transient resource requirement. The non-value-added time
(idles times) is used to satisfy the time- and location-dependent resource demand.
However, it can be optimized based on minimizing distances (times) as optimal
re-balancing.

Figure 4.6 represents the map-based time-dependent value-added, reconstructed
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Figure 4.5: (a) Visualization of the value-added activity intensities from the 234th
to the 48th zone between 2nd and 27th of January. The distribution is approximated
with smooth kernel density, representing the number of state transitions. (b)
Visualization of the value-added activity intensities from the 48th to the 234th zone
between 2nd and 27th of January. The distribution is approximated with smooth
kernel density, representing the number of state transitions. (c) Visualization of the
differences of the in-degree and out-degree in the zone 234th between 2nd and 27th of
January. The time-dependent values represented the node balance. (d) Visualization
of the node-level asymmetry.
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Figure 4.6: Value-added (green), reconstructed non-value-added (red) and optimized
non-value-added (blue) activities over a given time interval on Thursday 7am (a),
14pm (b), 17pm (c) and 21pm (d) and on Saturday 7am (e), 14pm (f), 17pm (g)
and 21pm (h)

non-value-added, and optimized non-value-added activities at different times of the
day on weekdays and weekends. Interpreting the value-added, the reconstructed
non-value-added, and the optimized non-value-added activities as separate layers,
centrality indicators can be determined, based on which the time-dependent properties
of these layers can be examined. Such centrality indicators are authority, hub, and
PageRank. The authority shows the time-dependent dominant zones as target zone in
the given time interval. The hub shows the dominant zones as starting zones in value-
added or non-value-added activities. The PageRank taking into consideration the
authorities and the hubs, as well as their direct and indirect connection, determines
the time-dependent role of the given zones in the network.

Based on the PageRank (Figure 4.7), the popular passenger transportation zone is
the Midtown Center (161) in the morning, but the LaGuardia Airport (138) and the
JFK Airport (132) also affected. Reconstructed idle trips start in almost every zone
in Manhattan. The East Village (79) is the most popular, but again the LaGuardia
Airport (138) and the JFK Airport (132) are also affected. As the evening approaches,
the importance of the two airports increases. Optimized idle trips are also started
from the Manhattan and some Brooklyn zones. The Manhattan Valley (151) is the
most popular, but the distribution is more centralized than reconstructed idle trips.

In the early and late afternoon, the popular zones for passenger transport ac-
cording to PageRank are also in Manhattan, especially in Midtown Center (161),
Union Square. (234), and Upper East Side North (236). However, the LaGuardia
Airport (138) and the JFK Airport (132) are also gaining popularity. Between the
reconstructed idle trips, the popular zones are in Manhattan, for example, in Midtown
Center (161) and Union Square. (234), but LaGuardia Airport (138) is increasing
significantly and JFK Airport (132) is increasing moderately. Centralization of
optimized idle trips can be observed again. The affected zones are in Manhattan and
Brooklyn. However, they have popular zones such as Midtown Center (161), Upper
East Side North (236), Long Island City/Hunters Point (145), UN/Turtle Bay South
(2338), and Financial District South (88).
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Figure 4.7: The figures show the distribution of passenger transport as value added
activities (a)-(d) and reconstructed (e)-(h)/optimized (i)-(1) idle trips as non-value
added activities according to the zones’ centrality PageRank at different times of
day (morning: (a), (e), (i), early afternoon: (b), (f), (j), late afternoon: (c), (g),
(k), and evening: (d), (h), (1)).
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The popular nighttime passenger transport zones are in Manhattan, especially in
the East Village (79). The reconstructed idle trips are also popular in Manhattan,
but the most popular zones are the LaGuardia Airport (138) and the JFK Airport
(132). The LaGuardia Airport (138) and Times SQ / Theater District (230) are
popular zones in the optimized layer. However, Manhattan and Brooklyn are also
affected by idle trips but are more centralized than reconstructed idle trips.

One parameter for comparing the reconstructed and optimized networks can be
the total idle time during the time unit. Therefore, the C” reconstructed and the C7
optimized non-value-added state transitions costs can be represented with the time.
The non-value-added activities, such as idle trips, are time-wasting. Recorded in
10-minute time intervals, the total travel time can be determined for the trip in the
reconstructed and optimized activities mesh interval. Figure 4.8 shows the total idle
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Figure 4.8: Comparison of the C? reconstructed and the C7 optimized cumulated
idle time over a given time interval on Thursday 7am, 14pm, 17pm and 21pm and
on Saturday 7am, 14pm, 17pm and 21pm
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travel times in the given intervals of 10 minutes on weekdays and weekends, morning,
afternoon, and evening based on the /5 reconstructed and v optimized layers. The
idle times are defined based on the network of non-value-added activities, and the
cost is defined as the sum of the idle times in the given time interval. In the original
dataset, the transport time of the value-added activities (passenger transport) was
recorded, including, among others, the pick-up and drop-off zones of the passengers.
By analyzing the entire database, the average travel time between zones can be
determined. This analysis can be further specified, for example, by examining travel
times during specific times of day, as these can be influenced by changes in traffic
intensity. Using the average travel times between zones as a foundation for costs,
the performance of the reconstructed and optimized idle routes was compared in the
given time interval at different times of the day. It can be seen that a significant
reduction can be achieved through the optimization of demand servicing.

A novel approach to addressing the challenges of supply chain optimization
and resource allocation is introduced in this thesis. Unlike previous studies, the
developed method utilizes a multilayered temporal network model to analyze network
flows, distinguishing between value-added and non-value-added activities. The model
enables a comprehensive understanding of resource flows and facilitates resource
reallocation to minimize non-value-added flows.

4.4 Summary of the chapter

This thesis presents a comprehensive approach for evaluating the efficiency of network
flows through the application of a multilayer network model. The developed solution
offers valuable insights for the analysis of both supply chains and urban transportation
systems. A key aspect of optimization is the identification and reduction of idle times,
which are classified as non-value-added activities. The multilayer network framework
classifies value-added and non-value-added activities, where nodes represent the states
(starting and destination points), and edges represent the state transitions as network
flows. By incorporating time-dependent probability distributions, this model provides
a detailed analysis of the resource allocation challenges, optimizing supply-demand
ratios for each location. Using continuous-time formalization and kernel density
estimation, discrete data are transformed into a continuous representation, allowing
for the optimization process to be performed within a discrete-time framework.

The application in this research involves the analysis of New York City taxi flows,
demonstrating the multilayer network approach’s ability to evaluate efficiency and
identify optimization opportunities. Idle times were compared to optimal resource
allocation solutions using transportation problem-solving techniques, revealing po-
tential for significant reductions in non-value-added activities. The analysis showed
how value-added and non-value-added activities could be reconstructed, providing
a foundation for route optimization and improved resource utilization in urban
transport systems. The findings offer insights for city mobility improvements, en-
abling data-driven decisions regarding route optimization, pricing strategies, fleet
management, and transportation system enhancement.

The multilayer network approach offers a detailed, data-driven method for an-
alyzing value-added and non-value-added activities, enabling the identification of
bottlenecks and inefficiencies in resource management. The case study on New York
taxi routes illustrated how this approach could be used to optimize network flows,
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reduce idle times, and enhance decision-making processes in urban mobility.

The proposed method also highlights the importance of managerial insights gained
from multilayer network analysis. By understanding resource flows and activity
classifications, companies can make better-informed decisions regarding resource
allocation, route optimization, and operational efficiency. Key Performance Indicators
(KPIs) such as the Resource Utilization Indicator help track and evaluate the efficiency
of resource usage, identifying areas for further improvement. The multilayer network
approach not only facilitates a deeper understanding of complex processes but
also supports cross-industry applications in optimizing intralogistics operations,
particularly those involving forklifts and other material handling equipment in
warehouse settings.
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Clustering and network analysis for
identifying value-added and
non-value-added activities using

position data in intralogistics
environment: A DBSCAN-based
Approach

5.1 Introduction to DBSCAN clustering-based ac-
tivity analysis in logistic

Clustering techniques, particularly DBSCAN, play a pivotal role in logistics and
production optimization tasks. In the context of Lean philosophy, applying clustering
methods to categorize activities as value-added or non-value-added can provide
companies with valuable insights into operational inefficiencies. By identifying idle
times and process bottlenecks, organizations can streamline operations, minimize
waste, and enhance resource utilization.

