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Abstract

In the realm of traditional manufacturing, statistical metrology serves as a fundamental
pillar for evaluating product quality after the production line. In contrast, the rise of smart
manufacturing has revolutionized a reactive measurement process to a proactive and essential
element of production. This evolution is crucial for ensuring that products consistently
meet contemporary quality standards throughout the manufacturing cycle. Furthermore, the
advent of Industry 4.0 marks a profound shift in organizational dynamics, underscoring the
critical need for cultural transformation that emphasizes collaboration, agility, and continuous
learning.

This research highlights the importance of fostering partnerships between businesses,
academic institutions, and governmental entities to drive the evolution of Industry 4.0.
These collaborations facilitate the integration of new technologies, promote research and
development, and create a thriving ecosystem that nurtures innovation, thus ensuring the
democratization of technological benefits across industries and communities.

This thesis aims to present a comprehensive and systematic approach that seeks to opti-
mize the Six Sigma methodology by evolving it into a proactive system. Hence, we examine
the Six Sigma methodology, known for its rigorous approach to process improvement, which
includes a suite of statistical tools aimed at reducing errors and enhancing quality. This
study presents an innovative adaptation of Six Sigma that incorporates modern statistical
techniques and integrates cutting-edge technologies to address quality challenges in diverse
sectors such as manufacturing, agriculture, and education. Central to this advancement is the
introduction of a new approach that combines Six Sigma’s core principles with AI-driven
quality control and decision-making optimization. This approach is designed to be scalable,
adaptable, and flexible, ensuring its relevance in the context of digital transformation and
its applicability across various industries. Through the development of the 5I approach, this
research proposes a dynamic and forward-thinking approach to continuous improvement
and operational excellence, enabling organizations to preemptively address challenges and
enhance their overall performance.
Keywords : Quality control , Production process, Industry 4.0, Classification, AI (Artificial
Intelligence), Quality 4.0, Predictive quality.
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Résumé

Dans le cadre de la fabrication traditionnelle, la métrologie statistique constitue un pilier
essentiel pour évaluer la qualité des produits en aval de la chaîne de production. Cependant,
l’émergence de la fabrication intelligente a transformé ce processus de mesure, initialement
réactif, en un levier proactif et intégré au cœur de la production. Cette évolution est détermi-
nante pour garantir que les produits respectent en permanence les normes de qualité actuelles
tout au long du cycle de fabrication. Par ailleurs, l’avènement de l’industrie 4.0 marque une
rupture profonde dans les dynamiques organisationnelles, révélant la nécessité impérieuse
d’une transformation culturelle axée sur la collaboration, l’agilité et l’apprentissage continu.

Cette recherche met en lumière l’importance de promouvoir des partenariats entre les
entreprises, les institutions académiques et les entités gouvernementales pour accompagner
l’évolution de l’industrie 4.0. Ces collaborations favorisent l’intégration des technologies
émergentes, stimulent la recherche et le développement, et créent un écosystème dynamique
propice à l’innovation. Elles contribuent ainsi à démocratiser les bénéfices technologiques à
travers les industries et les communautés.

Cette thèse propose une approche systématique et globale visant à optimiser la méthodolo-
gie Six Sigma en la réorientant vers un système proactif. Elle s’appuie sur une analyse
approfondie de Six Sigma, reconnu pour sa rigueur dans l’amélioration des processus grâce
à un ensemble d’outils statistiques destinés à minimiser les erreurs et à optimiser la qualité.
L’étude introduit une adaptation novatrice de cette méthodologie, intégrant des techniques
statistiques modernes et des technologies de pointe pour répondre aux enjeux de qualité dans
des secteurs variés tels que l’industrie manufacturière, l’agriculture et l’éducation. Au cœur
de cette avancée se trouve une nouvelle approche qui fusionne les principes fondamentaux de
Six Sigma avec des approches de contrôle qualité et d’optimisation décisionnelle pilotées par
l’intelligence artificielle. Conçue pour être évolutive, adaptable et flexible, cette approche
s’inscrit pleinement dans la transformation numérique et démontre son applicabilité à di-
verses industries. Grâce à l’élaboration de l’approche 5I, cette recherche offre une vision
dynamique et avant-gardiste de l’amélioration continue et de l’excellence opérationnelle,
permettant aux organisations d’anticiper les défis et d’accroître leurs performances globales.

Mots Clés : Contrôle de qualité, processus de production, Industrie 4.0, classification,
IA, qualité 4.0, qualité prédictive.
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Chapter 1

Introduction

Since the beginning of the industrial era, the concern for improving the quality of products
and processes has been one of the most important aspects that have been taken into account
in the strategic decision-making of large companies worldwide. Nowadays, this emphasis on
quality has become even more critical as businesses strive to meet international standards,
cater to diverse markets, and remain competitive. The integration of advanced technologies,
such as automation, artificial intelligence, and data analytics, has further transformed how
companies approach quality management, enabling them to identify inefficiencies, reduce
costs, and enhance customer satisfaction. Consequently, organizations are increasingly
focusing on innovation and adaptability to align with ever-changing market demands and
regulatory requirements.

This chapter provides a summary of the research background in Section 1, the motivation
for the study and discusses key relevant questions in Section 2. In Section 3, the aims
and objectives of the research are outlined. Finally, Section 4 presents an overview of the
remaining chapters of the thesis.

1.1 Background

The topic of quality in the modern era has garnered significant attention since the Second
World War, spurring researchers to delve into the factors driving this interest. Notably,
the intense competition in the business environment has driven enterprises to differentiate
themselves by improving the quality of their products and services. The benefits of heightened
quality, particularly in the service sector, include increased effectiveness and efficiency, cost
reduction, revenue growth, and enhanced profitability. Elevating quality serves to bolster
an organization’s competitive standing, expand its market share, and bolster its financial
performance.
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The concept of "Industry 4.0" was introduced at the Hanover Fair in 2011, signifying
the fourth Industrial Revolution in Germany. This revolution offers production companies
the potential to enhance their competitiveness and efficiency by integrating information and
technologies across the entire value chain. This significant shift affects various industry
sectors and leads companies to explore connections with management paradigms.

The utilization of Industry 4.0 technologies has given rise to a new area of quality manage-
ment known as Quality 4.0. With the advancements in Industry 4.0, manufacturers can now
predict and address potential issues in advance, thus improving efficiency and effectiveness
throughout the entire supply chain. Furthermore, it enables proactive problem prediction
and allows manufacturers to optimize their operations at every stage. The emergence of new
technologies and the onset of the fourth industrial revolution have steered attention towards
Quality 4.0, which is still in its early developmental phase. Researchers have explored its
implications for various industries and businesses, drawing connections to the influence of
technology on overall quality management. Quality 4.0 is centered on experiential learning,
the acquisition of experiential knowledge, and the generation, accumulation, and real-time
analysis of data to facilitate informed operational decisions and ensure seamless information
flow throughout the system.

Quality control is a crucial step in the production process to ensure product quality and
final cost. By implementing effective quality control measures, businesses can enhance their
products and services, reduce costs, and boost customer satisfaction. Quality Control (QC) is
a continuous improvement technique that must be applied from the beginning to the end of
the production process. Quality control is a management activity focused on evaluating and
implementing the results of quality planning and improvement programs.

Organizations must constantly strive to enhance and improve the quality of their products
and services in order to increase revenue, expand, improve competitiveness, and strengthen
their position in the market. To achieve this, it is recommended to implement quality control
systems that integrate established practices with modern technologies.

There are various methods for implementing quality control, with Six Sigma’s DMAIC
(Define, Measure, Analyze, Improve, and Control) being one of them. However, the adop-
tion of Six Sigma in Algerian universities faces several obstacles. Limited awareness and
insufficient training impede both faculty and students from effectively utilizing its princi-
ples. Additionally, cultural resistance to change often results in a preference for traditional
practices. The lack of collaboration between universities and industries restricts practical
applications and hands-on experience. Furthermore, an excessive focus on conventional
research metrics overshadows the potential advantages of Six Sigma, which limits its integra-
tion into both academic and industrial contexts. These interconnected challenges collectively
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hinder the effective implementation of the Six Sigma approach in Algerian universities,
highlighting the need for further exploration of this issue.

Cultivating a culture of continuous improvement and innovation is crucial for meeting the
evolving demands of Industry 4.0. The modernization of Six Sigma hinges on the integration
of advanced technologies such as the Internet of Things (IoT), artificial intelligence (AI),
and big data analytics. By harnessing real-time data and predictive analytics, organizations
can enhance decision-making, optimize operations, and minimize variability with greater
accuracy. Companies that successfully blend traditional quality management practices with
state-of-the-art technologies will secure a competitive advantage, offering superior customer
value while attaining operational excellence.

1.2 Motivation

Artificial Intelligence has the potential to revolutionize the way organizations approach
quality management. By leveraging machine learning algorithms and data-driven insights, AI
can automate the data collection and analysis processes, enabling organizations to make more
informed decisions and identify patterns and anomalies that may have been overlooked by
traditional methods [79] . Moreover, the integration of AI with Six Sigma can lead to more
accurate and timely root cause analysis, allowing for faster implementation of corrective
actions and the prevention of recurring quality issues.

Quality 4.0 is a global management philosophy that emphasizes the importance of quality
control in the context of globalization and the economic system. This philosophy is integral
to enhancing competition between organizations and adapting to the rapid developments
in information technology. As a modern management philosophy, Quality 4.0 is closely
tied to the global system’s evolution, making its application not just a local, but a global
requirement adhering to international standards. With the increasing technological and
technical advancements, quality management has become a critical focus, centering on the
concepts of survival, continuity, and development.

The rise of Industry 4.0 technologies is reshaping industrial production efficiency. How-
ever, to fully integrate Six Sigma’s control within this evolving landscape, there is a crucial
need to address the information requirements and life cycles inherent in Six Sigma method-
ologies. Traditional Six Sigma approaches, such as DMADV (Define, Measure, Analyze,
Design, Verify) and DMAIC (Define, Measure, Analyze, Improve, Control), often overlook
the critical aspects of information and knowledge management.

Organizations often find traditional Six Sigma burdensome due to its reliance on statistical
software, the ongoing need for statistical analysis, and the unrealistic expectations for
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achieving full customer satisfaction. Moreover, traditional Six Sigma struggles to effectively
process and analyze big data in real-time, which is essential for responsive decision-making
in today’s fast-paced environments. The application of traditional Six Sigma is further
complicated in the service sector, where processes differ significantly from manufacturing.

This study aims to bridge these gaps by introducing innovative approaches that harness
complex data systems, algorithms, big data analytics, Quality 4.0 principles, and artificial
intelligence. By enhancing Six Sigma applications through these advanced technologies, the
research seeks to refine the Six Sigma methodology and align it more closely with engineered
systems. The ultimate goal is to develop robust information models, commercial products,
and prototype solutions that can effectively address contemporary quality challenges.

1.2.1 Some Key Relevant Questions

• What are the existing quality control approaches? We will delve into the contempo-
rary methods and strategies employed to guarantee quality across products, services,
or processes. Our exploration aims to unpack the diverse, established techniques and
systems that organizations leverage to monitor, sustain, and elevate standards, with an
emphasis on approaches that are currently in use or widely adopted. This investigation
essentially serves as a comprehensive survey of the tools, methodologies, and frame-
works available today, illuminating how they are applied to effectively manage and
refine quality in various contexts.

• What are the limitations of each approach in digital transformation? Our goal is
to identify and comprehend the specific flaws, vulnerabilities, and limitations inherent
in traditional methods and strategies when applied in the context of the digital transfor-
mation era. This analysis explores potential challenges, drawbacks, and risks that may
impede the efficiency, scalability, and overall success of these approaches in realizing
the ambitious objectives of digital transformation.

• How can we enhance the current state of Six Sigma? We will examine poten-
tial avenues for enhancing or evolving the current implementation of the Six Sigma
methodology. This exploration aims to identify tools, strategies, and innovations that
can improve its effectiveness, relevance, and efficiency in addressing quality control
and process improvement within today’s landscape. At its core, we are investigating
how this well-established framework can be refined or adapted to better tackle contem-
porary challenges, incorporate new technologies, and align with modern organizational
objectives.
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• What technologies and tools must be integrated into the Six Sigma framework
to achieve maximum efficiency? What technologies and tools must be integrated
into the Six Sigma framework to achieve maximum efficiency? we seek to identify
the specific technological advancements and tools that can be incorporated into the
Six Sigma methodology to optimize its performance. It asks for an exploration
of which innovations or digital solutions could enhance the framework’s ability to
improve processes, reduce defects, and deliver results more effectively and swiftly.
Essentially, it’s an inquiry into how Six Sigma, a data-driven approach traditionally
reliant on statistical analysis, can leverage modern technology to reach peak efficiency
in addressing today’s quality control and process improvement demands.

• What are the effects of applying Six Sigma and AI in manufacturing? We seek
to understand the outcomes, impacts, or consequences of combining the Six Sigma
methodology with artificial intelligence (AI) within the manufacturing sector. It asks
for an examination of how this integration influences key aspects such as process effi-
ciency, product quality, cost reduction, defect rates, or overall operational performance.
Essentially, it’s an inquiry into the specific benefits, challenges, or changes that emerge
when Six Sigma’s structured, data-driven approach to quality control is paired with
AI’s advanced capabilities like predictive analytics, machine learning, or real-time
decision-making in a manufacturing context.

1.3 Aims and Objectives

The study aims to contribute valuable insights into enhancing the adaptability and effective-
ness of Six Sigma in a rapidly evolving industrial landscape by identifying the key challenges
faced by Six Sigma in modern industries and analyzing the root causes of these challenges.
Additionally, the study seeks to propose actionable strategies for implementing the 5I(Identify,
Inspect, Investigate, Implement, and Improve) approach within Six Sigma frameworks and
assess the potential impact of these strategies on overall process improvement and efficiency.
To achieve these specific research objectives, several secondary objectives have been defined:

1. Review Literature on Quality Problem Resolution Approaches:

(a) Conduct an extensive review of the literature to identify existing methodologies
for quality enhancement, including Six Sigma, PDCA(Plan, Do, Check, and Act),
DMAIC(Define, Measure, Analyze, Improve, and Control), DMADV(Define,
Measure, Analyze, Design, and Verify), and others.
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(b) Summarize significant findings, best practices, and constraints of current quality
improvement approaches.

2. Identify Limitations of the Six Sigma Approach:

(a) Critically assess the effectiveness of Six Sigma, particularly in diverse industries
or organizational contexts. Identify areas where Six Sigma may not adequately
address specific quality issues.

(b) Highlight specific limitations of Six Sigma to guide the development of the 5I
approach.

3. Establish the 5I approach:

(a) Establish the framework of the 5I approach, consisting of five essential dimen-
sions or stages to elevate quality management. Each ’I’ symbolizes a crucial
pillar or phase in the process of improving quality.

(b) Anticipated Results: A well-defined and organized method that organizations can
embrace to tackle quality issues with greater effectiveness than current methods.

4. Develop a Framework for Evaluating the Current Maturity Level of the 5I:

(a) Steps to Take: Create a maturity model that enables organizations to gauge their
current utilization of the 5I approach. This model should encompass criteria and
metrics for measuring advancement and efficiency.

(b) Anticipated Results: An authenticated framework that enables the assessment of
the effectiveness and durability of the 5I approach in organizational endeavors
to enhance quality.

This Study offers a detailed yet systematic approach focused on meeting key needs
for improving quality management in organizations. Below is a structured framework to
effectively achieve our stated objectives.

1. Quality Achievement: Establish industry-specific quality standards and incorporate
them into the 5I approach by measuring customer satisfaction scores, product quality
ratings, and defect rates.

2. Enhance Reliability of Quality Control: Utilize the 5I approach and continuous moni-
toring to ensure consistent adherence to quality standards.
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3. Empower Local Decision-Making and Team Autonomy: Provide teams with the
necessary tools and authority to make quality-related decisions.

4. Harness Contemporary Technology for Quality Control: Integrate modern technologies
such as Quality 4.0, IoT, machine learning, and data analytics into quality management
processes. Measure technology utilization rates, real-time monitoring efficacy, and the
integration of technology in quality control workflows.

5. Framework for Assessing the Current Maturity Level of the 5I: Develop a maturity
approach to enable organizations to gauge their implementation of the 5I approach,
effectiveness, and sustainability.

1.4 Overview of The Chapters

In this chapter, we have delved into various aspects of quality control and explored the
objectives and methodology of the research. The rest of this thesis is structured as follows:

Chapter 2 provides a comprehensive review of the existing literature, laying the ground-
work for the research context and providing an in-depth exploration of Industry 4.0, outlining
its fundamental principles. It also encompasses the concept of quality management, trac-
ing its historical evolution. Additionally, it covers various types of quality control and the
associated tools.

Chapter 3 delves further into quality management approaches and their corresponding
tools. It includes a comprehensive analysis of these approaches, highlighting their character-
istics and management strategies. Furthermore, it introduces some of the tools used in quality
control. The chapter concludes with a comparative analysis of different quality management
approaches.

Chapter 4 begins by introducing the 5I approach as an innovative enhancement to the
traditional Six Sigma approach. It delves into each of the five stages:Identify, Inspect,
Investigate, Implement, and Improve. For each stage, it provides a comprehensive overview
of the specific tools and techniques employed, illustrating how they contribute to process
optimization. By integrating these steps, the 5I approach aims to streamline operations,
reduce variability, and drive continuous improvement within organizations.

Chapter 5 showcases case studies that highlight the practical application and effectiveness
of the 5I approach in real-world scenarios. These examples illustrate the utility of the tools
and framework introduced in Chapter 4, offering detailed analysis and actionable insights
that reinforce the theoretical concepts discussed earlier.
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Finally, Chapter 6 concludes the thesis by summarizing the key findings and contributions
of the research. It reflects on the implications of the study, discusses its limitations, and
suggests potential areas for future research. This chapter aims to provide a comprehensive
closure to the study, tying together all the elements explored in previous chapters and
emphasizing the significance of the proposed method and findings in advancing the field,and
offers recommendations based on the research.



