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"Once each discipline is supported by developments in the others, we may begin to
understand the ultimate laws of nature and to formulate our human estimate of
God’s Equation. When the final equation is constructed, we should be able to use

it to solve the wonderful riddle of creation. And perhaps that’s why God sent us
here in the first place.”

Amir D. Aczel
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Uj eszkbztar az operatorok munkajat taAmogaté Ipar 4.0 megoldasok
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irta: RUPPERT Tamaés

A kutatas célkitiizése olyan 1j algoritmusok és nyilt forraskodu eszkozok fejlesz-
tése, amelyek felhasznaljak a kiilonb6z6 monitoring, szabalyozd, optimalizécios,
itemezési, kockazati és termék-életciklus adatokat. Az Operator 4.0 paradigma
elsGdleges tényezGje a szenzor és aktuator technoldgiak és kommunikacios meg-
oldésok integralasa. A technologidkat bemutatasra keriilnek egy atfogo attekin-
tés keretében és a jov6 munkahelye is felvezetésre keriil, amely az intelligens tér
koncepcidjan alapul. A valosideji operator tamogatas és hatékonysag monitor-
ing rendszereknek rendkiviil pontos operatori tevékenység informéciokon kell ala-
pulniuk. A probléma a tobb szaz alaptevékenységi id6: ezek becslése kritikus,
koszonhetGen a termékek komplexitasanak és a terméktipus nagy valasztékanak.
Ennek feloldasara egy szoftver-szenzor alapu tevékenységidé és hatékonysag mérd

rendszert lett kidolgozva.

Az atallasi veszteségek jelentGsége egyre szignifikdnsabb a termelésben, hala a nagy
termék-variancianak és az "éppen-idében" (just in time) termelési kovetelmények-
nek. Olyan adatvezérelt gyokérok-keresés keriilt kidolgozasra, amelynek segitsé-
gével csokkenthetSk ezek a veszteségek. Végiil, a teljes gyartasi folyamat lefedése
érdekében gyartésorok iranyitasa keriilt megvizsgalasra. A ciklusidé-vezérlés és a
gyartasi szekvencia veszteségeket okozhat, a nem-optimélis sorkiegyenlités miatt.
Egy olyan modell-prediktiv, vezérlésalapt algoritmust lett kifejlesztve, amelynek
segitségével ndvelhet a gyartdosor hatékonysidga. Az operdtori munka bizonyta-

lansagat fuzzy alapt modellel lett kozelitve.
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Industry 4.0 based solutions for operator efficiency improvement

by Tamas RUPPERT

The goal of the research is the development of new algorithms and open source
tools to utilize the data collected by inter-networking systems in monitoring, con-
trol, optimization, scheduling, risk management, and product lifecycle manage-
ment. The primary enabling factor of the resultant Operator 4.0 paradigm is
the integration of advanced sensor and actuator technologies and communications
solutions. An extensive overview of these technologies are provided and highlights
that the design of future workplaces should be based on the concept of intelligent
space. Realtime operator support and performance monitoring require accurate
information on the activities of operators. The problem with tracing hundreds
of activity times is critical due to the enormous variability and complexity of
products. A software-sensor-based activity-time and performance measurement

system are proposed to handle this problem.

The losses associated with changeovers are getting more significant in manufac-
turing due to the high variance of products and requirements for just in time
production. A method for the reduction of these losses is introduced based on
data-driven root cause analysis and performance management. Finally, to handle
the entire manufacturing process, the controlling of assembly conveyor lines is
studied. The control of cycle time and the sequencing of production can mitigate
the losses due to non-optimal line balancing in the case of open-station production
where the operators can work ahead of schedule and try to reduce their backlog.
A cycle time control algorithm is proposed that can improve the efficiency of as-
sembly lines. A fuzzy-model-based solution has been developed to handle the

uncertainty of activity times.
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Industrie 4.0-basierte Losungen zur Verbesserung der Bedienereffizienz

von Tamés RUPPERT

Ziel der Forschung ist die Entwicklung neuer Algorithmen und Open-Source-Tools,
um die von vernetzten Systemen gesammelten Daten fiir die Uberwachung, Steuer-
ung, Optimierung, Planung, das Risikomanagement. Der wichtigste Faktor fiir das
resultierende Operator 4.0-Paradigma ist die Integration fortschrittlicher Sensor-
und Aktortechnologien und Kommunikationslésungen. Es wird ein umfassender
Uberblick iiber diese Technologien gegeben und hervorgehoben, dass die Gestal-
tung zukiinftiger Arbeitspldtze auf dem Konzept des intelligenten Raums basieren
sollte. Echtzeit-Bedienerunterstiitzung und Leistungsiiberwachung erfordern genaue
Informationen iiber die Aktivitdten der Bediener. Das Problem der Riickverfol-
gung von Hunderten von Aktivitdtszeiten ist aufgrund der enormen Variabilitat
und Komplexitat der Produkte kritisch. Zur Bewdltigung dieses Problems wurde

ein software-sensorbasiertes Aktivitatszeit- und Leistungsmesssystem entwickelt.

Die mit den Umstellungen verbundenen Verluste werden in der Fertigung auf-
grund der hohen Variabilitat der Produkte und der Anforderungen an die Just-in-
Time-Produktion immer bedeutender. Es wurde eine Methode zur Reduzierung
dieser Verluste entwickelt, die auf einer datengesteuerten Ursachenanalyse basiert.
Schlieflich wurde zur Abwicklung des gesamten Fertigungsprozesses die Steuerung
von Montagebandern untersucht. Die Steuerung der Zykluszeit und die Sequen-
zierung der Produktion kann Verluste aufgrund nicht optimaler Linienbalancierung
verursachen. Es wird ein Algorithmus zur Steuerung der Zykluszeit vorgeschla-
gen, womit man die Effizienz der Montagelinien verbessern kann. Es wurde eine
auf einem Fuzzy-Modell basierende Losung entwickelt, um die Unsicherheit der

Aktivititszeiten zu bewéltigen.
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Chapter 1

Introduction

Industry 4.0 is a strategic approach to design optimal production flows by integ-
rating flexible- and agile manufacturing systems (FMS and AMS) [1] with the In-
dustrial Internet of Things (IIoT) technology enabling the communication between
people [2], products, and complex systems [3]. Human resources are still utilized in
many manufacturing systems, so the development should focus on the performance

of the operators.

As these technologies revolutionize industrial production, the high-tech strategy of
the German government launched to promote the computerization of manufactur-
ing was named as the fourth industrial revolution (Industry 4.0). China developed
its own initiative. Made-in-China 2025 is a strategic plan announced in 2015 to
increase competitiveness in cutting-edge industries including the manufacturing
sector [4, 5, 6]. The approach of China is also based on the most modern IT tech-
nologies |7| that is not only used to improve the efficiency of the production but
also to share manufacturing capacity and support cooperation [8]. The US has in-
troduced “reindustrialization" policies to reinvigorate its manufacturing industry.
By releasing the “New Robot Strategy,” Japan attempts to accelerate development
of cooperative robots and unmanned plants to revolutionize the robot industry,
cope with the aggravation of Japanese social and economic issues, and enhance
the international competitiveness. The “New Industrial France” the "high-value
manufacturing” strategy of UK, and the “advanced innovators’ strategy” of South
Korea have similar CPS based focus points |9]. The common goal of these develop-
ments is to integrate the supply chain. Industry 4.0 and additive manufacturing,

when combined, can help enable the creation of products that are first-to-market
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and fully customized. Thanks to the benefits of additive manufacturing not only
the consumer can find more customized products and services, but also the manu-
facturer has a chance to create more efficient and scalable production flow [10]. All
in all, these novel manufacturing technologies appear to herald a future in which
value chains are shorter, more collaborative, and offer significant sustainability
benefits.

Organizations should be prepared for the introduction of Industry 4.0 based com-
plex production systems. Recently developed maturity or readiness models are
mainly technology focused [11, 12| and assess the Industry 4.0 maturity of indus-
trial enterprises in the domain of discrete manufacturing [13]. Thanks to the fast
and flexible communications between CPSs, smart sensors and actuators, real-time
and self-controlled operations can be realized [7, 2]. The new smart IoT (Inter-
net of Things) devices have the potential to design mobile machines that replace
human minds [14]. Researchers at Oxford University estimated that approxim-
ately 47% of all US employment will be at a high risk of computerization by the
early 2030s [15]. A survey conducted by PricewaterhouseCoopers (PwC) found
that 37% of employees were worried about the possibility of redundancy due to

automation [16, 15].

Although state of the art in the area of Industry 4.0 has been reviewed recently [4],
systematic literature reviews are frequently published [17, 18, 19|, there is a need
to study that the fourth industrial revolution will not entirely replace operators,
instead sensors, smart devices, mobile IoT assets, and technologies will be used to

design systems for operator support.

Although the increase in the degree of automation reduces costs and improves
productivity [20], human operators are still essential elements of manufacturing
systems [21, 22].

The fast development of smart sensors and wearable devices has provided the
opportunity to develop intelligent operator workspaces. The resultant Human-
Cyber-Physical Systems (H-CPS) integrate the operators into flexible and multi-
purpose manufacturing processes. The primary enabling factor of the resultant
Operator 4.0 paradigm is the integration of advanced sensor and actuator techno-
logies and communications solutions. This work provides an extensive overview of
these technologies and highlights that the design of future workplaces should be

based on the concept of intelligent space.
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This thesis considers four main problems of flexible manufacturing systems (Figure
1.1). Operators need all support in case of rapid production [23|. The fourth
industrial revolution considers the accessories for workers. In the next Chapter
(Chapter 2), T will make an overview of the Operator 4.0 concept, which can
provide all information to the operator with the newest IIoT technologies. The
right picture of the daily work is a crucial element of the modular production
[24]. The activity times are stochastic and many types of distribution in case of

modular production.

Real-time operator support and performance monitoring require accurate inform-
ation on the activities of operators. The problem with tracing hundreds of activity
times is critical due to the enormous variability and complexity of products. To
handle this problem a software-sensor-based activity-time and performance meas-
urement system is proposed. The proposed model-based performance monitoring
system tracks the recursively estimated parameters of the activity-time estimation
model. T will show the challenges of operator performance monitoring in Chapter
3.

The losses associated with changeovers are getting more significant in manufac-
turing due to the high variance of products and requirements for just in time
production. The many types of products [25] are a big challenge and opportunity
for changeover optimization [26|. The operator is a crucial element of the process
even in case of fully automated manufacturing machines too. The changeovers
are manually (partly or fully). I introduced a method for the reduction of these
losses based on data-driven root cause analysis and performance management. The
method is based on models that estimate the product- and operator- dependent
changeover times by survival analysis. The root causes of the losses are identi-
fied by significance tests the utilized Cox regression models. The resulted models
can be used to design a performance management system that takes into account
the stochastic nature of the work of the operators. In Chapter 4, T will show the

developed algorithm and targeting model.

The fourth analyzed issue is the optimal cycle time in case of mixed production [27].
The control of cycle time and the sequencing of production can mitigate the losses
due to non-optimal line balancing in the case of open-station production where
the operators can work ahead of schedule and try to reduce their backlog. T will
provide a cycle time control algorithm that can improve the efficiency of assembly

lines in such situations based on a specially mixed sequencing strategy in Chapter
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Flexible
manufacturing

Operator Operator is a
performance crucial element
monitoring of changeovers

Mixed
production

Operator
support

Expected time Performance

Humans in Activity times ==
Industry 4.0 i/ prediction loss

Smart operator Modular Tars::::jgrr::tdel New cycle time

needs production ysi calculation
information cause analysis

Ficure 1.1: The problems of flexible manufacturing are divided into three

main topics. The operator support considers the technological solutions for

human resources, while the changeovers and mixed production are described the
manufacturing problems.

5. To handle the uncertainty of activity times, a fuzzy model-based solution has
been developed. As the production process is modular, the fuzzy sets represent
the uncertainty of the elementary activity times related to the processing of the
modules. The optimistic and pessimistic estimates of the completion of activity
times extracted from the fuzzy model are incorporated into a model predictive

control algorithm to ensure the constrained optimization of the cycle time.

To handle the uncertainty of the operator’s activities, I developed three different
types of time models (Figure 1.2). The first model is the module content-based
activity times analyses, where the base activities and the module content with the
built-in components are defined. The activity time analysis is the pillar of produc-
tion planning and process optimization. The second model is the changeover time
prediction based on the log data. In that case, I developed a survival model to
identify the time probability. In the third model, T defined a fuzzy-set to handle the
assembly time uncertainty at the open station based conveyor assembly line. To
solve the line balancing and production scheduling problem, I defined optimistic

and pessimistic estimates of the activity time.

Figure 1.2 shows the concept of this thesis. The three pillars are defined, where
the first step is to explore the main activities and identify the connection between
the parts of a complex system. The next step is the time measurement, where
the data from the shop floor is used for the prediction. Finally, to increase the
process improvement, the real-time assembly line control-based on the activities

are proposed.
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. Activity measurement
Stochastic nature
Complex systems Time prediction
Online control

Interaction Loss detection

|

Online monitoring | Performance Process

. monitorin improvement
Anomaly detection g p

Fuzzy times Open station

F1GURE 1.2: The thesis defines three pillars. Explore the main activities is the

first step of the proposed system. If the activities are defined, then the next step

is the time measurement. Finally, the real-time assembly line control based on
the activities are proposed to increase the process improvement.

The applicability of the proposed method is demonstrated based on a wire-harness
manufacturing process with a paced conveyor, but the proposed algorithm can
handle continuous conveyors as well. The results confirm that the application of
the proposed algorithm is widely applicable in cases where a production line of a

supply chain is not well balanced and the activity times are uncertain.

The human role in Industry 4.0 is a complex issue. The concept of Operator 4.0
is described in the next Chapter. The intelligent space is also proposed, based on

the new IloT technologies to provide real-time information for operators.



Chapter 2

Operator in Industry 4.0

The human resources in a manufacturing area are continuously a crucial critical
factor, but the theory of the 4th industrial revolution is impacting there. In this
concept, the optimization is realized by Cyber-Physical-Systems (CPS) developed
to utilize information related to product models, simulators and process planning
data (see Figure 2.1). With the extensive inter-system communication of the
elements of CPSs and smart sensors and actuators [2] real-time optimal and self-

controlled operation can be realized |7].

Industry 4.0 (especially ToT devices and CPS) allows new types of interactions
between operators and machines [28|. These interactions will generate a new intel-
ligent workforce and have significant effects on the nature of work. The integration

of workers into an Industry 4.0 system consisting of different skills, educational

Dynamics Mechatronics
Concurrency Cybernetics

FIGURE 2.1: Cyber-Physical-Systems (CPS) are based on the connection of the
information related to production systems and process models.

6
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levels and cultural backgrounds is a significant challenge. The new concept of Op-
erator 4.0 was created for the integrated analysis of these challenges. The concept
of Operator 4.0 is based on the so-called Human-Cyber-Physical Systems (H-CPS)

designed to facilitate cooperation between humans and machines [29].

This chapter focuses on the elements of this infrastructure and proposes an intel-
ligent space-based design methodology for the design of Operator 4.0 solutions.
According to this goal the development and application of advanced internet-of-
things technologies with regard to smart sensing technologies, IoT architectures,
services and applications will be discussed by following the types of the Operator

4.0 solutions proposed by Romero et al. [30, 29].

The chapter is comprised of the following structure. The elements of Operator 4.0
solutions are presented and a novel design methodology based on the concept of
intelligent space proposed in Section 2.1. The required infrastructural background
is presented in the remaining sections. IoT solution for tracking operator activities
is introduced in Section 2.2. Conclusions and recommendations based on the

review proposed in Section 2.3.

2.1 Framework of Operator 4.0 Solutions

The concepts of Operator 4.0, cyber-physical systems and intelligent space are

introduced and connections between these methodologies discussed in this section.

2.1.1 The Operator 4.0 Concept and Human-Cyber-Physical

Systems

Operator 4.0 typology depicts how the technologies of the fourth industrial re-
volution will assist the work of operators [29]. Operator 1.0 is defined as humans
conducting manual work. The Operator 2.0 generation represents a human entity
whose job is supported by tools, e.g., by computer numerical control (CNC) of
machine tools. In the third generation, the humans are involved in cooperative

work with robots and computer tools, also known as human-robot collaboration.
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Operator 1.0

‘Operator 2.0
Manual and

dexterous work . Operator 3.0
Assisted work
Mechanical and , , ) Operator4d.0
manually operated  Assisted with Cooperative
machine tools computer-aided .
tools and enterprise work Work aided

information systems Cooperate with Aided by machine

robots, machines and Human-CPS
and computer tools

F1GURE 2.2: (R)evolution of the tasks of operators in manufacturing systems.

This human-robot collaboration in the industrial environment is a fascinating field
with a specific focus on physical and cognitive interaction [31]. However, the new
set of solutions is based on even more intensive cooperation between operators
and production systems. This new Operator 4.0 concept represents the future of

workplaces [29] (see Figure 2.2).

The main elements of the Operator 4.0 methodology are explained in Table 2.1.
Analytical Operator-type solutions utilize Big Data Analytics to collect, organize
and analyze large data sets [30]. Augmented reality (AR) can be considered as
a critical enabling technology for improving the transfer of information from the
digital to the physical world of the smart operator. The Collaborative Operator
works together with collaborative robots (CoBots). Healthy Operator solutions
measure and store exercise activity, stress, heart rate and other health-related met-
rics as well as GPS location and other personal data. Smarter Operators interact
with machines, computers, databases and other information systems as well as
receive useful information to support their work. Social Operators use mobile and
social collaborative methods to connect to smart factory resources. Super-Strength
Operators increase the strength of human operators to be able to conduct manual
tasks without effort using wearable exoskeletons, while Virtual Operators interact

with the computer mapping of design, assembly or manufacturing environments.
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TABLE 2.1: Elements of the Operator 4.0 methodology according to [30, 29].

Type of Oper- Description Examples

ator 4.0

Analytical oper- The application of big data analytics in real- Discovering useful information and predicting relevant
ator time smart manufacturing. events [32, 33].

Augmented oper-
ator

AR-based enrichment of the factory envir-
onment. AR improves information transfer
from the digital to the physical world.

Smartphones or tablets are used as Radio Frequency IDen-
tification (RFID) readers and can become key tools of
smart manufacturing [34, 35, 36].

Spatial AR projectors support automotive manufacturing
[37, 38, 39].

Collaborative op-
erator

CoBots are designed to work in direct co-
operation with operators to perform repetit-
ive and non-ergonomic tasks.