This research focuses on addressing these challenges by introducing a novel
approach that uses position data from indoor positioning systems (IPS) and applies
DBSCAN clustering to identify value-added and non-value-added activities. The
results of this classification are further explored through multilayer network modeling
to provide a comprehensive framework for process optimization.

The contributions of this research are as follows:

e Development of a novel clustering-based methodology using DBSCAN to
identify and categorize value-added and non-value-added activities in logistics
environments.

e Integration of movement trajectory analysis to enhance the accuracy of activity
classification based on resource movements.

e Design of a multilayer network model that represents the relationships between
value-added and non-value-added activities and provides actionable insights
for process optimization.
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e Validation of the methodology through a real-world case study, demonstrating
its effectiveness in improving resource utilization and reducing idle times in
internal logistics systems.

This methodology provides a unique approach to improving process efficiency by
leveraging indoor positioning data and advanced clustering techniques. The research
fills a gap in existing literature by applying these methods in a multilayer network
framework, which has not been extensively explored before.

5.2 Methodology — DBSCAN clustering for IPS-
based data analysis

In this section, a detailed methodological overview is provided based on the steps
illustrated in Figure. 5.1.

The aim of the methodology is to classify process-related activities into value-
added and non-value-added categories based on indoor positioning data. Our method
combines clustering, time series analysis and movement trajectory analysis. Through
clustering, the places where the resource performs value-added and non-value-added
activities are identified using movement trajectory analysis. After that, state transi-
tions can be identified through time series analysis, thereby revealing idle activities for
optimization. Activities are discerned through the analysis of positional data, wherein
the spatial coordinates serve as crucial indicators. The contextual background of
the data plays a pivotal role in the identification of various states associated with
these activities. To enhance the precision of this process, positional data undergoes
clustering through the application of DBSCAN (16), which is meticulously tuned to
delve into the typical positions and places where activities unfold. In this study, a
modified version of DBSCAN is developed, focusing on identifying whether a resource
is engaged in value-added or non-value-added activities based on positional data.
Without this modification, the construction of multilayer-based clustering would not
be possible, as the standard DBSCAN algorithm would not sufficiently differentiate
between value-added and non-value-added activities based on positional data. This
approach creates separate cluster groups depending on the activity category, and
these clusters are represented as multilayers. This multilayer representation assists
in uncovering inefficiencies and optimizing processes. Additionally, the modified DB-

5. Organize the activities into
coherent groups or clusters that
represent sets of value-added
and non-value-added activities,
based on the spatial
coordinates.

1. Categorizing process-related 4. Perform time series analysis
activities into value-added and to identify state transitions,
non-value-added categories which helps in recognizing idle
using indoor positioning data. activities for further
optimization.

2. Apply DBSCAN clustering 3. Utilize movement trajectory 6. Develop a multilayer network
techniques to identify key analysis to distinguish between model that encapsulates the
locations where resources value-added and non-value- relationships between activities,

engage in value-added and non- added activities within the positions, and states using the
value-added activities. identified clusters. identified clusters.

Figure 5.1: Classification and optimization of activities based on Indoor Positioning
Data.

Chapter 5 54



Development of machine learning, process modeling and optimization algorithms for
supporting Industry 4.0

SCAN is specifically tailored to support the processing of positional data, enhancing
the precision of activity classification. This clustering results in the formation of
coherent groups or clusters, each representing the set of value-added and non-value-
added activities. Subsequently, a multilayer network is constructed, drawing upon
the tuples that encapsulate the relationships between activities, positions, and states.
The two-step methodology, based on the provided text, includes the following steps:
1. Step - Identification and Grouping of Activities:

e Activities are discerned through the analysis of positional data using spatial
coordinates.

e The contextual background of the data plays a pivotal role in identifying various
states associated with these activities.

e Positional data undergoes clustering using DBSCAN (Density-Based Spatial
Clustering of Applications with Noise), meticulously tuned to explore typical
positions and places.

2. Step - Network Modeling and Optimization:

e The groups or clusters formed in the previous step represent activities, including
both value-added and non-value-added activities.

e A multilayer network is constructed using tuples encapsulating relationships
between activities, positions, and states.

The available T}, database is structured as follows:
Tk = (tka dk7 T, lk)

where kK = 1... N represents the index of the recorded position data, t, is the time of
the k-th recorded data, dy = [d,, d,, d.] € D is the k-th position data vector, 7; is the
unique identification number of the r; € R resources and [, = {«, 8} is the activity
qualifying flag, which identifies the value-added (oo = 0) and non-value-added (5 = 1)
activity of the r; resource at the k-th position.

The next step is to define value-added and non-value-added activities based on
position data with the DBSCAN algorithm. Figure 5.2 shows the steps of applying
the algorithm:

1. Determine the Radius of the
Neighborhood (g): Establish the
radius parameter for clustering
groups using the DBSCAN
algorithm.

2. Determine the Minimum
Number of Points (MinPts):
Define the minimum number of
points required to form a cluster
within the dataset.

4. Define Conditions for
Identifying Value-Added and
Non-Value-Added Activities (lj):
Establish specific conditions to
modify and categorize activities
into distinct cluster groups.

3. Determine the Time Window
(W): Set the time window for
examining the D data stream to
specify the range of data
analyzed simultaneously.

5. Modify the DBSCAN
Algorithm: Integrate the
additional conditions from step
4 into the DBSCAN algorithm to
ensure proper grouping of
activities.

6. Apply the Modified DBSCAN
Algorithm: Utilize the enhanced
DBSCAN algorithm to analyze
and cluster activities based on
the defined parameters and
conditions.

Figure 5.2: Steps of applying Modified DBSCAN algorithm.
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When using the algorithm, a W vector is defined with a window size for the
time-dependent D data stream for clustering. This is necessary because time series
data is being dealt with, making it important to observe the sequence among the
created clusters. It is possible for several clusters to be defined for the same position
on the layout, but interaction with them occurs at different times in chronological
order.

For the DBSCAN algorithm, the following parameters should be set:

e Data stream contains all of dy positions in chronological order based on t;: D

Radius of the neighborhood: €

Vector used to collect data that meets the determined conditions: idx

e Minimum number of points required to form a C' cluster: MinPts

W vector with window size of the time-dependent D data stream for clustering:
1w

D ;) data stream within i : w time window: D ;..

Set of clusters: C' = {C},Cs,...,Cy}, where k is the number of the created
cluster and (d(©»),#(C)) € O

e (Y tuple of the C clusters based on [, = {«, 3} activity qualifying flag

The method is the following: Algorithm 1. The pseudo code of the DBSCAN
algorithm

1: for j=0:1 do

2: Initialize C' as an empty list and ¢ = 1

3: Initialize vector, Window W with size w for each new data point d € D
4: Mark all d € D as not visited

5: if |D| < w then

6: Add all d € D(i:w) to W

7 dl == W1

8: if all elements of W are not visited then

9: for d € W do

10: if |d —d;] < e AND (I = j) then

11: add d to idx

12: end if

13: end for

14: if |idx| > MinPts then

15: Let C = idx be a new cluster

16: Add all idx related ¢ time of the recorded data to C
17: Mark all d € C' in D as visited (no overlap)
18: Add C to ¢V

19: else
20: Mark d; point as outlier
21: end if
22: Clear the elements of idx
23: end if
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24: Clear the elements of W
25: w=w-+1
26: 1=1+1
27: end if
28: end for
From the €7 qualified clusters - where the value-added activities are from j = 0
clusters and the non-value-added activities are from 7 = 1 - and by matching

the position data-based cluster centers to the layout, the V state vector could be
determined. The elements of the state vector were based on the positions of layout-
based clusters to identify where activity occurred within the examined production
or logistics environment under study. The number of unique states is the number
of areas defined based on the layout |V| = Ny . Since the cluster itself identifies a
value-added activity, for each state there is a state transition that points back to
itself, which shows the activity in the position according to the given layout.