Chapter 2

Quality Control in Industry 4.0:
Background and problems

2.1 Introduction

The evolution of technologies and their widespread adoption is a permanent source of
innovation. This evolution has led to the birth of a new industrial revolution, known as
Industry 4.0. It was proposed in November 2011 by Henning Kagermann, Lukas Wolf-Dieter,
and Wolfgang Wahlster, who were representatives of German business, politics, and science,
as noted by [60] .

The focus of this initiative was to make the manufacturing sector more productive and
flexible. It was the result of a long period of reflection by the government, major industrial
players, and academic actors[80] . This initiative corresponds to a new way of organizing
the means of production, with the objective being the establishment of smart factories
characterized by large production and a more efficient allocation of resources [98].

2.2 Industry 4.0

Industry 4.0 offers a more comprehensive, interlinked, and holistic approach to manufactur-
ing. By connecting physical with digital, it allows for better collaboration and access across
departments, partners, vendors, products, and people[14]. Industry 4.0 leverages information
technologies to advance the Internet of Things (IoT), resulting in highly integrated business
and engineering processes that lead to flexible, efficient, and environmentally sustainable
manufacturing with consistently high quality and low costs. As noted by [135] Industry 4.0
refers to recent technological advances in the internet and supporting technologies. This
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industrial digitization transition integrates all physical activities into digital ecosystems,
enabling intelligent manufacturing that incorporates various technologies through interop-
erability, real-time monitoring and control, flexible manufacturing, adaptation, and rapid
response to market changes, ultimately enhancing productivity.

On the other hand and according to [37]Industry 4.0 is a system that communicates
and cooperates, as well as with humans, to decentralize decision-making. The Industry 4.0
era is characterized by the internet’s use to connect machines, just like in a social network.
Cyberphysical systems and artificial intelligence have extended the ability of the production
system to virtually reassign and reorganize itself, responding instantly to any rapid change
requested by value chain actors, as stated by [129].

2.2.1 Industry 4.0’s Technologies

Industry 4.0 is founded on nine key technological pillars (cf. Figure 2.1)[116] [133]. These
innovations connect the physical and digital realms, facilitating the development of intelligent
and autonomous systems. While companies and supply chains are already leveraging some
of these advanced technologies, the true potential of Industry 4.0 is realized when they are
integrated and utilized in tandem.

Fig. 2.1 Nine key Technologies of Industry 4.0
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Artificial Intelligence: AI stands as a pivotal technology in the realm of Industry 4.0, signif-
icantly transforming business models and management practices [20]. It encompasses
the ability of machines to leverage algorithms, learn from data, and employ that
knowledge for decision-making like human reasoning. AI boasts a diverse array of
applications, including image recognition, classification, and labelling; safeguarding
against cybersecurity threats in banking and online payment systems; facilitating pre-
dictive maintenance in manufacturing through real-time data collection to identify
potential failures; and enhancing quality control in industrial production by analyzing
large datasets related to both additive and subtractive manufacturing processes [61].

Big data : Big data plays a crucial role in Industry 4.0, which is characterized by the
integration of digital technologies into manufacturing and industrial processes. This
fourth industrial revolution leverages advanced technologies, such as the Internet
of Things (IoT), artificial intelligence (AI), machine learning, and data analytics, to
optimize production, increase efficiency, and facilitate innovation [130].

Internet of Things (IoT): The Internet of Things (IoT)—more specifically, the Industrial
Internet of Things—is so integral to Industry 4.0 that the terms are often used in-
terchangeably. Most physical entities within Industry 4.0, including devices, robots,
machines, equipment, and products, utilize sensors and Radio Frequency Identifica-
tionDevice (RFID) tags to deliver real-time data about their status, performance, or
location [57]. This technology allows companies to streamline supply chain manage-
ment, quickly design and modify products, minimize equipment downtime, and remain
attuned to customer preferences.

Cybersecurity: As connectivity increases and the use of Big Data expands within Industry
4.0, robust cybersecurity measures become essential [20]. By adopting a zero-trust
architecture and integrating technologies such as machine learning and blockchain,
companies can automate the detection, prevention, and response to potential threats,
thereby reducing the risk of data breaches and production delays throughout their
networks [160].

Additive Manufacturing/3D Printing: Additive manufacturing, commonly known as 3D
printing, is a crucial technology in the realm of Industry 4.0. Originally utilized
primarily as a rapid prototyping tool, 3D printing has evolved to encompass a broader
array of applications, including mass customization and distributed manufacturing [27].
This technology allows for parts and products to be stored as digital design files in
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virtual inventories, which can be printed on demand, thereby minimizing transportation
costs and distances.

Augmented Reality (AR): Augmented reality, which integrates digital content with the real
environment, is a key component of Industry 4.0. Through an AR system, technicians
can use smart glasses or mobile devices to visualize IoT data in real time, along with
digitized components, repair or assembly instructions, and training materials [28] .
Although AR is still in its developmental stages, it has significant implications for
maintenance, service, and quality assurance, as well as for the training and safety of
technicians.

Cloud Computing: Cloud computing serves as the "great catalyst" for Industry 4.0 and the
ongoing digital transformation. Modern cloud technology extends beyond mere speed,
scalability, storage, and cost-effectiveness; it underpins most advanced technologies,
including AI, machine learning, and the Internet of Things (IoT), enabling businesses
to drive innovation [120]. The data that powers Industry 4.0 technologies is housed in
the cloud, which facilitates communication and coordination among the cyber-physical
systems central to Industry 4.0.

Blockchain technology: Blockchain technology is increasingly recognized as a fundamen-
tal component of Industry 4.0, complementing technologies like big data, the Internet
of Things (IoT), and artificial intelligence (AI). Its decentralized and secure nature
brings several advantages to industrial processes and operations [128].

Robots: In the context of Industry 4.0, a new generation of autonomous robots is emerging.
These robots are programmed to perform tasks with minimal human oversight and vary
widely in size and functionality, from inventory scanning drones to autonomous mobile
robots designed for picking and placing operations [90]. Equipped with advanced
software, artificial intelligence, sensors, and sophisticated computer vision systems,
these robots can carry out complex and delicate tasks while recognizing, analyzing,
and responding to environmental inputs.

2.2.2 Industry 4.0’s Principles

Industry 4.0 is guided by several key principles that serve as a framework for implementing
digitalization, automation, and connectivity. These principles underpin its transformational
impact on manufacturing and industrial processes.

The main principles of Industry 4.0, as noted by [129] and [59], including interconnection,
data management, decentralized decisions, and technical assistance.
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Interconnection

Industry 4.0 signifies a profound transformation in manufacturing, defined by the inter-
connection of various devices, machines, systems, and processes to create a cohesive and
integrated network. This interconnected framework facilitates real-time communication,
seamless data exchange, and improved collaboration among the diverse stakeholders involved
in the production process. Key technologies driving this revolutionary landscape include the
Internet of Things (IoT), advanced communication protocols, edge computing, and cloud
computing [156].

Interconnection goes beyond a mere technical feature; it is a fundamental aspect of
Industry 4.0 that promotes collaboration among machinery, human operators, and software
systems. By enabling smooth communication between different components of the manu-
facturing ecosystem, this interconnectivity enhances automation capabilities and optimizes
production processes. Consequently, organizations can achieve greater efficiency, enhanced
productivity, and a stronger competitive advantage in the market [157]. These advancements
not only streamline operations but also enable swift adaptation to changing market demands,
ultimately fostering innovation and growth within the industry.

Decentralized decisions

Decentralized decision-making is another key principle of Industry 4.0, where decision-
making authority is distributed across various nodes within a networked system rather than
being centralized in a single entity [119]. This empowers individual machines, systems,
and components to make autonomous decisions based on real-time data and contextual
information, leading to self-configuration, self-diagnosis, and self-optimization of products,
machines, and robots involved in production processes.

Data Management

Data management is essential for deriving insights, optimizing processes, and supporting
decision-making across the entire manufacturing lifecycle. In the context of Industry 4.0,
data management refers to the systematic handling, storage, processing, and utilization of
data generated by interconnected devices, machines, and systems within a manufacturing
environment[150]. This involves the acquisition of technologies and information processing
such as Big Data and IoT to manage the large amounts of information that come from any
production process[112].
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Technical assistance

Technical assistance in Industry 4.0 involves the integration and application of cutting-edge
technologies, such as Artificial Intelligence (AI), Augmented Reality (AR), and Virtual
Reality (VR), to enhance problem-solving capabilities and improve visualization processes
in industrial environments. These advanced technologies promote more efficient decision-
making and provide immersive experiences, enabling workers to better understand complex
systems and operations. Furthermore, this concept encompasses the deployment of auto-
mated machines and robots capable of performing physical tasks, particularly those that
are monotonous, hazardous, or physically demanding for human workers. This transforma-
tion aims not only to boost productivity and efficiency within the industrial sector but also
to enhance worker safety and job satisfaction by mitigating their exposure to unfavorable
working conditions [114]. In summary, technical assistance in Industry 4.0 signifies a sig-
nificant evolution in industrial operations, leveraging technology to foster smarter and safer
workplaces.

2.3 Quality Management Concept

Quality management (QM) is a comprehensive approach that focuses on ensuring that
products or services consistently meet or exceed customer expectations. It involves the
systematic control of processes and procedures to ensure that the result meets predefined
standards of quality [76].

In Industry 4.0, quality management facilitates the control of all processes and data used
in companies [127]. According to [39], QM has been defined as a philosophy or approach to
management consisting of a set of mutually reinforcing principles, each of which is supported
by a set of practices and techniques.

The evolution of quality has closely followed the progression of industrial revolutions,
and the criteria used to assess the quality of Industry 4.0 companies have seen considerable
advancements as well. As noted by [18] , each quality revolution has been assessed based on
three key criteria: traceability, controllability, and sustainability, all of which are essential for
effective quality management in Industry 4.0 :

Traceability : By implementing traceability criteria, businesses can identify and mitigate
coordination problems during the quality improvement process[95]. This involves
monitoring whether the process is carried out using the correct method, at the right
time, and at the correct cost, while considering the expected quality outcomes. Industry
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4.0 technologies, such as blockchain, can be leveraged to ensure quality traceability,
enabling businesses to intervene at the right time.

Controllability : Controllability is another key principle that ensures the confidentiality
of quality management processes and enables corrective action to be taken when
necessary. It is important to audit and control these processes, while ensuring that
only relevant personnel have access to the information [95]. Decisions based on this
information should only be made by designated individuals. By utilizing blockchain
technology, businesses can achieve the necessary level of controllability for effective
quality management.

Sustainability : Sustainability is essential for ensuring the continuity of quality improve-
ment processes. The quality of business functions should be maintained at a certain
level, meeting expectations and achieving the desired outcomes [112]. This can be
achieved by ensuring the continuity of assets within the enterprise, enabling sustainable
quality management processes that can be relied on for the long term.

2.3.1 Quality:Evolution and Definitions

Throughout history, humanity has shown a keen interest in quality. This interest originally
manifested in primitive and instinctive forms, as early humans cared about the quality of their
food, the materials they used, their hunting tools, and their wooden weapons. As production
and markets developed, the focus shifted to the specifications of goods. From the Industrial
Revolution to the present day, the concept of quality has undergone significant evolution.
Initially centered on productivity, it later incorporated scientific management principles to
rationalize productivity and reduce costs. The need to evaluate mass production led to the
development of quality control methods. The real scientific beginning of modern quality
control can be attributed to the contributions of statistician Walter Shewhart in 1924. The
continuous development of this field has been influenced by the significant contributions of
quality experts, shaping its principles, techniques, and conceptualization.

The word ’quality’ is increasingly used in companies, whether in the food, industrial, or
even service sectors. Companies are placing greater emphasis on ensuring the quality of their
products and services to meet customer expectations and maintain a competitive edge in the
market. Quality has become a key factor in driving customer satisfaction, brand reputation,
and overall business success. In the 1950s, the initial uses of quality were primarily in
the industrial sector, where it was referred to as "quality control." This involved verifying
compliance with the specifications established by the designer. Quality was maintained by
monitoring the production process and removing any defective or substandard items.
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The concept of quality has indeed evolved in parallel with the industrial revolutions.
Therefore, in today’s Industry 4.0 era, the criteria for evaluating the quality of an enterprise
have also undergone significant advancements. Ultimately, the goal of ensuring quality is
to meet the intended specifications or potential requirements of a product or service, which
leads to customer satisfaction [18].

David A. [53] categorizes definitions of quality into five groups: transcendent, product-
based, user-based, manufacturing-based, and value-based. Table 2.1 provides examples for
each category.

Table 2.1 Quality Definitions [53]

Category Definitions
Transcendent "Quality is neither mind nor matter, but a third entity independent of

the two ... even though Quality cannot be defined, you know what it
is. " (Robert M. Pirsig, Zen and the Art of Motorcycle Maintenance
[NewYork: Bantam Books, 1974], pp. 185, 213)
" . . . a condition of excellence implying fine quality as distinct from
poor quality.... Quality is achieving or reaching for the highest stan-
dard as against being satisfied with the sloppy or fraudulent." (Barbara
W. Tuchman, "The Decline of Quality," New York Times Magazine,
November 2, 1980, p. 38)

Product-based "Differences in quality amount to differences in the quantity of some
desired ingredient or attribute." (Lawrence Abbott, Quality and Compe-
tition [New York: Columbia University Press, 1955, pp. 126-27)
"Quality refers to the amounts of the unpriced attributes contained in
each unit of the priced attribute." (Keith B. Leffier, "Ambiguous Changes
in Product Quality," American Economic Review, December 1982, p.
956)

User-based "Quality consists of the capacity to satisfy wants . (Corwin D. Edwards,
"The Meaning of Quality," Quality Progress, October 1968, p. 37)
"In the final analysis of the marketplace, the quality of a product depends
on how well it fits patterns of consumer preferences." (Alfred A. Kuelm
and Ralph L. Day, "Strategy of Product Quality, "Harvard Business
Review, November-December 1962, p. 101)
"Quality is fitness for use. (J. M. Juran, ed., Quality Control Handbook,
Third Edition [New York: McGraw-Hill, 1974, p. 22)
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Manufacturing-
based

"Quality [means] conformance to requirements. " (Philip B. Crosby,
Quality Is Free [New York: New American Library, 1979], p. 15)
"Quality is the degree to which a specific product conforms to a design
or specification." (Harold L. Gilmore, "Product Conformance Cost,"
Quality Progress, June 1974, p. 16)

Value-based "Quality is the degree of excellence at an acceptable price and the control
of variability at an acceptable cost." (Robert A. Broh, Managing Quality
for Higher Profits [New York. McGraw-Hill, 1982], p. 3)
"Quality means best for certain customer conditions. These conditions
are (a) the actual use and (b) the selling price of the product." (Armand
V. Feigenbaum, Total Quality Control [New York: McGraw-Hill, 1961],
p.1)

2.3.2 Evolution of Quality

This section charts the evolution from Statistical Process Control (SPC) through to the
present-day concepts of quality 4.0 (cf. Figure 2.2).

Fig. 2.2 Quality evolution to quality 4.0

• The Statistical Process Control (SPC) technique is a widely used method in the Auto-
motive, Engineering, and Manufacturing industries to measure the Process Capability
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of the production process. Its primary function is to monitor and control the man-
ufacturing process, ultimately eliminating the Common cause and Special cause of
variations [93]. SPC is a quality control tool used to monitor and control processes to
ensure that they are performing within acceptable limits. It involves collecting data
regularly and using statistical techniques to analyze the data and identify any trends or
patterns that may indicate a problem with the process [36] . SPC can be used in a wide
range of industries, including manufacturing, healthcare, and service industries, to
improve quality and reduce waste and costs. Its main benefits include reducing defects,
improving customer satisfaction, and increasing efficiency and productivity.

• Quality assurance (QA) is an essential activity to ensure that an organization provides
the best product or service to its customers. QA comprises a set of activities designed
to evaluate the process by which products are manufactured, to detect and reduce
or eliminating errors in the production process [129]. QA is a process-oriented ap-
proach to ensuring that products or services meet or exceed customer expectations.
This involves establishing and maintaining a set of standards or requirements for the
product or service, and implementing processes to ensure that those standards are met
throughout the entire production or service delivery process [56]. The primary goal
of QA is to prevent defects or mistakes from occurring in the first place, rather than
identifying and correcting them after they have occurred. This can include activities
such as product testing, process monitoring and control, and continuous improvement
efforts. The goal of QA is to provide customers with high-quality products or services
that meet their needs and expectations [92].

• The concept of Total Quality Management (T.Q.M.) originated in the USA but was
first put into practice in Japan in 1949. Toyota’s founder, Mr. Toyoda, assigned Taiichi
Ohno the task of adapting the Ford method [155]to better fit Japan’s evolving social
and economic landscape. Ohno developed a method centered on the principle of
minimizing losses by achieving impeccable quality, which became known as Toyotism.
Since the early 1980s, this approach has gained increasing popularity, especially in
developed nations. Total Quality Management (TQM) is a continual process of im-
proving a company’s performance by detecting and reducing or eliminating errors
in manufacturing, streamlining supply chain management, improving the customer
experience [129] . TQM involves several key principles, including customer focus,
continuous improvement, employee empowerment, and teamwork. It requires a com-
mitment to quality at all levels of the organization, from top management to front-line
employees. TQM also involves the use of quality tools and techniques, such as sta-
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tistical process control, quality circles, and benchmarking, to identify and eliminate
defects and improve processes [96]. The goal of TQM is to create a culture of continu-
ous improvement that delivers high-quality products and services to customers while
maximizing organizational efficiency and effectiveness.

• The Lean Management approach, which draws inspiration from Toyota’s production
system, is a proven method for enhancing a company’s performance through effective
management and organization. Lean is a process that consistently reduces waste and
enhances workflow to produce a product or service that is widely regarded as being
of high value to its users [21]. It employs a range of tools and techniques, such as
value-stream mapping, 5S, and just-in-time (JIT) production, to streamline processes
and minimize waste. The fundamental goal of lean management is to foster a culture of
continual improvement that delivers exceptional products and services to clients while
optimizing efficiency and minimizing waste. By doing so, companies can enhance
their profitability, boost customer satisfaction, and gain a competitive advantage in
their respective industries.