Rethink-Robotics with Baxter & Sawyer promises low-cost
and easy-to-use collaborative robots [40].

Healthy operator

Wearable Trackers are designed to measure
activity, stress, heart rate and other health-
related metrics as well as GPS location and
other personal data.

Apple Watch, Fitbit and Android Wear-based solutions
had already been developed [30].

Military-based applications can predict potentially prob-
lematic situations before they arise [30].

Smarter operator

Intelligent Personal Assistant (IPA)-based
solutions that utilize artificial intelligence.

Help the operator to interact with machines, computers,
databases and other information systems [41].

Social operator

Enterprise Social Networking Services (E-
SNS) focus on the use of mobile and social
collaborative methods to connect smart op-
erators on the shop-floor with smart factory
resources.

The Social Internet of Industrial Things interacts, shares
and creates information for the purpose of decision-making
support [42].

Super-strength
operator

Powered exoskeletons are wearable, light-
weight and flexible biomechanical systems.

Powered mechanics to increase the strength of a human
operator for effortless manual functions [43].

Virtual operator

Virtual Reality (VR) is an immersive, inter-
active multimedia and computer-simulated
reality that can digitally replicate a design,
assembly or manufacturing environment and
allow the operator to interact with any pres-
ence within.

Provide the user with an environment to explore the out-
comes of their decisions without putting themselves or the
environment at risk [44].

The VR-based gait training program provides real-time
feedback [45].

| Multi-purpose virtual engineering space [46].

TABLE 2.2: Design principles of Industry 4.0 applied to Operator

4.0 solutions.

Design principle

‘ Description

‘ Application

System integration

combines subsystems into one system. Vertical integration connects
manufacturing systems and technologies [50], horizontal integration
connects functions and data across the value chain [1].

Analytical operator

Modularity is important for the ability of the manufacturing system to adapt to Augmented operator
continuous changes [51, 52, 53].

Interoperability allows human resources, smart products and smart factories to connect, Collaborative oper-
communicate and operate together [51]. The standardization of data is ator

a critical factor for interoperability because the components have to
understand each other.

Product personalization |

the system has to be adapted to frequent product changes [54].

Decentralization

is based on the distributive approach, where the system consists of
autonomous parts which can act independently [51]. It simplifies the
structure of the system which simplifies the planning and coordination
of processes and increases the reliability [55].

Smarter operator

Corporate social respons-
ibility

involves environmental and labor regulations.

Social operator

Virtualization ‘

uses a digital twin, i.e., all data from the physical world is presented in
a cyber-physical model [56].

Virtual operator

Whit regards to the development of Operator 4.0-based automation systems, at-

tention has to be paid to the design principles of Industry 4.0 solutions, which are

decentralization, virtualization, reconfiguration and adaptability [47, 48, 49]. How

these principles should be applied during the development process is presented in

Table 2.2.
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Supervisory control
Configuration level Actions to avoid
Required actions

- .. Prioritize and optimize
Cognition level Decision support .
decisions
Adaptive analysis
Cyber level Self-compare
Time-machine snapshots

Data-to-Information Machines
C ion level Self-aware
onversion leve| Components
Smart connection level Sensors Condition monitoring

FicURE 2.3: Architecture of cyber-physical systems.

The Operator 4.0 concept aims to create Human-Cyber-Physical Production Sys-
tems (H-CPPS) that improve the abilities of the operators [30]. The allocation
of tasks to machines and operators requires the complex semantic model of the
H-CPS. Operator instructions can be programmed into a machine and but hand-
ling uncertainty and stochastic nature is difficult. Adaptive systems are suitable
to handle these problems with the help of more frequent monitoring and model
adaptation functions [57, 58, 59, 60|. Real-time operator support and perform-
ance monitoring require accurate information concerning the activities of oper-
ators, which means all data related to operator activities should be measured,
converted, analyzed, transformed into actionable knowledge and fed back to the
operators. Based on this requirement, the operator should be connected from the
bottom (connection) to the top (configuration) levels of the cyber-physical sys-
tems |61]. To support this goal, an overview concerning the elements of CPS from
the perspective of operators is given in Table 2.3 and the levels of CPSs with a

description of the functions and tasks are presented in Figure 2.3.

As tasks should be transformed into a form that computers can understand, task
analysis is becoming more crucial due to the difficulties of the externalization of
the tacit knowledge the operators [62|. Tacit knowledge contains all cognitive skills
and technical know-how that is challenging to articulate [63, 64]. Without elicit
tacit knowledge, the chance of losing critical information and best practice is very
high [65]. Hierarchical task analysis extended with the ‘skill, rule and knowledge”
framework can capture tacit knowledge [66], which approach has been proven to
be useful in manufacturing [67]. Sensor technologies are essential to elicit tacit
knowledge, for example, the tacit knowledge of the operator can be captured by

a ’sensorized’ hand-held belt grinder and a 3D scanner to generate a program of
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TABLE 2.3: Levels of cyber-physical systems from the perspective of operators.

Level Function Example

Configuration Prediction and online feedback with regard to quality issues [75, 76]

Self-adjust

\ \
| Self-optimize |
\ \
\ \

Self-configure

Collaborative diagnostic and VR [77, 78, 79]

Cognition decision-making

Remote visualization for humans AR [80, 81, 82]

Digital twin Decision-making based on a digital twin [83, 84, 85]
Cyber

Worker-movement diagram [86, 87, 88, 89]

Monte-Carlo simulation of a stochastic process model [90, 91]

\ \
\ \
| Model of operator |
\ \
\ \

Smart analytics

Conversion Online performance monitoring based on sensor fusion [92, 93]

Degradation and performance pre-
diction

Wearable tracker [94, 95]

Connection ‘ Sensor network

Indoor Positioning System [96, 97, 98, 99, 100]

a robot that can replace the operator [68]. The modelling of the physical reality
and realising it in the CPS are critical tasks [69, 70, 71, 72|.

These examples illustrate that Operator 4.0 solutions should be based on con-
textual task analysis which requires precise chronological time-synchronization of
the operator actions, sensory data and psycho-physiological signals to infer the
cognitive states |73] and emotions [74] associated with the decisions and operator

actions.

Sensors and feedback technologies of interactive intelligent space can be used not
only for improving the abilities of the operators but also for the extraction of their

tacit knowledge. In the following section, these technologies will be detailed.

2.1.2 The Operator 4.0 Concept and Intelligent Space

In the previous section, the key functions of Operator 4.0 solutions were shown
to be related to the monitoring and support of operator activities. The most
significant trend is related to the development of human-machine interfaces that
embrace interaction in a set of novel ways [101]. As the operator performs tasks,
real-time information is provided about the production system and real-time sup-
port is received from it. Interactive human-machine systems had already been
introduced in the Hashimoto Laboratory at the of University of Tokyo [102] where
an Intelligent Space (iSpace) system has been designed for the virtual and physical

support of people and mobile robots [103]. Intelligent interaction space supports
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the operators to complete their work with high efficiency, high success rate, and

low burden [104]. The iSpace framework is shown in Figure 2.4.

The events within iSpace are continuously monitored by Distributed Intelligent
Network Devices (DINDs) consisting of various networked sensors, e.g., indoor
positioning systems and cameras for localization. DINDs interpret events in the
physical space and provide services (feedback) to operators using physical devices,
e.g., microphones, displays, etc. According to the horizontal integration concept,
the proposed iSpace is also connected to suppliers and customers. This concept
highlights that iSpace should relay on CloudThings architecture that integrates
[oT and Cloud Computing [105], as cloud computing enables a convenient, on
demand, and scalable network access to a shared pool of configurable computing

resources.

Resources, users, and tasks are the three core elements of intelligent interaction
space (see Figure 2.5). The user-resource-task model supports the design of in-
teraction among these components [104] which interactions should handle how
resources trigger the tasks and how the tasks are assigned to the operators based

on their availability, performance, and competence.

Intelligent space should respond to requests from people, so the activities of the
operators must be identified by cameras, internal positioning systems, or based
on voice signals, and these multi-sensory data should be processed by artificial
intelligence and machine learning solutions [103]. The acquired information is
transmitted via a wireless network and processed by dedicated computers, so any
event involving or change in the monitored parameters inside the space is carefully

analyzed and processed [106].

. Advanced manufacturing system E 2,

Supplier

3

Customer

Smart
sourcing and
Horizontal integration distribution

F1GURE 2.4: iSpace based integrated sensor signals can be used to monitor the
work of the operators, extract their tacit knowledge, synchronize activities, and
provide contextualized information.
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Operator

Intelligent
command
post

Task Resource

F1GURE 2.5: The design of connections between resources, users, and tasks is
the key of the design of intelligent interaction space.

This section highlighted that the development of H-CPSs requires an appropriate
design concept. According to the concept of intelligent space the architecture
must be modular, scalable and integrated, which results in low installation and

maintenance costs and easy configuration [107].

2.2 loT-based Solutions to Support Operator Activ-

ities

From the viewpoint of operators, connection and conversion are the most critical
levels of cyber-physical systems as these two levels are responsible for interaction.
As smart sensors are key components of solutions for cyber-physical production
systems (CPPS) [2], it is necessary to overview what kind of tools are available

for monitoring the activity of the operators.

Usually, operator activity is monitored by RFID-based object tracking [108]. This
technology can collect real-time data about the activities of workers (operators)
and machines, as well as movements of materials [109] and workpieces [110, 111].
Multi-agent supported RFID systems realize location-sensing systems [112] and
intelligent-guided view systems [113]. RFID systems for human-activity monitor-

ing provide an excellent opportunity to observe the work of the operators [114].



Chapter 2. Operator in Industry 4.0 14

With the help of these devices, the whole production process as well as production
and waiting times have become measurable online. Based on this information,
shop floor control (SFC) and optimization can also be realized. When the RFID
readers are placed such that the duration of the tasks can be estimated, how the
production line is balanced in addition to the effect of product changes can be eval-
uated, and real-time data for OEE (Overall Equipment Effectiveness) calculations
provided [115].

The tracking of production can be significantly improved by indoor positioning
system (IPS) utilized for localizing the positions of the products and operators [96].
The applications of IPS and its potential benefits in terms of process development

are complied in Table 2.4.

Context-aware systems require unobtrusive sensors to track each step of the per-
formed task [116]. As wearable sensors are becoming more common, their utiliza-
tion is also becoming more attractive [117]. However, hand motion-based activity
recognition is still challenging [118] and requires the application of advanced ma-
chine learning algorithms [119]. Tracking operator activity is a challenging and
highly infrastructure-demanding task which should utilize information stream fu-
sion approaches to improve the robustness of the algorithms [120]. How all these
smart sensor-based [oT technologies can be used to design Operator 4.0-type solu-

tions is compiled in Table 2.5.

The operators not only have to provide real-time information about their actions
but at the same time require real-time support in their work. Industrial wearable
[94] and communication [139] solutions help to handle this challenge. The previ-
ous paragraph showed what kind of techniques exist to collect information from
the operator. In this section, potentially applicable feedback technologies will be
introduced which are related to the configuration level of cyber-physical systems
[61].

In the early applications production activities required to complete orders were
scheduled and managed by shop floor control systems (SFCS). In [140] a hier-
archical SFCS (shop, workstation, equipment) was adopted. In [141] a vision-
based human-computer interaction system was introduced that interacts with the
operator and provides feedback. Complex hardware was installed in intelligent
environments, equipped with a steerable projector and spatial sound system, to

position the character within the environment [142].
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A potential grouping of feedback technologies is the following: fix-mounted devices
(e.g., LED TVs), mobile devices (e.g., tablets, smartphones) and wearable devices
(e.g., smart glasses). Intuitive displays can reduce the cost of operator interven-
tion as the performance of the operator is improved by the auditory and visual
understanding [143]. Visual collaboration systems can provide appropriate in-
structions for each step of the assembly task [144]. All groups are used correctly
and efficiently, but the novelty of wearable devices compared to the ’simple’ mo-
bile devices is the total freedom of movement and free use of limbs [145]. So far
some of these only provide a human-machine interface (HMI) and need a (mobile)
computer (e.g., a smartphone) to operate, but the tendency is that every device
will work separately and can cooperate with other devices through some commu-
nication solutions (e.g., LAN/WiFi, Bluetooth). Headsets, VR helmets, smart
gloves and smart clothes are examples of types of devices presented in Table 2.6.
The importance of this area is shown in the statistical increase in the numbers of
sales. So far these kinds of solutions have resulted in approximately $5.8 billion

in business [146].

The connections between the categories of Operator 4.0 solutions and potential
feedback technologies are shown in Table 2.6. Which feedback opportunity is

expedient is defined by the task in question. For example, in the case of the

TABLE 2.4: Applications of indoor positioning systems in production manage-

ment.
Application Description Examples
area
Performance | Measure effects of process devel- | Analyse moving- and staying-time of

monitoring | opment and business process re- | operators [121].
engineering (BPR).
Movement Spaghetti diagram of operator | Reduce the duration of material
analysis movement to reduce unnecessary | handling [122]. Reduce the number
movement and optimise the lay- | of unnecessary movements of oper-
out and supply chain. ators [121]. Support real-time man-
ufacturing execution systems (MES)
[123].
Support 5S | Track tools and optimise the | Decrease of stock and scrap. Im-
projects place of application and storage. | prove activity times [121].

Digital twin

Direct process the on-line in-
formation inside the process-
simulation tools. Prove the real-
time architecture for the Digital
Twin method.

The main elements of the real-time
architecture are the 'Digital Twin’
and IPS [124].
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TABLE 2.5: Sensors of Operator 4.0 solutions.

Type of Operator 4.0 ‘ Type of sensor Examples

| Infra-red sensors Discover and predict events [103]

Analytical operator

‘ Olfactory sensors Electronic nose [125]

Microphones Capturing voices and the location of speakers [126]

Augmented operator Machine vision systems for quality inspection [127, 128]

Visual sensors
Image processing, e.g., panoramic images [129], create the environment

Virtual operator of virtual reality [130]

IPS in manufacturing [96] and hybrid locating systems [132]

Collaborative operator Localization sensors
Mapping and localization using RFID technology [133] and efficient ob-

ject localization using passive RFID tags [134, 135]

Smart and social factories based on the connection between machines,
products and humans [136]

Social operator

Smarter and healthy oper- Smart watch with embedded sensors to recognize objects [137]

Wearable sensors

ator
The smart glove maps the orientation of the hand and fingers with the

|

\

\

\

\

| Smart camera for probabilistic tracking [131]
\

\

‘ help of bend sensors [138]

Super-Strength operator the feedback indicating danger is a critical function. The
next step of the design is to select the technology that delivers the information.
Danger can be indicated with the help of smart glasses or by a speaker. As soon
as the operator hears the warning alarm the danger can be avoided. In the case
of smart glasses, the worker can obtain more detailed information about the type
and location of risk. The potential applications of these solutions are summarized

in the last column of the table.

Some companies have been testing these innovative technologies in manufacturing
processes. In every case when these techniques are used, the production process is
complex, the quality management is strict, and there is a wide variety of products.
The results are impressive because the efficiency improves while the learning time
reduces in every observed situation. In the following, some of these solutions will

be introduced.

Smart glasses-based augmented reality is used in the manufacturing of high-horse-
power wheeled tractors with hundreds of variations by the company AGCO [148].
Presently, 100 pairs of glasses are in use to visualize the next manufacturing step
and necessary information for the inspection process. The results in numbers are

promising:

e 50% reduction in learning time (in the case of new workers)

e 30% reduction in inspection time (eliminates paperwork and manual upload)
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TABLE 2.6: Feedback technologies for Operator 4.0 solutions.

Operator 4.0 ‘ Feedback Technologies Examples
Analytical op- Report / Potential Smart  glasses, smart- Big data-based development of a manufac-
erator danger phones, tablets and turing process [147].
personal displays
Augmented Each possible feed- Smart glasses AR for tractor manufacturing [148]. Smart
operator back glasses [149, 30].
Collaborative Waiting for interac- Smart  glasses, smart- Collaborative operator workspace [150].
operator tion / Technical prob- phones, tablets, personal
lem displays, headsets and
smartwatches
| Need rest Smart glasses, smart- . .
Healthy operator phones, tablets, personal Measurement of physiological parameters [151,

Change activity

Need a medical test

displays and headsets

152]. Security issues [153].

Smarter operato

Answer to a question

Notice about an event

Smart glasses, smart-
phones, tablets, personal
displays and headsets

Chatbot [154] and Al provide support to operat-
ors [155].

Process
Emergency Smart  glasses smart- .
. ’ Facebook-based product avatar [42] and Social
Social operator Process phones, tablets, personal

Manufacturing

Technical information

displays and headsets

Manufacturing (SocialM) [54].

Super-strength

Optimal route / Tar-

Smart glasses, tablets and

Navigation [156, 157] and targeting [158,

operator geting / Training smartphones 159, 157].
Force feedback on a Smart gloves and special HaptX [160], VRgluv and ABLE Project
hand or whole arm exoskeletons [161, 43] are such technologies.
Danger indicator Smart glasses and speakers Safety and risk management (related to exo-
skeleton technology) [162].
Virtual oper- Collision / Weight / Smart clothes / smart VR technology in prototyping and testing
ator Pressure gloves [163]. This kind of technology becomes more

\
\
)y
\
\
\
\
\
\

efficient with every wearable feedback device
(e.g., smart gloves [164]) that use (second-
ary) human senses directly.

e 25% reduction in production time (in the

low volumes)

case of complex assemblies and

Similar advantages of smart glasses were reported at DHL which is one of the

leading logistics companies in the world [157]. Ten workers who used smart glasses

for three weeks managed to distribute 20,000 packages (9,000 orders) leading to a

25% increase in the efficiency of the operators and a reduction in errors of 40%.

Quality and reliability are critical in aerospace manufacturing. Boeing and Model-

Based Instructions (MBI) from Towa State University support the work of the op-

erators. Their first solution was designed to show the instructions for the workers.

The installation of the desktop MBI was static and there were numerous situations

when the operator could not see them during the assembly process. The tablet

MBI used the same instructions as the desktop MBI, but it was mounted on a
mobile arm. The tablet AR was the same tablet that provided the tablet MBI

solution, but the operator could see the real world on the display of the tablet

and the software added virtual elements into the video stream. It was observed
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that the AR technology yielded the best solutions with regard to first-time quality,
speed and worker efficiency out of these three solutions 165, 166].