Based on the previous paragraph, the state of the resources is already known,
indicating their layout-based position and the type of activity being performed (value-
added or non-value-added). However, it is important to study the state transitions,
as classifying these transitions allows for the characterization of transport activities
and the minimization of idle time. This requires a multilayered network analysis.

Based on the ¢, time data, the t¢ start and t¢ end times in the given state can
also be determined. Therefore, the Time Series Analysis with focus on the state
can create the £ = V x V state transition matrix. Based on this information, a
G = (V, E, F) multilayer network can be created, where (r,[) € F represents the set
of dimensions (labels of resources and utilizations). If one resource is focused on, the
multilayer network based on the o dimension is as follows:

GOC — (V()é7 EO()

where V* are the nodes of the multilayers and E“ is the set of intra-layer connections
represented by the elements of the A“ adjacency matrices defined as

A = [a’;,q]NVXNV

Upg =

. {> 0, if (v2,02) € E°

0, otherwise

where a¢  represent the weight of the state transitions from the p state to q according

X
to the type of activity. The a{%”

layers are defined as:

interlayer connections between the nodes of the

(aMB) —_—
Upg = =

> 1, if (v2,02) € B
0, otherwise

State transitions can be:

a;(f,ja) = a,,: value-added activities
- a;(fq’ﬁ ) = agq :  non-value-added activities
pe = aleh) value-added activities
af q’a) : non-value-added activities
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Figure 5.3 illustrates how connections define the value-added and non-value-added
transitions. With the help of the method, the processes can be qualified, which is
indirectly useful for process optimization. Resource utilization can also be determined,
and non-value-added processes (as idle route) can be reduced to perform value-added
tasks by reducing them with an effective optimization procedure.

5.3 Multilayer network-based performance assess-
ment of intralogistics processes using IPS data
and DBSCAN clustering — a case study

Our use case originates from a real logistics environment, where forklifts are tracked
by a UWB-based IPS during the storage process. The forklifts are equipped with
two tags (as seen in Figure 3.2), the O-signed IPS sensor tag II. moves with the fork
and five forklifts are monitored.

These tags continuously transmit real-time position data at specified intervals
during movement. If the forklift is not moving, the data recording time intervals
are longer. The Figure 3.3 represents the layout of warehouse environment where
material flow is managed using the aforementioned forklifts and blue markings are
the movement of one forklift based on the integrated IPS sensor tag data. This
includes storage operations as from the delivery zone to the high warehouse, as well
as the reverse process as picking out.

Definition of the used states for DBSCAN clustering

Based on dj, position data, two states should be determined: when the forklift is
active (moving) and not active (waiting). These can be identified from the ¢; data
recording frequency:

<d,—dy € D,

r =ty — L gy =
BT MR {>dt—>dkeDn
D,ND, =10

where d; is the limit of the active recording frequency, D, is the vector of active
position data and D,, is the vector of non-active position data. In our case d; is three

Figure 5.3: Multilayer network representation of the value-added (upper) and non-
value-added (lower) activities of one resource.
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seconds. The working of the forklift can be defined by the fact that the member
attached to the fork moves in the z-coordinate direction:

dk(dz>

>m — working
<m — not working

where m is the movement limit in z direction. The Table 5.1 summarizes, what
states should be defined based on the position data, and the Table 5.2. represents
the classification of the activities based on given state transitions. The methods of
defining the states are presented in detail in the remaining parts of the chapter.

Forklift is active | Forklift is not active
(dy < 3) (dy > 3)
Forklift is working | Cluster 1: value-added | Cluster 3: not applica-
(di(d.) > m) activity ble
Forklift is not work- | Cluster 2: non-value- Cluster 4: waitin
ing (di(d,) <m) added activity ' &

Table 5.1: Defined states based on position data driven clustering.

Classification of the activities
Value-added (on itself)
Value-added
Going to waiting
Non-value-added
Non-value-added (on itself)
Going to waiting
Going to do value-added activity
Going to do non-value-added activity
Waiting (on itself)

State transition
1-1

W W W NN DN | =
1
WIN| | WD | W DN

Table 5.2: State transitions based classification of the activities.

In the second step, the clusters of Table 5.3 must be determined using the
DBSCAN algorithm.

D; = D% Forklift is ac-
tive

Dy = D™: Forklift is not
active

L = A =idx(d,) > m:
Forklift is working

Ci1: Clusters of value-
added activities

Cs1: Empty clusters (not
applicable as the forklift
is not active and working
state together)

I, = B = idx(d,) < m:
Forklift is not working

Ci2:  Clusters of non-
value-added activities

Cy9: Clusters of waiting

Table 5.3:

Defined clusters based on

the states.

For the DBSCAN algorithm, the following parameters should be set:
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e Data stream contains all of active positions in chronological order based on t:
Da

e Data stream contains all of non-active positions in chronological order based
on t;: D"

e Radius of the neighborhood: e

e Movement limit in 2z direction: m

e Vector used to collect data that meets the determined conditions: idxp
e Minimum number of points required to form a C' cluster: MinPts

e W vector with window size of the time-dependent D* or D™ data stream for
clustering: 7 : w
e I matrix contains the D® and D" data streams separated by m condition
n

e D% or D" data stream within 7 : w time window: D, . D,

e Set of clusters: C' = {C},Cs,...,Ck}, where k is the number of the created
clusters

o C(sp tuple of the C clusters based on

e Variables to handle the number of for loop iterations: f, b

The method of the cluster determination is the following: Algorithm 2. The
pseudo code of the modified DBSCAN algorithm

1: Initialize C' as an empty list

2: D=[D* D"
3 A= D(dz) >m
4: B=D(d,) <m
D%(d,) >m D%d,) <m
w L=[A Bl = \pa) S m D) <m
6: for f=1:2do
7 forb=1:2do
8: Initialize vector, Window W with size w for all each new data point
d € I,y
9: Mark all d € I3 5y as not visited
10: if |I(b7f)‘ < w then
11: Add all d € I p),.,, to W
12: dy =Wy
13: if all elements of W are not visited then
14: for d € W do
15: if |d — dy| < € then
16: add d to idx
17: end if
18: end for
19: if |idx| > MinPts then
20: Let C' = idx be a new cluster
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21: Mark all d € C in I 5 as visited (no overlap)
22: Add C to C(f’b)

23: else

24: Mark d; point as outlier
25: end if

26: Clear the elements of W

27: w=w-+1

28: 1=1+1

29: end if

30: end if

31: end for

32: end for

Result of the DBSCAN clustering

The cluster groups created based on DBSCAN are shown in Figures 5.4 and 5.5.
The first layout in Figure 5.5 shows the C ; clusters of value-added activities, the
second the (' 5 clusters of non-value-added activities, and the third the Cs 5 clusters
of waiting.