• Six Sigma is a quality management concept and a methodology that emphasizes
variation reduction, defect elimination, and improving the process and product quality
and services. It is also defined as a methodology for quality problem-solving. A product
is said to be of 6 sigma (6) quality if there are no more than 3.4 defects per million
[21]. It uses a structured approach called DMAIC to identify and eliminate sources
of variability and defects. By implementing these methodologies, organizations can
enhance their quality, lower costs, boost customer satisfaction, and attain a competitive
edge.

• Lean Six Sigma meets the principles of total quality management, which is a quality
management approach that aims to involve the entire company to achieve perfect
quality by reducing waste and continuously improving the output elements. Lean
Six Sigma proposes the DMAIC roadmap as an improvement methodology and a
conceptual organizational framework with specific roles for project managers [21].

• Quality 4.0 is a concept derived from Industry 4.0, referring to the fourth revolution
of the industry. Quality 4.0 is related to the quality management system in the era of
industry 4.0. Its primary objectives are digitalization, automation, interconnection, and
analytics in the quality management system [94] [126].

• Quality 5, emerging from 2020, signifies a transformative era driven by digital innova-
tion, increased automation, and a heightened awareness of environmental and societal
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impacts [12]. Grounded in the principles of Industry 5.0 [105], this evolving concept of
quality integrates innovation, advanced technology, and sustainable practices. Within
this framework, exceptional products and services are expected to deliver outstanding
user experiences, enhanced by digital interfaces and artificial intelligence, while also
promoting sustainability and making a positive contribution to society. As a result,
in the era of Quality 5, the traditional understanding of quality is being reimagined
as a comprehensive approach that prioritizes customer satisfaction, innovation, social
progress, and environmental sustainability.

2.4 Quality 4.0

In the realm of Industry 4.0, digital technologies have paved the way for a new form of data-
driven management known as Quality 4.0 [126]. As a component of the Industry 4.0 strategy,
Quality 4.0 involves the incorporation of advanced technologies into quality management
methods and tools [122].
Jacob describes Quality 4.0 as follows:

“Quality 4.0 certainly includes the digitalization of quality management. More impor-
tantly, it is the impact of that digitalization on quality technology, processes, and people.”
[65]

Quality 4.0 focuses on data to monitor quality performance, including good and bad
quality costs. Companies increase data resolution using sensors and analytics, inspect sup-
pliers’ quality and processes to prevent downstream issues, monitor machines for problems
and maintain them proactively, and train operators or introduce automation for jobs with
repeatability challenges [69]. It strives to unite individuals, processes, and technologies
in pursuit of quality management system digitization. It is important to note that Quality
4.0 does not replace traditional quality tools; rather, it builds upon them to enhance their
effectiveness [16].

The impact of Quality 4.0 is not limited to the factory floor but extends throughout
the entire supply chain. This includes research and development, purchasing, production,
logistics, sales, service, and other corporate functions such as administration and management
[126].

Figure 2.3 illustrates the comprehensive cycle of quality, beginning with high-quality
raw materials. These materials are essential as they form the foundation of any product.
Next, the human skills involved play a critical role; skilled workers apply their expertise and
knowledge to ensure that the materials are treated and processed correctly.



2.4 Quality 4.0 21

Following this, machines and equipment come into play. The reliability and efficiency of
these machines directly influence the production processes. Advanced technologies are also
integrated into the cycle, enhancing both the speed and precision of manufacturing.

All these elements work together in a systematic process, from the initial sourcing of
materials to the final stages of production. This coordinated effort ultimately leads to a quality
product, which is a crucial aspect of a reputable quality company. Such companies recognize
that maintaining high standards throughout this cycle is vital for customer satisfaction and
business success.

Fig. 2.3 Quality 4.0 Cycle

Radziwill [122] identifies seven tools (cf. Figure 2.4) and technologies associated with
the Fourth Industrial Revolution that can be leveraged to enhance quality. These include:
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Fig. 2.4 Seven Tools of Quality 4.0 [122]

1. Statistics and data science are interrelated disciplines that systematically analyze data
to uncover meaningful patterns, trends, and relationships. These fields emphasize the
extraction of actionable insights from both structured and unstructured data, ultimately
guiding informed decision-making across various sectors. By employing statistical
methods and computational techniques, data scientists can transform raw data into
informative narratives that help organizations understand underlying phenomena and
predict future occurrences.

2. Enabling technologies serve as essential building blocks in the creation and deployment
of innovative systems, processes, or products across different industries. These founda-
tional tools include software frameworks, programming languages, and infrastructure
solutions that empower organizations to streamline workflows, enhance operational
efficiency, and foster creativity. By supporting innovation, enabling technologies drive
significant advancements in fields such as manufacturing, healthcare, finance, and
beyond, ultimately leading to improved productivity and competitive advantages.

3. Big Data refers to the immense and complex volumes of data generated at unprece-
dented speeds from diverse sources, including social media, IoT devices, and trans-
actional systems. This dataset encompasses both structured data like databases and
spreadsheets and unstructured data such as text, images, and videos. Traditional
data processing tools often struggle to manage Big Data effectively due to its sheer
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size and complexity. As a result, specialized technologies and analytical techniques
have emerged to enable the storage, processing, and analysis of Big Data, allowing
organizations to derive valuable insights and drive data-driven decision-making.

4. Blockchain is an innovative decentralized digital ledger technology that enables secure
and transparent recording of transactions across multiple computers or nodes. This
distributed nature ensures that recorded transactions are immutable and cannot be
altered retroactively, which significantly enhances trust and accountability [78] [5]
. Blockchain technology is not only applicable to cryptocurrencies like Bitcoin but
also has implications across various sectors such as finance, supply chain management,
healthcare, and more. It enables secure peer-to-peer transactions, reduces fraud, and
streamlines processes by eliminating intermediaries.

5. Machine learning (ML), a prominent subset of artificial intelligence (AI), focuses on the
formulation of algorithms and statistical models that empower computers to perform
tasks without the need for explicit programming. Instead of relying on predetermined
instructions, machine learning algorithms analyze historical data to identify patterns
and make predictions [8]. As these systems are exposed to more data over time, they
improve their accuracy and performance, enabling a wide range of applications from
recommendation systems to predictive analytics and beyond.

6. Neural networks and deep learning are advanced methodologies within machine learn-
ing that draw inspiration from the structure and function of the human brain. Com-
prising interconnected layers of nodes (or “neurons”), neural networks are capable
of processing complex data inputs. Deep learning, which leverages larger and more
complex neural networks, excels in intricate tasks such as image recognition, natural
language processing, and speech recognition [3]. These technologies have revolu-
tionized fields including computer vision and language translation, demonstrating
remarkable capabilities in understanding and generating human-like responses.

7. Artificial Intelligence (AI) refers to the broad spectrum of technologies that aim to
simulate human intelligence in machines, enabling them to think and act in ways that
mimic human behavior. AI encompasses various methodologies, including machine
learning, natural language processing, robotics, and computer vision, among others.
By utilizing these technologies, machines can perform an array of tasks typically
requiring human intelligence, such as perception, reasoning, and problem-solving. The
application of AI spans numerous domains, from customer service chatbots and virtual
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assistants to advanced diagnostics in healthcare, representing a transformative force
across industries.

Following [122] findings, there are six key benefits associated with Quality 4.0 initiatives:

• Enhancing human intelligence;

• Accelerating and improving decision-making processes;

• Enhancing transparency, traceability, and audit ability;

• Adapting to changes, acknowledging biases, and responding to new information and
circumstances;

• Facilitating continuous improvement and new business models by evolving relation-
ships, organizational boundaries, and trust;

• Cultivating self-awareness and other-awareness as skills to facilitate ongoing learning.

Moving from Quality 4.0 to Process involves applying the digital innovations and data-
driven insights from Quality 4.0 to improve and optimize business workflows. While
Quality 4.0 focuses on using technologies like IoT, AI, and big data to monitor and maintain
product quality in real time, the real value comes from applying these insights to enhance
processes. By integrating smart technologies into process management, companies can
eliminate inefficiencies, streamline operations, and support continuous improvement.

In the following section, we introduce the concept of process and its management and
control.

2.5 Process: Management and Control

A process is a series of interrelated activities or tasks conducted in a structured sequence to
achieve a specific goal or outcome. This term is commonly utilized across various fields such
as business, technology, and science, with its definition often varying by context. Below are
the general components of a process:

Input: The resources, such as data, materials, or information, needed to initiate the process;

Activities : The steps or tasks executed in a specific order;

Output: The result or product generated upon the completion of the process.
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Resources: The tools, personnel, or systems utilized to carry out the process.

Control: The standards, policies, or metrics ensure the process remains effective and meets
its objectives.

There are several types of processes across various domains, especially in business and
manufacturing.These types include core processes, support processes, management processes,
business processes, manufacturing processes, operational processes, innovation processes,
customer-facing processes, end-to-end processes, etc. In our context, we are interested in
manufacturing processes.

2.5.1 Manufacturing Process

A manufacturing process encompasses a comprehensive and organized sequence of actions
or operations that transform raw materials, components, or parts into fully finished products
ready for use or sale. This process is typically multifaceted, integrating various elements such
as skilled human labor, advanced machinery, specialized tools, and modern technology. Each
step in the manufacturing process is designed to optimize efficiency and quality, ensuring
that the final products meet specific standards and specifications.

The manufacturing process can vary significantly depending on the industry and the nature
of the products being created, ranging from simple handcrafted items to highly complex
machinery. Various methodologies, such as lean manufacturing, just-in-time production,
and automation, may be employed to enhance productivity and reduce waste. Ultimately,
the goal of the manufacturing process is to deliver items that satisfy consumer demands or
fulfill specific industrial requirements, contributing to economic growth and technological
advancement.

2.5.2 Process control

Process control plays a vital role in engineering, particularly in managing the output and
quality of production systems, which encompass both traditional and additive manufacturing.
Traditional manufacturing often lacks a universal quality management system due to its
diverse range of processes. This results in a trade-off between modeling complexity and
accuracy. The emergence of additive manufacturing adds further complexity, as it neces-
sitates consideration of three-dimensional space and material feasibility. Additionally, the
introduction of advanced materials such as liquid metals and biomaterials poses challenges
to existing control methodologies.
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Interest in process control has surged for several reasons: it facilitates better identification
of quality issues through explicit modeling, unveils structural relationships between products
and quality strategies, and assists in choosing suitable quality control mechanisms. This
approach also addresses the challenges of knowledge dissemination within the industry
and contributes to discussions regarding design efficiency versus resource consumption.
Moreover, the ability to make flexible process adjustments can enhance revenue and create
new product opportunities, effectively bridging the gap between designers and customers in
the realm of mass customization.

2.6 Quality Control

Effective quality control is crucial for ensuring the production of high-quality products in the
industry sector. It plays a particularly important role in fields such as metallurgy, ironworking,
maintenance, industrial construction, agri-food, and pharmaceutical laboratories, where
product control is essential for efficient production [154]. This technical intervention involves
assessing product compliance to determine the specific features and constraints that a product
must meet to obtain certification. The application of quality control in manufacturing
companies is driven by various motivating factors, such as reducing defective products,
improving efficiency, and maintaining a competitive edge in the market [72].

Product inspection can take place at various points in a product’s manufacturing cycle.
Incoming inspection focuses on the raw materials used in production, while in-process inspec-
tion serves several purposes, including eliminating non-conforming elements and detecting
manufacturing deviations [107]. Eliminating non-conformities during the manufacturing
process helps to avoid unnecessary manufacturing with parts that will ultimately need to be
scrapped. These manufacturing controls also measure certain inaccessible characteristics of
the finished product and detect deviations, allowing for corrective action to be taken[154].

The final inspection occurs once the product is finished. Quality control includes a set of
inspections such as measurements, checks, and tests on the characteristics of manufactured
products or services, to ensure their compliance with the specifications initially defined.
Meillier [97], has provided a set of steps for carrying out quality control:

1. Identify the item to be controlled,

2. Determine the unit of measurement,

3. Define the quality attributes to be evaluated,

4. Create a tool for assessing the attributes based on the unit of measurement,
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5. Conduct the measurement,

6. Analyze the variance between the actual measurement and the standard,

7. Determine suitable courses of action.

2.6.1 Responsibilities of Quality Controllers in manufacturing

In manufacturing environments, quality controllers play an essential role in upholding high
standards of product quality and safety. Their primary objective is to ensure that all products
adhere to established quality standards throughout the production process [87] [147] [42].
Below are the key responsibilities typically undertaken by a quality controller in a factory
setting:

Monitoring Production Lines: Quality controllers are responsible for the continuous ob-
servation of production lines, identifying defects in both materials and workmanship.
They evaluate various stages of the manufacturing process to detect issues early, thereby
ensuring that products are consistently produced to meet quality specifications.

Testing Raw Materials: Before the start of production, quality controllers perform thorough
testing of raw materials to confirm they meet the safety standards required for the final
product. This involves assessing material properties and identifying potential hazards
to ensure compliance with industry regulations.

Inspecting Incoming Materials: Quality controllers carefully inspect incoming raw mate-
rials to ensure they meet previously established quality criteria. This process includes
verifying certifications and conducting physical examinations.

Conducting Inspections of Facilities and Equipment: To uphold a safe and compliant
manufacturing environment, quality controllers conduct regular inspections of facilities
and equipment. They verify that all operations adhere to legal and safety standards,
identifying areas requiring improvement or immediate action to prevent potential
hazards.

Engaging in Team Meetings: Quality controllers actively participate in team meetings to
discuss quality-related issues. They collaborate with various departments to address
concerns regarding products or processes, sharing valuable insights and proposing
enhancements to improve overall product quality.
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Implementing Product Inspections Throughout Manufacturing: Throughout the produc-
tion process, quality controllers carry out inspections at various stages. They ensure
that products are manufactured by established standards and regulations, thereby
reducing

Collaborating with Engineers and Designers: Quality controllers closely collaborate with
engineers and product designers to ensure that product designs are both innovative
and feasible for efficient, cost-effective manufacturing. This partnership streamlines
production while maintaining high-quality standards.

Ensuring Product Safety through Functional Testing: To ensure consumer safety, qual-
ity controllers perform functional tests on finished products. These assessments
evaluate performance and safety, confirming that the products operate as intended and
comply with all relevant safety regulations.

Through these meticulous tasks, quality controllers play an essential role in maintaining
product integrity, safety, and compliance in the manufacturing sector, ultimately contributing
to customer satisfaction and enhancing brand reputation.

2.6.2 Types of Quality Control in Manufacturing

Quality control is an essential part of the production chain, and several types of quality
control can be implemented to ensure that products meet the desired quality standards. This
may include visual inspections, testing of samples, statistical process control, and other
methods to monitor and maintain the quality of the final product. Effective quality control
helps to identify and address any issues or defects early in the production process, reducing
waste and ensuring customer satisfaction. Below, we outline several types of quality control
within the production chain:

Incoming Quality Control (IQC)

This type of quality control focuses on checking the quality of raw materials, components,
and other inputs before they are used in the production process. IQC aims to ensure that only
high-quality inputs are used in the production process, which can help to reduce defects and
improve the overall quality of the final product [137]. IQC involves a series of checks and
inspections on incoming materials to ensure that they meet the specified quality requirements.
These checks can include visual inspections, dimensional measurements, functional tests,
and chemical analysis. The results of these checks are compared against predetermined
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acceptance criteria to determine whether the material can be accepted, rejected, or further
inspected.

In-Process Quality Control (IPQC)

As the name suggests, this type of quality control is carried out during the production process
to ensure that the products are being manufactured according to the desired quality standards.
IPQC involves monitoring various production parameters such as temperature, pressure,
and speed to identify any deviations from the desired quality standards [152]. The benefits
of IPQC include improved quality, reduced costs, and increased efficiency. By detecting
and correcting quality issues early in the production process, organizations can reduce
the risk of costly rework and delays. Additionally, by monitoring the production process
closely, organizations can identify areas for improvement and implement corrective actions
to improve quality and efficiency.

Final Quality Control (FQC)

This is the last stage of quality control and is carried out on the finished product before
it is released to the market. FQC involves a thorough inspection of the product to ensure
that it meets the desired quality standards and is free from defects [152]. During FQC,
trained inspectors or quality control technicians thoroughly examine each product for defects,
inconsistencies, or deviations from specifications. This inspection may involve visual checks,
functional tests, measurements, and other quality control procedures, depending on the nature
of the product and its intended use.

Six Sigma

Six Sigma is a data-driven approach to quality control that aims to reduce defects in the
production process to less than 3.4 defects per million products. Six Sigma uses statistical
methods to identify and eliminate the root causes of defects in the production process
[31]. It originated in the manufacturing sector but has since been applied across various
industries, including healthcare, finance, and service sectors. Six Sigma focuses on achieving
measurable and sustainable improvements in process performance and product quality by
identifying and eliminating defects or deviations from customer requirements.

Supplier Quality Control (SQC)

SQC involves setting standards for suppliers, monitoring their performance, and taking
corrective action when necessary. The goal of SQC is to ensure that the products and services
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received from suppliers are of consistent quality, meet the specifications of the buyer, and
are delivered on time. SQC helps companies reduce costs, improve quality, and increase
customer satisfaction by ensuring that the products and services they offer are of the highest
possible quality [109].

Effective SQC is essential for maintaining product quality, consistency, and reliability,
especially in industries where components or raw materials are sourced from multiple
suppliers. By implementing robust SQC processes [68], companies can mitigate the risks
associated with variations in supplier quality and ensure that their finished products meet the
desired standards.

Quality Circles (QC)

Quality circles are small voluntary groups of employees who meet regularly to identify,
analyze, and resolve work-related issues within their organization. The main aim of quality
circles is to improve the quality of work, productivity, and efficiency of the organization.
These circles are formed to encourage participation and boost morale among employees, as
well as to provide a platform for employee voices to be heard [44].