These benefits are in accordance with what was observed in the introduction of
general Industry 4.0 solutions [167]. The examination of 385 published applications
shows that the most common benefits of Industry 4.0 are the enhanced efficiency
(47%), prevention of errors (33%), reduction of cost (33%), employee support
(32%) and minimization of lead time (31%). It is worth noting that the importance
of communication (31%), human-machine interfaces (25%) and sensor technology
(11% ) were also highlighted.

The review concerning examples of applications showed clearly that the Operator
4.0 concept works in practice and the following advantages were observed: (1)
elimination of classical paper-based administration, (2) operators can use their
arms freely and receive real-time feedback about the manufacturing process, (3)
the duration of training of workers decreases, and (4) the efficiency of production
increases and the number of errors decreases simultaneously in all cases. In sum-
mary, operators will be more efficient in smart workplaces, where new opportunit-
ies will be available to safeguard their activities and ensure alertness. Production
systems will become safer, more controllable and manageable than ever before.
A win-win situation will develop in which humans remain an important element.
Operator 4.0 technologies only capable of bringing about these benefits when the
manufacturing process is complex and the variety of products is wide. Of course,
some advantages can be observed in cases of traditional mass production too, but
it is difficult to compensate for the high investment and development costs of these

technologies.



Chapter 2. Operator in Industry 4.0 19

2.3 Conclusion of Operator 4.0

This chapter provided an overview of what kind of Industrial Internet of Things-
based infrastructure should be developed to improve the efficiency of operators in
production systems. By following the Operator 4.0 concept proposed by Romero
et al. |30, 29|, literature survey demonstrated that smart sensors and wearable
devices provide the opportunity to integrate operators into the concept of smart

factories.

It was highlighted that integrated workspaces should have modular and integrated
architecture and the development should be based on the concepts of human-in-
the-loop cyber-physical systems and intelligent space to ensure low installation

and maintenance costs.

In this chapter, the architecture and infrastructure of Operator 4.0 technologies
were surveyed. Monitoring and data-driven analytics is the key of process develop-
ment [139, 17]. There are several exciting model- and algorithm-based aspects of
these solutions, e.g., big data, sensor fusion and optimization, and machine learn-
ing whose review would also be timely as significant added value and reductions
in cost can be achieved by the model-based monitoring, control and optimization

of the presented production support systems.

In order to analyze the operator in the manufacturing environment, the models of
manufacturing are needed. In the next chapter, a multilayer network model for
the exploratory analysis of production technologies is proposed. To represent the
relationships between products, parts, machines, resources, operators and skills,
standardized production and product-relevant data is transformed into a set of
bi- and multipartite networks. This representation is beneficial in production flow
analysis (PFA) that is used to identify improvement opportunities by grouping

similar groups of products, components, and machines.

In the next Chapter, a software sensor method is represented to support activity-
time monitoring and fault detection in production lines. The activity-based pro-
cess line control is shown in Chapter 5, where the model predictive control is
developed based on fuzzy activity times. Finally, a survival analyses technique is
described in Chapter 4 to improved the changeover times in case of manufacturing

systems.
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Software sensor for activity-time

monitoring

In the age of digital transformation, human operators are still applied in manufac-
turing processes. The Operator 4.0 concept aims to create human-cyber-physical
production systems (H-CPPS) that improve the abilities of the operators’ thanks
to the dynamic interaction between humans and production systems [30]. Smart
sensors are key components of CPPS solutions |2]. Model-based production control
and performance monitoring require accurate information concerning the activity
times of the operators. Handling human factors is a challenging problem in terms
of both cellular manufacturing [168] and human-robot interaction [169]. Usually,
operator activity is monitored by computer vision-based motion detection systems
and RFID-based object tracking [108|. Context-aware systems require unobtrus-
ive sensors to track each step of the performed task and present the worker with
the information needed at any given moment [116]. As wearable sensors are be-
coming more common, their utilization is also becoming more attractive [117].
However, hand motion-based activity recognition is still challenging [118] and re-
quires the application of advanced machine learning algorithms [119]. As this
brief overview shows as well, the tracking of operator activity is a difficult, highly
infrastructure-demanding task which should utilize information stream fusion ap-

proaches to improve the robustness of the algorithms [120].

Tracing hundreds of primary activities is critical due to the enormous variability
and complexity of products. As every operator performs sequentially a specific

set of actions over a period of time, our goal is to develop a sensor system that

20
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continuously estimates the time consumption of these elementary activities. I
model the time consumptions of these actions by activity time models and compare
the estimated activity times to the performance of operators and generate early

warnings when their productivity decreases.

For the cost-effective and robust measurement of assembly times, sensors were
developed to record the timestamps related to the activity when the components
are pushed into the fixtures by operators. As the activities of operators depend on
the type and number of the built-in components, the production flow is tracked
by an IPS.

To integrate measurements originating from the IPS, a varying number (10-100)
of active or passive fixture sensors, and other information sources of the produc-
tion management system, a multi-sensor data fusion (MSDF) algorithm has been
developed. Multiple sensors provide redundancy enabling the robust recursive es-
timation of the unmeasured primary activity times of the operators. To constrain
the model parameters to lie within a reliable region and incorporate important «
priori knowledge concerning the activity times, the estimated parameters were op-
timally projected on to a set of linear constraints by quadratic programming [170)].
This central estimation enhances the confidence of the nominal model which im-
proves the performance of fault detection based on the reconciliation of the local

measurements.

The development of the proposed fault-detection algorithm is motivated by the
analysis of an industrial wire harness manufacturing process which is a typical com-
plex modular product manufacturing system [171, 172]. The developed algorithm
can be used in the general activity time monitoring where some activity points
are measured. To ensure our results are fully reproducible, only openly available
information on wire harness manufacturing technologies was utilized during the

development of the realistic case study.

This section is structured as follows. The developed IToT-based sensor system is
shown in Section 3.1. The applicability of the proposed activity-time estimation
algorithm is demonstrated in Section 3.2. Based on the findings and discussions

reported there, conclusions are drawn in Section 3.3.
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3.1 Evaulation of activity times with software sensor

In the present section, first the conveyor and the modular production systems are
characterized, then the fixture sensors and the indoor positioning system as in-
formation sources are described. This is followed by the mathematical formulation
of the multi sensor data fusion-based recursive estimation model and finally by the

local estimation and monitoring with regard to the activity times of operators.

3.1.1 Problem definition—evaluation of activity times on

the paced conveyor

The crucial part of the studied wire harness manufacturing system is a similar
conveyor system as shown in Figure 3.1. The motion of the conveyor is paced and
cyclic in nature. At the beginning of the cycles, every station proceeds to the next
position. The operators might work ahead of schedule or be delayed. According
to the open-station concept, when the operator does not finish his or her job, he
or she can move with the product to the next station to reduce the backlog. When
the operator completes the task before the end of the cycle time, he or she can work
ahead of schedule [173]. Production stops when the delay exceeds a critical limit.
Contrary to this open station-type operating strategy, close-station production is
referred to when the operator must stop the conveyor even in the event of a minor
delay [174].

FIGURE 3.1: The wire harness paced assembly conveyor (often referred to as a

rotary) contains assembly tables consisting of connector and clip fixtures [175].
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The key idea is that in the case of modular production, the expected activity times
are estimated based on the Bill of Materials (BoM) of the manufactured products.
The manufacturing is modular meaning that the products pi,...,py, are built
from the set of modules my,...,my, [176]. The structures of the products are
defined by a P-matrix (also referred to as a binary/logical matrix) consisting of
N, rows and N,, columns, and the element p; ; of P is set to one when the p;-th
type of product contains the m;-th module (otherwise it is 0). The calculation of
the theoretical activity times is estimated based on which a4, ..., ay, activities are
needed to be performed and which ¢y, ..., cy, components should be built in at the
wy, ..., wy, workstations. This information is represented in the logical matrix
M that contains the activities required to produce a given product. As is shown
in Table 3.1, the C matrix stores which components are built in in each activity,
while the W matrix assigns activities to the workstations. The specific activity
times and factors influencing them were determined based on expert knowledge
[172] as presented in Table 3.2. The matrix T provides information on the category
of the activity describing how the activities are classified into the activity types
t1,...,tN,. The sequence of the products is represented by a 7 vector of the labels
of the types, so w(k) = p; states that type product p; started to be produced

during the k-th production cycle.

TABLE 3.1: The logical matrices defined for performance monitoring.

Notation Nodes Description Size
A product (p) - activity (a) activity required to produce a N, x N,
product
w activity (a) - workstation/ma- workstation assigned for an N, x N,
chine (w) activity
B product (p) - component/part component/part required to N, x N
(c) produce a product
P product( p) - module ( m) module/part family required N, x Ny,
to produce a product
C activity (a) - component (c)  component/part built in or N, x N,
processed in an activity
M activity (a) - module (m) activity required to produce a N, X Ny,
module
T activity (a) - activity type (t) category of the activity N, x N
S activity (a) - measured time activity involved over a meas- Ny X [y,

interval (z"(k))

ured time interval
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TABLE 3.2: Types of activities and the related activity times according to
[172]. The activity times are calculated using a direct proportionality approach,
e.g., when an operator is laying four wires over one foot, proportionally to the

parameter t4, the activity time will be 1 X 6.9s5 +4 x 4.2s5 = 23.7s.

ID Activity Unit Time [s]
t Point-to-point wiring on chassis Number of wires 4.6
to Laying in U-channel 4.4
t3 Laying flat cable 7.7
ty Laying wire(s) onto harness jig 6.9

Per wire 4.2
ts Laying cable connector (one end) onto 7.4

harness jig

Per wire 2.3
te Spot-tying onto cable and cutting 16.6
tr Lacing activity 1.5
ts Taping activity 6.8
ty Inserting into tube or sleeve 3.0
to Attachment of wire terminal 22.8
ti1 Screw fastening of terminal 17.1
t1o Screw-and-nut fastening of terminal 24.7
t13 Circular connector 11.3
t1a Rectangular connector 24.0
tis Clip installation 8.0
16 Visual testing 120.0

To ensure fully reproducible results, only openly available information on wire

harness manufacturing technologies was utilized during the development of this

case study.

Based on the data published in [171, 172], the number of types of products N,

is assumed to be 64 and defined as the combination of N,, = 7 modules: base

module my, left- or right-hand drive ms, normal /hybrid mg, halogen/LED lights

my, petrol/diesel engine ms, 4 doors/5 doors mg, and manual or automatic gearbox

mz. The number of activities/tasks N, is defined as 654 and categorized into N, =

16 types of activities. The time consumptions of these activities are approximated
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using a direct proportionality approach with regard to the primary activities (see
Table 3.2). During the activities involved in the production of the base harness
115 different part families (component types, N.) are built in (among these C; =
162 terminals, C;, = 63 bandages, C. = 25 clips, and C,, = 89 wires). The
conveyor consists of 10 workstations (tables, N,,). For every table (workstation)

one operator is assigned, therefore, N, = 10.

Hereinafter, the term primary activity time denotes the estimated average period
of time required for a certain type of activity to be performed, while the term local
activity time refers to the time period required by a specific operator at the w-th
workstation to perform the activity in question. The structure of the developed
production-monitoring model is determined by the available information [172].
The proposed matrix-based mathematical formulation is beneficial as it allows the
compact estimation of the individual g¥(k),i = 1,..., N, activity times in every

k cycle step (discrete time):
;' (k) = [ti, ¢ x“(k), (3.1)

as the time consumption of the i-th activity depends on how many elementary
activities of a given type should be performed (represented as t; which is the i-th
row of the matrix T), the number of built in components (the row vector c; is the
i-th row of the matrix C) and the ’efficiency’ of the operator x*(k), which is the
vector of the estimated local activity times. Therefore, the aim of our investigation
is to provide a continuous local estimate of this state vector and its workstation
independent x(k) version providing a reference value and the opportunity for the

isolation of operator-independent problems.
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3.1.2 Fixture sensor- and indoor positioning system-based

activity-time measurements

To measure the activity times, fixture sensors were designed as depicted in Figure
3.2. The fixture-based activity sensors generate timestamps when the component
is inserted into the fixture. The sensors on an illustrated assembly table are shown
in Figure 3.3, where the fixtures labeled with gray text are inactive as there are

no related activities at the depicted workstation.

The fixtures were positioned based on how the measurable activities at the work-
stations are distributed. For example, the sensor f; sends a timestamps when the
operator inserts the component ¢; which represents the starting time of the first

activity a;. Details concerning the placement of the sensors are given in Table 3.3.

The activity-dependent sequence of the timestamps recorded by the active sensors
in the k-th cycle of the conveyor is represented by vector which serves as the raw

input of the performance-monitoring algorithm:

(3.2)

Sensor Connector

Component
insertion

Fixture

F1GURE 3.2: The designed connector fixture sends timestamps when the oper-
ator inserts a component into a fixture.
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TABLE 3.3: The placement of the sensors is defined based on the activity IDs.

As can be seen in the table, not all the f; ¢ = 1,...,16 fixtures are active at
every w; j = 1,...,10 workstation.

Sensor ID w; w, wz Wy Wy W Wy Wg Wy Wig
fi 1 79 159
fo 12 90 170
f3 21 99 175
fa 31 109 181
fs 44 121 185 226
fe 422 486 595
fr 438 514 603
fs 448 535
fo 451 540 615
fio 132 192 275 324 373 453
fi1 323 372 482
Ji2 419
Ji3 617
Jia 630
fis 047
fi6 654

FIGURE 3.3: Illustration of the distribution of the fixtures (f) on an assembly

table.

As the fixtures move according to the tables of the conveyor system,

the fixtures are identically placed at every workstation. The fixtures labeled

with gray text are inactive as there are no related activities at the depicted work-

station.
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FicUure 3.4: The concept of activity time measurements. The differences

between the timestamps (s;) define the time period required by a set of activities

(a;), the totals of which are considered as measured variables at each workstation
(2%), where w represents the index of the workstation.

As is shown in Figure 3.4, two timestamps clasp a set of activities, therefore,
the 2i"(k) = sj; (k) — su,y (k) difference between any two timestamps provides
the sum of the activity times that are situated between the two sensors. If the
timestamps s, ;) (k) measures the start of the first activity at the w-th work-
station, the station time of the w-th workstation can be measured as z’(k) =
Sa@y(k+1) —si;) (k). Based on this concept, a set of measurements can be defined
for the workstations z”(k) = [2(k),..., 2" (k),... 2" (k)]T which is much more
interpretable and applicable information with regard to activity-time monitoring

than the s(k) values of the raw measurements.

To put z"(k) into context, the information on which products are assembled at
each station and the details of the activities that are assigned to the measured

time interval z!’(k) are required.

The assignment of the activities and the measured time intervals are represented
by a set of logical matrices S” (see Table 3.1). In the case of modular production
the set of activities q, = Mpg should be calculated based on which modules are
included in the produced p-th product (represented as p, which is the p-th row of
the product-module matrix P) and whose activities are required to produce the
modules (such information is stored in the relation matrix M). The activities that

are assigned to the z"(k)-th intervals are defined by the operation diag(q,)S".

T?diag(q,)S™ groups the activities according to activity types, while the number
of components installed over a specific time interval is calculated as C*diag(q,)S",

which can also be grouped by activity types according to (TTC > 0) C'diag(q.)S".
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Based on the proposed matrix-type representation, the estimated time intervals

at the w-th workstation can be calculated as:

2" (k) = [T"diag(q.)S" , (T"C > 0) C"diag(q,)S"] x*(k) = H*(k)x" (k) (3.3)

The model equation z* (k) = H"(k)x"(k)+e" and the related measurements z* (k)
can be used for the continuous estimation of the vector of operator efficiencies
(namely estimated local activity times), x*(k), where e (k) is assumed to be

a serially uncorrelated white-noise vector of observational errors with covariance
matrix R* (k).

As H" (k) depends on the actual product, which product is produced at the w-th
workstation must be tracked. For the localization of the products and identification
of the status of the conveyor system, an Ultra-Wide band (UWB) IPS technology
with its low energy demand for transmitting information over a broad bandwidth
(> 500 MHz) and accuracy within the range of 30-50 cm, which is significantly
better than the uncertainty of one meter that the Bluetooth Low Energy (BLE)-
based solutions posses [177, 178|, was applied.

In comparison with outdoor environments, sensing location information in indoor
environments requires higher precision which is a more challenging task because
various objects reflect and disperse signals. UWB is an emerging technology in
the field of indoor positioning [96] that has shown better performance compared
to others [179] even in the presence of severe multipath [180, 181]. Depending on
the positioning technique, the angle of arrival (AoA), the signal strength (SS), or
time delay information can be used for positioning [178]. Received signal strength
(RSS) UWB positioning methods also can be divided into Time of Arrival (ToA)
and AoA [182].

The concept of identification of the products at workstations to extract product-
relevant information from the BoM and other structured information sources are
widely used to support production management [183], value stream mapping [184],
and IToT-based lifecycle management [185]. In the developed system the IPS
beacons are mounted to the flat wire-harness and the raw signals of the receivers

(shown in Figure 3.5) are processed to assign the cables to the workstations.
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Ficurkg 3.5: Hlustration of how the IPS tracks a product in the conveyor at the

table. The tracking is accurate and nicely depicts the rotations of the table at

the edges of the conveyor.

3.1.3 Multi-sensor data fusion-based recursive estimation

Multiple sensors provide redundancy which enables the robust recursive estimation
of the unmeasured primary activity times of the operators. Therefore, the estim-
ation problem is defined as a sensor-fusion task [186]. The presented sensor fusion
algorithm combines all sensory and production data such that the estimates of
the activity times have less uncertainty than would be possible when these sources
were used individually. The elements of the monitoring system are structured as
shown in Figure 3.6, where the local estimations are used to evaluate the oper-
ator’s performance and the FDI (Fault Detection and Isolation) to monitor the

full processes.

The fusion center receives and synchronizes all the z*(k),w = 1,..., N, meas-
ured time intervals and the related H*(k),w = 1,..., N,, time-variable regressors,
which means all data collected from the workstations are time-stamped and ar-

ranged according to k-th cycle of the conveyor:

2N () HYo ()

The linear structure of the developed production-monitoring model (see Equation
(3.1)) is adequate for the studied problem as the time consumption of the activities
linearly depend on how many elementary activities should be performed and what

is the number of the built in components [172]. When a linear sensor-fusion model
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[ Process Engineer & Operators ]

Predictions

Model update
H(k)

BoM
&
Production model

L Indoor Positioning System

F1GURE 3.6: The sensor fusion-based architecture of the proposed monitoring
system. The local (operators individual performance) and global (full production
line) monitoring are available with this complex architecture.

is assumed, the previously presented linear time-variant model can be represented
as
z(k) = H(k)x(k) + e(k), (3.5)

where the e(k) noise vector of the fused observations consists of the e (k) serially

uncorrelated white-noise vectors of observational errors at the workstations, e(k) =
T 7T
[ )" (e (k)]

When the observation errors of the workstations are assumed to be independent,
the covariance of the e(k) noise vector is a block diagonal matrix defined as R =
diag (R, ..., R"»).