With the center of the cluster groups, they can determine which area of the
warehouse environment the given activity applies to (Figure 5.6):

With the help of the cluster groups, individual states of the forklift can be
classified, and by defining the state transitions defined in Table 5.2, the classifications
of the movement of the forklift can also be determined. The multilayer network
of the non-value-added (red arrows) and value-added (green arrows) activities is
seeable in Figure 5.7. The value 45 marks the locations forklifts arrive from outside
the warehouse. Item for storage is temporarily stored in Aisle I (Al). As can be
seen in the left-hand diagram, non-value-added routes typically lead from Aisles
I (A1) and II (A2) to the high-bay area marked ,,P”. This is understandable, as
this is where forklifts depart to picking tasks. Conversely, there are movements in
the opposite direction, albeit to a lesser extent, indicating instances where forklifts
embark on storage tasks, also idle. Typical empty trips occur between Packing (Pa)
and Aisle T (A1), indicating the idle before the packed products transport or idle
after transport of awaiting packing products. There are also movements towards
the Delivery zone (DZ), explaining forklifts travelling to pick up finished products.
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Figure 5.4: Indoor positioning data-based clustering in a warehouse environment.
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Frequent value-added movements can be seen in the right-hand diagram, typically go
from the high-bay area, marked ,,P”, to Aisle I (A1), which makes sense as forklifts
are carrying out storage operations. Of course, there are also movements in the
opposite direction, representing picking operations. Value-added activities from the
delivery zone are also storage activities.

By adopting a multilayered network approach, possibilities for optimizing both
value-added and non-value-added processes are opened. Through techniques such as
resource reallocation, idle time can be effectively minimized, the number of required
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Figure 5.5: Created clusters based on Table 5.3 activities.
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Figure 5.6: Centre of clusters for identifying the layout-based states.
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resources can be reduced, and utilization can be improved. This comprehensive
strategy allows ultimately leading to improved productivity and cost-effectiveness.
Without the modified DBSCAN algorithm, only clusters could be identified. However,
by monitoring the movement of the forklift forks, these clusters can be distinguished
more effectively, as demonstrated in Figure 5.8. Naturally, the way these activities
should be defined and incorporated into the algorithm as additional conditions
depends on the specific case being examined. Any specific suggestions or adjustments
can be tailored to better fit the context of the study. One of the main challenges in
implementing this methodology in the warehouse environment was the accuracy of the
position data. The accuracy of the data was inhomogeneous due to environmental
factors such as noise and physical obstructions. To address this issue, a data
reconciliation method was developed to improve the accuracy of the position data.
This method involved the use of advanced filtering techniques and algorithms to
reconcile discrepancies and improve data accuracy [[230]]. Five forklifts were equipped
with IPS tags, which transmitted positional data. The sample case demonstrates the
applicability of the method; however, it would fundamentally require the involvement
of more equipment to effectively implement resource reallocation and optimization.
Another significant challenge was clustering, especially when cluster groups were in
close proximity. This situation occasionally resulted in ”jumping” between clusters,
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Figure 5.7: Representation the multilayer network of the forklift activities.
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where data points inaccurately moved from one cluster to another. This issue
was mitigated by refining the clustering algorithms and further improving the
data accuracy through our reconciliation process. These combined efforts helped
stabilize the cluster assignments and provided a more reliable representation of the
position data, ultimately improving the overall effectiveness of the methodology.
The algorithm processes position data from five forklifts, representing more than
800,000 data points collected over three days, in 27.877153 seconds in a MATLAB
environment, including the generation of map-based visualizations. While the
algorithm can be further optimized to reduce processing time, the current limit
on the number of resources that can be analyzed is primarily determined by the
computational power and time required to process the data.

Clusters of value-added (green), non-value-added (red) and waiting clusters (blue)

P Y 2 .'_. k' o
P%&a?ﬁé
, P2
—_ vﬂ P‘éf&
a Dz‘l‘ka P21 |a
B2

Y
2

Figure 5.8: With the modified DBSCAN algorithm, the position data-based clusters
can be classified and differentiated based on forklift fork movements, enabling the
identification of distinct value-added, non-value-added, and waiting activities.

5.4 Summary of the chapter
This thesis proposes a method for classifying resource activities as value-added

and non-value-added based on indoor positioning system data using the DBSCAN
algorithm. The multilayer network-based solution presented here can facilitate supply
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chain analysis. By classifying position data and utilizing layout-based clustering,
the method determines the activity status of resources within a given cluster group
(performing value-added activity, non-value-added activity, or waiting). Additionally,
it identifies state transitions that characterize transport activities, which can be
visualized in a multi-layer network.

The methodology is illustrated through analysis of indoor positioning data from
a logistics environment, monitoring five forklifts equipped with position sensors
on their forks. These sensors allow the classification of activity states based on
movement patterns and data recording frequencies. The method identifies state
transitions, aiding in the classification of transport activities. Multi-layer network-
based visualization of these activities provides insights into operational processes
and highlights potential optimization opportunities.

The approach holds promise for application across various industries where re-
source activity tracking and optimization are essential. Future research may explore
its implementation in manufacturing or warehousing environments to enhance opera-
tional efficiency. Unlike existing methods, this approach enables more detailed and
dynamic classification of activities by leveraging the multilayer network representa-
tion and DBSCAN’s clustering capabilities. This results in a nuanced analysis of
state transitions and activity patterns, offering insights that may not be captured by
static or simpler models.

The practical implications are significant for logistics and supply chain manage-
ment. By accurately classifying activities and identifying value-added processes,
companies can streamline operations, reduce waste, and improve overall efficiency.
The multi-layer network visualization also clarifies complex processes, making it
easier to identify bottlenecks or inefficiencies.

However, limitations exist, notably the dependency on the quality of positioning
data and specific environmental characteristics. Future research may address these
limitations by integrating advanced sensor technologies or by applying the method
in diverse contexts to evaluate robustness and generalizability.

A key challenge in warehouse environments was data accuracy, affected by envi-
ronmental noise and physical obstructions. To improve accuracy, a data reconciliation
method was developed, incorporating filtering techniques to reduce discrepancies.
This study demonstrates the method’s applicability, though effective resource reallo-
cation and optimization would require a broader equipment deployment.

Another challenge was clustering, especially with close-proximity clusters, where
"jumping” between clusters could occur. This issue was mitigated by refining the
clustering algorithms and improving data accuracy, stabilizing cluster assignments and
enhancing the reliability of the position data, ultimately improving the methodology’s
effectiveness.

Chapter 5 65



Chapter 6

Exploring micro-logistics and
material handling process
optimization using RTLS
positioning data: a Reinforcement
Learning and Markov Decision
Process framework for AGV
scheduling

6.1 Introduction to AGV scheduling optimization
using Markov Decision Process

This research focuses on addressing the challenges associated with AGV scheduling
in industrial practice, illustrated through a demonstrative case study. The case
study explores the practical application of the MDP model as a framework for AGV
scheduling, highlighting its potential to improve logistics efficiency. As logistics
processes become more complex and data-intensive, the MDP model stands out as
a promising approach to ensure optimal task execution, resource utilization, and
predictive capabilities in modern manufacturing environments. In the following
sections, the theoretical foundations of the MDP model, its practical implementation
challenges, and the outcomes observed through its application in real-world scenarios
will be explored in greater depth. The evolving role of AGVs in the logistics domain
highlights the necessity for advanced scheduling mechanisms, and the MDP model
emerges as a valuable tool to meet these demands.
The contributions of this work are the following.

e Assessment of current manufacturing and logistics processes.
e Exploration of potential opportunities for process improvement.
e Construction of a Markov Decision Process model.

e Validation of the method using an analysis of the real production environment.
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According to these contributions, the Section 6 is structured as follows: The next
Section 6.2 presents the structure of the proposed MDP model and the way it is
developed. In Section 6.3, it is demonstrated that the validation of the method is
inspired by a real production environment, where processes are evaluated to explore
potential development opportunities. In this section, the analysis data from the case
study will be presented, along with the construction of the MDP model illustrated
through a manufacturing example.

6.2 Methodology — RTLS-driven framework for
AGYV scheduling using Reinforcement Learn-
ing and Markov Decision Processes in micro-
logistics

The Markov Decision Process serves as a mathematical framework designed to model

decision-making within dynamic systems. Its application in reinforcement learning

facilitates the acquisition of an optimal policy through the agent’s interactions with
the environment. The formal structure of the MDP is as follows:

e Assessment of current manufacturing and logistics processes.