Quality circles have several benefits, such as increased employee involvement, improved
communication, and increased job satisfaction. Additionally, quality circles can lead to cost
savings, increased efficiency, and improved product quality. By encouraging employees to
take ownership of their work and empowering them to solve problems, quality circles can
help organizations achieve their goals and improve overall performance [77].

2.6.3 Traditional Quality Control Tools

Quality control tools are techniques used to identify, monitor, and control quality in a
product or process. These tools help organizations to achieve their quality objectives and
ensure customer satisfaction by identifying and correcting issues before they become major
problems. The following presents some of the most widely utilized quality control tools:

Pareto chart

A graphical representation of data that prioritizes problems according to their frequency
or impact (see Figure 2.5). It helps to visualize the frequency or occurrence of different
categories of data in a dataset, highlighting the most significant contributors to a problem or
outcome [33]. The chart is named after Vilfredo Pareto, an Italian economist who observed
that a large proportion of wealth in society is typically held by a small percentage of the
population [132]. The Pareto diagram displays the frequency and cumulative impact of



2.6 Quality Control 31

defects. It can be used to prioritize flaws for the greatest improvement. worksThrough Figure
5, we can explain how it works:

Fig. 2.5 Pareto chart [49]

• Each bar on the chart represents a specific type of defect or problem. The height of
the bar corresponds to an important unit of measurement, such as the frequency of
occurrence or cost associated with that defect.

• The bars are arranged in descending order, with the tallest bar representing the most
frequently occurring defect. This allows to easily identify the defects that occur most
frequently.

• The cumulative percentage of defects is represented by a line on the chart. By looking
at this line, we can see how much of the total defects are caused by the most common
issues.

Control chart

A control chart(cf. Figure 2.6) is a statistical tool used to monitor a process over time to
identify any shifts or changes in performance. It involves plotting data points on a graph and
analyzing the patterns that emerge to determine if the process is within acceptable limits or if
there are signs of variation that require attention [36]. The chart consists of a center line and
upper and lower control limits that represent the range of variability that is expected in the
process [103].
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Fig. 2.6 Control chart [101]

Any data points that fall outside of these upper and lower control limits indicate that the
process is out of control and requires investigation to identify the root cause of the variation.
Control charts can be used in various industries and applications, from manufacturing and
healthcare to finance and service industries, to monitor and improve quality and productivity.

Ishikawa diagram

Ishikawa diagram, also known as a fishbone diagram or cause-and-effect diagram, is a
graphical tool used to identify and organize potential causes of a problem or outcome .
It is named after its creator, Kaoru Ishikawa, a Japanese quality control expert [24]. The
diagram is shaped like a fish skeleton, with the problem or outcome at the head and the
potential causes organized into categories along the "bones" of the fish(see Figure 2.7). This
helps to visually display and categorize the potential causes to aid in problem-solving and
decision-making.
The steps involved in creating an Ishikawa diagram:

1. Identify the problem or outcome: We start by clearly defining the problem or outcome
we are trying to investigate.

2. Draw the backbone: We draw a horizontal line and add a box or arrowhead to represent
the problem or outcome we identified in step one.
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3. Identify categories: We determine the categories of potential causes we want to
investigate. Common categories include people, processes, equipment, materials, and
environment. We draw angled lines of the backbone to represent each category.

4. Brainstorm potential causes: With our team, we brainstorm potential causes within
each category and write them on the corresponding angled line.

5. Analyze potential causes: We review the potential causes and identify the most likely
contributors to the problem or outcome.

6. Identify root causes: We investigate the identified potential causes to determine the
root causes of the problem or outcome.

7. Develop an action plan: We develop an action plan to address the root causes and
improve the process or outcome.

Fig. 2.7 Fishbone diagram [62]

Histogram

A histogram (Figure 2.8)is a graphical representation of numerical data that uses bars to
display the frequency of different ranges or categories of values. The horizontal axis of the
histogram represents the range of values, while the vertical axis represents the frequency
of those values [111]. The bars of the histogram are drawn adjacent to each other and are
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equal in width, with the area of each bar being proportional to the frequency of the values it
represents [84].

Fig. 2.8 Histogram example [49]

Histograms are commonly used in statistics to show the distribution of numerical data,
such as the ages of a population or the scores on a test. They can help identify patterns and
outliers in the data, as well as provide insight into the shape of the distribution.

Scatter plot

Scatter plots (cf.Figure 2.9)are a useful way to visually represent the relationship between
two continuous variables. By plotting each data point on the graph, we can easily identify
patterns, trends, correlations, and outliers in the data [131]. To create a scatter plot we:

• First need to choose two variables that we want to analyze.

• Collect data on these variables.

• Plot each data point on the scatter plot, with one variable represented on the x-axis and
the other variable represented on the y-axis.

By examining the scatter plot, we can identify any patterns or trends that exist between
the two variables. Scatter plots are commonly used in various fields, including statistics, data
analysis, scientific research, and business analytics, and can be enhanced with additional
elements to further explore and communicate complex relationships within the data [131].
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Fig. 2.9 Scatter plot illustration [49]

Check sheet

A check sheet is a simple and effective tool for collecting and organizing data in a structured
format. It is particularly useful for quality control, process improvement, and data collection
tasks where manual recording is required [70]. To create and use a check sheet we:

1. Define the data we want to collect and design a simple table or form to record the data.

2. Use the check sheet to systematically record observations or occurrences as they occur.

3. Identify patterns, trends, and areas for improvement.

4. Analyze the summarized data to identify the root causes of problems and prioritize
improvement efforts.

The insights gained from using a check sheet can help guide decision-making and improve
overall quality and efficiency.

Flowchart

A flowchart is a powerful tool for, visually ,illustrating the data flow through processing
systems. By examining a flowchart, one can easily identify the specific operations performed
and the order in which they occur. Algorithms, on the other hand, are step-by-step procedures
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designed to solve complex problems [144]. In this way, flowcharts can be used to represent
algorithms and provide a clear understanding of the required operations and their sequence
for solving a given problem. Essentially, a flowchart serves as a blueprint for designing
solutions to complex issues. When creating flowcharts for assembly language programs, six
basic symbols are commonly used [136] as outlined in Table 2.2.

Table 2.2 Flowchart Symbols

Function Symbol

Process: Used for arithmetic operations and data-manipulations

Terminal: Indicate the starting or ending of the process

Predefined Process: Used to invoke an interrupt process

Input / Output

Decision: A question that can be answered with a yes or no

Connector: A flowchart can be drawn without intersecting lines

Flow Lines Used to indicate the flow of logic by connecting symbols

Checklists

A checklist is a systematic tool used to ensure that products, services, or processes meet
certain quality standards. They are designed to help individuals or teams identify and address
potential issues or errors that could impact quality. Checklists can be used in a variety of
industries, from manufacturing and construction to healthcare and software development
[102]. A quality control checklist ,typically ,contains a list of criteria or requirements that
must be met, along with checkboxes or spaces for notes. The items on the checklist may
include things like dimensions, materials, tolerances, and other specifications that are critical
to ensuring quality. Depending on the industry, checklists may also include steps for testing,
inspection, or verification [30].
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2.7 Conclusion

In this chapter, we delved into the concept of Industry 4.0, exploring its defining charac-
teristics and the innovative technologies that accompany it, such as the Internet of Things
(IoT), artificial intelligence, and advanced automation. We emphasized how these advance-
ments are revolutionizing traditional manufacturing and service industries, driving efficiency,
enhancing productivity, and fostering sustainable practices. A thorough understanding of
these technologies is essential, as they play a critical role in shaping the future landscape of
industries globally.

Additionally, we examined the historical evolution of the quality concept, tracing its
development from the early days of quality inspection to the contemporary emphasis on total
quality management and beyond. As we ventured into the emerging paradigm of Quality
4.0, we elaborated on the definitions and implications of this new concept, which seeks to
merge traditional quality management practices with cutting-edge digital innovations. The
integration of big data analytics, real-time monitoring, and machine learning is redefining
how quality is perceived and managed, making it more proactive rather than reactive.

Moreover, we thoroughly discussed various types of quality control and highlighted
classical tools and techniques, including control charts, fishbone diagrams, and Pareto
analysis, elucidating their crucial roles in ensuring both product and process excellence. The
significance of these tools cannot be understated, as they help organizations identify defects,
analyze variability, and implement corrective actions to enhance overall quality.

In our upcoming chapter, we will shift our focus to the diverse methodologies within
quality management. We will present and analyze several of these methodologies in greater
detail, providing practical insights into their application, benefits, and limitations. This exam-
ination will offer readers a comprehensive understanding of how these methodologies can be
effectively implemented to support organizational objectives and drive quality improvement
initiatives.





Chapter 3

Quality Management Approaches

3.1 Introduction

Quality management approaches encompass the methodologies and frameworks that organi-
zations implement to guarantee consistent quality in their products, services, and processes.
These approaches prioritize quality assurance and control, highlighting the significance
of monitoring and regulating the production process to achieve reliable quality outcomes.
Numerous well-established quality management approaches exist, each characterized by its
own set of principles and practices. In this chapter, we will discuss several key methodologies
in quality management.

3.2 PDCA Cycle

The PDCA, also known as the Deming Cycle or Deming Wheel, is a cycle for improvement
rooted in the scientific method. It includes suggesting a modification in a process, executing
the modification, evaluating the outcomes, and making necessary adjustments. W. Edwards
Deming first introduced this concept in Japan during the 1950s [43]. The PDCA cycle has
four stages namely Plan, Do, Check, and Act :

1. Plan

(a) Identify the problem or process that needs improvement.

(b) Set specific goals and objectives.

(c) Develop a clear, data-driven plan for achieving these goals, including timelines
and resources required.
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(d) Identify the success criteria for measuring the effectiveness of the solution.

2. Do

(a) Implement the plan on a small scale first to test its effectiveness.

(b) Train employees if necessary, allocate resources, and ensure the plan is carried
out accurately.

(c) Document any issues that arise and gather relevant data for analysis.

3. Check

(a) Analyze the results of the implementation.

(b) Compare the outcomes with the original objectives and success criteria defined
in the “Plan” phase.

(c) Identify any gaps between expected and actual performance.

(d) Look for insights to understand why some goals might not have been fully
achieved.

4. Act: Implement changes based on the test results and if the change is not effective,
repeat the cycle with a new plan. If the experiment is successful, integrate the learnings
into broader changes. The insights gained from the test can be used for ongoing
improvement, and the process can be repeated through the PDCA cycle.

History of PDCA

Walter A. Shewhart created a repeating improvement cycle known as the Shewhart Cycle.
In 1939, Walter Shewhart developed a series of steps, inspired by the scientific method, to
guarantee quality in manufacturing. The steps involve specifying, producing, and inspecting
the product. Figure 3.1 depicts the cycle.

In 1950, Dr. Deming was invited to present seminars on statistical quality control for
the Japanese Union of Scientists and Engineers (JUSE). During this time, Deming made a
slight modification to the original Shewhart Cycle, creating a four-step process known as
the Deming Wheel. This approach emphasized a cycle of Design, Production, Sales, and
Research/Redesign. It’s worth noting that Deming, despite this, always attributed the cycle to
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Fig. 3.1 Shewhart Cycle [139]

Shewhart and never referred to it as the "Deming Wheel" or PDCA. This reflects his humility
and respect for Shewhart’s original work [121].

In the 1980s, Dr. Deming modified the cycle by replacing "Check" with "Study," thereby
renaming the cycle as PDSA. Dr. Deming believed that the Western interpretation of "Check"
did not align with the original intention of Shewhart’s cycle. He felt that in the Western
interpretation, "Check" could imply halting the cycle or perceiving the experiment as a
checkpoint for failure, whereas Shewhart’s original intent was more focused on analyzing or
studying the anticipated or unexpected results [138].Refer to Figure 3.2

Fig. 3.2 Deming Cycle (1950- 1980)
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3.2.1 PDCA Cycle: A Review of Related Work

The following sections present the key contributions and applications of the PDCA cycle as
identified in the existing literature.

The implementation of the PDCA cycle within a retail company [25], showcasing its
effectiveness in minimizing corrective maintenance and downtime. It also highlights how
the cycle fosters a culture of continuous improvement and enhances operational efficiency
through its structured phases of planning, execution, checking, and action.

Furthermore, the application of the PDCA cycle in school management [34], illustrating
its role in promoting efficiency through continuous improvement methodologies. It under-
scores the cycle’s adaptability across various educational institutions, thereby supporting
effective management practices within the organizational framework.

The paper [38] ,focuses on the use of the PDCA cycle in a railway transport company to
optimize loading processes. This application resulted in an increase in cargo volume and an
approximate revenue gain of 1.4 million reais, while also improving employee safety, thereby
demonstrating the cycle’s effectiveness in addressing organizational challenges.

The meta-analysis in [51] revealed that the application of the PDCA cycle in nursing
management following gynecological surgery significantly increased patient satisfaction with
nursing care, with an odds ratio of 6.57, indicating that patients in the intervention groups
reported much higher satisfaction compared to those in the control groups.Additionally, the
PDCA cycle management was associated with improved nursing quality evaluations and
reduced levels of anxiety and depression among patients, as evidenced by lower scores on the
Self-Rating Anxiety Scale (SAS) and Self-Rating Depression Scale (SDS) in the intervention
groups compared to the control groups, with standardized mean differences of -2.22 and
-2.37, respectively.

3.2.2 PDCA Cycle Tools

Table 3.1 PDCA Cycle Tools

Step Tools [13, 19, 82, 123, 142]
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Plan

• Histogram

• Check Sheet,

• Pareto Diagram,

• Matrix Diagram,

• Control Chart

Do

• Control Chart,

• Failure Models and Effects Analysis (FMEA),

• 5W2H(5 Whys+2 How )

Check

• Fishbone Diagram,

• Overall Equipment Effectiveness(OEE) ,

• Design of Experiment (DoE)

Act

• 5W1H (5 Whys+1 How)

• Control Chart,

• Pareto Diagram,

• Standard Operational Procedure (SOP)
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3.2.3 The Limitations of the PDCA Cycle in the Industry 4.0 Frame-
work

The Plan-Do-Check-Act (PDCA) cycle, while a popular framework for continuous improve-
ment, has notable limitations that can hinder its effectiveness in various contexts, particularly
in healthcare and industry. These limitations include issues related to implementation fidelity,
complexity, and the potential for oversimplification of the method. The following sections
outline these key limitations.

• Many studies indicate that the application of PDCA cycles often lacks consistency,
which can undermine the learning process and the effectiveness of interventions [125].

• The PDCA cycle can be complex, especially in dynamic environments like healthcare,
where rapid changes and diverse stakeholder engagement are required [125].

• The PDCA method is sometimes oversimplified, leading to inadequate attention to the
nuances of specific contexts, which can result in ineffective applications [125].

• In healthcare settings, only 77% of reported cycles were completed, with a significant
portion achieving low content quality, indicating variability in execution [91].

• The need for interprofessional collaboration is critical; lack of engagement can serve
as a barrier to successful implementation [91].

• This oversimplification may prevent organizations from fully leveraging the cycle’s
potential for learning and improvement [73].

Conversely, while the PDCA cycle has its limitations, it remains a valuable tool for foster-
ing continuous improvement and learning within organizations, provided that its application
is tailored to specific contexts and challenges.

3.3 Six Sigma

Six Sigma stands as a widely utilized methodology by numerous organizations for process
improvement. It is a statistical concept designed to precisely quantify the variation inherent
in any given process. By leveraging Six Sigma, organizations can optimize their processes to
produce high-quality outputs consistently [159].

Six Sigma (SS), a renowned quality management methodology, is significant in industrial
and organizational history. Its emergence and evolution have transformed the way businesses
strive for excellence, driven by the relentless pursuit of reducing defects and maximizing
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customer satisfaction [83]. The roots of Six Sigma can be traced back to the 1980s when Mo-
torola, a leading electronics manufacturer, pioneered the approach to enhance its production
processes and overall competitiveness. The widespread adoption of Six Sigma gained further
momentum when General Electric (GE), under the leadership of Jack Welch, embraced
the methodology as a central component of its corporate strategy [88]. GE’s unwavering
commitment to Six Sigma manifested through extensive training programs and the integration
of the approach into its organizational structure, demonstrating the transformative power of
this quality management framework [23].

3.3.1 Principles of Six Sigma

The principles of Six Sigma are crucial for grasping the methodology’s emphasis on enhanc-
ing processes and managing quality effectively. These principles offer a structured framework
for identifying defects, minimizing variability, and ensuring that processes consistently align
with customer expectations. Below are the fundamental principles of Six Sigma, elaborated
in detail:

1. Customer Focus: At the core of Six Sigma lies a deep commitment to understanding
and addressing customer needs. This focus extends beyond merely meeting customer
expectations; it involves actively engaging with customers to gather their feedback,
preferences, and pain points. The ultimate objective is to not only fulfill but exceed
customer requirements, thereby enhancing overall satisfaction and loyalty. Continuous
efforts to gather insights and adapt processes accordingly are essential for achieving
this aim.

2. Data-Driven Decision-Making: In Six Sigma, decisions are anchored in comprehen-
sive data analysis, underscoring the importance of using empirical evidence rather than
relying on intuition or guesswork. This practice involves leveraging various statistical
tools and methodologies to identify underlying problems within processes, assess
performance metrics, and validate improvements. By basing decisions on solid data,
organizations can ensure that their strategies are effective and contribute to measurable
enhancements.

3. Process Improvement: Central to Six Sigma is the relentless pursuit of process
enhancement to reduce variability and minimize defects. This requires a thorough
understanding of existing processes, including mapping workflows, analyzing perfor-
mance, and pinpointing areas for improvement. By employing techniques such as Lean
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methodologies, organizations can streamline operations, eliminate waste, and create a
more predictable workflow, ultimately leading to higher-quality products and services.

4. Defect Prevention: A core principle of Six Sigma is the proactive prevention of defects,
emphasizing the importance of addressing potential issues before they manifest rather
than solely relying on inspection methodologies post-production. This approach
involves conducting root cause analyses to identify factors that lead to defects and
implementing systematic changes to eradicate these causes. By fostering a culture
of anticipation and prevention, organizations can significantly reduce error rates and
improve overall operational efficiency.