The central estimation enhances the confidence of the nominal model which im-
proves the performance of fault detection based on the reconciliation of the local

measurements [187].

Based on k = 1,..., N synchronized z(k) and H(k) observations the objective

function of the central estimation problem can be formalized as:

Mz

() = argmin V() V(o) = 7 32 [s(4) — B Qlalh) ~ HOO. (30
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When the positive-definite weighting matrix Q is defined as Q = (R)_l, the es-

timation is equivalent to the maximum-likelihood cost function [188].

The covariance matrix of the estimation error X(k) = x(k) — x(k) is:
N -1
E (x(N)X"(N)) = P*(N) = [Z HT(k)R‘lH(k;)] (3.7)
k=1

The recursive estimation of the primary activity times x(k) is similar to the state

estimation algorithm which assumes the following Gauss-Markov (GM) process:

x(k) = A"(k)x(k—1)+n(k—1), n(k) =N(0,Q.) (3.8)
z2(k) = H(k)x(k) +e(k), e(k) = N(0,R) (3.9)

where n(k) noise vector and its Q, covariance matrix represents the uncertainty of
the unknown and time-varying parameters and A*(k) stands for the state trans-

ition matrix of this random process.
The recursive estimation consists of prediction and correction steps as follows.

At the prediction step the state vector and its covariance matrix is calculated

based on information available at the k — 1 time instant:

x(k—1) = %x(k—1) (3.10)
Pik—1) = P(k—1)+Q, (3.11)

The correction step utilizes the measured z(k) measurements at the correction the
estimated state variables by the e(k) = [z(k) — H(k)x(kk — 1)] prediction error,
with the K(k) time-varying Kalman gain updated based on the refreshed P*(k)

covariance matrix:

x(k) = %x(k—1)+K(k) [z(k) — H(k)X(k — 1)] (3.12)
K(k) = P*(k—1DHT() [R+HEP(:-1)HT(K)] "  (3.13)
P*(k) = P*(k—1)—KEHWKP (k—1) (3.14)
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3.1.4 Local estimation and monitoring of the primary activ-

ity times

To constrain the model parameters to lie within a reliable region and incorporate
important a priori knowledge of the activity times, the estimated parameters were

optimally projected on to the set of linear constraints by quadratic programming
[170].

The local (operator-related) projection of the unconstrained estimate x(k) can be

considered as a quadratic programming problem:

x"(k) = arg minfx(k) — (k)" Qplx(k) — %(k)] (3.15)
subject to:
AZ(k)x(k) = bZ(k) (3.16)
Lux(k) < ¢ (3.17)
x(k)° = x(k) — P*(k)H] pi; — P*(k)L] \; (3.18)

where x(k) denotes the unconstrained solution, x(k)¢ denote the constrained solu-
tion, A¥(k) and b¥(k) define the linear equality constraints, while L (k) and
c”(k) represent the linear inequalities. p; and \; are vectors of Lagrange multipli-
ers associated with equality and inequality constraints. This formulation ensures
the optimal (least squares correction) when Q, = (P*(k))”". When Q, denotes
the identity matrix an orthogonal projection is obtained. Assuming the constraints

are true, parameter bias can never be increased [170].

The following section demonstrates how the estimated and expected primary activ-

ity times are used for production monitoring.
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3.2 Wire harness case study

To validate the reliability of the proposed model, the distribution of the activity
times collected from real production lines was studied. As is illustrated in Fig-
ure 3.7 the distribution of the assembly times can be broken down into several
Gaussian-type distributions. The distribution is not bimodal because the lower

outliers are neglected.

3.2.1 Online monitoring of operator performance

When the raw material, design or the processing of a component in a cost-cutting
or quality-improvement project is changed by the supplier, this change may influ-
ence the activity times of the operators. The identifiability of the model is determ-
ined by the rank of the covariance matrix P*(/N). When the rank is smaller than
the number of measurements (which occurs when the individual performance of
operators is estimated at a specific workstation) only a subset of the parameters
is identifiable.

60

Hlinel
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FI1GURE 3.7: The histogram of measured processing times in two different con-

veyors (production lines). The histograms indicate that the distribution of the

sensor-delivered processing times can be decomposed into normal distribution
functions according to different products.
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The information content of the available data can be evaluated based on the ei-
genvalues or determinant of the covariance matrix P*(N). The tools of D-optimal
experimental design that tries to maximize the determinant of F*(N) which is

identical to the minimization of the determinant of P*(IV) where utilized.

F*(N) = (P*(N))"' =Y H"(k)R"H(k) (3.19)

k=1

When only one product is produced, H(k) does not change in terms of time. In this
case, the set of the identifiable parameters for a given product can be determined
by the QR decomposition of H(k) (or H”(k) when a local estimation is needed).
When different products are produced, the variation in H(k) significantly increases
the available information, so the optimization of the production sequence can
highly influence the identifiability of the model and confidence in the parameters
(P*(I), (k).

The production of 1000 products was studied. The production sequence contained
all 64 types of products with an average batch size of 10 products/batch. The rank
of the covariance matrix F*(N) was identical to the size of x(k), so all activities

could be monitored (see Figure 3.8).

Such operator-independent loss in performance can occur when a shorter length of
wire increases the time required to lay and arrange the cables. In this case study,
such effects are monitored. In the studied case, the new wires between the cgy
and cg components are a bit shorter than specified. The component cg7 (seal on
the terminal) has an impact on the t;y type of activity in the module m4 which
increases the related primary activity time (x19(k)) by 15% at the 200th product,
while the component cg (the shorter wire) has an impact on the activity type t5 in
the module my, which increases the related z5(k) state variable by 20% after the
300th product. In this illustrative scenario the quality inspection time decreases
after the 500th product.
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F1GURE 3.8: Estimated primary activity times with their p = 0.01 confidence
intervals (represented by dashed lines). The figure illustrates that the algorithm
is able to track the changes in the x10(k), z5(k) and x16(k) activity times after
the 200th, 300th and 500th product, respectively. The bold lines represent the
constrained parameter estimates and the y axis is the activity times in seconds,

the z axis is the cycles.

As Figure 3.8 illustrates, the proposed system is able to track the slowed and
fastened activities. The cycles are noted with Time(k). The benefit of the pro-
posed constrained algorithm is clearly visible, the estimated variables converge

faster and are always reliable.

The means of detecting individual losses in operator performance losses and sensor

faults (due to delayed registration and IToT communication) were also studied.
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In terms of fault detection, the prediction error used in Equation (3.6) can be
used as generates an interpretable and easily traceable univariate time series that

reflects the global performance of the model.

The global performance of the model is reflected by
¢q(k) = [2(k) = H(k)x]" Q [z(k) — H(k)x] , (3.20)

while the local, workstation related fault detection should be based on the local

observations:

ey (k) = [2°(k) — H"(k)x]" Q" [2" (k) — H"(k)x"] , (3.21)

where Q" represents the wth block matrix of Q.

Based on the analysis with regard to the rank of the H* (k) matrices, the observable
sets of activities were determined. As is illustrated in Figure 3.9, at the w = 2
workstation the time consumption of six primary activities are observable. The
proposed algorithm was able not only to detect operator-dependent problems (of
the 250th product) related to these activities, but by monitoring the e, (k) it
was possible to determine when sensor faults occurred (see the bottom of the
figure). The parameters of the gross error detection algorithm can be fine-tuned
by Monte Carlo simulation and detailed analysis of the distribution of the modeling
error [189, 190] (the demonstration of the applicability of these techniques in this

problem is out of the scope side this thesis).

As is illustrated in Figures 3.10 and 3.11, the calculations above can be used to
estimate the expectable operation times for all workstations, check how well the
process is balanced and how the complexity of the product influences the workloads
of the workstations. Left diagram on the Figure 3.11 shows the minimal version of
the product (p;), while the right is the most complex (pg4). With the help of this
model the effect of the changes in the activity time can be immediately calculated
on the tack-time and the effectiveness of the operators. The presented example
demonstrated that in the event of good estimates with regard to the duration of the
primary activities and with the help of the IToT-based fusion of product-relevant

information, real-time data for OEE calculations can be provided.
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FicUrE 3.9: Fault-detection performance at the 2nd workstation. The upper
figure illustrates that the algorithm is able to detect operator-dependent prob-
lems (after the 250th product).
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FicUurke 3.10: The number of the built-in components at a given workstation.
The figure shows how the workload differs during the production of the base
module (p1) and the most complex product (pg4).



Chapter 3. Software sensor for activity-time monitoring 39

1200 T T T T

900

Operation time [sec]

400 L ! L ! ! L ! L
1 2 3 4 5 6 7 8 9 10

Workstation

FI1GURE 3.11: The variability of the station times during the production of the
64 product. The figure illustrates how the production line is balanced and how
the complexity of different products influences the station times. The connection
between the diamonds notation is for to help the understanding. These are

discrete values.

The most important key performance indicators (KPIs) of the production system
are the station times which reflect how well the production line is balanced. The
balancing of a modular production system is a challenging industrial problem due
to the great diversity of products [25]. As the station times are the functions of the
manufactured products, which product is assembled on a given workstation must
be followed. The calculation of the station time is similar to the calculation of
the estimated sum of activity times between two fixture sensors (Equation (3.3)),
namely the difference between the appropriate timestamps recorded by the fixture

Sensors:
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3.3 Conclusion of activity-time monitoring

Human-in-the-loop cyber-physical production systems are transforming the indus-
trial workforce. Due to the enormous variability and complexity of products, the
tracing of hundreds of activity times on production lines is a critical problem. To
handle this problem a software-sensor-based activity-time and performance meas-
urement system was proposed. To ensure a real-time connection between operator
performance and varying degrees of product complexity fixture sensors were util-
ized and designed. An indoor positioning system used to merge this multi-sensor

data with product-relevant information.

The presented sensor fusion algorithm combines all sensory and production data
such that the estimates of the activity times have less uncertainty than would
be possible when these sources were used individually. The estimation of the
activity times is based on a linear-in-parameters model. The linear structure of the
developed production-monitoring model is adequate as the time consumption of
the activities linearly depend on how many primary activities should be performed

and what is the number of the built-in components.

The number of parameters of activity time estimation models is comparable to
the number of measurements, the identifiability of the parameters of the model
has to be carefully analyzed. For this purpose, I studied the Fisher information /-
covariance matrix of the estimation problem. The identifiability of the model and
the information content of the available data can be evaluated based on the rank,
the eigenvalues and the determinant of the covariance matrix. When the rank is
smaller than the number of measurements (which occurs when the individual per-
formance of operators is estimated at a specific workstation), only a subset of the
parameters is identifiable. As the placement of the sensors significantly influences
the identifiability of the parameters, tools of D-optimal experimental design can

be used to optimize the proposed system.

The determination of the optimal number of sensors and features has crucial im-
portance as redundant sensors can generate correlated features which decrease the
efficiency of the algorithm. The analysis of the eigenvalues of the covariance mat-
rix can highlight these negative effects. As this analysis is identical to Principal
Component Analysis (PCA) of the multisensor data, the proposed methodology
can utilize the reduced and transformed uncorrelated features, which results in a

Principal Regression-based process monitoring algorithm. The second approach of
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avoiding correlated features is the application of feature selection algorithms that

should be based on the previously discussed experimental design optimization task.

As the estimation problem can be ill-conditioned and poor raw sensor data can
result in unrealistic parameter estimates, constraints were introduced into the

parameter-estimation algorithm to increase the robustness of the software sensor.

The proposed model-based performance monitoring system tracks the recursively
estimated parameters of the activity-time estimation models, while the sensor-
relevant fault detection functionalities are based on the modeling errors which can

be evaluated by classical residual-based fault detection algorithms.

The applicability of the proposed methodology is demonstrated on a well-documen-
ted benchmark problem of a wire harness manufacturing process. The presented
example demonstrated the benefits of multiple sensors as they provide redundancy
which enables the robust recursive estimation of the unmeasured primary activity
times. The fully reproducible and realistic simulation study also confirmed the
efficiency of the proposed constrained estimation algorithm regarding fast conver-

gence and giving reliable estimates.

The results illustrate that indoor positioning system-based integration of product-
relevant information and sensor signals and can be efficiently utilized to design

on-line performance management systems.

The developed benchmark problem can be used to study fault detection and sensor

placement algorithms which is the objective of our further research.

Thanks to the newest IToT technologies supported constantly improving measure-
ments, the activity times can be monitored more and more accurately enabling
process engineers to construct models of optimal complexity that support the con-
trol of production with the required degree of precision and accuracy. Thanks to
this development the results can be easily generalised and widely utilised, e.g., by
the next Chapter presented model-based controller can be implemented in the real-
time optimisation of supply chains, and the proposed fuzzy activity-time models
are easily applicable in the scheduling of uncertain business and production pro-

cesses, which will form the basis of our future research.
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Reducing machine setup and
changeover times by survival

analysis

4.1 Introduction

As manufacturing companies increase their flexibility by increasing the variance
of the products [191| and reducing lot sizes [192], changeovers are becoming a
critical issue [193], as changeovers can lead to unplanned downtimes and significant
capacity losses [194]. Since the number of changeovers cannot be significantly

minimized, the losses associated with such changeovers should be minimized.

Although some reasons for anomalies can be identified based on observations, for
example, incorrect orders, there can be several hidden causes that can be detected
only based on the detailed analysis of log data. Furthermore, the detection of
anomalies is not sufficient for systematic improvement; continuous development
requires performance models and the application of data- and model-based root

cause analyses.

In changeover improvement projects, changeovers are divided into small process
steps [26]. A changeover is typically composed of three phases: run-down, set-up
and run-up [195]. Set-up duration reduction initiatives have been associated with

Shingo’s single minute exchange of die (SMED) method [196]. The application of

42
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Shingo’s methodology usually results in two main benefits: increasing manufactur-
ing capacity and improving equipment flexibility [197]. SMED can be supported
by intelligent data-driven techniques; neural networks (NNs) [198], graph theory
[199], activity time models [200], and machine learning methods [201] were already

utilized in these projects.

Data-driven performance models are built when no detailed knowledge is available
about the process [202]. These models can be used for activity-based targeting
[203] when the drivers of the performance can be explored by regression models
[204].

The minimization of the setup times should also follow data- and model-based
approaches. The reduction of the losses should be based on a process model [205].
Process models are based on analysis activities that require resources and time
[206]. The analysis of activity times requires activity-time models. When it is rel-
evant, these models should handle how product-relevant issues and competencies
of the operators influence the activity times [207]. Based on these requirements,
the development of these models should be based on the integration of heterogen-
eous information about the production [208] and should also handle the stochastic

nature of the work of the operators [209].

This Chapter presents how survival analysis can be used to identify probabilistic
and dynamic targeting models that can support the work of operators. Our key
idea is that survival analysis can generate cumulative distribution functions of
the activity times that represent the probability that the activity will be shorter
than a given value. Instead of the easily applicably non-parametric Kaplan-Meier
distribution [210], the parametric Cox regression-based method is applied [211], as
the sensitivity analysis and significance tests of the parameters of the model can
be used to identify the root causes of the increased setup and changeover times.
The application of the parametric activity-time distribution function is beneficial
because it can be easily incorporated into a dynamic performance management
system where the expected activity times are compared to the logged activities of

the operators.

To the best of our knowledge, the proposed method has never been used before
for changeover analysis. In the field of systems engineering, survival analysis is
mainly used to build accelerated-failure-time models [212]| that can be used for

remaining useful life (RUL) estimation [213]. Recently, interesting applications in
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business process development were also reported, where dropped calls in a helpline
[214] and stock selection times |215] were analyzed. This later study is the closest
to our work, as the important factors that influence the selection speed were also
studied by Monte Carlo simulation. Despite the small number of related studies,
we believe that there is a strong need for the identified parametric activity time
models. For example, a costing methodology called time-driven activity-based
costing uses a formula for calculating the required activity time, which is very
similar to what we will propose based on the survival analysis of the activity times
of the operators [216].

The remainder of the Chapter is structured as follows. Section 4.2 describes the
proposed method. In Section 4.3, a detailed application study is presented based
on the analysis of crimping machines. With the help of this case study, the sections
will illustrate 1) how information about production should be integrated into the
analysis of the changeovers, 2) how the models should be identified and how the
proportional hazard assumptions of Cox regression should be checked and ensured,
and 3) how the resulting model can be used to evaluate the losses of changeovers

and the efficiency of the operators.

4.2 The concept of Cox regression-based root-

cause analysis and performance monitoring

This section presents the details of the proposed method. As Figure 4.1 shows, the
method starts with the collection and integration of changeover-relevant inform-
ation. The activity-time related data are extracted from machine logs. Section
4.2.1 discusses how machine and production states, such as production, setup, wait,
stop, fault, and short-fault states, can be extracted from these log files. Section
4.2.2 shows how the duration of these states can be processed by survival analysis
to identify probabilistic activity-time models and how parameter confidence ana-
lysis can be used for root-cause detection of longer changeovers. Finally, Section

4.2.3 presents how the resulting models can be used for performance monitoring.
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F1GURE 4.1: The proposed method is based on the fusion of heterogeneous

information that characterizes the changeovers. The survival analysis of the

integrated log-files can be used for finding the root causes of capacity losses, and
the resulting models can also be used for performance monitoring.

4.2.1 Integrated log file

Industry 4.0 solutions utilize the potential of information sharing. The integration
of information enables the monitoring and logging of events and their background
data to characterize the activities of the operators. For this particular case, the

primary sources of this information fusion are illustrated in Figure 4.2.

HR
database

Machine
log-
database

Product
database

Integrated
log file

F1GURE 4.2: The analysis is based on the fusion of information from the machine
log files, operator seniority and training data from the HR (human resources)
database, and the product parameters from the product database.



Chapter 4. Reducing machine setup and changeover times by survival analysis 46

Table 4.1 illustrates the integrated variables in the case of the studied wire crimping
process. The order ID defines the actual lot. All the details of the product, such
as the cross-section and the length of the wire as well as wire and terminal types,
are connected to the log file based on this key ID. The operators are identified by
operator IDs that are used to connect their seniority stored in the database of the

human resources department to the extended log file.