States: S is the set of possible states, where S; € S is the i-th state.

Rewards: R is the set of rewards, where R(S;, S; is the reward received after
the transition of the state from ¢ -th state to j -th state.

Decisions / Actions: A is the set of actions, where A; € A is the k th action.

Transition Probabilities: P(S;]5;, Ay) is the probability that the system is in
S; state, and when A, action is taken, the system will go to the next S; state.

Initial state: Sy is the initial state of the MDP model.

The optimization process begins by defining the relevant states, actions, and
rewards that are important to the specific domain of the problem. States represent
various situations or configurations achievable by the system, actions indicate ex-
ecutable decisions, and rewards measure the immediate benefit or cost associated
with a state-action combination. Based on this, the SV state vector (6.1) can be
created, with each element representing the current states according to the structure
of the system’s MDP model at time t.

SV (t) = [Si(t), Sa(t), S5(t), ..., Si(t), ..., Sng(t)] (6.1)

where Ng is the number of the states. Based on the SV (t) state vector, the R(t)
rewards vector obtained at time instant ¢ can also be determined using Equation 6.2:

R(t) = [RS1(t), RS5(t), ..., RS;(t), ..., RSns(t)] (6.2)

The state vector and the associated reward vector can be determined at any
moment in time following the state transitions created by the actions. Of course,
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this requires knowledge of the MDP model-based representation of the entire system.
Optimization algorithms, including a type known as Reinforcement Learning, are
used to improve decision strategies by using feedback in the form of rewards.

Through continuous interaction between the agent and the environment, the
reinforcement learning algorithm acquires knowledge about associating specific actions
with the maximization of cumulative rewards over time. This iterative learning process
involves updating the agent’s policy based on observed rewards and experiences.
The MDP model enables the reinforcement learning algorithm to make informed
decisions by considering probabilistic transitions between states and expected rewards
associated with each action. The ultimate goal of optimization is to converge
towards an optimal policy that maximizes the expected cumulative reward over time.
The MDP model essentially serves as the foundational framework that guides the
reinforcement learning algorithm throughout the optimization process. Provides a
formal representation of the decision-making environment, allowing the algorithm to
learn and adjust its policy to achieve optimal outcomes based on defined states and
their corresponding rewards.

6.3 Exploring the application of RTLS data and
reinforcement learning for AGV scheduling in
micro-logistics — a case study

The framework for optimizing logistic processes using the Markov Decision Process
is explored through a case study involving micro-logistic tasks performed by an
Automated Guided Vehicle (AGV), highlighting its potential for improving efficiency
in production environments.

Use case description

As illustrated in Figure 6.1, the production line consists of three automated
production cells: welding, molding, and assembly. In addition, there is an automated
warehouse serving as a buffer, a packaging area for transporting finished products,
and a dedicated charging station for the AGV. The empty crates comprise 10
universally adaptable trays designed for storing semifinished and finished products in
any condition. Within each production cell, there is a buffer in both the infeed and
outfeed, each consisting of a single unit equivalent to 10 trays. Other raw materials,
not transported by AGV, are stored in bulk within the machines and only need to
be replenished once per shift. The following subsections delineate the components of
the production process from the perspective of logistics services provided by AGV.

Within the welding production cell, there exists an inbound section (W;;) and an
outbound section (W,;) designated for the storage of empty crates and the retrieval
of welded semi-finished parts, respectively. The average cycle time of the machine is
5.8 seconds. The projected cycle times for the products are shown in Figure 6.2. The
consecutive times of 0 and about 12 seconds in the figure are due to the technology
where the machine handles two products at the same time.

Similarly, the molding production cell has an input area (M;;) and an output area
(M) for the storage of welded semi-finished products and the retrieval of molded
semi-finished products. The machine handles the transfer of the empty crate itself.
The machine handles one product at a time during the production process, with an
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average cycle time of 4.6 seconds. The projected cycle times for the products are
shown in Figure 6.3.

Inside the assembly production cell, there are two input areas and two output
areas designated for the storage of semi-finished molded products (A;;) and the
retrieval of finished products (A,1), respectively. The assembly cell does not have the
capacity to store empty containers internally. Consequently, the AGV is required to
transfer empty containers from the second output position (A,) to the second input
position (A;2). The average cycle time of the machine is 5.8 seconds. The projected
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Figure 6.1: Schematic of the layout with automatic production cells, filling station,
packer and buffer included in the logistics optimisation.
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Figure 6.2: The automatic welding production cell product cycle time.
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cycle times for the products are shown in Figure 6.4. The three consecutive times of
0 and about 21 seconds in the figure are due to the technology where the machine
handles four products at the same time.

The process also includes a buffer that functions as an automated warehouse for
the storage of empty crates (P.) and semi-finished welded and molded products (P,,
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Figure 6.3: The automatic molding production cell product cycle time.
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Figure 6.4: The automatic assembly production cell product cycle time.
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P,,). There is also a packaging area for the transport of finished products (P, ), where
the finished product crates are placed on the conveyor track at a fixed input point.
During periods of inactivity, the AGV remains in a standby state, and when the
state of charge (SOC) falls below a predetermined threshold, the AGV autonomously
moves to the charging station.

The AGV performs the logistical material supply between these production
elements in a scheduled manner, with the aim of eliminating production stoppages in
any production cell and reducing nonvalue-added paths (idling). As mentioned in the
introduction, it is worthwhile to study the logistics processes of the current system,
as potential optimizations can simplify the AGV task distribution. Figure 6.5 shows
the total lead times for each product on the line, including wait times. From this
analysis, it is clear that a reduction in wait times is justified, and for the molded
semi-finished product, it is advisable to maintain only a safety stock (which can be
determined based on maintenance and historical data related to downtime), since
the machine cycle time is fastest at this stage. The culmination of these analyzes
supports a more efficient and more optimal inventory strategy.

Figure 6.6 shows the lead times separately, without waiting times. A closer look
at the outlying time values revealed that during the period under study, an ad hoc
machine maintenance shutdown occurred, which caused the semifinished products
to remain in the declared state for a longer period of time. After filtering out these
values, it can be said that the machining times are uniform (with acceptable variation
due to manufacturing) throughout the production process.

In addition to identifying potential development opportunities that affect the
MDP model, the time values obtained during the analysis of real production data
can be used as variable parameters for the model’s development. With knowledge

I \Welding processing time
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I Molded semi-finished product waiting time
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Figure 6.5: The lead time and the waiting time for the entire production process for
each product.
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of the production data and its variations (such as waste product generation and
unexpected breakdowns), uncertainty can also be introduced into the system.

Results and discussion

Taking into account the production and logistics processes, the state of the
system can be identified, a crucial step in the development of the MDP model. In
this context, it is advisable to evaluate the state of each production cell based on
the conditions of the input and output zones. These conditions play a key role in
determining whether a production cell will stop operating, either due to lack of raw
materials in the input section such as W;;, M;;, A;; and A;s or when the storage
area in the output section such as W, M,;, A,; and A,o reaches full capacity. It is
recommended to further refine these states according to the specific nuances of the
current problem. The states for the input and output of each production cell can be
defined in a manner similar to the summarized information provided in Table 6.1
and Table 6.2.

Furthermore, it is crucial to monitor the buffer inventory, the quantity of manu-
factured products, and the level of charge of the AGVs (see Table 6.3). These states
play a key role in identifying feasible tasks (actions) that can be executed at any
given moment.