5. Employee Involvement: Engaging employees at all levels in the pursuit of quality im-
provement is crucial to the success of Six Sigma initiatives. This involves empowering
individuals by providing them with the necessary training, resources, and support to
actively participate in quality enhancement efforts. Creating an environment where
team members feel valued and encouraged to contribute ideas not only fosters a strong
culture of quality but also harnesses the collective knowledge and creativity of the
workforce, driving sustainable improvements across the organization.

6. Reducing Variation: Process variations can lead to errors, resulting in product defects
and decreased customer satisfaction. Six Sigma can lower process costs and enhance
customer satisfaction by minimizing variation and errors(see Figure 3.3). For instance,
in web application development, variation arises from diverse coding styles, expertise
levels, environmental factors, and project requirements. Implementing strategies
like coding standards, code reviews, automated testing, and documentation can help
mitigate this variation to some extent. One of the core principles of Six Sigma is
to minimize variability. Customer dissatisfaction often stems from a gap between
their expectations and the actual outcome, largely caused by process variability [115].
The objective of Six Sigma is to align product characteristics closely with customer
expectations. Six Sigma strives for customer satisfaction rather than perfection.

7. Eliminating Waste: Waste management is a critical component of the Six Sigma
methodology, which aims to enhance efficiency and improve quality in business
processes. The concept of eliminating waste focuses on identifying and removing
any elements that do not contribute to the overall success of a process or fail to add
value from the customer’s perspective. When waste is effectively eliminated, several
benefits can be realized, such as reduced processing times, which accelerates the overall
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Fig. 3.3 Six Sigma: Reducing Variation[115]

workflow and enhances productivity. Furthermore, minimizing waste leads to fewer
process errors, resulting in higher quality outputs and greater customer satisfaction.

3.3.2 Six Sigma Lavel

The fundamental concept of Six Sigma revolves around a stringent quality standard aimed at
minimizing defects to an extraordinary degree. Specifically, the goal is to achieve a defect rate
of no more than 3.4 defects per million opportunities (DPMO) [63]. This meticulous focus on
quality means that processes must operate with an impressive accuracy level of 99.99966%
(cf. Figure 3.4). Achieving this standard signifies a level of operational excellence that
was previously unmatched in the industry, setting a benchmark for quality improvement
measures and operational efficiency [108].The adoption of Six Sigma has led organizations to
adopt a data-driven approach to decision-making, ultimately enhancing customer satisfaction
and driving business success. The Six-sigma method aims to achieve a satisfactory level of
quality by:

• Reducing costs;

• Eliminating waste;

• Increasing customer satisfaction.

The various formulas utilized for calculating capability, defective % , DPMO (defects per
million opportunities), yield, and Sigma process levels are:
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Fig. 3.4 Six Sigma Process

Process Capability:

Cp =
((U pper Speci f ication Limit−Lower Speci f ication Limit))

(6×Standard Deviation)
(3.1)

Defective %:
De f ective% =

Total De f ects
Total Items Produced

×100 (3.2)

DPMO:
DPMO =

Total De f ects Observed
Total Opportunities

×1,000,000 (3.3)

Yield:
Yield =

(Total Items Produced−Total De f ects)
Total Items Produced

(3.4)

Table 3.2 shows the Six Sigma process levels, along with the corresponding percentages
of defective products and defects per million opportunities.
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Table 3.2 Sigma Level

Sigma Level DPMO Yield

1 690,000 30.85%
2 308,000 69.15%
3 66,800 93.32%
4 6,210 99.38%
5 230 99.977%
6 3.4 99.99966%

3.3.3 The Limitations of Six Sigma in the Industry 4.0 Framework

The limitations of Six Sigma are multifaceted, impacting its application across various sectors.
While Six Sigma is a powerful methodology for process improvement, its effectiveness can be
hindered by several key factors. Understanding these limitations is crucial for organizations
aiming to implement Six Sigma successfully. Key Limitations of Six Sigma :

• Integration with Big Data: Many experts highlight the need for better integration of
Six Sigma with Big Data analytics, which can enhance decision-making and process
optimization [9] [10] .

• Applicability in Small and Medium Enterprises (SMEs): There is a consensus that Six
Sigma faces challenges when applied in SMEs, where resources and expertise may be
limited [9] [10] .

• Overemphasis on Variability Reduction: Critics argue that Six Sigma’s focus on
reducing variability can overshadow other important goals, such as innovation and
employee engagement [9] [10] .

• Implementation Issues: Poor implementation practices can lead to negative impacts on
employee satisfaction and overall effectiveness of Six Sigma initiatives [9] [10] .

Conversely, some experts argue that despite these limitations, Six Sigma remains a valu-
able framework for quality improvement, especially when adapted to modern challenges
like Industry 4.0 and integrated with emerging technologies. This adaptability could miti-
gate some of the identified limitations and enhance its relevance in contemporary business
environments.
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3.3.4 DMAIC Methodology

The DMAIC (Define, Measure, Analyze, Improve, and Control) methodology serves as a
problem-solving and performance improvement approach within Six Sigma projects [54].
DMAIC (see Figure 3.5) enables the resolution of recurring issues associated with various
repetitive tasks. Furthermore, it represents a collection of tools that have been used extensively
over an extended period [145] .

Fig. 3.5 DAMIC Cycle

The DMAIC model is used for Six Sigma applications to improve the quality of results
produced by a company’s processes. DMAIC refers to a cycle of process improvement that
is data-driven and aims at improving, optimizing, and stabilizing business processes and
designs [106]. Table 3.3 summarizes the steps and tools involved in the Six Sigma DMAIC
cycle.

Table 3.3 Key steps of DMAIC cycle

Phase Descriptions Tools [11, 15, 22, 40, 41, 50, 58, 81, 149, 151, 161]
Define Identify each problem

and objective, as well
as the customers’ expec-
tations. Determine the
causes of variability and
map the process to be
improved

• Project Charters

• Process Flowchart

• SIPOC(suppliers, inputs, process, outputs, cus-
tomers) Diagram

• Voice of the Customer Analysis
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Phase Descriptions Tools [11, 15, 22, 40, 41, 50, 58, 81, 149, 151, 161]
Measure This step focuses on

measuring performance
and identifying the ac-
tual indicators of the
process. It also involves
identifying and eliminat-
ing root causes, aiming
to minimize their occur-
rence

• Process Flowchart

• Data Collection Plan

• Benchmarking

• Measurement System Analysis

• Voice of the Customer Gathering

• Statistical Process Control

Analyze This phase involves the
definition and establish-
ment of the influence
of the parameters that
cause process variabil-
ity, and this by analyz-
ing the collected data.
The use of problem-
solving tools will sim-
plify the identification
of root causes

• Histogram

• Pareto Chart

• Time Series/Run Chart

• Scatter Plot

• Regression Analysis

• Fishbone Diagram

• 5 Whys

• Process Map Review and Analysis

• Statistical Analysis
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Phase Descriptions Tools [11, 15, 22, 40, 41, 50, 58, 81, 149, 151, 161]
Improve The company imple-

ments various solutions
to minimize variability
and gain control over
the process. This en-
ables the organization to
prioritize the most ur-
gent and efficient solu-
tions

• Brainstorming

• Control Charts

• Design of Experiments (DOE)

• Pilot Testing

• Failure Modes and Effects Analysis (FMEA)

Control Define a control plan
based on relevant in-
dicators to ensure the
longevity of each imple-
mented solution

• Statistical Process Control

• Control Charts

• Process Documentation

• Control Plan

3.3.5 DMAIC Methodology : A Review of Related Work

This section provides a comprehensive overview of its application in different sectors,
highlighting key findings. The study [89] on applying the DMAIC methodology to enhance
supply chain performance in an electronic product manufacturing organization resulted in a
reduction of idling time by 7.6%, a decrease in Work in Progress (WIP) by 81.41%, and an
improvement in overall workstation utilization by 9.32 %.

Additionally, the research [2] focuses on the transportation cab service sector, where
implementing DMAIC led to a decrease in the average queue length from 4.433 to 3.6,
resulting in an estimated annual profit increase of $29,250.

Furthermore, the paper [32] highlights practical applications and techniques aimed at
reducing defects in car parts manufacturing. The implementation of DMAIC significantly
lowered defect rates, improving the Sigma level from 3.4 to 4.

Lastly, the study [148] explores the application of DMAIC within automotive manufac-
turing in Indonesia, achieving a reduction in Defects Per Million Opportunities (DPMO)
from 22,230 to 2,339 (a decrease of 19,891) and an enhancement in the Sigma level from
3.51 to 4.33, representing an improvement of 0.82.
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3.3.6 The Limitations of DMAIC in the Industry 4.0 Framework

The DMAIC methodology is widely recognized as a robust framework for process improve-
ment, embraced by diverse industries and organizations. However, like any methodology,
it’s important to acknowledge its limitations and potential drawbacks to ensure its effective
and appropriate application. One of the primary limitations of the DMAIC approach is
its emphasis on incremental improvement. While it can effectively address specific, well-
defined problems, it may not be the most suitable approach for driving more radical or
transformative changes. For instance, the case study of the single-sided flexible printed
circuit [99] demonstrates that DMAIC can effectively solve major problems using simple
solutions, but it may fall short when addressing complex, systemic issues or exploring new
approaches. Furthermore, the DMAIC methodology heavily relies on data and analysis,
which can be challenging in situations where data is scarce or difficult to obtain [117]. This
is particularly true when investigating the root causes of equipment failures, as the lack of
comprehensive data and system parameters can impede the effectiveness of the DMAIC
approach. Another potential limitation of the DMAIC methodology is its tendency to focus
solely on the immediate problem, potentially overlooking broader business goals and the
need for continuous improvement.

3.4 Design for Six Sigma (DFSS)

Design for Six Sigma (DFSS) is a design used in supply chain management. The DFSS is a
process used to design and develop new products or services with a high level of quality [52].
In this method, development is most often done from scratch or can sometimes involve the
redesign of a specific product [52]. The main objective of this technique is to get things right
the first time, with a minimum of defects or variations.

3.4.1 DMADV Methodology

DMADV(Define, Measure, Analyze, Design, and Verify)(refer to Figure 3.6) is a methodol-
ogy for implementing DFSS. is a method used to introduce new products to the market with
a performance level of 4.5 sigma or higher, which means that there are practically no defects.

The steps and tools used in the DMADV cycle are outlined in Table 3.4.
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Fig. 3.6 DAMDV Cycle

Table 3.4 Key steps of DMADV cycle

Phase Descriptions Tools [7, 35, 64, 118]
Define Define the customer re-

quirements and the de-
sired characteristics of
the new product or ser-
vice, benefits of the
project to the company
and customers

• Project charter

• Product/service concept

• SIPOC(suppliers, inputs, process, outputs, cus-
tomers)

• Voice of Customer (VOC)

• Quality goals

• Business risk management
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Phase Descriptions Tools [7, 35, 64, 118]
Measure During the Mea-

surement Phase, the
project’s main focus is
understanding customer
needs and translating
them into measurable
design requirements

• Critical customer requirements from VOC

• Operational definition

• Competitive performance

• Critical product requirements

• Critical process requirements

• Critical parameters definition

• Design scorecard

• FMEA

Analyze Capture the customer
information and trans-
late it into specific
design performance or
functional requirements.
These requirements
should then be trans-
formed into design
requirements at the
System, Sub-system,
and Component levels

• Benchmarking results

• Selected product

• Selected process design

• Process map

• Value stream map

• High level design functions

• High level elements design

• Financial baseline approvement

• Update design scorecard
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Phase Descriptions Tools [7, 35, 64, 118]
Design It is time to begin the de-

tailed design work using
3D modeling, and pre-
liminary drawings, we
are armed to propose a
first prototype

• Optimized concept designs

• Detailed design optimization

• Tolerances optimization

• Design lenkage to critical customers’ require-
ments

• Control plan develop

• Testing / Piloting FMEA

• Update design scorecard

Verify Ensure that the pro-
totype meets the cus-
tomer’s expected perfor-
mance and capacity re-
quirements. This fifth
step involves testing the
prototype in actual con-
ditions and confirming
its validation

• Design validation to user’s needs

• Design processes approval

• Product / Service release to market

• Design review

• Update design scorecard

• FMEA

• Pilot Process

• Control Plan

• Implementation Plan

• Statistical Tolerancing
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3.4.2 DMADV Methodology : A Review of Related Work

The DMADV method has been utilized by various researchers. In [6], the authors focus on
identifying the challenges faced by MTN-Yemen Company. Their findings indicate that the
DMADV approach is an effective strategy for reducing errors and enhancing the processes
and performance of site rollout project management. The authors in [64], analyzed the
competitive advantage (CAV) of PT Telkom Indonesia through several initiatives: (1) Offering
promotions or discounts for first-time installations, (2) Expanding fiber optic infrastructure in
high-demand areas, and (3) Keeping customers informed about any changes or new offerings.
Additionally, in [118], the authors aimed to develop an automated inspection system (AIS)
for the laminating process in adhesive tape production. The verification results revealed that
(1) the sigma value improved from 3.87 to 4.33, (2) the error reduction rate increased to
74.4%, and (3) the downtime rate experienced a significant improvement, with an 80.7%
reduction.

3.4.3 The Limitations of DMADV in the Industry 4.0 Framework

The DMADV methodology is widely acknowledged in the realm of quality management
for its role in driving continuous improvement and facilitating the development of new
products or services. Nevertheless, despite its extensive adoption, the DMADV method is
not without limitations [106]. A significant drawback of DMADV is its lack of a continuous
improvement process [66]. While the method offers a structured framework for defining,
measuring, analyzing, designing, and verifying a new process or product, it often fails to
address the need for ongoing refinement and optimization. This limitation is underscored in
the literature, where researchers have emphasized the importance of establishing subsequent
value stream developmental maps to uphold the cycle of continuous improvement. To bridge
this gap, scholars have proposed a DMAIC-based approach as an alternative to the traditional
DMADV method. Integrating Lean and Six Sigma principles, this approach enables a
more systematic implementation of sustainable value stream mapping studies, allowing
organizations to enhance the sustainability of their manufacturing operations. Moreover,
the DMAIC-based approach has been demonstrated to reduce the risk of project failure and
enable measurable, visible results, which are vital for tracking continuous improvement
actions toward sustainability [153]. Another limitation of the DMADV method is the potential
overemphasis on innovation and prioritization during the "Improve" phase, which can lead to
suboptimal outcomes.
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3.5 Process Monitoring for Quality

Process Monitoring for Quality (PMQ) is a quality 4.0 initiative [46]. It is a mixture of
the process monitoring( PM) domain and traditional quality control (QC) domain based on
statistical procedures, PQM serves for real-time defect detection, where defect detection is
considered as a binary classification problem [1].PMQ is illustrated in Figure 3.7

PMQ is based on the Big Data-Big Models (BDBM) [48], a modelling paradigm predic-
tive that applies machine learning (ML), statistics, and optimization to processing data to
develop the classifier, or the BD environment has three basic components: data, calculation,
and analysis on the other hand BM is the paradigm of learning based on AD-HOC learning1

approaches to analyze effectively these data structures, the BM is used to design a high
classification fault detection capability to be deployed in the enterprise.

Fig. 3.7 PMQ [1]

3.5.1 PMQ : A Review of Related Work

Several researchers have utilized the PMQ method. For instance, in [1], the authors applied
PMQ to evaluate the performance of ultrasonically welded battery tabs in the new Chevrolet
Volt, a range-extended electric vehicle. Their implementation involved a classifier that catego-
rized the tabs into two decision classes: good and suspect. A novel model selection criterion
was proposed in [48], which is specifically developed for handling severely unbalanced
data structures. Unlike traditional probability-based model selection criteria, the Penalized
Maximum Probability of Correct Decision (PMPCD) is estimated using the confusion matrix

1AD-HOC learning, also known as on-the-fly learning or just-in-time learning, is a rapidly emerging field in
machine learning and artificial intelligence. AD-HOC learning focuses on the ability to adapt and learn from a
continuous stream of non-stationary data, without forgetting previously acquired knowledge.
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and the number of features, allowing it to be broadly applicable as a model selection criterion
for nearly any classifier. In [47], the authors introduced a new multiple classification system
(MCS), which leverages eight well-known meta-learning algorithms (MLA), an ad hoc
formatting function, and an innovative meta-learning algorithm. This algorithm evaluates
the predictions from a set of classifiers to determine which are reliable and which are not,
ultimately predicting the final quality class. To demonstrate the superiority of MLA over
commonly used merger rules, a variety of publicly available datasets were employed.

3.5.2 The Limitations of Process Monitoring for Quality

The concept of Process Monitoring for Quality (PMQ) presents significant advancements in
quality control through big data and machine learning. However, it also faces limitations,
particularly in model selection, data quality, and adaptability to various manufacturing
environments. Understanding these constraints is crucial for effectively implementing PMQ
strategies.

• PMQ relies on creating numerous models to identify the most effective one, which can
lead to complexity in model selection[48].

• The Penalized Maximum Probability of Correct Decision (PMPCD) criterion helps
mitigate this by promoting parsimony, yet the trade-off between model complexity and
prediction accuracy remains a challenge [48].

• Manufacturing data often suffers from imbalance, with few defects per million oppor-
tunities, complicating the classification process [48].

• Incomplete data, such as outliers and missing values, can severely degrade monitoring
performance, necessitating advanced [162].

• PMQ’s effectiveness can vary across different manufacturing processes, particularly in
additive manufacturing, where quality assurance is still developing

• The need for tailored monitoring strategies that account for specific process character-
istics is essential for successful implementation [162].