Given that changeover analysis is in focus, four types of events (process steps) are
identified. The first step is always the setup-changeover step when the operator
prepares all of the necessary materials and tools for the changes. This step is
generally the longest because the operator must search the materials on the shop
floor. After the setup-changeover step is performed, in a typical case, some samples
are selected for learning, which means that the operator sets the crimping force.
The setup-short fault step follows every setup-sample operation, which represents
the cutting of the sample wire. All steps can be repeated several times, e.g., when

the measured value is not satisfied, then the operator needs to cut a new sample.

The sequence of these steps is neither linear nor deterministic. Figure 4.3 shows
the BPMN (business process model and notation) model of the whole changeover
process. Such a model can be built based on the expert knowledge of the process

engineers or can be explored from machine logs by process mining algorithms [217].

A4
e Setu? - Production
Learning

F1GURE 4.3: The process model of the changeover represents how the setup-

changeover step is followed by sampling, learning (when the operator sets the

crimp force), or short-fault steps. The branches in the process are described in
Table 4.2.

Setup -
Sample

Setup —
Short Fault




Chapter 4. Reducing machine setup and changeover times by survival analysis 47

4.2.2 Survival-analysis-based activity time modeling

This work focuses on the analysis of the duration of the elementary process steps
and the overall changeover process. Due to the nature of the operators and the
complexity of the changeover process, stochastic activity time models are identi-
fied. The key idea is that the activity times are described by survival functions
representing the conditional probability that an activity will last longer than a
specific time T, provided that it lasts for a time T" [218|:

S(t)=Pt<T<t+dt|T > 1) (4.1)

where T is the survival time (duration of the activity). The primary survival ana-
lysis, the Kaplan-Meier method [219], generates an empirical distribution function

that can be described by the following equation [211]:

S(t) = H nﬂ__dﬂ (4.2)

jit;<t &
where n; represents the number of activities that have not been completed at time

instant ¢;, while d; is the number of activities completed between periods ¢;_; and

t; (as illustrated in Figure 4.4).
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FiGURE 4.4: Example of Kaplan-Meier empirical survival function. In this
example, the probability that the event will last longer than 2 seconds is 0.8,
while the probability that the event will last longer than 6 seconds is 0.35.
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As we are interested in which variables influence the activity times, instead of this

nonparametric model, the parametric Cox regression model is used [218]:
S(t,xx) = [So(t))eP =1 bs7k.s) (4.3)

where Sy(t) is the baseline survival function, which is proportionally modified by
the x; j = 1,...,n number of z;; features, where k = 1,..., N represents the
index of the x; vector of the variables that influences the activity times, and b;

denotes the parameters of the regression model.

The available data used for the identification of this model are arranged accord-
ing to the assumed model structure (see Table 4.3). During the identification of
the parameters, the activities that take an unreasonable amount of time can be

eliminated by censoring the observations.

The results of the Cox regression can be accepted if the proportional hazard as-
sumption (PHA) is met for each predictor. This means that the effect of the
individual predictors must be independent and proportionally influence the activ-
ity times. The hypothesis can be verified by examining the Schoenfeld residuals
[220]. This statistical test ranks the survival times, as the first event has a value
of one, etc. |218]. If these ranks and the Schoenfeld residuals are not correlated
with each other, then the PHA is satisfied for the studied predictor.

The assumption can also be visually checked by the log-log or the observed vs
predicted (OP) method. In the log-log method, Kaplan-Meier distributions are
plotted for every possible value of the individual predictor on a double logarithmic
scale. If the curves are parallel, then the PHA assumption is met. For the OP
method, the observed function represents the Kaplan-Meier distribution, and the
predicted function represents the baseline hazard of the Cox regression. If the
two functions are close to each other, the PHA hypothesis is satisfied. If the
PHA hypothesis fails to be satisfied for any of the predictors, the so-called strat-
ified Cox model should be identified [221]. In the stratified Cox model for each
of the predictors that does not satisfy the PHA, an individual baseline hazard
function can be created. In sophisticated modelling, the statistical significance of
the parameters should also be evaluated based on the analysis of their p-values,
which provides the most informative information for the root-cause analysis of the
performance losses of the changeovers and setup process, as it highlights which

variables influence the related activity times significantly.
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tigx)

> ti(x,p)

FIGURE 4.5: The targeting model compares the measured t*(x) and the estim-
ated activity times £(x,p).

The details of these statistical tests and their applicability to root-cause analysis

will be presented in the case study.

4.2.3 Targeting model-based performance monitoring

The ¢ = S7Hxp,p) = tAi(Xk,p) inverse of the survival function can be used to
estimate if the i-th type of activity will be finished with a given probability, e.g.,
when p = 0.5, the model estimates the median of the activity times when the
changeover is represented by the x; feature vector. As Figure 4.5 shows, this
model can be used as a dynamic targeting model that considers all the relevant
aspects of the changeover represented by the x; feature vector and allows the
tuning of the expectations by the selection of the p probability of the finishing of

the activities.

Based on the targeting model and the t'(x;,) measured activity times, the L'(p)

performance loss can be calculated

L(p) = Zmax(ti(xk) — (x4, p), 0) (4.4)
k=1

where N represents the number of observations. When the operators finish the

steup and changeover activities sooner than expected, the gained time can also be
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quantified by the proposed gain G*(p) function:

G'(p) =3 maz(ii(xe,p) — t(x:)), 0) (4.5)

A performance index can also be defined as the ratio of the measured and ex-
pected activity times, which can be considered as an overall operator efficiency
indicator. The proposed measures can be aggregated to evaluate the work oper-
ators, machines or other aspects of the production process, as will be presented in

the following application example.

4.3 Application example

The applicability of the proposed methodology is demonstrated in the development
of a multi-product crimping production line. Due to our confidentiality agreement,
the data were re-scaled and anonymized. This section is structured as follows.
Section 4.3.1 describes the studied wire-harness production technology and the
analyzed log file. Section 4.3.2 describes the results of the Cox regression, while
the application of the models in performance monitoring is presented in Section
4.3.3.

4.3.1 Changeovers in crimping machines

The studied production line consists of several fully automated crimping machines

that can cut, strip and terminate wires (see Figure 4.6).
As changeovers consider changes in wire spools, crimping tools and terminals,
many types of changeovers can be detected, e.g.,
e only wire change: the operator needs to change only the wire and perform
the learning process

e tool change: when the wire cross or terminal type (or both) is also changed

e terminal change: some terminals can be produced in the same tool, whereas

others need a different tool
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FiGURE 4.6: The studied automatic crimping machines log all the states and
both setup and changeover activities.

The process steps are logged, and the log file stores the states of the machine (see
Table 4.4).

All the integrated data are stored in a database structured as described in Table
4.1. The variables represent the number of length and cross-section area (CSA)
changes, therein described by binary values (1 if there is a change). A wire change
is also represented by a binary value. The number of tool changes can be 0, 1 or 2
based on how many tool changes are necessary. The number of terminal changes

can also be 0, 1 or 2.

4.3.2 Results of the Cox regression analysis

First, the distribution of the time demand of the whole changeover process is
analyzed. The impact of the studied variables has been checked by the sensitivity
analysis shown in Figure 4.7. As this figure shows, the curve related to the cross-
section change (C'SAChange) deviates the most from the baseline, which indicates
that this variable has the most significant influence on the time demand of the

changeover.

The first row (Overall process) of Table 4.5 summarizes the parameters of the
identified Cox model. When a parameter is smaller than the related variable,
the changeover time increases. The analysis highlights that OperatorSeniority

does not affect the time demand of the changeover process, while C'SAChange is



Chapter 4. Reducing machine setup and changeover times by survival analysis 52

=——Baseline
- NoOfWires
NoOfTerminals
NoOfTools
---CSAChange
LengthChange
Seniority

0 100 200 300 400 500 600 700 800 900 1000
Time [s]

F1GURE 4.7: Survival functions of the whole process and the influences of the
variables.

the most significant feature. The No.ofTools and No.ofWires variables have a
considerable influence on the times. Note that these variables are not independent,
and both No.ofTools and C'SAChange change when the tools are changed.

The estimated uncertainty parameters are summarized in Table 4.6, while the p
values are shown in the first row in Table 4.7, also confirming that OperatorSeniority

does not significantly influence the time demand of the process.

A changeover is decomposed into different states to further explore the root causes
of the losses. Figure 4.8 shows the four studied steps of the process: the setup-

changeover, setup-sample, setup-short fault, and setup learning steps.

Figure 4.8 a) presents the time demand of the Setup-Changeover step. Based on
the Cox parameters (shown in the second row of Table 4.5), the NoO fWires has
the most significant influence on the time, and the curves showing the sensitivity
of the CSAChange and NoO fTools variables also significantly deviate from the

baseline.

The results of the Cox regression of the setup-sample process step can be seen in
Figure 4.8 b). The parameters are given in the third row of Table 4.5. Note that
NoO fWires decreases the activity time because, during the setup-changeover
step, the wire spool is replaced, and there are more preparation activities than

there would be otherwise.
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FIGURE 4.8: a.) Setup-Changeover b.) Setup-Sample c.) Setup-Short Fault d.)
Setup-Learning. This figure shows the survival functions of individual machine
states.

Figure 4.8 ¢) shows the result of the setup-short fault step. The Cox parameters
are not statistically significant in this case (see the fourth row in Table 4.5), and
the parameters are close to zero, which correctly reflects that this process step

occurs randomly.

The Cox parameters of the setup-learning step are shown in Figure 4.8 d. The
small parameter values shown in the last row in Table 4.5 reflect a well-controlled
process. The change in cross-section increases the activity time, which is entirely

in line with the experience of the process engineers.

The application of the method assumes that the proportional hazard assumption
(PHA) is satisfied for each predictor. As presented in the previous section, when
the Schoenfeld residuals are correlated and the rank order of the survival times
are not correlated, then the PHA is satisfied for the studied predictor. As the cor-
relation values in Table 4.8 show, the PHA assumption is not satisfied in the case
of the total activity time for the NoO fWires, NoO fTerminals and NoO fTools
variables; in the case of the setup-changeover, the NoO fWires variable should be

modelled by stratified Cox regression.

A graphical validation of the PHA has also been performed. There are two graph-
ical methods. One method is the log-log method. The Kaplan-Meier curves for
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FIGURE 4.9: a.) Kaplan-Meier distribution of marked events b.) Graphical

checking of the PHA being satisfied in log-log scale c¢.) Graphical checking of

the PHA being satisfied in log scale d.) Predicted vs expected examination of
satisfying the PHA.

each value of the predictors must be twice logarithmized, and the proportional
hazard analysis is satisfied if these curves are parallel [218]. The functions of
NoO fWires of the data are plotted in Figure 4.9 b),c). Figure 4.9 b) has the
abscissa label also logarithmized. The other method is the predicted vs expected
method. The Kaplan-Meier curve and the baseline curve of the Cox regression
need to be compared. If the curves are close to each other, the PHA assumption
is satisfied [218]. These functions are displayed in Figure 4.9 d). The application
of both methods leads to the previous conclusion, as the PHA is not satisfied for
the NoO fWires variable; thus, the stratified Cox model should be applied for

modeling the overall process and the setup-changeover process step.

As Figure 4.10 and Table 4.10 show, this model describes the Setup-changeover
process step well, while the overall process should be modelled when both NoO fWires
and NoO fTools are used to form separate groups in the survival analysis. As
Figure 4.10 and Figure 4.11 illustrate, these models show realistic results, and the

effects of CSAChange and NoO fTerminals are in line with expectations.
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FIGURE 4.10: Stratified Cox model for setup-changeover. a) No. of Wires is
0;b) No. of Wires is 1.
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FIGURE 4.11: Stratified Cox model for the whole process. a) No. of Wires is 0,

No. of Tools is 0; b) No. of Wires is 0, No. of Tools is 1; ¢) No. of Wires is 0,

No. of Tools is 2; d) No. of Wires is 1, No. of Tools is 0; e) No. of Wires is 1,
No. of Tools is 1; f) No. of Wires is 1, No. of Tools is 2.
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TABLE 4.1: Integrated information database and the key variables

‘ Database ‘ Variable ‘ Range ‘ Description
Machine Time stamp | [—] The start time stamp
log-data [datetime] of the status
Event name [—] | [Setup — | Name of the actual
Changeover, Setup— status of machine
Sample, Setup  —
ShortFault, Setup—
Learning, NoCause|
Order ID [—] [—] The ID of the order
Operator ID [—] | [-] The ID of the oper-
ator
Machine name | [—] The ID of the ma-
[—] chine
Duration [s] [1—] The duration of ac-
tual status
Number of | [0,1] If the wire is
Wires [pcs] changed,  then it
is 1 and 0 otherwise.
Number of Ter- | [0, 1,2] If the terminal is
minals [pes] changed, then it is 1
or 2 and 0 otherwise.
Number of Tools | [0, 1, 2] If the tool is changed,
[pes] then it is 1 or 2 and
0 otherwise.
Number of CSA | [0,1] If the cross section of
[pes] wire is changed, then
it is 1 and 0 other-
wise.
Number of | [0,1] If the length of wire
Length [pcs] is changed, then it is
1 and 0 otherwise.
Order  de- | Order ID [—] [—] The identification of
scriptions produced order
CSA [mm? [0.13 — 35] Wire cross section
Length [mm] [30 — 8514] Length of the wire
Type of terminal | [—] Type of the terminal
-]
Type of wire [—] | [-] Type of the wire
Operator Operator ID [—] | [—] Operator 1Ds
data
Seniority [0—] Seniority of the op-
[weeks] erator (number of
weeks working at the
company)
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TABLE 4.2: Description of branches

Event Code | Next Description
event

Setup- A Setup- Normal sequence

Changeover Sample

Setup- A Setup- If only cutting oc-

Changeover Short curs (no termin-
Fault ating)

Setup- A Setup- When only the

Changeover Learning | length of wire is

changed

Setup- - - -

Sample

Setup-Short | B Setup- Normal sequence

Fault Learning

Setup-Short | B Production If no mneed for

Fault more learning

Setup- - - -

Learning

TABLE 4.3: Input variables of the Cox regression model

‘ CaselD ‘ Duration‘ Censored Features representing the changeover

1 t S1 T11| T12]| - | Tim
2 tg S92 To1| T22| - . Tom
8 tg S8 xg1| Tgz2| - . T8gm
9 tg S9 To1| Too| . | . | Tom
N 3% SN TNl TN - |- | g
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TABLE 4.4: Logged machine states
Status Description

Production Logged when the actual
production is started

Production end Logged at the end of the
order (all batches are

done)
Production-Short | Micro-stoppages
fault between two batches or
during a fault
Setup- Logged when the
Changeover changeover is started

Setup-Learning Logged at the beginning
of the learning (meas-
urement, tool/machine
setup)

Setup-Sample Logged when the ac-
tual sample production
is started

Setup-Short Fault | Micro-stoppages during
changeovers

No Cause Starts when the down-
time is longer than 30
second and the operator
did not log any cause.




Chapter 4. Reducing machine setup and changeover times by survival analysis 59

Targeting model of operators
T T T

35
30 B
n ° f
251 | © . B
A
0 © .
o
20t | Ly : -
B i ) 0 [0
sl i I 4 .
\‘\[‘M (- H
[ - f—7= §
I = |
10 o 1 w Vv [ -
W il
~ %( v ] 0
Y o 3 ~
51 & ) : .
0 0
ok | | | | | |
0 8 10 12 14 16 18 20

FIGURE 4.12: Scatter plot of the prediction of the targeting model (£, p = 50%)
and the measured (¢) activity times. The red diamonds represent the average
measured activity times of identical changeovers.

4.3.3 Application to performance monitoring

This section aims to present how the resulting models can be used to evaluate the

efficiency of the operators based on the methods presented in Section 4.2.3.

Figure 4.12 shows the targeting model of the operators, where the nominal () and
measured () times are compared. Every column represents a typical changeover,
while the red diamonds represent the average of the related activity times. This fig-

ure nicely demonstrates the asymmetric distribution of delays/performance losses.

The operator performance can be evaluated by using the proposed gain and loss
model. Based on the models, the performance losses for each operator, machine,
and shift can be determined. The performances of a productive vs. less-productive
operator are depicted in Figure 4.13 and Figure 4.14. These time-variant perform-
ances can be averaged, and the total loss or gain can be aggregated to other
attributes (e.g., machine). Figure 4.15 shows the results of such an analysis. As
this heatmap shows, at machine 27, operator 98 works well, whereas operators
No. 44 and No. 16 are performing below expectations. It can also be seen that
operator 98 performs well with every machine, whereas operator 145 performs sig-
nificantly poorly with all machines. The detailed analysis highlights that operator
145 is a new employee, has worked on many different machines, and has not had
a chance to learn correctly on either machine, information that is useful for the

shift supervisor.
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F1GURE 4.13: The performance of one of the best operators. The average shift
measured and nominal times are shown in diagram a). Subfigure b) shows the
high gained times, while c¢) shows the rare loss times.

a
1500 )

T T
2 N
5 1000 |- —— Nominal time il
°
E
= 500(- _
©
(o)
2
o I I I I I I I I
0 2 4 6 8 10 12 14 16 18
Shift
= b;
£ 600 )
5
ks
£ 400 - |
bt
2
£ 200 E
g
%
g o ! I I I — I
= 2 4 6 8 10 12 14 16 18
Shift
C,
=800 )
£
5
5 600 _
°
£
= 400 - _
3
]
= 200 ’——‘ _
$
8
s | I I !

o

Shift
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Ficure 4.15: The calculated efficiencies of different operators working with

machines. The operator performs better than the expected changeover time if

the value is less than 1. We can note that operator No.145 is the worst with all
machines except for machine No.18.
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4.4 Details of the Cox regression

The Chapter presents the detailed results of the Cox regression. Table 4.5 shows

the identified parameters, while Tables 4.6 and 4.7 show their standard errors and

p-values. The PHA is examined using the Schoenfeld residuals in Table 4.8. The

parameters of the stratified Cox model are shown in Table 4.9 and Table 4.10.

TABLE 4.5: The b parameters of Cox regression. The activities are slower if the
parameter is negative at this changing feature. The higher the absolute value of
the number, the more significant the difference.