Based on these factors and Equations 6.1 and 6.2, a SV (¢) state vector (6.3) and
the R(t) rewards vector 6.4 can be formulated to characterize the current state of
the system at time t time:

SV (t) = [SWi(t), SWr(£), SMin (t), SMy (2),
SAn (), SAp(t), SAu (1), SAuw(t)

: (6.3)
SPa<t)7 SPw<t)7 SPe(t)7 SAGV<t)]

m— I \Velding processing time

5000

I Molding processing time |
I A ssy processing time
4000 g
o
+ 3000 a
=]
©
e
o

2000 |

1000 [=

400 600 800 1000 1200 1400 1600 1800
Lead Time [min]

Figure 6.6: The lead time for the entire production process for each product.
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State | Description Reward

0 t = 0: production halted because no raw | extra negative
materials available

1 0 <t <= 10: production stops within 10 min- negative
utes because no raw materials will be available
within 10 minutes

2 10 < t <= takt time: production is in the positive
initial phase because raw materials will be
available more than 10 minutes

3 takt time < t <= 2 x takt time: production | extra positive
is ongoing and buffer is available

Table 6.1: The states of the automatic production cells input zone (W;1, M;;, A;; and
A;2) based on the availability of the raw material with the corresponding rewards.

State | Description Reward

0 t = 0: production halted because picking out | extra negative
zone is not empty

1 0 < t <= 10: production stops within 10 negative
minutes because picking out zone will not be
empty within 10 minutes

2 10 < t <= takt time: production is in the positive
initial phase because picking out zone will be
empty for more than 10 minutes

3 takt time < t <= 2 x takt time: production | extra positive
is ongoing and picking out zone is empty

Table 6.2: The states of the automatic production cells output zone (W,1, My1, Ao
and A,y) based on the completion of the semi-finished or finished product with the
corresponding rewards.

R(t) = [RW;(t), RW,i(t), RMj (t), RM,y(t)

RAW(1). RAn(t). RAu (1), RAu(1)] (6.4)

After establishing the states, it is crucial to analyze the possible state transitions
and explore the methods by which they can be realized through different actions.
The potential actions are listed in Table 6.4. When the action is completed, the
AGV’s location is determined along with the potential tasks it can perform at that
specific location. For a complete understanding of the action network, please refer to
Figure 6.7.

In the context of optimization, a profound understanding of the state of the
system, its correlated rewards, and the potential actions that induce state transitions
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State | Description

Pa | Number of finished product

Pw | Number of semi-finished welding products in
the buffer

Pm | Number of semi-finished molding products in
the buffer

Pe Number of empty crates in the buffer

Agv | AGV SOC

Table 6.3: The states of other elements.

is essential. This fundamental understanding facilitates the creation of a state vector
that encapsulates the system at a given time t, along with its associated reward. This
plays a pivotal role in describing the dynamics of the system. The convergence of
viable actions for AGVs depending on specific states delineates a repertoire of choices
in a given scenario. The chosen action triggers a transition to a new state vector,
facilitating the recalibration of the system’s state and reward. This iterative process
forms the crux of the reinforcement learning model within the Markov Decision
Process framework. Through successive rounds of decisions, reward observations,
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Figure 6.7: Actions connection diagram, which shows which action can theoretically
be performed after a given action has been performed.
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Action

Description

AGYV Action 1

Picks up an empty container from the buffer storage.

AGYV Action 2

Picks up a welding semi-finished product from the buffer
storage.

AGYV Action 3

Picks up a molding semi-finished product from the buffer
storage.

AGYV Action 4

Picks up a welding semi-finished product from the weld-
ing machine.

AGYV Action 5

Picks up a molding semi-finished product from the mold-
ing machine.

AGYV Action 6

Picks up an empty container from the assembly machine.

AGV Action 7

Picks up a finished product from the assembly machine.

AGYV Action 8

The AGV stands empty, ready for loading.

AGYV Action 9

Stores an empty container in the buffer storage.

AGYV Action 10

Stores a welding semi-finished product in the buffer stor-
age.

AGYV Action 11

Stores a molding semi-finished product in the buffer
storage.

AGYV Action 12

Stores an empty container in the welding machine.

AGYV Action 13

Stores a welding semi-finished product in the molding
machine.

AGYV Action 14

Stores an empty crate in the assembly machine.

AGYV Action 15

Stores a molding semi-finished product in the assembly
machine.

AGYV Action 16

Stores a finished product in the packaging station.

Table 6.4: Actions of the AGV in the production process.

and policy updates, the reinforcement learning model systematically explores diverse
scenarios. The ultimate goal is to converge towards an optimal policy that maximizes
cumulative rewards across consecutive time steps. Furthermore, the incorporation
of real-time indoor positioning data enriches this optimization paradigm, allowing
continuous monitoring of production processes. These real-time data facilitate
dynamic adjustments and enhancements in response to evolving conditions. The
model’s adaptability, rooted in the MDP structure, empowers it to optimize tasks
based on specific criteria, such as distance metrics. Collaborative synergy between
the MDP model and reinforcement learning holds promise in the approach to intricate
optimization challenges, establishing a framework where intelligent decision making,
guided by accumulated experience, contributes to the ongoing improvement and
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efficiency of logistics and manufacturing processes. In essence, the amalgamation
of the MDP model and reinforcement learning not only provides a theoretical
underpinning for decision making, but also imparts practical insights into real-time
optimization, underscoring adaptability and continuous improvement in dynamic
environments.

6.4 Summary of the chapter

The goal of this thesis is to explore advanced machine learning techniques, with
a focus on reinforcement learning, to establish a framework for optimizing the
integration and control of automated production and material supply in Industry
4.0 environments. By addressing the complexities of production processes and the
heterogeneous nature of manufacturing environments, the research aims to provide a
foundation for decision-making strategies that enhance efficiency and flexibility.

The principles and technologies of Industry 4.0 are transforming manufacturing
paradigms by integrating digital technologies and automation into production pro-
cesses. Automated production lines, in conjunction with supply chain management,
improve efficiency and enable flexible responses to changing demands. However, the
common integration and control of automated production and material supply is
challenging due to complex production processes and heterogeneous environments.
Machine learning methods, especially reinforcement learning algorithms, provide
opportunities to address these challenges by developing optimal decision strategies
using the available information.

The analysis of the production system provides insights into possible framework
creation, such as an MDP model, for reinforcement learning-based optimization. The
data analysis allows to create the states and state transitions caused by actions with
associated rewards for building the model. The application from a case study point
of view could help to understand the use of the method. The proposed approach
can also be applied to different production optimization problems, which can be the
subject of future research.
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Chapter 7

Conclusion

The motivation for this thesis was to address the challenges of integrating and
optimizing position data in manufacturing environments, with a particular focus on
Real-Time Location Systems (RTLS). The research explored various methodologies
to improve the accuracy of position data, identify value-added and non-value-added
activities, and develop advanced decision-making strategies using machine learning al-
gorithms such as reinforcement learning. The thesis presented four major approaches
to improve data accuracy, optimize internal logistics, and facilitate AGV scheduling
through reinforcement learning-based models. The contributions of each approach
were discussed in detail, along with corresponding case studies that demonstrated
their effectiveness.

The first approach focused on using RTLS positioning data in manufacturing
environments to support process optimization and decision making. By applying
data science techniques such as data mining and statistical analysis, the RTLS
data provided insights into resource flows, operational inefficiencies, and process
optimization opportunities. The results of this approach enabled manufacturing
companies to better allocate resources, improve workflow efficiency, and enhance
overall operational performance. This approach demonstrated the potential of RTLS
data to drive data-driven decision making and contribute to increased productivity
in manufacturing environments.

The second approach focused on improving the accuracy of position data in
RTLS systems using a data reconciliation method. This method was applied to
improve the reliability and accuracy of position data generated by UWB-based
indoor positioning systems. By reconciling discrepancies in the data, the proposed
method provided more accurate information for process monitoring and decision
making. The effectiveness of this approach was validated through case studies in
a warehouse environment, where the improvement in data accuracy led to better
resource allocation and operational insights.