While PMQ offers innovative solutions for quality control, its limitations highlight the
need for ongoing research and development to enhance model selection, data integrity, and
adaptability across various manufacturing contexts.
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3.6 Comparative analyses of PDCA, DMAIC, DMADV, and
PMQ

PDCA fosters a culture of continuous improvement within organizations. By consistently
following the cycle, teams can pinpoint areas for enhancement, implement changes, and gauge
their effectiveness to continuously refine processes and outcomes. This systematic approach
facilitates problem-solving and process improvement by breaking down complex issues into
manageable steps, enabling teams to identify root causes, devise solutions, and monitor
progress. However, an overemphasis on PDCA implementation, particularly in the "doing"
phase, can lead to hasty solutions without sufficient planning or analysis. Organizations may
also lean too heavily on the "planning" and "doing" phases, neglecting the crucial "checking"
and "adjusting" phases. Without robust monitoring and evaluation mechanisms, teams may
miss valuable learning and improvement opportunities, thereby limiting the effectiveness of
the improvement process. Executing the PDCA (Plan-Do-Check-Act) cycle is complex, as it
necessitates a cultural shift to embrace change and innovation. Resistance from stakeholders
unfamiliar with existing processes or skeptical about change can also impede successful
PDCA implementation within an organization.

While, DMAIC’s is aligned with the principles of continuous improvement, whereby
organizations strive to incrementally enhance processes over time, while data-driven decision-
making focuses on continuous improvement. This methodology encourages collaboration
and communication among cross-functional, and standardization. On another side, DMAIC
has also weaknesses related to its resource-intensive nature, and potential resistance to change.
It can be complex, especially for individuals or teams with limited experience in process
improvement methodologies. Thus, despite its emphasis on root cause analysis, and limited
adaptability to dynamic environments; organizations should carefully consider these factors
when deciding whether to implement DMAIC for process improvement initiatives.

DMADV offers several strengths, including its focus on innovation, customer-centric
approach, rigorous analysis, and verification steps to ensure that the designed solutions
meet customer requirements and organizational objectives. Additionally, it emphasizes risk
reduction and quality by design principles. However, it also has weaknesses related to
resource intensiveness, complexity, time to market, limited applicability, and dependency on
customer input. Organizations should carefully consider these factors when deciding whether
to implement DMADV for designing new processes, products, or services.

When it comes to ensuring quality control, process monitoring for quality (PMQ) offers
numerous benefits, such as bolstering consistency, streamlining efficiency, and enhancing
quality control. However, it also comes with certain limitations, particularly due to the
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standardized nature of process manufacturing, which can sometimes result in operational
rigidity. The implementation of process manufacturing systems typically entails a significant
upfront investment in infrastructure, equipment, and technology, potentially leading to limited
flexibility, environmental impact, and reliance on the supply chain. Disruptions or delays in
the supply chain can have widespread repercussions on production schedules and product
quality. Therefore, organizations should thoroughly assess these factors when considering
the adoption of process manufacturing strategies.

Table 3.5 provides a comparative analysis of these approaches. Certainly, PDCA,
DMAIC, DMADV, and PMQ each fulfill distinct purposes. Moreover, they exhibit varying
levels of complexity and applicability across different contexts. The decision on which
approach to use depends on the specific needs, goals, and circumstances of the organization
or individual.

Table 3.5 Comparative analyses of PDCA, DMAIC, DMADV, and PMQ across various
parameters
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PDCA ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

DMAIC ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

DMADV ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

PMQ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

3.7 Limitations of Traditional Methodologies

The implementation of methodologies such as PDCA (Plan-Do-Check-Act), DMAIC (Define-
Measure-Analyze-Improve-Control), DMADV (Define-Measure-Analyze-Design-Verify),
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and Process Monitoring for Quality in the framework of Industry 4.0 encounters several
significant limitations. These traditional quality management approaches were developed in
a time when manufacturing processes were more stable and predictable. The rise of Industry
4.0 has introduced increased complexity and dynamism to manufacturing environments, char-
acterized by rapid technological advancements, real-time data analytics, and interconnected
systems.

These traditional methodologies often find it challenging to keep pace with the swift
changes typical of contemporary manufacturing settings. For instance, while PDCA offers
a cyclical approach to improving processes, its effectiveness can be hampered in an envi-
ronment that requires immediate adaptability and data-driven insights. Similarly, DMAIC
and DMADV are often more suited for linear, structured problem-solving processes, making
them less effective in the fluid, complex situations often encountered in Industry 4.0 contexts.

Moreover, the reliance on historical data and past performance metrics can lead to out-
dated conclusions, as the data landscape in Industry 4.0 evolves rapidly. This necessitates a
paradigm shift towards more advanced quality management solutions that leverage capabili-
ties such as machine learning, artificial intelligence, and real-time process monitoring. By
embracing these innovative approaches, organizations can better navigate the complexities
and volatility of modern manufacturing, enhancing their quality management practices and
overall operational efficiency.

3.8 Transition to Quality 4.0

The advent of Quality 4.0 represents a significant evolution in quality management, par-
ticularly through the integration of advanced technologies such as artificial intelligence
(AI) and machine learning. These technologies facilitate enhanced defect detection and
process monitoring, shifting the focus from traditional reactive quality control methods to
more proactive quality assurance strategies. This transition allows organizations to identify
potential issues before they escalate into significant problems, ultimately improving product
quality and operational efficiency [45].

Additionally, the incorporation of innovative methodologies plays a critical role in this
new landscape. This technique enables real-time data analysis, which is vital for effectively
managing the fast-paced and ever-changing environment of Industry 4.0. By processing
data in real time, organizations can respond swiftly to fluctuations in production and quality
metrics, thus ensuring consistent performance and minimizing disruptions [46].
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3.9 Challenges of Implementing Quality 4.0 in Traditional
Methodologies

Implementing Quality 4.0, which integrates advanced technologies and data analytics into
quality management processes, presents several challenges [124]. Below are some of the
prominent challenges that organizations may encounter during this transition:

1. Cultural Resistance: Transitioning to Quality 4.0 often demands a significant cultural
shift within the organization. Employees may demonstrate resistance stemming from
fears of job loss due to automation or a general reluctance to embrace new method-
ologies. This resistance can be exacerbated by a lack of understanding regarding the
benefits of Quality 4.0, such as improved efficiency and enhanced product quality. To
overcome this challenge, organizations must prioritize effective communication and
education about the positive impacts that these changes can bring to both the company
and its employees.

2. Skill Gaps: Quality 4.0 relies extensively on cutting-edge technologies such as data
analytics, artificial intelligence, and various digital tools. Unfortunately, there is often
a notable shortage of skilled personnel capable of effectively utilizing and managing
these advanced technologies. This skills gap can hinder the successful implementation
of Quality 4.0 initiatives. Organizations may need to invest in training and development
programs to bridge this gap, ensuring that their workforce is well-equipped to leverage
these tools for quality enhancement.

3. Integration of Technologies: One of the significant hurdles organizations face is the
integration of new quality management systems with their existing technologies and
processes. Achieving compatibility and ensuring seamless data flow between old and
new systems can lead to complex challenges. Organizations may need to invest in
thorough planning and robust integration strategies to mitigate the risks of disruptions
in operations during the transition period.

4. Data Management: The adoption of Quality 4.0 generates an unprecedented volume of
data, which can be overwhelming for organizations to manage. Ensuring the quality,
security, and integrity of this data while also deriving actionable insights from it poses a
significant challenge. Organizations must implement robust data management practices
and technologies that not only enable data analytics but also address issues of data
privacy and security compliance.
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5. Cost of Implementation: The financial implications of adopting Quality 4.0 can be
considerable, especially when accounting for the necessary investments in new tech-
nologies, training programs, and ongoing maintenance. Organizations must conduct a
thorough cost-benefit analysis to weigh the initial costs against the potential long-term
advantages, including operational efficiency, enhanced quality assurance, and improved
customer satisfaction.

6. Change Management: Effective change management strategies are vital for the success-
ful implementation of Quality 4.0. It is crucial to secure buy-in from all stakeholders,
including management and front-line employees, to facilitate a smooth transition.
Organizations should develop comprehensive change management plans that address
potential resistance and provide support throughout the implementation process.

7. Regulatory Compliance: As organizations integrate new technologies within their
operations, navigating the regulatory landscape becomes increasingly complex. Orga-
nizations must ensure that their Quality 4.0 initiatives comply with industry-specific
regulations and standards, which can vary significantly across sectors. Developing a
thorough understanding of regulatory requirements is essential to avoid potential legal
issues and ensure continued compliance.

8. Vendor Management: Collaborating with multiple technology vendors introduces
specific challenges related to coordination, support, and interoperability. Organizations
must carefully manage vendor relationships to ensure that all components of the quality
management system work cohesively together. This may involve establishing clear
communication channels, delineating responsibilities, and monitoring performance
metrics to ensure alignment with organizational goals.

9. Performance Measurement: Developing appropriate metrics and key performance
indicators (KPIs) to evaluate the effectiveness of Quality 4.0 initiatives can be particu-
larly challenging, especially in rapidly changing environments. Organizations need to
establish clear, measurable objectives and continuously adjust their performance mea-
surement systems to accurately reflect the dynamic nature of their quality management
processes.

10. Scalability: As organizations grow and evolve, the ability of new quality processes
and technologies to scale alongside this growth is critical. Ensuring that these systems
can adapt to changing needs without compromising quality is essential for long-term
success. This may involve selecting scalable technologies and designing flexible
processes that can accommodate future growth trajectories. .
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11. Maintaining Focus on Core Quality Principles: In the quest to implement advanced
technologies, organizations risk losing sight of fundamental principles of quality man-
agement. It is crucial to maintain an unwavering commitment to core quality assurance
practices to prevent lapses that could undermine product integrity and customer trust.
Organizations should strive for a balanced approach that integrates innovative tech-
nologies while upholding their established quality standards. By addressing these
challenges comprehensively, organizations can successfully navigate the complexities
of implementing Quality 4.0, ultimately leading to enhanced operational efficiency and
superior product quality.

3.10 Conclusion

This chapter explores various methodologies of quality management used for quality control,
including the PDCA cycle, Six Sigma, and PMQ. Each methodology is examined in detail,
addressing their respective steps, unique characteristics, innovative technologies that enhance
their effectiveness, and the specific tools employed within each method to achieve optimal
outcomes.

Additionally, we discuss the limitations of these methodologies, underscoring that the
choice of a particular approach must align with the unique needs, goals, and circumstances of
the organization or individual. For example, the PDCA cycle offers a straightforward iterative
process for continuous improvement, while Six Sigma methodologies, such as DMAIC and
DMADV, are more data-driven and better suited for tackling complex challenges. Conversely,
PMQ provides a flexible framework specifically designed for real-time monitoring. Each
of these approaches serves distinct purposes, showcasing varying levels of complexity and
applicability across different contexts. To enhance clarity, we include a comprehensive
comparative analysis of these methodologies, highlighting their strengths, weaknesses, and
optimal use scenarios.

In Chapter Four, we introduce our proposed approach , detailing each step meticulously
to ensure a clear understanding of its implementation. We also present a customized toolset
aimed at enhancing the Six Sigma process. This toolset incorporates advanced analytical
tools, visualization techniques, and automation technologies, all designed to streamline
workflows and improve operational efficiency. By integrating these tools, our approach seeks
to address existing gaps in traditional practices and provide a more robust solution for quality
management and improvement.





Chapter 4

The 5I Approach :Identify, Inspect,
Investigate, Implement, and Improve

4.1 Introduction

The emergence of Industry 4.0 has revolutionized manufacturing processes through the
integration of advanced technologies. This new industrial era is defined by the incorporation
of innovations such as the Internet of Things (IoT), artificial intelligence (AI), and big data
analytics. These technologies enable real-time data collection and analysis, empowering
organizations to monitor operations, uncover inefficiencies, and anticipate potential quality
issues before they occur. As companies navigate this technological transformation, the
concept of Quality 4.0 has gained prominence. Quality 4.0 underscores the significance
of data-driven decision-making to enhance both quality and operational efficiency. This
approach promotes smart manufacturing practices, wherein interconnected devices and
systems communicate seamlessly, providing greater visibility and control over production
processes.

As organizations endeavor to improve quality and operational efficiency in the Age of
Industry 4.0, adopting Quality 4.0 principles becomes essential. By embracing advanced
technologies and nurturing a culture of continuous improvement, businesses can not only meet
but exceed customer expectations, ensuring long-term success in an increasingly competitive
landscape.
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4.2 Example: Six Sigma in an electrical appliance manu-
facturing company

A company specializing in electrical appliances encountered an unexpected and significant
decline in refrigerator sales. This downturn was particularly puzzling, as there were no
clear changes in market conditions or product offerings to explain the drop. The company
implemented the Six Sigma methodology to tackle this pressing issue, and it is renowned for
its comprehensive approach to process improvement and quality management. Below are the
detailed steps taken during this process:

1. Define the Problem: The initial step involved forming a dedicated research team
specifically defining the issue at hand. The team conducted a series of meetings to
brainstorm and collect insights from various departments, including sales, marketing,
and customer service. Through these discussions, they identified several potential
factors contributing to the decline in sales, such as a perceived drop in product quality,
ineffective marketing strategies that failed to resonate with consumers, undetected
manufacturing defects, negative customer perceptions, and increasing competition
from rivals offering similar products at lower prices.

2. Measure Potential Cause: After outlining the possible causes, the team proceeded to the
measurement phase. They developed a comprehensive research strategy that included
surveys, focus groups, and data analysis of customer feedback to quantify the impact
of each identified factor. For example, they examined customer satisfaction ratings,
analyzed product return rates, and evaluated the effectiveness of marketing campaigns.
Each of these metrics provided concrete data, enabling the team to determine which
factors had the most significant influence on the decline in sales.

3. Conduct a Comprehensive Analysis of Results: Once you have completed the previous
steps, it is essential to conduct a thorough analysis of the results obtained. This
process involves examining data related to sales trends, customer feedback, and market
conditions. Leverage tools such as performance metrics, surveys, and sales reports
to identify patterns and anomalies. By delving deeply into this information, you
can uncover the underlying causes contributing to the decline in refrigerator sales.
This analysis should encompass both quantitative data (such as sales figures and
demographic details) and qualitative insights (including consumer preferences and
market dynamics). Ultimately, this step is crucial for accurately diagnosing the root
causes of the issue.
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4. Measure Potential Causes: Once the root causes have been identified, the next step
is to initiate the improvement process. Begin by creating a customized program that
specifically addresses the issues causing the sales decline. This program may involve
strategies such as product repositioning, targeted marketing campaigns, adjustments to
inventory, or potential enhancements to the product line. It’s important to collaborate
closely with relevant departments, including marketing, sales, and product develop-
ment, to ensure a unified strategy. After finalizing the program, roll it out strategically,
keeping all stakeholders informed and engaged to enhance its effectiveness.

5. Monitor and Evaluate the Optimization Program: Following the implementation of
the improvement program, it is essential to closely monitor its execution and assess
its impact on sales performance. Track key performance indicators related to sales
volumes, customer engagement, and feedback to evaluate the program’s effectiveness.
analyze the data to identify trends and make necessary adjustments for the best results.
Furthermore, create systems to maintain and enhance the positive outcomes achieved.
This involves scheduling regular check-ins to avoid a recurrence of the issues that
caused the sales decline and fostering a culture of continuous improvement within the
organization to effectively respond to future challenges.

4.2.1 Evaluate the implementation of Six Sigma

While Six Sigma has demonstrated significant success in a household appliance manufac-
turing company, it is essential to consider various instances that reveal the limitations of
applying statistical methods to address specific challenges. One critical observation is that
data collection often depends on manual processes. Although these manual methods may
provide a temporary resolution to emerging issues, they are susceptible to obsolescence over
time, which can hinder long-term effectiveness and accuracy. Six Sigma is often rigid, mak-
ing it difficult to incorporate real-time data and adapt to transient variations in manufacturing
environments.

To gain a deeper understanding of these limitations, we will closely examine a specific
scenario that focuses on product quality and the frequent occurrence of defects within the
manufacturing process. This situation raises a pivotal question: can statistical methods truly
play a vital role in uncovering the underlying root causes of these defects and in developing
robust, effective solutions to mitigate them? In addition, we must consider the context of
today’s rapidly evolving digital landscape, where the volume of information generated is not
only vast but also increasingly complex. This reality highlights the importance of exploring
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how Six Sigma, a methodology rooted in data-driven decision-making, can be strategically
applied to analyze and interpret big data.

4.3 Research Design and Approach

Our research underscores a critical aspect of Six Sigma in the industrial sector, specifically
the necessity for a methodology tailored to address the unique challenges encountered by
manufacturing companies. The study emphasized the importance of devising a Six Sigma
framework for design, control, and enhancement that could serve as a valuable asset for
production companies in Algeria, empowering them to streamline their processes and enhance
their competitive edge. Before proceeding, we need to address the question: Why Six Sigma?

• Six Sigma is a metric for quality management standards.

• Six Sigma is a toolset for business improvement.

• Six Sigma is a management approach dominant company’s culture.

• Six Sigma is designed to achieve an exceptionally low defect rate, typically fewer than
3.4 defects per million opportunities.

• Six Sigma minimizes defects while refining processes, enabling organizations to
achieve significant cost savings.

• Six Sigma emphasizes higher product and service quality, which boosts customer
satisfaction and strengthens loyalty.

• Six Sigma process optimization enhances operational efficiency and boosts productiv-
ity.

• Six Sigma aligns seamlessly with organizational goals and strategies, ensuring that
improvement efforts contribute directly to overall success.

Artificial intelligence plays a crucial role in advancing Quality 4.0, enhancing robotic
systems with advanced capabilities including autonomy, perception, communication, and
decision-making. AI can streamline the analysis of client requirements and the operational
dynamics of businesses. Technologies like augmented reality, IoT, and Industry 4.0 applica-
tions facilitate seamless collaboration among people, objects, and machines, enabling them
to work together in tasks that were traditionally performed independently as well as in new
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collaborative endeavors. AI enables the automation of processes, expanding the scope of
tasks that can be performed beyond human capabilities[47] [67].

The relationship between a quality-driven Industry 4.0 and Six Sigma is characterized by
their shared focus on data-driven decision-making, continuous improvement, and customer
satisfaction. By integrating Six Sigma methodologies with the technological advancements
of Industry 4.0, organizations can enhance their quality management practices and achieve
better operational outcomes. In the context of Industry 4.0, the principles of Six Sigma can
be applied to the real-time data and analytics capabilities that these technologies provide.
This synergy allows organizations to continuously monitor and improve quality in a dynamic
environment, adapting to changes and challenges as they arise[127].