No. of | No. of | No. of | CSA Length | Operator
Wires Termin- | Tools Change | Change | Senior-
als ity
Overallproces | —0.4726 | —0.2494 | —0.4957 | —0.6314 | 0.2646 —0.0001
Setup- —0.8760 | —0.1995 | —0.4260 | —0.5530 | —0.0197 | 0.0016
Changeover
Setup-Sample | 0.4642 0.0051 —0.0726 | —0.1591 | 0.1370 0.0035
Setup-Short —0.0617 | —0.0151 | —0.1001 | —0.0973 | 0.0743 0.0006
Fault
Setup- 0.1997 0.0219 —0.0502 | —0.1085 | 0.0817 0.0026
Learning
TABLE 4.6: Standard errors of coefficient estimates (b).
No. of | No. of | No. of | CSA Length | Operator
Wires Termin- | Tools Change | Change | Senior-
als ity

Overallprocess | 0.0135 0.0312 0.0311 0.0242 0.0145 0.0002
Setup- 0.0130 0.0267 0.0267 0.0209 0.0131 0.0002
Changeover
Setup-Sample | 0.0128 0.0192 0.0191 0.0131 0.0092 0.0002
Setup-Short 0.0080 0.0121 0.0120 0.0082 0.0060 0.0001
Fault
Setup- 0.0111 0.0171 0.0170 0.0110 0.0090 0.0001

Learning
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TABLE 4.7: The p values of the data. If the p value is less than 0.05, then the
data are significant.

No. of | No. of | No. of | CSA Length | Operator
Wires Termin- | Tools Change | Change | Senior-
als ity
Overallprocess | 0.0000 0.0000 0.0000 0.0000 0.0000 0.6268
Setup- 0.0000 0.0000 0.0000 0.0000 0.1326 0.0000
Changeover
Setup-Sample | 0.0000 0.7926 0.0001 0.0000 0.0000 0.0000
Setup-Short 0.0000 0.2117 0.0000 0.0000 0.0000 0.0000
Fault
Setup- 0.0000 0.2017 0.0032 0.0000 0.0000 0.0000
Learning

TABLE 4.8: Validation of the PHA based on the examination of the Schoenfeld
residuals. The PHA is satisfied if the time-ranked variables and the Schoenfeld
residuals are not correlated with each other.

No. of | No. of | No. of | CSA Length | Operator
Wires Termin- | Tools Change | Change | Senior-
als ity
Overallprocess | 0.4031 0.2768 0.2820 0.1170 —0.1006 | 0.0066
Setup- 0.3736 0.0622 0.0698 0.0159 —0.0173 | —0.0146
Changeover
Setup-Sample | —0.0906 | 0.0216 0.0244 0.0341 —0.0087 | —0.0083
Setup-Short 0.0460 —0.1148 | —0.1161 | —0.0420 | 0.0151 0.0243
Fault
Setup- 0.0350 0.0429 0.0414 —0.0086 | —0.0205 | —0.0108
Learning

TABLE 4.9: Parameters of the stratified Cox model for the overall process

No. of | CSA Length | Operator
Termin- | Change | Change | Senior-
als ity
b paramet- | —0.2391 | —0.5028 | 0.2812 0.0003
ers
Error of b | 0.0307 0.0223 0.0141 0.0003
Significance | 0.0000 0.0000 0.0000 0.2036
PH ass 0.0364 0.0735 0.0231 0.0247




Chapter 4. Reducing machine setup and changeover times by survival analysis 64

TABLE 4.10: Parameters of the stratified Cox model for setup changeover

No. of | No. of | CSA Length | Operator
Tools Termin- | Change | Change | Senior-
als ity
b paramet- | —0.2416 | —0.4661 | —0.4021 | —0.0679 | 0.0017
ers
Error of b | 0.0278 0.0279 0.0211 0.0133 0.0002
Significance | 0.0000 0.0000 0.0000 0.0000 0.0000
PH ass —0.0186 | —0.0136 | 0.0189 0.0811 —0.0219

4.5 Conclusion of reducing machine setup and

changeover times by survival analysis

This Chapter highlighted that survival analysis can be used to model the activity
times of machine setups and changeovers. Based on the statistical analysis of the
model parameters, the main drivers of the performance losses can be identified.
The developed model considers the stochastic nature of complex processes and the
work of operators. Based on the inverse of the cumulative distribution function of
the activity times, a dynamic targeting model can be developed. The model can
be tuned to express the expectations of the process engineers, and the calculated
performances can be aggregated to evaluate operator and machine efficiencies.
The presented application example highlights how the model assumptions can be
validated and what type of information can be extracted based on the analysis of
the model.



Chapter 5

Fuzzy activity time-based model

predictive control

The sequencing and line balancing of manual mixed-model assembly lines are
challenging tasks due to the complexity and uncertainty of operator activities.
The control of cycle time and the sequencing of production can mitigate the losses
due to non-optimal line balancing in the case of open-station production where
the operators can work ahead of schedule and try to reduce their backlog. The
objective of this Chapter is to provide a cycle time control algorithm that can
improve the efficiency of assembly lines in such situations based on a specially
mixed sequencing strategy. To handle the uncertainty of activity times, a fuzzy
model-based solution has been developed. As the production process is modular,
the fuzzy sets represent the uncertainty of the elementary activity times related
to the processing of the modules. The optimistic and pessimistic estimates of
the completion of activity times extracted from the fuzzy model are incorporated
into a model predictive control algorithm to ensure the constrained optimization
of the cycle time. The applicability of the proposed method is demonstrated
based on a wire-harness manufacturing process with a paced conveyor, but the
proposed algorithm can handle continuous conveyors as well. The results confirm
that the application of the proposed algorithm is widely applicable in cases where
a production line of a supply chain is not well balanced and the activity times are

uncertain.

65
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Industry 4.0- and IloT-based production management systems explicitly aim to
connect decentralized production units and information sources to increase pro-
ductivity and flexibility. Besides the various factors that affects the variability of
production lines [222], as human resources are still utilized in many manufacturing
systems, the development of these processes should also focus on the performance
of the operators. Due to the complexity and uncertainty of human behavior, bal-
ancing and scheduling the work of the operators are challenging tasks [223]. As the
activity times depend on the complexity of the products, balancing of mixed-model
assembly lines (MMALS) with high product variety, is of outstanding complexity
|25]. The incorporation of the stochastic behavior of human nature into such an
uncertain optimization problem is a significant improvement compared to the de-
terministic models [224]. Therefore, accurate activity-time monitoring and the

construction of activity-time models, is of crucial importance [207].

Modular assembly lines with manual workstations have already been analyzed for
different types of conveyors [225]. In closed-station production, the operator must
stop the conveyor even in the event of a minor delay [174]. Our research focuses on
open-stations where the operators can work ahead of schedule or can be delayed
[173], and the production only stops when the delay exceeds a critical limit. These
open workstations reduce the capacity loss by decreasing the risk of stopping the
conveyor, but the modeling and optimization of these processes are much more
challenging as the model has to handle idle and delay times [226]. The most
sophisticated model of open-stations is based on worker movement analysis that
recognizes the interactions between operators and analyzes idle times as well as the
risk of stopping production in the event of unmanageable backlogs [227]|. Although
this model is excellent for detailed analysis, unfortunately it is too complex to

handle multiple modular products.

As the objective of the Chapter is to solve this problem, in Section 5.2, a state-
space model for the efficient modeling of the flow of the assembly line and es-
timation of the activity times for every station is proposed. The model-based
integration of the isolated production cells facilitates the model-based control of
the production flow. Even in the case of open-station production lines, the ef-
ficiency of the processes significantly depends on the cycle time. Recently, the
[ToT-based infrastructural background of an algorithm that continuously sets the

cycle time to maximize the productivity whilst preventing the conveyor line from
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being stopped [228] and a method capable of estimating the elementary activ-
ity times that can serve as parameters in the proposed state-space model were
developed [207].

The developed state-space model (proposed in Section 5.2) can also be utilised in
digital twins. Usually, the digital twin model is based on discrete-event simulators
(DES). Although these tools support stochastic simulators, their model cannot be
directly utilised in control algorithms. The key benefit of the developed state-
space model-based predictive control (MPC) algorithm is that the related model
can be easily implemented in every platform, so the model can be easily applied in
digital twins. This interoperability-based double utilisation is crucially important

as it allows the consistent development and maintenance of the models.

Many manufacturing processes cannot be fully automated, so human operators are
working at the assembly workstations. The stochastic nature of operators causes
an essential problem in cycle time optimisation, line balancing and scheduling
[229, 230]. In order to handle this problem, in this work a fuzzy set-based activity
time representation is proposed. The primary role of the fuzzy sets is to represent
the uncertainty of the knowledge about the activity times. This representation
is beneficial as when the work of the operators is statistically consistent, and the
historical data is available for the characterisation of the distribution of activity
times, the fuzzy sets can approximate the related distribution functions. On the
other hand, when there are frequent changes in the process, or the production of
a new product begins, the data-driven information can be complemented by the
a priori expert knowledge of the process engineers and operators (see Section 5.3)

and thus the growing trend of greater variety of products [231] can be handled.

Fuzzy time distributions can be conveniently applied for the estimation of the
time of certain tasks [232| and activity times can be represented by triangular
fuzzy numbers [233]. Moreover, fuzzy time distributions can be applied for the
calculation of task times [234] and project time and cost [235] in project manage-
ment. The applicability of fuzzy activity times has already been demonstrated
in the case of fuzzy line-balancing approaches [236] for the improvement of pro-
duction line performance using discrete event simulations [237] and for machine

scheduling with fuzzy processing times [238].

To efficiently handle the asymmetric distribution of human performance, in Sec-

tion 5.3, the importance of the application of LR (left-right) fuzzy sets [239] for
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the representation of operator activity times is highlighted. The application of
fuzzy sets is beneficial as it facilitates the integration of measured activity times
and takes into consideration the knowledge of process experts and engineers [240],
which also makes the proposed method highly applicable with regard to the pre-

liminary design of processes.

The modeling of assembly lines is important as the models are the cornerstones
that optimize the operation. Just to mention the few of the latest publications,
a new mixed-integer linear programming formulation was proposed to optimize
the steady state of these lines [241] and a control policy was derived by using a
simulation-based optimization approach that offers a powerful technique to control
the considered system [242]. Although, as it is highlighted by the above examples,
the optimization of the cycle time is mainly studied as part of a line-balancing
problem as the continuous optimization and control of the cycle time can signi-
ficantly improve the performance of complex processes. Successful applications
of this concept have already been reported, e.g., particle swarm optimization has
been used to simultaneously minimize the cycle time and total energy consumption
[243], moreover, a multi-objective metaheuristic algorithm [244]| simultaneously

minimized the wastage at each station and the work overload.

To ensure flexibility and handle the time-varying nature of the process, in Section
5.4, an approach that seeks to determine an optimal solution under a prediction
horizon is proposed. Thus, it is formalized as a model predictive control (MPC)

problem.

The application of an MPC-based control framework has the advantage of effect-
ively optimizing the production under a defined time horizon even in the presence
of uncertainty, forecast errors and different types of operational constraints, e.g.,
capacity, inventory, control variable [245]. MPC has several successful applica-
tions in the case of discrete event systems, e.g., it has already been applied for
the minimization of the overall waiting time and energy consumption of a baggage
handling system [246] and the optimal control of a multi-product, multi-echelon
supply chain [247]. The most similar formalization to our approach is presented
in the work of De Schutter and van den Boom [248], where the system is charac-
terized as a linear discrete event system and formulated as a state-space model,

accordingly.
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This Chapter proposes an MPC-based cycle time control algorithm for open-
station conveyor lines when the production sequencing is determined by the re-
quirements of JIT (just-in-time) production. Although the applicability of the
proposed method is demonstrated on a paced conveyor, the developed MPC can
also control the speed of unpaced production lines. The results will illustrate that
the dynamically optimized setting of the cycle time can improve the utilisation of

not perfectly balanced workstations.

5.1 Overview of model-based control of operator

activity

This Chapter aims to develop a cycle time control algorithm for conveyor-based
production lines that are frequently used in JIT (just-in-time) production man-
ufacturing processes. The main requirement of the control algorithm is that it

should effectively handle the stochastic nature of the operators’ assembly times.

As MPC usually requires a simple model that can be optimized at any instant of
time, the integration of fuzzy models into this scheme is far from a trivial task.
The most widely applied method is based on the extraction of linear models [249).
Another approach of fuzzy predictive control when fuzzy multicriteria decision-
making is integrated into the MPC using fuzzy sets is to translate the goals and
constraints in a transparent way [250]. In this work, a third novel approach is
proposed. The a-cuts of the fuzzy sets are extracted and the estimated lower and
upper bounds of the activity times used to formalize the constrained optimization
problem that sets the cycle time of each cycle based on the estimated uncertainties

of the activity times.

According to these, the Chapter is motivated by the problem of handling the uncer-
tainty of activity times on open-station assembly lines and its main contributions

are the following:

e a state-space model was developed to represent the flow of the modules of

modular products (in Section 5.2),

e the fuzzy time distribution is used to handle the stochastic nature of operat-
ors and the uncertain a priori knowledge of the process engineers about the

activity times,
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e to handle the asymmetric distribution of human performance, the activity
times are represented as the sets of left-right fuzzy numbers and their a-
cut-based confidence values are used to determine optimistic and pessimistic

estimates of the completion of activity times (in Section 5.3),

e a model-predictive control algorithm was developed to optimize the cycle

time (in Section 5.4),

e the method can also be applied to control the speed of unpaced conveyors.

Evaluation of the effectiveness of the proposed control scheme follows these listed
contributions in terms of the analysis of two use cases in Section 5.5 which serve as
a proof of concept of the described method. The first is an illustrative production
example which transparently demonstrates the proposed method. However, the
second is motivated by an industrial wire-harness assembly line, due to confiden-
tiality and aiming for reproducibility, simulations are applied in the case studies
(such simulational investigations are well-accepted as it was highlighted in the lit-
erature overview, for example in [237]). The applied example is a well-documented
production line which has already been applied to demonstrate how multilayer net-
works can be used in production flow analysis [251] and how soft sensors can be

used to estimate activity times [207].

5.2 State-space model of modular assembly lines

As is shown in Figure 5.1, the studied assembly line consists of w = 1,..., N,
workstations where operators perform different sets of elementary activities related
to the production of different types of modular products. The sequence of the
N, types of products is represented as w(k) € {1,...,N,} according to which
type of product is started to be produced at the first workstation in the & =
1,..., N-th cycle. The product types are defined based on their m = 1...N,,
modules according to the binary vectors p,, the product definition of which can
be considered as the bill of materials (BOM) presented by a P matrix of IV, x
N, dimensions, where the columns represent which modules can be found in the
p = 1,..., N,-th type of product. For example, assuming that only four types
of modules are present, p; = [1,0,1, 1}T represents that the first type of product
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F1GURE 5.1: The cycle time setting problem of the open-station conveyor where
every operator can be delayed or work ahead of schedule within certain limits
for the production of a 7 sequence of different products.

consists of three modules (the second module is not installed in the first type of
product) [251].

When z (k) represents the modules of the product that is started to be produced at
the first workstation of the production line, namely z;(k) = pr(x—w), the modules
of the product produced at the w-th workstation is represented by a vector xy,, (k)
of length N, and the set x;(k) = [x},(k), ..., X} 5, (K)]" of these vectors defines
the state of the workstation, the flow of the products can be represented by the
state-space model in Eq. (5.1):

Xf(]{?—i-l‘k) :AfoUC)—i-Bfo(k'), (51)

where the matrix A as a shifted N,,V,, x N, NV, identity matrix with the first
N,, rows and last N,, columns of zeros defines the flow of the assembly line.
Similarly, the first IV, rows of the matrix N,,,N,, X N,,,. By form an identity
matrix which represents how the production of the 7 (k) type of product starts at
the first workstation. Henceforth, the notation (k) after each mark denotes the
measured value of the related metric at the beginning of cycle k, while (k + j|k)
represents the predicted value at the beginning of cycle k to the beginning of cycle
k+ 7.
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The following output equation can estimate the station times (activity times of the
workstations) to(k—+1|k) = [ta1(k 4+ 1]k), ..., tan, (k + 1|k)]" at the workstations:

ta(k+1|k’> = Cfo(k+1|l€) (52)

The matrix C; of dimensions N, N,, x N,, is defined in Eq. (5.3) based on the
elementary activity times required for the production of the modules at the work-
stations based on the linear model t,.,(k + j|k) = 0Lp,(k + jlk) = 0L DPrk—w+i)
where 6, represents the building blocks of the w'™ rows of the matrix C; with the
elementary activity times related to implementing the modules into the product

at the w'™ workstation:

97 0 ... 0

o foe o

r=1. . . (5.3)
0 o

The proposed model can be used to predict the station times for any workstations
tow(k + jlk) during cycle k for any j = 1,..., N — k step ahead of schedule. Due
to the stochastic nature of human activities, these predicted station times will not

be identical to the measured activity times denoted by t, ., (k).

The previously presented prediction model of activity times was developed for the
formulation of a model predictive controller. However, to take into consideration
the stochastic nature of human behaviour, how the activity times can be described
by a fuzzy model and summed to form the t,.,(k + j|k) station time of each

workstation at a predefined confidence level is presented in the following section.
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5.3 Fuzzy representation of probabilistic activity

times

To represent the uncertainty of the activity times, a fuzzy set-based method was
proposed where the required time of the " activity is represented by the fuzzy
variable A; defined by the membership function gy, (t). The main benefit of this
approach is that it introduces the efficient integration of the data-driven informa-

tion and expert knowledge of process engineers into the model [249.

Since the activity times are usually described by skewed distributions [224], their
fuzzy values were defined by the well-known LR model [252] according to a uni-
variate function that is quasi-concave over an interval /. The membership function
w defines a distribution of p : I — [0, 1] and the subintervals I; and I of I are
such that g monotonously increases over I; and monotonously decreases over Is.
Subsequently, I; is the left subinterval and I, the right subinterval of the domain
of the membership function p. If the maximum value is reached in more than one
point, then a third central subinterval exists where p is constant and maximal. If
I, = [a,b] and I = [c,d], then p is defined as outlined in Eq. (5.4):

L(¥E) ifa<t<b
1 ifb<t<c
MO =9 e (5.4)
R(&=) ifce<t<d
0 otherwise

In Eq. (5.4), L(x) and R(z) (L(z),R(x) : [0,1] — [0,1]) are non-increasing
functions with the following two constraints: L(0) = R(0) =1 and L(1) = R(1) =
0. When L(y) and R(y) are defined such that y = 1 — x, the resultant shapes are
fuzzy trapezoid, which is sufficient in practice, as in probability theory it is of the
uppermost importance to order the probability degrees according to the domain
values where the function is interpreted rather than the precise assignment of
probability degrees [253].