The third approach focused on identifying value-added and non-value-added
activities through a multilayer network model applied to position data. This model,
demonstrated in a taxi route optimization case study, is adaptable to different location
data sets. By analyzing resource flows and activity patterns across multiple network
layers, the methodology provides detailed insights into operational inefficiencies and
potential improvements. The effectiveness of this approach was validated by the taxi
data case study, which revealed opportunities to balance resource flows and reduce
idle time, highlighting the potential of multilayer network analysis in optimizing
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transportation and logistics processes.

The fourth approach used a modified DBSCAN algorithm to classify activities
based on position data, improving cluster separation by incorporating additional
movement data. This methodology was applied to forklift movements in a real-world
logistics environment, providing insight into operational patterns. The results showed
significant opportunities to identify idle time and inefficiencies, laying the groundwork
for potential improvements in resource utilization.

The fifth approach focused on establishing a framework for AGV scheduling in
manufacturing environments using Reinforcement Learning and a Markov Decision
Process framework. This RL-based approach aimed to provide a basis for the
development of decision strategies capable of dynamically adapting to changes in
production requirements and environmental conditions. The framework was explored
in a case study that demonstrated the potential of RL models to improve task
allocation, minimize idle time and improve overall efficiency in material handling
processes.

Each of these approaches contributes to the broader goal of optimizing manufac-
turing processes through the use of advanced data analysis techniques and machine
learning algorithms. The integration of RTLS positioning data, multilayer network
models, the DBSCAN clustering algorithm, and reinforcement learning provides a
robust framework for improving process efficiency and decision making in Industry
4.0 environments. Future research could extend these methods to other areas of
production optimization, including the integration of additional machine learning
models and the exploration of more complex manufacturing systems.
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Chapter 8

Research questions and thesis
findings

The thesis focuses on the utilization of positioning data in manufacturing environ-
ments, developing algorithms to support process optimization and data accuracy
improvement. The main research questions are the following:

e How can RTLS positioning data be utilized for process optimization and decision
support in manufacturing environments?
In Chapter 2, I explore how RTLS positioning data can be leveraged using
data science approaches to optimize manufacturing processes. This chapter
highlights case studies where RTLS data supports better decision-making,
improving operational efficiency through real-time tracking and analysis of
assets.

e How can position data accuracy be enhanced in RTLS applications for improved
process insights?
In Chapter 3, I present a data reconciliation approach aimed at improving the
accuracy of position data. This chapter details methods for mitigating errors
in RTLS data, showcasing how enhanced data precision contributes to more
reliable process monitoring and optimization in manufacturing environments.

e How can algorithms identify value-added and non-value-added activities using
position data?
Chapter 4 focuses on the development of algorithm that differentiate value-
added and non-value-added activities using a multi-layer network approach.
This methodology is illustrated through case study, a taxi route optimization,
where position data is analyzed to balance and optimize resource flows. By
applying a multi-layer network model, this approach provides insights into
activity patterns and highlights opportunities for reducing inefficiencies and
enhancing resource utilization.

e How can clustering and network analysis classify value-added and non-value-
added activities in intralogistics using position data?
Chapter 5 focuses on the development of a modified DBSCAN algorithm. This
methodology is demonstrated through a case study in intralogistics, where
position data is used to classify and optimize forklift movements. The approach
enhances the identification of value-added and non-value-added activities,
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enabling more efficient resource allocation and reducing idle times in logistics
processes.

e How can positioning data be utilized to optimize micro-logistics and material
handling processes in manufacturing environments?
Chapter 6 explores the use of positioning data to provide a framework for
optimizing micro-logistics and material handling processes. By applying rein-
forcement learning and Markov Decision Process (MDP) models, the chapter
demonstrates the potential for improving AGV scheduling, resource utilization,
and task execution in industrial environments.

I summarised the contributions to the development of algorithms and methods
for utilizing RTLS positioning data in manufacturing, identifying value-added and
non-value-added activities, and improving position data accuracy.

1. T developed a data science approach for utilizing RTLS positioning
data in manufacturing environments for process optimization and decision
support.

e | demonstrated how RTLS positioning data can be integrated into manufac-
turing workflows to provide real-time insights for process optimization and
decision-making.

e [ presented case studies where RTLS data has been applied to improve opera-
tional efficiency through better tracking and monitoring of assets.

e [ introduced a framework for using data-driven decision support systems based
on RTLS data to streamline processes and resource allocation.

Related publications:

1. Andrés Réacz-Szabd, Tamés Ruppert, Laszlé6 Bantay, Andreas Locklin, Laszlo
Jakab, and Janos Abonyi. ”Real-time locating system in production manage-
ment.” Sensors 20, no. 23 (2020): 6766. [[1]]

2. I developed a data reconciliation approach for enhancing the accuracy
of RTLS position data for improved process insights.

e [ demonstrated how data reconciliation techniques can improve the precision
of RTLS position data in manufacturing environments.

e [ presented examples of how more accurate position data leads to better process
monitoring and error reduction in real-time operations.

e [ introduced an approach for integrating data reconciliation into RTLS systems
to continuously enhance data accuracy and reliability.

Related publications:

1. Andras Racz-Szabd, Tamés Ruppert, and Janos Abonyi. Data reconciliation
of indoor positioning data: Improve position data accuracy in warehouse
environment. MethodsX. 2024 Dec 1;13:102838. [[230]]

Chapter 8 80



Development of machine learning, process modeling and optimization algorithms for
supporting Industry 4.0

3. I developed a multilayer-based algorithm for identifying value-added
and non-value-added activities using position data.

e [ demonstrated how position data can be used to distinguish between value-
added and non-value-added activities through a multi-layer network approach.

e [ presented case studies analyzing urban mobility patterns and traffic flows,
which provided insights for balancing and optimizing resource flows.

e [ introduced an analysis of urban mobility patterns and traffic flows to better
understand and optimize resource utilization.

Related publications:

1. Andras Racz-Szabd, Taméds Ruppert, and Janos Abonyi. ”Multilayer Network-
Based Evaluation of the Efficiency and Resilience of Network Flows.” Com-
plexity 2025, no. 1 (2025): 6940097. [[92]]

4. T developed a DBSCAN-based approach for identifying value-added
and non-value-added activities using position data in an intralogistics
environment.

e [ demonstrated how position data, processed through a DBSCAN-based clus-
tering algorithm, can differentiate between value-added and non-value-added
activities within intralogistics operations.

e [ presented case study focusing on the movement patterns of forklifts in a
warehouse setting, providing insights into optimizing resource allocation and
reducing idle times.

e [introduced a modified DBSCAN algorithm for refining the identification of non-
value-added activities through position data analysis. This algorithm improved
clustering precision by incorporating additional movement data and conditions,
facilitating better task scheduling and resource utilization in manufacturing
systems.

Related publications:

1. Andras Racz-Szabd, Tamas Ruppert, and Jdnos Abonyi. ”Clustering and
network analysis of mobility patterns as an analysis tool for lean project.”
Emerging Science Journal 2025 Volume 9, Issue 01 [[231]]

5. I developed a framework for utilizing RTLS positioning data in man-
ufacturing environments to support micro-logistics and material handling
processes.

e [ demonstrated how RTLS positioning data can be used as a basis for improving
the scheduling and coordination of automated guided vehicles (AGVs) in
complex manufacturing systems.

e [ presented case studies that explored the potential of reinforcement learning
and Markov Decision Process (MDP) models for enhancing AGV scheduling,
resource utilization, and task allocation.
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e [ introduced a framework that integrates RTLS data with advanced algorithmic
techniques, providing a foundation for actionable insights and improved decision-
making in material handling operations.