The integration of Quality 4.0 principles and the Six Sigma framework presents a powerful
approach to enhancing quality in manufacturing. By leveraging advanced technologies and
data-driven methodologies, organizations can achieve higher levels of quality, efficiency, and
customer satisfaction. The proposed 5I approach serves as a practical guide for manufacturers
seeking to navigate the complexities of the modern industrial landscape while maintaining a
focus on quality excellence. Further research is needed to validate the effectiveness of the 5I
approach in real-world applications and to explore its potential for continuous improvement
in manufacturing processes.

4.4 The Collaboration of Six Sigma, AI, and Quality 4.0

In the ever-evolving landscape of modern business, organizations face an unprecedented
need to streamline operations, enhance quality, and drive continuous improvement. The
strategic integration of Six Sigma, Artificial Intelligence, and Quality 4.0 has emerged as
a powerful approach to address these challenges effectively [134]. However, the dynamic
nature of today’s business environment demands an even more innovative and adaptable
approach. The integration of Artificial Intelligence into the Lean Six Sigma framework has
the potential to take these improvements to new heights. AI-powered analytics can provide
deeper insights into process data, enabling organizations to identify and address root causes
of variability with greater precision. Moreover, the integration of AI-driven decision-making
can streamline the implementation of corrective actions, leading to faster and more impactful
improvements.

The collaboration of Six Sigma, AI, and Quality 4.0 (Figure 4.1) signifies a revolutionary
approach to quality management, utilizing cutting-edge technologies and methodologies
to optimize operational efficiency, elevate product quality, and adapt to changing customer
demands. By integrating Six Sigma, AI, and Quality 4.0, a robust quality management
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Fig. 4.1 Design Process

framework is established, harnessing advanced technologies and data-driven insights.This
collaboration can help identify best practices, develop new quality management frameworks,
and address existing gaps in the literature [127].

Both Quality 4.0 and Six Sigma emphasize the importance of data in driving quality
improvements. In a quality-driven Industry 4.0 environment, the vast amounts of data
generated by technologies such as IoT, Big Data, and AI can be leveraged to inform Six
Sigma initiatives. This integration allows for more precise analysis and identification of
quality issues, leading to more effective solutions[127] .

This integration boosts operational efficiency, promotes a customer-centric approach,
and fosters continuous improvement, ultimately resulting in superior products and services.
Organizations that embrace this harmonious combination will be well-equipped to excel in a
competitive landscape characterized by rapid technological progress and evolving customer
expectations. The results of the literature review are shown in Table 4.1

The efficiency of incorporating of Six Sigma, AI, and Quality 4.0 is:

1. Data-Driven Decision-Making

• Enhanced Analytics: Harness advanced artificial intelligence algorithms to
perform comprehensive analyses of large data sets gathered from various sources,
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Table 4.1 Collaboration Literature

Ref Technologies and techniques Insights
[122] Cloud computing, big

data, virtual reality (VR),
augmented reality (AR),
blockchain, AI, ML, IPv6,
cyber-physical systems, IoT.

Integrating Six Sigma, AI, and
Quality 4.0 enhances qual-
ity management by leverag-
ing data-driven insights and
automation to improve prod-
uct and service quality in the
digital era.

[158] Improving quality tools
through AI technology

The paper discusses integrat-
ing AI technology with tra-
ditional quality management
systems, enhancing Six Sigma
methodologies and Quality
4.0 through improved analy-
sis, decision-making, and stan-
dardized processes.

[143] Narrative literature review Integrating Six Sigma, AI, and
Quality 4.0 enhances qual-
ity management by leveraging
data analytics and automation
to improve processes, reduce
defects, and optimize perfor-
mance.

[86] Analysis and synthesis as the-
oretical method

The paper highlights the im-
portance of the Quality 4.0 ap-
proach in responding to new
customer demands and how it
can generate competitive prod-
ucts and services.

[45] Artificial intelligence (AI),
particularly machine learning
(ML) and deep learning (DL)

The paper discusses the limi-
tations of Six Sigma in mod-
ern manufacturing, highlight-
ing that AI and Quality 4.0
offer innovative solutions be-
yond traditional methodolo-
gies, enhancing quality con-
trol processes.

including Internet of Things (IoT) devices. This methodology enables Six Sigma
project teams to identify the root causes of defects by delivering insights based
on real-time data and historical trends. By incorporating these analytics into
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their workflows, teams can evaluate process performance with greater accuracy.
This approach not only helps in pinpointing operational inefficiencies but also
improves decision-making capabilities, allowing organizations to implement
targeted enhancements and drive continuous quality improvement initiatives
more effectively.

• Predictive Quality Management: Implement machine learning models that pre-
dict defects before they occur, enabling proactive measures and effective risk
management within Six Sigma initiatives.

2. Continuous Improvement and Agility

• Real-Time Data Monitoring: The integration of the Internet of Things (IoT)
with artificial intelligence (AI) has the potential to transform the monitoring of
processes. By continuously gathering and analyzing data from various produc-
tion stages, organizations can acquire valuable real-time insights into quality
metrics. This proactive approach enables the identification and resolution of po-
tential issues as they arise, rather than relying on periodic assessments or audits.
The ability to receive immediate feedback is vital for upholding high-quality
standards and allows for timely adjustments to processes, leading to a more
responsive and agile methodology in continuous process improvement.

• Automation of Routine Tasks: Incorporating AI technologies into Six Sigma ini-
tiatives presents a significant opportunity to optimize operations. By automating
repetitive and time-consuming tasks—such as data entry, analysis, and report
generation—teams can substantially reduce manual effort and lower the risk
of human error. This not only boosts overall efficiency but also allows team
members to focus on higher-level analysis and strategic enhancements. With
more time to dedicate to critical thinking and innovation, organizations can
improve their problem-solving capabilities and drive meaningful advancements
in their process improvement efforts.

3. Enhanced Customer Focus

• Voice of the Customer (VoC): Implement advanced AI-driven analytics tools
to systematically collect, process, and analyze customer feedback in real-time.
This approach ensures that Six Sigma initiatives are closely aligned with the
evolving needs and expectations of customers. By continuously monitoring and
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interpreting customer insights, organizations can make informed decisions that
not only enhance product development but also improve service delivery. This
proactive engagement with customer feedback fosters a deeper understanding
of customer sentiments and helps in identifying areas for refinement, ultimately
leading to improved satisfaction levels and loyalty.

• Personalization and Customization: Leverage sophisticated data analytics tech-
niques to deliver highly personalized and customized solutions that reflect in-
dividual customer preferences and behaviors. This strategy aligns seamlessly
with the principles of Quality 4.0, emphasizing a customer-centric approach
while remaining consistent with Six Sigma’s commitment to quality excellence.
By analyzing vast amounts of customer data, organizations can craft tailored
experiences that meet specific needs, enhancing overall user satisfaction. This
targeted approach encourages innovation in product features and services, ensur-
ing that offerings resonate with customers on a personal level and drive long-term
engagement.

4. Training and Development

• Digital Learning Platforms: Develop and implement advanced online training
modules that leverage artificial intelligence to offer tailored learning experiences
centered around Six Sigma methodologies. These platforms can assess individ-
ual learning styles and knowledge levels, allowing them to customize content,
resources, and assessments to enhance each employee’s understanding of quality
management principles. The goal is to cultivate a highly skilled workforce that
is not only familiar with Six Sigma concepts but is also adept at integrating
Quality 4.0 technologies, thereby driving efficiency and innovation within the
organization.

• Collaborative Learning: Promote a strong culture of knowledge sharing by
organizing virtual workshops and collaborative problem-solving sessions that
utilize AI-driven tools. These sessions would encourage participants to work
together on real-world challenges, fostering teamwork and enhancing learning
through the exchange of diverse perspectives. By integrating AI capabilities, such
as real-time feedback and data analysis, these workshops can help participants
better understand complex problems and develop effective solutions. This
ongoing, interactive learning environment will support continuous development
and reinforce the importance of collaboration in achieving organizational goals.
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5. Key Benefits of Integration

• Enhanced Efficiency: The integration of Artificial Intelligence (AI) with Six
Sigma methodologies significantly optimizes operational processes. By har-
nessing AI’s predictive analytics and automation capabilities, organizations can
streamline workflows, resulting in reduced cycle times. This decrease not only
accelerates production rates but also minimizes defects and errors during the man-
ufacturing process. As a result, companies attain higher output quality, ensuring
their products meet stringent standards and exceed customer expectations.

• Improved Quality Control: The emergence of Quality 4.0 technologies intro-
duces advanced tools for real-time monitoring and analytics. These innovations
empower organizations to continuously evaluate production processes and prod-
uct quality throughout the manufacturing cycle. By utilizing sophisticated data
analytics and machine learning algorithms, businesses can identify quality issues
as they occur, facilitating swift corrective actions. This proactive approach
to quality management helps uphold high standards and mitigates the risks
associated with product recalls or customer dissatisfaction.

• Elevated Customer Satisfaction: Organizations that place a strong emphasis on
understanding and responding to customer needs create a solid foundation for
lasting relationships. By utilizing Voice of Customer (VoC) insights, businesses
can tailor their services and products to align more closely with the preferences
and expectations of their clientele. Personalized customer experiences, guided by
these insights, not only enhance overall satisfaction but also increase customer
loyalty. As a result, companies can build a dedicated customer base that is more
likely to recommend their products and services to others.

• Data-Driven Culture: Cultivating a data-driven culture within an organization is
essential for improving quality management practices. By empowering employ-
ees at all levels to make decisions based on empirical data rather than intuition,
organizations promote an environment characterized by transparency and ac-
countability. This evidence-based approach strengthens the principles of Six
Sigma by supporting continuous improvement initiatives and fostering agile
responses to market fluctuations. Moreover, a data-driven culture enhances
an organization’s resilience and adaptability, enabling businesses to effectively
navigate challenges and capitalize on new growth opportunities.

6. Implementation Strategy
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• Establish Cross-Functional Teams: Form a diverse team that includes specialists
in Six Sigma, artificial intelligence, data analytics, and quality management.
This multidisciplinary approach will enable the team to leverage various per-
spectives and skill sets, fostering an environment of collaboration. The team
should regularly conduct workshops and brainstorming sessions to create co-
hesive strategies that align with organizational goals and encourage effective
communication among departments.

• Invest in Technology: Allocate resources to implement cutting-edge data ana-
lytics tools and AI technologies alongside traditional Six Sigma methodologies.
This integration can enhance the accuracy and efficiency of quality manage-
ment practices by enabling real-time data collection and analysis. It’s important
to provide training and support for team members to effectively utilize these
technologies, ensuring that they are well-equipped to interpret data insights and
apply them to drive quality improvements.

• Create a Continuous Improvement Framework: Develop a robust framework
that combines the structured problem-solving techniques of Six Sigma with the
flexibility and responsiveness of agile methodologies. This hybrid approach
should focus on fostering a culture of continuous quality enhancement, allowing
the organization to readily adapt to shifting customer demands and market trends.
Establish regular feedback loops and iterative cycles to refine processes and
integrate customer insights into ongoing project improvements.

• Measure Outcomes: Implement a systematic process for monitoring and an-
alyzing key performance indicators (KPIs) to assess the effectiveness of the
combined methodologies. Conduct regular reviews of the collected data to
evaluate progress, identify areas for improvement, and ensure that efforts are
aligned with strategic objectives. Utilize this data-driven approach to make
informed adjustments to practices and strategies, ensuring that the organization
remains agile and responsive to ongoing challenges and opportunities in quality
management.

4.5 The Proposed approach : 5I

The 5I Cycle [104], which stands for Identify, Inspect, Investigate, Implement, and Improve,
is an approach to problem-solving and quality management. It draws inspiration from the
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principles of DMAIC and PMQ (cf. Figure 4.2) . The primary objective of this approach is
to enhance control over production quality and enable more efficient and reliable decision-
making using our data collection and analysis toolset. Refer to Figure 4.2. for an illustration
of the architecture of the proposed approach.

Fig. 4.2 The 5I Architecture [104]

The 5I process is a structured, five-stage approach used for continuous improvement in
various businesses and organizations:

1. Identify : The phase of project management, which involves careful planning and
definition of key elements such as purpose, objectives, scope, deliverables, goals, and
resources. This phase is crucial for ensuring that the project is set up for success and
can be executed effectively.

2. Inspect: During this phase, we collect and analyze project performance data to compare
it against the project plan. This helps us track progress and identify any deviations.
By establishing a baseline, we can track performance metrics and make necessary
adjustments to improve project outcomes and ensure that objectives are met.

3. Investigate: The analysis phase focuses on identifying the root causes of specific
issues or problems that emerged during the project. It involves gathering and analyzing



4.5 The Proposed approach : 5I 79

project performance data and comparing it to the original project plan. This allows for
tracking progress, identifying deviations, and understanding the factors contributing
to performance gaps. This analysis is essential for implementing effective corrective
measures and enhancing overall project outcomes.

4. Implement: In this phase, specific activities and strategies are developed and executed
based on the insights gained from the analysis of project performance data. The goal is
to make measurable improvements by addressing the identified root causes of issues
or problems. This involves putting corrective actions into practice, monitoring their
effectiveness, and adjusting as necessary to enhance overall project outcomes and
ensure that the project meets its objectives.

5. Improve: In this phase, the best solutions are identified and implemented to effectively
resolve the root causes of the problems identified during the analysis. This involves
selecting and applying targeted strategies designed to enhance project performance and
prevent the recurrence of issues. The focus is on making sustained improvements, en-
suring that corrective actions are not only executed but also monitored for effectiveness,
allowing for further adjustments as needed to optimize overall project outcomes.

4.5.1 Identify

The initial phase of the 5I cycle begins with Identify (cf. Figure 4.3) or Quality Planning
Phase in project management. Its goals are to:

Fig. 4.3 Identify phase [104]

1. In this initial step, the focus is on identifying the specific service or product that
requires quality control measures. This involves determining the quality standards and
criteria that the product or service must meet,
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2. Estimate the required effort to clearly define the work that needs to be accomplished
for the service or product. Accurate effort estimation is crucial for effective project
planning, resource allocation, and establishing realistic timelines, ultimately leading to
successful project execution,

3. Understanding customer needs is essential for ensuring that the project delivers value
and meets the desired objectives. This information serves as the foundational input
for project planning, including defining scope, effort estimation, and establishing clear
success criteria, which ultimately contributes to successful project execution, and

4. After gathering and understanding customer needs and requirements, the project team
seeks formal approval from relevant stakeholders or company management to proceed
with the project.

4.5.2 Inspect

Quality Control Phase. During this stage, the emphasis is on systematically assessing the
quality of the service or product through various data collection methods and analytical tools.
Key activities in this phase include:

1. Automatic Data Collection: Utilizing sensors to gather input and output parameters
related to the service or product directly from the supply chain. This ensures real-time
monitoring and data accuracy.

2. Manual data collection involves gathering information by hand. This can include
surveys, interviews, observations, or experiments where data is recorded directly. Here
are some common methods for manual data collection:

• Surveys and Questionnaires: Members of the organization complete forms either
on paper or digitally, which may contain open-ended or closed questions.

• Interviews: Conducting one-on-one or group interviews and recording responses
through notes or audio/video recordings.

• Observations: Observing behaviors or events in the production process and
taking detailed notes.

• Experiments: Conducting hands-on experiments and manually recording results.

• Field Studies: Gathering data in the supply chain, which may involve direct
interaction with the environment.
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3. Assessment of Variations: Conducting a thorough evaluation of the collected data
to identify specific variations and anomalies that could be leading to quality issues.
This analysis is crucial for pinpointing the sources of deviation from desired quality
standards.

4. Utilization of Tools: Employing various tools such as tally charts, metadata analysis,
and predictive statistics to enhance current operations. These tools help in making
informed decisions regarding quality improvements and operational adjustments.

This phase is critical in ensuring that the project aligns with quality expectations and
ultimately contributes to successful project outcomes. Figure 4.4. illustrates the processes
and method used during the inspection phase, helping stakeholders better understand the
workflow involved. By contrast, the approval phase you previously described is foundational
to initiating project work, while the inspection phase focuses on monitoring and maintaining
the quality of that work. Each phase plays an essential role in the overall project lifecycle.

Fig. 4.4 Inspect phase [104]

4.5.3 Investigate

The primary focus of the Quality Control Analysis Phase is to ensure that services or products
meet specified requirements by conducting a thorough analysis of the collected data. Key
activities in this phase include:

1. Data Analysis: The process of data analysis entails utilizing a diverse range of
statistical methods and advanced analytical tools to meticulously process and assess the
collected data. This thorough evaluation enables organizations to identify underlying
trends and patterns, thereby enhancing their comprehension of how various factors
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such as customer feedback, operational processes, and market demands interact and
ultimately influence the quality of the services or products offered. By employing
techniques like regression analysis, hypothesis testing, and predictive modeling, teams
can extract valuable insights that support informed decision-making.

2. Association Rule Extraction: The application of data mining techniques for associa-
tion rule extraction is pivotal in uncovering the relationships among different variables.
This involves deploying algorithms to reveal hidden patterns and correlations within
the dataset. Gaining insights into these associations allows organizations to prioritize
key factors and informs strategic initiatives aimed at enhancing overall quality.

3. Identifying Areas for Improvement: By thoroughly analyzing the extracted associ-
ation rules, teams can effectively identify specific areas within their operations that
require enhancement. This proactive approach allows organizations to detect potential
quality issues before they escalate into more significant problems, enabling targeted
interventions.

4. Maintaining High Standards: Through continuous data analysis and the identifi-
cation of relationships influencing quality, organizations can formulate and execute
robust strategies designed to consistently maintain and elevate quality standards. This
dedication to continuous improvement not only addresses current quality challenges
but also anticipates future needs. Consequently, organizations can enhance customer
satisfaction by providing higher-quality products and services while simultaneously
improving operational effectiveness. By fostering a culture of quality driven by data
insights, organizations establish a competitive edge in the market.