Based on our industrial experience and the analysis of the data taken from several

production lines, L(x) = \/maxz(0,1 — 22) and R(x) = exp (—||z||*) were selected
as the LR fuzzy membership functions. A schematic example of the distribution

of activity times and the fitted fuzzy distribution is presented in Figure 5.2, where
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FI1GURE 5.2: A schematic example of how the distribution of recorded activity
times (left) can be approximated by LR fuzzy sets (right) with the identification
of their parameters.

the fuzzy set is parametrised as a = 150, b = ¢ = 250 and d = 450. As this example
illustrates, the parameters of the fuzzy sets can easily be obtained by minimisa-
tion of the least-squares error between the membership values and the normalised
histogram of the logged activity times. When historical data is unavailable, the

fuzzy sets can be designed based on the expertise of the process engineers.

The support of 4, is a time interval of 7 at which the membership grade of ju4, (t)

is greater than zero as presented by Eq. (5.5):

supp(Ai) = {t|t € 7, pa, () > 0} (5.5)

Similarly, for o € [0,1] the a-cut of A; is defined by Eq. (5.6) (in the case of
a = 0, the a-cut is equal to the support of p4,):

[Aila = {tlt € 7, p4,(t) > a} (5.6)

This a-cut time interval can be considered to be a confidence interval, since it
describes how short or long a given activity with a predefined confidence value

is. As the activity times are represented by fuzzy sets, the optimistic/shortest
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expected activity time is ¢; ;, = min ([4;],), while the pessimistic/longest expected

activity time is ¢; g = max ([4;]a)-

The addition and subtraction of two fuzzy values can be conducted according to
Eqgs. (5.7) and (5.8), respectively:

aswa, (2) = SUPD{(ay)/2=a-ty) WD (pa, (2), pa, (y)) (5.7)

HA;0A; <Z> = SUPP{(x,y)/2=z—y} min (,uAl (l‘), A (y)) (58)

Subsequently, the level cuts of the sum of A; and A; can be defined according to
Eq. (5.9):

[Ai + Ajla = [Adla + [Ajla = {z +ylz € [Aia, y € [Aj]a} (5.9)

An example of how two fuzzy variables can be totaled based on their a-cuts is
given in Fig. 5.3. The parameters of the fuzzy set denoted by dashed lines are
a; = 110, by = ¢ = 50 and d; = 450, while the parameters of the other fuzzy
variables are a, = 90, by = co = 40 and dy = 650.

The proposed fuzzy set-based representation is highly beneficial as it represents
the asymmetric uncertainty of the activities and with the aid of the a-cut val-
ues the fuzzy sets can be defuzzified as the left-hand side supreme of the fuzzy
set, t;, = min ([A4;],) represents the shortest/optimistic time demand, while the
pessimistic/longest expected time demand is represented by the right-hand side
supreme of the set, ¢; g = max ([4;]o). The following section presents how this
a-cut can estimate the earliest and latest station times in a modular production
line in case of the stochastic nature of human operators and, thus, a general max-
min problem can be formulated and incorporated into a model predictive control

scheme.
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5.4 Fuzzy activity time-based predictive control

The scheme of the developed framework is depicted in Figure 5.4. The main
challenge of the studied modular multi-product production line is that the station
times are uncertain and depend on which products, produced at a given station,
are handled by the model predictive controller that utilises the state-space model
presented in Section 5.2. The definitions of the sequenced modular products (k)
are stored in the MES.

In the ideal case, there is a degree of freedom to optimize the sequence of the
production by minimising the risk of conveyor stoppage and maximising the total
utility /productivity of the production line. The proposed MPC has been developed
for the same purpose, so it can maximise the benefits of the sequencing as it will
be demonstrated in the case study (in Section 5.5) where the sequencing algorithm

proposed in [254] was incorporated into the proposed framework.

Based on this information, the model calculates which elementary activities should
be performed at a given station. As the activity times are represented by fuzzy sets,
the optimistic/shortest expected activity time is the left-hand side supreme of the

fuzzy set, ¢; , = min ([A;],), while the pessimistic/longest expected activity time
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F1GURE 5.3: An example of how two fuzzy variables can be totaled based on

their a-cuts. The parameters of the fuzzy set with dashed lines are a; = 110,

b1 = c¢1 = 50 and d; = 450, while the parameters of the other fuzzy variables
are as = 90, bQ = Cy = 40 and d2 = 650.
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is the right-hand side supreme of the fuzzy set, ¢; p = max ([4;],). Based on this
concept, optimistic and pessimistic estimates of the activity times, t, ;7 gy (k+7|k),
finishing times, t (1 gy (k+1|k), and the delays, tq (g (k+1|k) =ty m (k+1|k)—
te(k+1), where t, 1 (k) is the lower and tg4 g(k) the upper bound of the duration of
the delay at the start of the k' cycle. (The {L, R} notation in lowercase denotes
the left, or right-hand supreme of the fuzzy sets). t.(k) is the sum of elapsed
cycle times of the k' cycle. According to this definition, this value is positive
during delays and negative when the operators work ahead of schedule. As is
shown in Figure 5.4, based on the extracted (defuzzified) activity times related to
a given confidence (a-cut), the model predictive controller calculates the optimal
cycle time as control signal, u(k). The figure also illustrates that data collected
concerning the elementary activity times can be used to update the parameters of

the fuzzy sets based on the method that was presented in the previous section.

The following subsections will illustrate how the information extracted from the
fuzzy activity-time models can be incorporated into model-based control schemes.
As will be presented in the following subsection, when the control signal is calcu-
lated to prevent stoppage of the conveyor in the following cycle time, a one-step-
ahead predictive controller is defined. Based on the constrained minimisation of
the delay, in a prediction horizon H,, a more sophisticated optimal control solution

will also be proposed in the remaining part of this section.

MES Activity time Iden]:c |ff|cat|on
product : distributions By
definitions (hlg  ACtIVity times plalaly’
a

to,ry (k)
u(k)

ﬁ
S ——

(k)

v

trr (k)

F1GURE 5.4: The scheme of the proposed fuzzy activity time-based model pre-

dictive controller (MPC). The fuzzy activity times are identified based on his-

torical data collected from the conveyor. The models of the MPC are updated
based on the sequence of the produced products.
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5.4.1 One-step-ahead predictive control

Using the t, (1 ry(k + 1]k) prediction of the lower or upper bound of the activity
times (for a given «) at the beginning of the k-th cycle, the t (k4 1|k) lower and
tsr(k + 1|k) upper boundaries of the completion times can be calculated. Based
on the t.(k + 1) start time of the (k + 1) cycle, the delay at every (k+ 7)™ cycle
can be predicted according to Eq.(5.10).

ta oy (k+ k) =ty my (k4 1k) = te(k +1) = ty.ry (K + 1K) — (te(k) + u(k))
(5.10)

where u(k) denotes the cycle time set at the beginning of the k% cycle. Therefore,
the k" cycle starts at t.(k) and finishes at t.(k + 1) = t.(k) + u(k).

The upper bound of the delay, t4r(k), cannot exceed a critical limit, therefore,
a Cqip value can be defined which is equal to this critical limit or less than it.
The cycle cannot be started should it be impossible to finish the tasks before this
limit. Therefore, the criteria for not stopping the conveyor can be formulated as
Eq. (5.11).

max (typ(k + 1|k)) — (tc(k) + u(k)) < cerit (5.11)

where max (t 7 z(k + 1|k)) denotes the delay of the slowest operator (workstation).

By expanding the expression (t;z(k + 1]k)), the Eq. (5.12) can be derived.

max (b7 (k) + tar(k + 1[k))) — (te(k) + u(k)) < Cori (5.12)

It should be noticed that t; (k) is a measured value of the completion of the k™
cycle, while t, g(k+ 1|k) is a predicted one, therefore, making it possible to derive

a one-step-ahead predictive controller.

The proposed algorithm continuously sets the cycle time u(k) for every k' cycle to

avoid any stoppages, so the control signal/the cycle time should exceed the upper
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bound of the finishing time. The Eq. (5.13) shows how to u(k) is defined.

max(tqr(k) + tor(k + 1|k)) — corie < u(k) (5.13)

The Eq. (5.14) shows that stoppages can be prevented by setting the u(k) to

ensure that the expected maximum delay should be less than wu(k).

u(k) = max(tqy(k) + tor(k + 1|k)) — corit (5.14)

If an unpaced conveyor is used during the production, the speed of the line can
be defined as the output of the controller by using the s(k) = ﬁ transformation,
where [ stands for the length of the conveyor line.

5.4.2 Constrained fuzzy model predictive control

In addition to the one-step-ahead predictive control, a much more effective model
predictive control scheme that minimizes the effect of tuning for horizon of longer
duration, H,, by determining a control sequence of length H, u*(k) =

[u(k),u(k +1),...,u(k+ H.)| where H. denotes the control horizon was formu-
lated.

As the control horizon cannot exceed the prediction horizon (H, > H,.), it is
assumed that the control variable remains constant after the control horizon has
ended until the end of the prediction horizon u(k + H. + 1),...,u(k + Hy) =
u(k + H,).

In a similar manner to the cost functions of simple assembly line balancing prob-
lems [255], several types of cost functions can be defined, e.g., the cost function
can be formalized to minimize the cycle time which in turn minimizes any delay
to the expected finishing times in Eq. (5.15), which also optimizes the utilities of

the operators and attempts to ensure a well-balanced workload.

m(llg u*(k)'Ru* (k) (5.15)

The type of model predictive control can primarily be determined from the defin-

ition of the control constraints as the formulation of the control sequence seeks
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to avoid stoppages to the conveyor belt due to the accumulation of a delay. The
constraints that ensure this leads to the formulation of a quadratic optimisation
problem in Eq. (5.16).

ARU*<k) < bR (516)

where A denotes a lower triangular matrix and br = t.(k) + cerit — tr r(k+ j|k).

Therefore, the constraint applied to the cycle time should be rearranged in the
form of Eq. (5.16). By rearranging Eq. (5.11):

HP
trr(k+ k) = te(k) = ot < > _ulk+j—1) (5.17)
Jj=1
HP
= ulk 45— 1) < te(k) + cerir — t5.r(k + j|k) (5.18)
i=j

5.5 Examples of applications

Two examples of applications have been defined to demonstrate the applicability of
the proposed fuzzy activity time-based approach. The first, an easily understand-
able example, is reproducible and transparent, while the second demonstrates the
benefits of the model-based controller in more complex and realistic situations.
However, the second example is motivated by an industrial wire-harness assembly
line, due to confidentiality and aiming for reproducibility, simulations are applied
in the second case study as well. Since multiple products with different work
demand are produced, the production lines cannot be perfectly balanced. The
application examples aim to demonstrate how the benefits of the sequences op-
timized based on the high/low product complexity strategy can be realized with
the help of the proposed control algorithm.
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5.5.1 Illustrative example

The N,, = 5 workstations of the studied illustrative assembly line produce N = 500
modular products during every shift in 10-piece batches of the same product type.
The N,,, = 5 modules determine the elementary activities that should be performed
at each workstation. The nominal time values of these activities are presented in
matrix 6, where each row represents a workstation and each column provides the

activity time of the related module at the given station:

250 40 25 70 30
260 35 0 100 20
6= 1230 10 80 80 15 (5.19)
240 32 58 85 0
260 23 0 72 60

The matrix P (IV, x N,,) matrix defines the types of products, where the rows
denote the type of products and the columns the modules. The nominal values t,
of the station times can be calculated as t, = 67 p,, as is depicted in Fig. 5.5 for
the products of the lowest degree of complexity p; = [1,0,0,0,0] (base module)
to the highest degree of complexity pg = [1,1,1,0,0]:

(5.20)

te)
I

e e e e

_ o O O = O

_ o O = O O

o O = O O O

o = O O O O

As is depicted in Fig. 5.5, the process is not perfectly balanced and a significant
difference between the maxima of the activity times is present. Instead of the
described deterministic station times, the proposed more realistic L-R fuzzy sets
were used to represent the activity times. According to our expertise, the same
strategy was followed with regard to the fuzzification of the activity times as the
parameters of the fuzzy set (Eq. 5.4) were set at b = ¢ (therefore, a single maximum
was defined) and set to the nominal values (the average cycle times), namely

a = b/15 and d = b/10, respectively. These fuzzy sets were applied to analyse
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FIGURE 5.5: Station times (¢4 (k + j|k)) of different types of products calcu-
lated according to the parameter matrices P and 6 of the presented illustrative
example. The bars represent different workstations. The blue segments illustrate
the station times, while the yellow parts highlight the difference from the max-
imum time of the bottleneck. As can be seen, the production line is not perfectly
balanced and there are significant difference between the station times.

the stochastic simulation by Monte Carlo simulation-based random generation to
ensure that the distribution of the generated random variables approximates the

membership functions.

The model permits the operators to work ahead of schedule for a certain duration
of time. However, since the operators must not disturb each other, none of the
elements of the vector t4(k) can exceed a critical value ¢y, which is usually half
of the average cycle time. In that case, the delay time (¢,) is negative, therefore,
the operators work ahead of schedule, but according to this defined constraint
cannot leave their assigned workstation. When a constant setting time is applied,
the cycle time is set to the maximum of the station times calculated using the
a = 0.1, ¢, = 120 and ¢, = 120.

Fig. 5.6 depicts the results when the cycle time was constant. In this case, every
operator can complete their designated tasks, but the efficiency of production
is low compared to the controlled cycle time set in Fig. 5.7. As can be seen
in the subplot at the top of both figures, the same sequences of products were
produced in both cases. The subplots in the middle depict show the controlled
cycle times, which was constant in the first case, while the subplots at the bottom

present how the delays vary in the case of different cycletimes and work stations.
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The negative delays show that the operators worked ahead of shedule at given
workstation and when the cycle times were constant the system was excessively
optimized to prevent stoppages. However, by applying a model predictive control

scheme, the system is optimized to prevent stoppages and maintain a high level of

productivity.
= T T T T T T T |
g6 r 1 M M 7 ml
= — | M 'm M| | ~ M | /) | [
B4 | | | | = = M | || | = | b
3 ol | — | |
8ot | RN | | LU o | Y —h
o = ! — o~ L ! = ! — !
50 100 150 200 250 300 350 400 450
Cycle step
349 T
9
@
L348
X
=1
347 | | | | | | | | |
0 50 100 150 200 250 300 350 400 450
Cycle step
T
o 100~ Il 1 B
[0} | /1
o) | /
. “ ‘ ‘ il
3 | \ |
~° 100 | A [aaal |l WA N [ [ B
| | | | | | | | |
0 50 100 150 200 250 300 350 400 450
Cycle step

F1GURE 5.6: Production of N = 500 products in batches with constant cycle
time, u = 348. The bottom plot shows the time delay (¢4(k)) at every worksta-
tion where the colors represent the operators.
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F1GURE 5.7: Production of N = 500 products in batches with model predictive

control of the cycle time according to the following parameters: H, =2, H. =1

and a = 0.1. Control of the cycle time maximises the productivity, so the

improvement in performance compared to the fixed cycle time is 11%. The

bottom plot shows the time delay (¢4(k)) at every workstation where the colors
represent the operators.
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The numerical results are presented in Table 5.1. The performance of the produc-
tion line is measured as the average production time calculated by dividing the
total time required to produce N products by the number of products t;(N)/N,
the value of which is sensitive to the number of stoppages since when production

has to be stopped, one cycle time is required to restart the conveyor belt.

As is illustrated by the results, when the cycle time is controlled, the productivity
of the production line is enhanced by 11%. By decreasing «, the robustness of
the controller is increased, thanks to a reduction in the number of stoppages. An
increase in the prediction horizon also enhances the degree of robustness. A larger
prediction horizon usually results in a slightly slower, balanced response and robust

performance.

TABLE 5.1: A comparison between the average production times (t;(N)/N)
and number of stoppages when the cycle time is constant and different settings
are applied to the controllers.

Scenario Prod. time | # of stop-
[min] pages

Constant cycle time, u = 348 348.6 0

One-step-ahead predictive con- | 312.4 6

trol, « = 0.1

Model predictive control, H, = | 309.4 0

5,H. =3, a=0.1

Model predictive control, H, = | 309.2 0

2,H. =1, a=0.1

One-step-ahead predictive con- | 309.9 2

trol, a = 0.05

Model predictive control, H, = | 309.8 0

5H. =3, a=10.05

Model predictive control, H, = | 309.5 0

2,H. =1, a=0.05
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5.5.2 Dynamic cycle time setting at a wire-harness produc-

tion line

To support the reproducible development of production flow analysis and optim-
ization algorithms, an open-source benchmark problem of a modular wire-harness
production line was developed [207, 251]. The core of the system is a paced con-
veyor. Based on the data published in |171], the number of product types was
N, = 64, which was defined as the combination of N,, = 7 modules: base mod-
ule myq, left- or right-hand drive ms, normal /hybrid ms, halogen/LED lights my,
petrol/diesel engine ms, 4 doors/5 doors mg and manual or automatic gearbox

mr.

The conveyor consisted of N,, = 10 workstations (tables). For every table (work-
station) one operator was assigned, N, = 10. The activity time of each workstation
is illustrated in Fig. 5.8. Further details concerning the applied example can be

seen in the appendix and in [207, 251].
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Ficure 5.8: Station times with regard to the production of different types of
modular products calculated based on the parameters given in the Appendix.
The lines with different colours represent different product types. A significant
difference can be observed in the workload of the operators in terms of the
production of simple (basic) and more complex products.
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The maximum delay time and working ahead-of-schedule times were both defined
as Ceip = 400 and ¢, = 400. As is illustrated by the results illustrate in Table
5.2, the control of the cycle time improves the productivity of the production line
by 20% which is more significant than the improvement in the previous demon-
strative example. The performances of the controllers were evaluated based on
the t;(N)/N average production times and the number of stoppages that are cal-
culated based on the logic incorporated in eq. 5.13. The effects of the parameters
are identical to those experienced previously. The decrease in « increases the
robustness of the controller, thanks to the decrease in the number of stoppages.
The increase in the prediction horizon also leads to an increase in the robustness.
A larger prediction horizon usually results in a slightly slower, balanced response
and robust performance, however, in this case, the larger control horizon enhances
the performance as the length of the production line increases, so the dynamical
behaviour of the accumulation of delays is of a higher order. These results are

nicely represented in Fig. 5.10 and numerically described in Table 5.2.

TABLE 5.2: Comparison between the average production times (¢7(N)/N) and

number of stoppages when the cycle time was constant and different settings

applied to the controllers when the cycle time of the wire-harness production
conveyor was controlled.