Related publications:

1. Andras Racz-Szabd, Tamés Ruppert, and Janos Abonyi. ”Enhancing material
supply for an automated production line by implementing a Markov Decision
Process model for AGV-based material handling.” In 2024 IEEE 22nd World
Symposium on Applied Machine Intelligence and Informatics (SAMI), pp.
000193-000198. IEEE, 2024. [[232]]

2. Andréas Racz-Szabd, Tamas Ruppert, and Janos Abonyi. ”Improving micro-
logistics processes by indoor positioning system and the tools of data science.”In
PCS Science, ISBN 978-615-01-9235-2, published by Eclipse Solutions Ltd,
2023. Available at: http://pcsmeeting.hu/science/. [[86]]
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Chapter 9

List of notations

Chapter 2: Utilizing RTLS positioning data in manufacturing: insights
into process efficiency and operational applications

p - The current product.
z - The current zone.
T? - The time spent by the current product (p) in the current zone (z).

p

TZ(I) - The last timestamp of the current product (p) position data in the current

zone (z).

sz( f) - The first timestamp of the current product (p) position data in the current

zone (z).

Chapter 3: Enhancing position data accuracy in RTLS: A data reconcilia-
tion approach for improved process insights

O ={o01,09,...,0n,} - Set of objects, where N, is the number of objects.

S ={s1,82,...,8n.} - Set of sensor tags, where Ny is the number of tags.

Nl(oj) - Number of tags assigned to object o;.

A - Matrix containing the relationships between sensors (S) and objects (O): 1 if
a sensor belongs to an object, 0 otherwise.

D - Matrix describing the physical distances between sensors.

P! C T! x X! - Database containing position data for sensors.

T = {t|,1},...,t%y,} - Timestamps of the I-th sensor.

X' = {x},%X},...,X},...,Xyn,} - 3D coordinate-based position data.
Xj = [T} 1, Tho, 23 € RY] - Position data of the k-th measurement.

Nl - Number of recorded position data points for the I-th sensor.

X (nterp) - _ Interpolated position data matrix for the I-th sensor at unique timestamps.
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Xan - Position data matrix for all sensors.

Xgﬁj ) _ Position data of sensors belonging to object o;.

r%oj ) _ Error between measured and expected distances for object o; at position n.
R.y - Matrix containing errors for all objects and positions.

R, - Error cartography matrix.

p,q - x-axis and y-axis layout boundaries in the cartography matrix.

Npq - Number of calculated errors for each x(, ) position.

Xl((oj) - M x 1 vector of measured position data for object o; at k.

fcl(:j )~ M x 1 vector of reconciled position data for object o; at k.

- M x M covariance matrix of the measurement errors.

Vi

k

f - C x 1 vector representing the model’s equality constraints (e.g., distance
constraints).

J (fc,(:j )) - Objective function for minimizing errors during data reconciliation.

dEZJk )) - Distance constraint for position xj of object o;.

d, - Measured distance between relevant sensors of object o;.

Chapter 4. Algorithm development for identifying value-added and non-
value-added activities using position data: a multi-layer network approach

Ty - Ordered list of activity attributes: (vs, Ve, ts, te, 71, ln)-

k - Index of activities (transactions), k =1...N.

vs, Ve - Starting and ending states of the activities, elements of the finite set V.
V - Set of states of the system, V = {v,, v.}.

N, - Number of states, N, = |V].

ts,t. - Starting and ending times of the state transitions.

r; - Resource labels used to form layers of state transition networks, r; € R.

R - Set of resources required for activities.

lm - Labels providing additional information on resource utilization (e.g., « for
value-added, /8 for non-value-added).

M - Number of layers in the network, l,,, € {a, 5} = {1... M}.
G - Multilayer network, G = (V, E, D).

E - Set of labeled edges representing state transitions, £ =V x V.
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D - Set of dimensions, (r,l,,) representing resource and utilization labels.
E(ubm)  _ Set of state transitions separated by r; resources and [, labels.

Alrolm)  _ Adjacency matrix representing intra-layer connections.

(T%,lm)

i - Weight of state transitions for resource r; from state ¢ to j based on activity

type lp,.

Qf;(t1,t2) - Number of finished state transitions in a given time interval per unit

of time.

ks ki'oue - In-degree and out-degree of a node in the value-added network.

d®(t) - Difference between in-degree and out-degree at a given time, d$(t) =
kzojzn(t) - kgout(t)'

i (1)
kzojzn (t)—"_k'?fout (t) ’

2&(t) - Node-level asymmetry value, z#(t) =
Q%(t) - Inventory level of a node over time.
t) - Total cost of non-value-added state transitions at time t.

) - Total cost of optimized non-value-added state transitions.

a; ;(t) - Optimized non-value-added state transition flows.

OP7(t) - Overlap of optimized and reconstructed non-value-added layers.
¢;;(t) - Cost of transportation for state transitions.

d}(t) - Additional demand for balancing the network at node i.

dj(t) - External source required to balance the network.

Chapter 5. Clustering and network analysis for identifying value-added
and non-value-added activities using position data in intralogistics envi-
ronment: A DBSCAN-based Approach

T, - Database of recorded position data.

tr - Time of the k-th recorded data.

dy = [d;,dy,d, € D] - Position data vector of the k-th record.
r; - Unique identification number of the resource.

Il € {a, B} - Activity flag for value-added (o = 0) or non-value-added (8 = 1)
activities.

¢ - Radius of the neighborhood in DBSCAN clustering.
MinPts - Minimum number of points required to form a cluster.

W - Vector defining the window size for the time-dependent data stream.
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D(;.w) - Data stream within the time window i : w for clustering.

C - Set of clusters, where C' = {C4,Cy,...,Cy} and k is the number of created
clusters.

C7 - Tuple of clusters based on I, activity flag, separating value-added (j = 0) and
non-value-added (j = 1) activities.

d; - Limit of the active recording frequency.

D, - Vector of active position data.

D,, - Vector of non-active position data.

D®* - Data stream contains all of active positions in chronological order based on t.

D™ - Data stream contains all of non-active positions in chronological order based
on tk.

- Movement limit in the z-coordinate direction.
V- State vector based on layout-based clusters.
Ny - Number of unique states in the state vector.
E - State transition matrix.

G = (V,E,F) - Multilayer network, where F' represents the labels of resources and
utilizations.

G* = (V* E*) - Multilayer network of value-added activities.
A% =lag, Nyxny) - Adjacency matrix of intra-layer connections for value-added
activities.

6
pq

az(offjﬁ ) Interlayer connections between value-added and non-value-added activities.

a - Weight of state transitions from state p to ¢ for value-added activities.

dp(d,) - Movement of the forklift in the z direction, determining whether the forklift
is working.

0r - Data recording frequency difference: 0;, = &, — t(r_1).

Chapter 6. Exploring micro-logistics and material handling process op-
timization using RTLS positioning data: a Reinforcement Learning and
Markov Decision Process framework for AGV scheduling

S - Set of possible states in the MDP model.
S; - The i-th state in the set of states.
So - Initial state of the MDP model.

A - Set of possible actions in the MDP model.
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A;, - The k-th action in the set of actions.
R - Set of rewards associated with state transitions.
R(S;,5;) - Reward received after transitioning from state S; to state S;.

P(S;|S;i, Ax) - Probability of transitioning to state S; from state S; after taking
action Aj.

SV (t) - State vector at time ¢, representing all current states of the system.
Ng - Number of states in the MDP model.

R(t) - Reward vector at time ¢, corresponding to the rewards for each state.
Wi, Wy - Input and output zones for the welding production cell.

M;y, M,; - Input and output zones for the molding production cell.

A, Aoty Aja, Age - Input and output zones for the assembly production cell.
P, - Packaging area for finished products.

P, - Buffer for welded semi-finished products.

P, - Buffer for molded semi-finished products.

P. - Buffer for empty crates.

AGV - Automated Guided Vehicle responsible for logistics tasks.

SOC - State of Charge of the AGV.

¢;;(t) - Cost of transitioning from state i to state j at time ¢.

SV (t) - State vector describing the system at time ¢.

R(t) - Reward vector corresponding to the state transitions at time ¢.
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