Scenario Prod. time | # of stop-
[min] pages

Constant cycle time, u = 1110 1110.6 0

One-step-ahead predictive con- | 928.6 6

trol, = 0.1

Model predictive control, H, = | 916.4 0

5H. =3, a=0.1

Model predictive control, H, = | 917.5 0

2,H. =1, a=0.1

One-step-ahead predictive con- | 920.3 3

trol, a = 0.05

Model predictive control, H, = | 916.5 0

5,H. =3, a=0.05

Model predictive control, H, = | 917.5 0

2,H. =1, a=0.05
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FIGURE 5.9: Systematic analysis of the effects of the H,, H. and « parameter

values. The heatmaps are based on 100 simulations. The heatmaps on the

left show the average production times in minutes, while the ones on the right

present the average number of stoppages. The heatmaps at the top and bottom
are calculated at a = 0.1 and a = 0.05, respectively.

The detailed effects of the H,, H., and o parameters are studied based on the
systematic analysis of 100 independent simulations of different control tunings.
The heatmaps in Figure 5.9 show the average production times in minutes (left)
and the average number of stoppages (right). As the results show, the increase
of H, prediction horizon and the a regulation parameters make the performance
more robust and sluggish, while the increase of the H. increases the flexibility
of the optimisation that makes the controller more aggressive. As H. should be
smaller than H),, the combination of these effects results that there is an optimal

parameter set at H, = 5, H. = 3, and a = 0.05.

In order to prove the scalability of the developed algorithm, a performance analysis
was also performed. In this study, the calculation times in the case of three
production lines with a different number of workstations were compared. As Figure
5.11 shows, although the number of workstations linearly increases the size of the
matrices that has to be inverted, the computational demand at this step is so
marginal that the calculation times are not significantly affected in a practical

range of the parameters.
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F1GURE 5.10: Production of N = 500 products in batches by applying model

predictive control with regard to the cycle time of the wire-harness production

line, H, =5, H. = 3, a = 0.1. Control of the cycle time maximizes productivity,

so performance is enhanced by 20 % in this complex problem compared when

the cycle time was constant. The bottom plot shows the time delay (t4(k)) at
every workstation where the colors represent the operators.
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FIGURE 5.11: The scalability of the developed algorithm. The avarage calcu-

lation times/cycle in the case of three production lines with different number

of workstations. The computational demand of the controller is so marginal

that the calculation times are not significantly affected by the complexity of the
production line in a practical range of the parameters.
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5.6 Conclusion of fuzzy activity time-based model

predictive control of open-station assembly lines

The balancing and sequencing of manual mixed-model assembly lines face several
challenges due to the complexity of production and the unpredictable nature of hu-
man activities. Open-station production is widely used in manufacturing processes
as it provides a flexible working environment for the operators because they can
work ahead of schedule or try to reduce any backlogs. This flexibility can be ap-
plied to increase productivity by sequencing the products. In the present Chapter,
another approach was applied which does not dismiss the demand-oriented se-
quence of the production but tries to maximise the benefits of a well-sequenced
production plan and mitigate the difficulties of balancing production lines with

multiple products by optimizing the cycle time of the conveyor.

The key idea was to design a model predictive control algorithm to calculate the
optimal cycle time and define constraints that minimize the cycle time by prevent-
ing delay times from accumulating, any stoppages that result and the subsequent

loss of production capacity.

However, in order to effectively calculate and predict the activity times, a reliable
model is required as the activity times are uncertain and follow a unique distri-
bution over time. This problem was handled by the application of LR fuzzy sets,
thus, the controller could be applied by using a predefined a-cut, which resulted

in a new fuzzy model predictive controller scheme.

To be transparent and didactic, the applicability of the proposed method was
demonstrated by a simple example. Moreover, the simulator of an industrial wire-
harness manufacturing process was proposed to demonstrate the applicability of
the control scheme in a more complex environment. The problem is completely
industry motivated, however, only the benchmark simulator was published due to

confidentiality.

The effectiveness of production was significantly enhanced by applying the defined
control scheme, moreover, the effect of the parameters of the controller were invest-
igated and recommendations for their fine-tuning made. Robustness was increased
by decreasing the a-cut and increasing the prediction horizon. Therefore, these
parameters help to prevent the conveyor from being stopped due to the accumu-

lation of delays.
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Thanks to the newest IloT technologies supported constantly improving measure-
ments, the activity times can be monitored more and more accurately enabling
process engineers to construct models of optimal complexity that support the con-
trol of production with the required degree of precision and accuracy. Thanks to
this development the results can be easily generalised and widely utilised, e.g.,
the presented model-based controller can be implemented in the real-time optim-
isation of supply chains, and the proposed fuzzy activity-time models are easily
applicable in the scheduling of uncertain business and production processes, which

will form the basis of our future research.



Chapter 6

Conclusion

My thesis solved four main problems of flexible manufacturing systems (Figure
6.1), where the blue boxes are represented the developed and proposed solutions
for the identified problem in the orange boxes. To understand the problem of
the operator at the shop floor, I made an overview of Operator 4.0 concept in
Chapter 2. I proved the IToT based solutions could support the operator in the
4th industrial revolution, and the smart operator handles the challenges of flex-
ible manufacturing with the newest IloT based technologies. As I proved in the
introduction, the main challenge in operator support is the stochastic nature hand-
ling. I developed a soft-sensor based real-time performance monitoring algorithms
(Chapter 3) to identify the stochastic assembly times in case of modular produc-
tion thanks to the information integration of BoM and MES. The modular and JIT
production is a crucial element of flexible manufacturing, where the importance of
changeovers are increased. I developed a targeting model-based survival analysis
helps the operator training and process improvement in the case of changeovers.
The root cause analysis based anomaly detection shows the losses of the actual
changeover (Chapter 4). Finally, based on the monitored indicators, the developed
model predictive control is capable of an optimum assembly line control in real-
time to handle the mixed-model assembly line optimal cycle time problem. Thanks
for the dynamic cycle time control the efficiency optimization is proved in case of

mixed production (Chapter 5).

92
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FiGURE 6.1: I developed a data-based solution to solve the problems of flexible
manufacturing. I made an overview of Operator 4.0 concept, where the smart
operator handles the challenges of flexible. I identified the stochastic assembly
times with the developed soft-sensor based real-time performance monitoring
algorithms. The proposed targeting model-based survival analysis helps the op-
erator training and process improvement. Based on the fully monitoring system
of production, I proposed a model predictive control based conveyor control
system.

The applicability of the proposed methodologies is demonstrated on a well-

documented benchmark problem of a wire harness manufacturing processes. The
activity time monitoring and conveyor control are demonstrated based on a wire-
harness manufacturing process with a paced conveyor. However, the proposed
algorithm can handle continuous conveyors as well, while the changeover improve-
ments are proved on an anonymized manufacturing example related to the setup
of crimping and wire cutting machines. Both three solutions can be used in widely

manufacturing problems, thanks to the generalized algorithms.
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The new scientific results

1. I developed a model-based performance monitoring system for

activity-time monitoring in production lines

Industry 4.0-based human-in-the-loop cyber-physical production systems are
transforming the industrial workforce to accommodate the ever-increasing
variability of production. Real-time operator support and performance mon-
itoring require accurate information on the activities of operators. The prob-
lem with tracing hundreds of activity times is critical due to the enormous
variability and complexity of products. A software-sensor-based activity-
time and performance measurement system are proposed to handle this prob-
lem. Fixture sensors and an IPS were designed and this multi-sensor data
merged with product-relevant information to ensure a real-time connection
between operator performance and varying product complexity. The presen-
ted sensor fusion algorithm combines all sensory and production data such
that the estimates of the activity times have less uncertainty than would be
possible when these sources were used individually. The estimation of the
activity times is based on a linear-in-parameters model. The linear structure
of the developed production-monitoring model is adequate as the time con-
sumption of the activities linearly depend on how many primary activities
should be performed and what is the number of the built-in components.
The number of parameters of activity time estimation models is comparable
to the number the number of measurements, the identifiability of the para-
meters of the model has to be carefully analyzed. For this purpose, I studied
the Fisher information/covariance matrix of the estimation problem. A pro-
posed model-based performance monitoring system track to the recursively
estimated parameters of the activity-time estimation model. The fully repro-
ducible and realistic simulation study confirms that the indoor positioning
system-based integration of primary sensor signals and product-relevant in-
formation can be efficiently utilized in terms of the constrained recursive

estimation of the operator activity. [207, 251, 227|
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2. I developed a changeover time monitoring system based on survival

analysis

The losses associated with changeovers are getting more significant in man-
ufacturing due to the high variance of products and requirements for just
in time production. I introduced a method for the reduction of these losses
based on data-driven root cause analysis and performance management. The
developed model takes into account the stochastic nature of complex pro-
cesses and the work of operators. Based on the inverse of the cumulative
distribution function of the activity times, a dynamic targeting model can
be developed. The model can be tuned to express the expectations of the
process engineers, and the calculated performances can be aggregated to
evaluate operator and machine efficiencies. The method is based on models
that estimate the product- and operator- dependent changeover times by
survival analysis. The root causes of the losses are identified by significance
tests the utilized Cox regression models. The resulted models can be used
to design a performance management system that takes into account the

stochastic nature of the work of the operators. [20§]

The presented application example highlights how the model assumptions
can be validated and what kind of information can be extracted based on

the analysis of the model.

3. I developed a model-predictive control for assembly conveyor based

on fuzzy-activity times

The sequencing and line balancing of manual mixed-model assembly lines
are challenging tasks due to the complexity and uncertainty of operator
activities. The control of cycle time and the sequencing of production can
mitigate the losses due to non-optimal line balancing in the case of open-
station production where the operators can work ahead of schedule and try to
reduce their backlog. The key idea was to design a model predictive control
algorithm to calculate the optimal cycle time and define constraints that
minimize the cycle time by preventing delay times from accumulating, any
stoppages that result and the subsequent loss of production capacity. 1 prove
a cycle time control algorithm that can improve the efficiency of assembly
lines in such situations based on a specially mixed sequencing strategy. A
fuzzy-model-based solution has been developed to handle the uncertainty of

activity times. As the production process is modular, the fuzzy sets represent
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the uncertainty of the elementary activity times related to the processing of
the modules. The optimistic and pessimistic estimates of the completion
of activity times extracted from the fuzzy model are incorporated into a
model predictive control algorithm to ensure the constrained optimization
of the cycle time. The results confirm that the application of the proposed
algorithm is widely applicable in cases where a production line of a supply

chain is not well balanced and the activity times are uncertain [208, 209, 207|.
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Appendix - Details of the

wire-harness production technology

To support the reproducible development of production flow analysis and optim-
ization algorithms, an open source benchmark problem of a modular wire-harness
production system was developed. The core of the system is a paced conveyor.
Based on data published in [171] and [172], N, was based on 64 products and
defined NV,, as a combination of 7 modules: m; base module, ms as left- or right-
hand drive, mg normal /hybrid, m4 halogen/LED lights, mj; petrol/diesel engine,
me 4 doors/5 doors and m; manual or automatic gearbox. N, was defined 654
activities,/tasks categorized into NV; which consisted of 16 activity types with well-
modeled activity times (see Table 7.1). In these activities N. was equal to 64
different built-in part families (component types) (among these C; = 180 termin-
als, C, = 63 bandages, C. = 25 clips, and C,, = 90 wires). The conveyor N,
consisted of 10 workstations (tables). For every table (workstation) one operator
is assigned, N, = 10. The required N, was also defined as 6 skills of the operators,
namely: s; - laying cable, s, - spot-tying, s; - terminal attaching, s, - connector
installing, s5 - clip installing, and sg - visual testing. N, was also defined as 6
zones for the workstations to study the distribution of the fixtures on the tables.
The related Z matrix is defined based on the layout of the table and shows the
relationship between the activities and zones of the workstation, which facilitates
a detailed analysis of the workload in the workstations. The related dataset is

freely and fully available on the www.abonyilab.com website.
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TABLE 7.1: Types of activities and the related activity times [172]. The activity
times are calculated based on fixed and proportional values, e.g., when an op-
erator is laying four wires over one foot, according to the ¢4 model, the activity

time will be 1 X 6.95s +4 x 4.2 = 23.7s

ID | Activity Remark Unit Time
s]
t1 | Point-to-point wiring on | Direct wiring Number of wires | 4.6
chassis
ta | Laying in U-channel 4.4
ts | Laying flat cable 7.7
t4 | Laying wire(s) onto har- | Laying flat cable | Base time 6.9
ness jig
Per wire 4.2
ts | Laying cable connector | To  the same | Base time 7.4
(one end) onto harness | breakout
jig
Per wire 2.3
ts | Spot-tying onto cable 16.6
and cutting it with a
pair of scissors
ty | Lacing activity Base time 1.5
Per additional | 3.6
stitch
ts | Taping activity Base time 1.8
Per stitch 5.0
to | Inserting into tube or Base time 3.0
sleeve
Per inch 2.4
ti0 | Attachment of wire ter- | Terminal-block 22.8
minal fastening  (fork
lug)
t11 | Screw fastening of ter- 17.1
minal
t12 | Screw-and-nut fastening 24.7
of terminal
t13 | Circular connector Installation only 11.3
t14 | Rectangular connector Latch or snap-on 24.0
t15 | Clip installation 8.0
t16 | Visual testing 120.0




Acronyms

General abbreviation

AMS: Agile Manufacturing System

AoA: Angle of Arrival

AR: Augmented Reality

BLE: Bluetooth Low Energy

BoM: Bill of Materials

BPMN: Business Process Model and Notation
BPR: Business Process Reengineering

CNC: Computer Numerical Control

CoBot: Collaborative Robot

CPS: Cyber-Physical System

CPPS: Cyber-Physical Production System
CS: Computer Science

CSA: Cross Section Area

DIND: Distributed Intelligent Network Device
E-SNS: Enterprise Social Networking Service
FDI: Fault Detection and Isolation

FMS: Flexible Manufacturing System

H-CPS: Human-Cyber-Physical System
H-CPPS: Human-Cyber-Physical Production System
HMI: Human Machine Interface

HR: Human Resources

[oT: Internet of Things
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IToT: Industrial Internet of Things
IPA: Intelligent Personal Assistant
IPS: Indoor Positioning System
iSpace: Intelligent Space

KPI: Key Performance Indicator

MBI: Model-Based Instructions

MES: Manufacturing Execution System
MSDF': Multi-sensor data fusion

NN: Neural Network

OEE: Overall Equipment Effectiveness
OP: observed vs. predicted

PHA: Proportional Hazard Assumption
PwC: PricewaterhouseCoopers

RFID: Radio Frequency [Dentification
RSS: Received Signal Strength

RUL: Remaining Useful Life

SEFC: Shop Floor Control

SEFCS: Shop Floor Control System
SMED: Single Minute Exchange of Die
S3: Signal Strength

ToA: Time of Arrival

UWRB: Ultra-wideband

VR: Virtual Reality

Software sensor for activity-time monitoring

P1;-- -5 PN, : products

my,...,my,,: modules
ai,...,an,: activities
c1,...,CN,. components
wy, ..., wy,: workstations

t1,...,tN,: activity types
A: (N, x N,) activities required to produce a product
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W: (N, x N,,) workstation assigned for an activity

B: (N, x N.) component/part required to produce a product

P: (N, x N,) module/part family required to produce a product

C: (N, x N.) component/part built in or processed in an activity

M: (N, x N,,) activity required to produce a module

T: (N, x Ny) category of the activity

S¥: (N, x l,) activity involved over a measured time interval

k: index of the production cycle (discrete time)

g (k): estimation of the individual activity times for work station w

in the kth production cycle

x"(k): ’efficiency’ of the operator, the vector of the estimated

local activity times

x(k): workstation-independent version of x* (k)

s(k): sequence of the timestamps recorded by the active fixture sensors
z"(k): vector of the sum of the activity times that are situated between
the two sensors

a: index of the first sensor of a fixture-sensor pair

[ index of the second sensor of a fixture-sensor pair

q.: the set of activities required to produce a specific product

ew

: serially uncorrelated white-noise vector of observational errors
RY(k): covariance matrix of observational errors

H(k): time-variable regressors representing the number of activities and
built in components

e(k): the set of the serially uncorrelated white-noise vector of
observational errors of the workstations

X(N): estimation error

Q: positive-definite weighting matrix defined as Q = (R)_1

P*: inverse of the parameter covariance matrix

A*(k): State-transition matrix in the Kalman filter represented

estimation problem

K(k): Gain of the Kalman filter/recursive estimator
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LY c": Representation of the linear inequality constraints

AY bY: Representation of the linear equality constraints

;2 vector of Lagrange multiplier associated with equality

Aj: vector of Lagrange multiplier associated with inequality constraints
Reducing machine setup and changeover times

by survival analysis

T Specific time limit to survival analysis

S(t): the survival analysis function

t: independent variable as time

n;: number of activities

d;: number of completed activities at that j time

h(t,x): distribution function derived from the Cox regression

hi(t): baseline hazard function

m: number of switching predictors

n: number of examined activities

b: the Cox regression parameters

t(x,p): the nominal time, if the p is equal to 50%

t'(x): the measured time-based on the machine log

x: feature set

Xp: subset of x

Li(p): the loss model

G'(p): the gain model

Fuzzy activity time-based model predictive control
w=1,...,N,: index of the workstations

p=1,..., N, types of the products

k=1,...,N: index of the cycle in the cyclic production of the assembly line
m(k) € {1,...,N,}: sequence of produced products (in the k" cycle)
m=1,..., N,,: types of modules

P: (N,, x Np) binary matrix representing the types of modules with
regard to the type of product

k + j|k: represents the predicted value from the beginning of cycle k to
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the beginning of cycle k + 5

t.: estimated assembly time of an activity

t.: sum of the cycle times

ts: finishing time

tq: time delay compared to the cycle time

u: actual cycle time

zs: (1 X Ny,) vector-based representation of the product type that is at the
start of the production line (equal to pr(x—w) in cycle k)

xs: (1 x Ny,) vector-based representation that defines the state of
the workstation

A (N, Ny x N, N,,) matrix defining the flow of the assembly line
Bs: (N, Ny x Ny,) matrix defining how the next product enters
the assembly line

Cy: (NyN,, x N,,) matrix defining the elementary activity times
©: (N, x N,,,) matrix representing the building block elementary
activity times

A;: required time of the i-th activity

e, (t): fuzzy membership function

I: interval of LR model

a, b, c,d: constant interval variables

L(z), R(x): non-increasing functions

a,a € [0,1]: value of a-cut

H,: prediction horizon

H_: control horizon

R: weighting matrix of the control actions

Cerits critical delay time

can: threshold of the amount of how working ahead of schedule
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