Figure 4.5 depicts the quality control analysis phase, which aims to elucidate processes,
methods, and insights derived from data analysis.

This phase is crucial for ensuring that products or services not only meet customer
expectations but also comply with regulatory and industry standards. Through systematic
quality analysis, organizations can cultivate a culture of ongoing improvement and excellence.

4.5.4 Implement

During the Implement Phase of the 5I Meta-Tools framework, the focus is on utilizing a
range of analytical and modeling techniques to improve project outcomes through informed
decision-making and quality enhancement. The key components of the 5I Meta-Tools are as
follows:
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Fig. 4.5 Investigate phase [104]

Machine Learning / Deep Learning: This field is centered on developing advanced
classification models that employ various algorithms to predict outcomes from distinct input
data sets (cf. Figure 4.6) . By analyzing this data, machine learning techniques can effectively
uncover underlying patterns and classifications, significantly enhancing decision-making
processes across various domains. Deep learning, a subset of machine learning, utilizes
neural networks with multiple layers to address more complex datasets and challenges,
enabling sophisticated applications such as image recognition, natural language processing,
and autonomous systems.

Fig. 4.6 Machine Learning / Deep Learning Component

Statistics: Statistics involves a diverse array of methodologies that facilitate effective
visualization and interpretation of data (cf. Figure 4.7). Various statistical techniques,
including descriptive statistics, inferential statistics, and hypothesis testing, are utilized to
summarize data and draw meaningful conclusions. Visualization tools such as histograms,
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pie charts, line charts, and scatter plots provide clear insights into the data’s distribution,
trends, and interrelationships. These visual representations not only enhance understanding
of the data but also assist stakeholders in identifying significant patterns, anomalies, and
correlations that may inform future analyses or decision-making processes.

Fig. 4.7 Statistic Component

Quality Visualization: In the field of quality management, a variety of specialized
tools such as Ishikawa diagrams (also known as fishbone diagrams), control charts, and
Pareto diagrams are employed to visualize quality-related data. Ishikawa diagrams help in
identifying the root causes of quality issues by categorizing potential factors and arranging
them systematically. Control charts play a crucial role in monitoring process stability and
variations over time, while Pareto diagrams aid in prioritizing quality concerns by highlighting
the most significant factors impacting overall performance (cf. Figure 4.8). Together, these
tools empower organizations to systematically track their performance, pinpoint quality
issues, and prioritize improvement initiatives based on their influence on the overall quality
landscape.

Data Mining: This process entails utilizing a range of analytical techniques to uncover
hidden patterns, associations, and relationships within extensive datasets (cf. Figure 4.9).
By employing methods such as association rule mining and decision tree analysis, data
mining enables organizations to extract actionable insights that can guide strategic decision-
making (Ramadhani et al. 2023). For instance, association rule mining may reveal customer
purchasing patterns, while decision trees can assist in classifying data points into distinct
categories based on specific attributes. The insights derived from data mining are invaluable
for refining marketing strategies, optimizing operations, and enhancing customer experiences.

Process Mining: Process mining focuses on modeling and analyzing business processes
to enhance efficiency and effectiveness(Graafmans et al. 2021) (cf. Figure 4.10). By utilizing
the Business Process Model and Notation (BPMN), this approach enables organizations
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Fig. 4.8 Quality Component

Fig. 4.9 Data Mining Component

to visualize their current workflows in a structured manner. Capturing actual processes
through data and event logs allows process mining to identify bottlenecks, inefficiencies, and
redundancies within workflows. This analysis not only supports continuous improvement
efforts but also enables organizations to redesign processes for better performance, ensuring
optimal resource utilization and enhanced service delivery.

Fig. 4.10 Process Mining Component
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4.5.5 Improve

The Improve Phase (cf Figure 4.11) focuses on leveraging data-driven insights to optimize
processes and outcomes, building on the analyses conducted in earlier phases within the
continuous quality improvement framework.

Fig. 4.11 Improve phase [104]

The main objectives of the Improvement Phase include:

Implementing Corrective Actions: This process entails a systematic approach to iden-
tifying specific measures that effectively address the root causes of quality issues.
Comprehensive analytical tools, such as root cause analysis and fishbone diagrams,
can be employed to thoroughly dissect problems. Once the underlying causes have
been pinpointed, designated teams should be responsible for developing and executing
tailored strategies for resolution. This step not only resolves current issues but is also
vital in preventing future occurrences, ensuring that problems are addressed at their
source rather than merely treated.

Enhancing Defect Management: This phase emphasizes proactive measures aimed at sig-
nificantly reducing the incidence of defects in production or service delivery. By
refining existing processes and implementing new approach, organizations can opti-
mize operations and enhance product quality. Furthermore, ongoing training programs
for staff can elevate their skill sets and awareness, while integrating advanced technolo-
gies such as automation and data analytics helps ensure that outputs consistently align
with quality standards. The objective is to create a robust framework that minimizes
errors and preserves the integrity of the product throughout its lifecycle.
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Implementing an Alarm System: Establishing a predictive monitoring system requires the
integration of technology and software tools to track processes in real time. By creating
alerts based on predefined thresholds, organizations can swiftly identify deviations
from expected parameters. This proactive approach enables teams to address issues
before they escalate into more significant problems. Through the application of data
analytics and machine learning, organizations can continuously refine their predictive
models, enhancing the accuracy of alerts and further ensuring adherence to quality
standards.

Continuous Improvement Cycle: Acknowledging that improvement is an iterative and on-
going journey, this phase emphasizes the necessity of regularly reviewing and refining
processes. Organizations should set up a framework for assessing the effectiveness of
implemented solutions, rigorously utilizing metrics and key performance indicators
(KPIs) to gauge outcomes. If results fall short or new challenges arise, the cycle should
restart, allowing teams to make informed adjustments. This continuous feedback
loop not only cultivates a culture of innovation and adaptability but also empowers
employees to actively participate in problem-solving initiatives.

In conjunction with previous phases of improvement methods, the enhancement stage
is crucial for organizations. It ensures that they do not merely address existing issues but
also commit to a comprehensive approach aimed at elevating their operational functions.
This focus on continuous enhancement ultimately drives long-term operational excellence
and significantly enhances customer satisfaction, thereby establishing a strong reputation for
quality and reliability in the marketplace.

4.6 Conclusion

At the beginning of the chapter, we conducted a thorough examination of the key factors
that led to our decision to adopt Six Sigma as a foundational methodology for quality
control process . We analyzed its strengths in streamlining operations, reducing defects,
and enhancing efficiency, while also acknowledging its limitations, such as its reliance on
historical data and its lack of adaptability to rapidly changing environments. This prompted
us to recognize the need for integrating Six Sigma with advanced tools, including artificial
intelligence and contemporary quality technologies, to address these challenges and develop
a more robust framework.

Subsequently, we presented our innovative approach, which merges the structured princi-
ples of Six Sigma with state-of-the-art advancements in AI and quality 4.0. Each phase of
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the approach was explored in detail, emphasizing the strategies and tools used to identify
inefficiencies, implement solutions, and maintain continuous quality control. Our review
encompassed a comprehensive analysis of statistical methods, predictive analytics, and ma-
chine learning applications, all aimed at achieving optimal process performance and fostering
sustained improvements.

In the upcoming chapter, a detailed case study will be presented that focuses on the
application of the 5I approach within the context of quality process control. This case study
aims to showcase practical implementations, emphasize the challenges encountered, and
demonstrate the effectiveness of the approach in real-world situations.



Chapter 5

Use Case Analyses

5.1 Introduction

The study employs a range of analytical tools to effectively implement the 5I approach,
aimed at deepening our understanding of complex processes and identifying potential areas
for improvement. This method underscores a structured approach that encompasses analysis,
process definition, problem identification, and the formulation of targeted enhancement
suggestions. To illustrate the practical application and impact of the 5I approach, we will
conduct an in-depth simulation using a comprehensive case study paired with a carefully
curated dataset. This simulation will serve as a crucial component of our research, enabling
us to demonstrate the effectiveness of the method in a realistic context. Through this
approach, we intend to showcase how the 5I approach excels at pinpointing underlying
issues, analyzing various elements of processes, and generating actionable recommendations
for improvement. By engaging with the case study and examining the dataset in detail,
we will delineate the specific stages of the 5I approach, providing tangible examples that
highlight its systematic and thorough nature. Throughout the simulation, we will conduct
an extensive exploration of each phase, including the identification of key problems, the
definition and mapping of processes, a thorough analysis of the collected data, and the
development of strategic enhancement suggestions. Ultimately, this detailed examination will
emphasize the robustness of the method as a tool for effective problem-solving and process
optimization, illustrating its considerable potential to drive meaningful improvements in
real-world applications.
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5.2 Use Case: Steel Plates

5.2.1 PHASE 1: IDENTIFY

The initial stage of process improvement entails a comprehensive evaluation of existing
workflows to identify areas in need of enhancement. In the context of Industry 4.0, the
integration of advanced technologies requires the adoption of new skills and methodologies
that are vital for the swift identification of product defects. This capability is crucial for
expediting decision-making processes and improving overall product quality. One innovative
approach employed in this domain is predictive quality, which utilizes data analytics to
anticipate and detect errors early in the manufacturing cycle. By forecasting potential issues,
manufacturers can take corrective measures before defects lead to significant production
delays or setbacks in quality.

To support this predictive quality initiative, a dataset focused on defective steel plates has
been developed through research conducted by Semeion, a prominent Research Center of
Communication Sciences [26] [74]. This comprehensive dataset encompasses a variety of
faults found in steel plates, meticulously categorized into seven distinct types. This detailed
classification not only enhances the understanding of each defect’s nature but also serves as a
vital resource for automating the defect prediction process, thus improving the efficiency and
reliability of manufacturing operations.

5.2.2 PHASE 2: INSPECT

The dataset concerning faulty steel plates contains a total of 1,941 instances, each character-
ized by 27 distinct attributes. A comprehensive list of these attributes is detailed in Table
5.1, providing insights into the various factors associated with the steel plates.

Table 5.1 The Faulty Steel Plates dataset attributes.[104]

N Attributes Name N Attributes Name N Attributes Name

1 X_Minimum 10 Maximum_of_Luminosity 19 Edges_X_Index
2 X_Maximum 11 Length_of_Conveyer 20 Edges_Y_Index
3 Y_Minimum 12 TypeOfSteel_A300 21 Outside_Global_Index
4 Y_Maximum 13 TypeOfSteel_A400 22 LogOfAreas
5 Pixels_Areas 14 Steel_Plate_Thickness 23 Log_X_Index
6 X_Perimeter 15 Edges_Index 24 Log_Y_Index
7 Y_Perimeter 16 Empty_Index 25 Orientation_Index
8 Sum_of_Luminosity 17 Square_Index 26 Luminosity_Index
9 Minimum_of_Luminosity 18 Outside_X_Index 27 SigmoidOfAreas
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We have carefully categorized the various types of faults that can occur in steel plates,
arranging them from the most frequently encountered to those that are less common. This
detailed classification is presented in Table 5.2, where each fault type is accompanied by its
incidence rate.

Table 5.2 List of fault type and number of instances [104]

Fault Type Number of instances

Other_Faults 673
Bumps 402

K_Scatch 391
Z_Scratch 190

Pastry 158
Stains 72

Dirtiness 55

Total Instances 1941

Figure 5.1 presents a pie chart that displays the distribution of our dataset across various
defect categories. Each chart segment represents a specific category, visually illustrating
the proportion of each defect type relative to the entire dataset. This visual representation
facilitates a clearer comparison of the prevalence of different defects, emphasizing which
categories are most and least common within the overall dataset.

Following this classification, we have created a corresponding Pareto diagram, as shown
in Figure 5.2. This diagram visually represents the distribution of faults, emphasizing the
most prevalent issues that contribute significantly to the majority of problems observed in
the steel plates.

According to an analysis conducted with a Pareto diagram that applies the 80/20 rule, the
most significant faults identified in our dataset are Bumps and K_Scatch. These two faults
stand out as the primary contributors to our overall issues, accounting for a substantial portion
of the observed defects. Therefore, it is essential to prioritize these faults for improvement
efforts. By concentrating on strategies to mitigate the frequency and impact of Bumps
and K_Scatch, we can effectively enhance our overall quality and operational efficiency.
Targeting these areas will not only help alleviate the negative effects associated with these
faults but will also result in more significant overall improvements in our processes.
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Fig. 5.1 Steel Plates Pie Chart

Fig. 5.2 Parito Diagram [104]

5.2.3 PHASE 3: INVESTIGATE

After the data has been effectively normalized to ensure consistent scales across all features,
the next critical step involves partitioning the dataset into two distinct subsets: 70% will be
allocated for training purposes, while the remaining 30% will be reserved for testing the
model’s performance. In this analysis, a random forest classifier is employed, which has
successfully computed the importance scores for various features. These scores are visually



5.2 Use Case: Steel Plates 93

represented in Figure 5.3. Upon reviewing these scores, it becomes evident that four particu-
lar features exhibit remarkable importance, each surpassing an impressive threshold of 80%:
these are Sum_of_Luminosity, Outside_X_Index, Log_X_Index, and Length_of_Conveyer.
The high-importance scores associated with these features are particularly noteworthy as
they signify their substantial contributions to the model’s predictive accuracy. Understanding
the significance of each feature not only enhances model interpretability but also provides
valuable insights into which variables play a pivotal role in influencing the outcomes of the
predictions. This understanding can guide further analysis and potential improvements in
model performance.

Fig. 5.3 Feature importance [104]

Exploratory Data Analysis (EDA) is a thorough analytical methodology in which data is
systematically summarized and essential characteristics are extracted to enhance understand-
ing of the dataset. This process not only involves visualizing the data for clear interpretation
but also rigorously testing fundamental assumptions necessary for developing robust pre-
dictive models and examining various hypotheses. A critical aspect of EDA is addressing
challenges such as missing values, which can significantly affect the integrity of the analysis,
and applying necessary transformations to variables to ensure they align with the assumptions
of subsequent analytical techniques [29].

In this study, we employed EDA to gain insights into the defective steel plate dataset.
Our analysis uncovered an irregular distribution of values across the variables, marked by
a significant disparity between the maximum and minimum values. This finding indicates
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the possibility of outliers or extreme values within the dataset that could affect the overall
analysis outcomes. To further clarify the characteristics of the data distribution, we utilized
histograms, as shown in Figure 5.4. These histograms provide a visual representation of the
frequency of data points within defined intervals. By analyzing these visualizations, one can
effectively evaluate the skewness, kurtosis, and overall spread of the data, leading to a more
nuanced understanding of the underlying patterns and anomalies present within the dataset.
This initial exploratory phase is essential for formulating hypotheses and guiding subsequent
phases of analysis.

1. Normal characteristics: Empty_Index, Luminosity_Index .

2. Exponential characteristics: Steel_Plate_Thickness, X_Maximum, X_Minimum,
Y_Maximum, Y_Minimum , Edges_Index, Edges_X_Index, Edges_Y_Index.

3. Bimodal characteristics: Length_of_Conveyer, Outside_Global_Index, TypeOfSteel_A300,
TypeOfSteel_A400.

4. Asymmetric characteristics: Log_X_Index, Log_Y_Index.

The dataset displays an asymmetrical distribution, marked by the existence of outlier
values that significantly deviate from the majority of data points. These outliers are significant
because they can impact statistical analyses and interpretations. To gain a clearer understand-
ing of the distribution characteristics, the Kernel Density Estimation (KDE) graph proves
to be an effective visual analysis tool. This graphical representation provides a univariate
scatterplot that highlights the underlying distribution patterns of various data types, including
but not limited to normal (Gaussian), exponential, bimodal, and asymmetric distributions.

One notable advantage of density graphs, as illustrated in Figure 5.5, is their ability to
offer a more nuanced and clearer visualization of distribution types compared to traditional
histograms. Density graphs excel at revealing details such as the presence of multiple modes,
particularly in bimodal distributions, thus facilitating a more comprehensive understanding
of the data’s structure and behavior. This clarity is crucial for accurately interpreting the data
and making informed decisions based on its distribution characteristics.

Additionally, the box diagrams presented in Figure 5.6 provide a clear and distinct visual
representation of the outliers identified within the dataset. This observation is particularly
significant given that the dataset pertains to steel plates classified as a fault dataset, which
inherently contains anomalies due to defects or irregularities in the materials. At this stage,
it is not feasible to exclude these outliers from the analysis. This limitation stems from the
lack of a comprehensive description of the dataset from the data provider, which complicates
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Fig. 5.4 Data Distribution Histogram [104]

the understanding of the characteristics or behaviors of these outliers. Consequently, any
attempts to remove them would be speculative at best and could potentially compromise the
integrity of the analysis.

Upon examining the correlation matrix (refer to Figure 5.7), several noteworthy correla-
tions among the analyzed features can be identified:

• A significant positive correlation exists between X_Minimum and X_Maximum, in-
dicating that as the minimum value along the X-axis increases, the maximum value
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Fig. 5.5 Kernel density estimation [104]

tends to rise correspondingly. This relationship suggests a consistent range of values
along the horizontal dimension.

• Similarly, a strong correlation can be observed between Y_Minimum and Y_Maximum,
implying that the minimum and maximum values along the Y-axis are closely linked
as well, reflecting predictable variations in the vertical dimension.

• The features Pixels_Areas, X_Perimeter, Y_Perimeter, and Sum_of_Luminosity ex-
hibit interrelated behaviors, suggesting that changes in one of these metrics may impact
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Fig. 5.6 Box Plot [104]

the others. This implies a deeper relationship between the geometrical attributes of the
shapes and their luminosity distributions.

• A notable correlation is evident among LogOfAreas, Log_X_Index, and SigmoidOfAr-
eas. This relationship indicates that transformations applied to the area measurements
are interconnected, shedding light on complex patterns in how areas relate to their
logarithmic and sigmoid representations.

• Furthermore, Orientation_Index and Outside_Global_Index demonstrate a connection
that may suggest the orientation of a shape is related to its position or significance in a
broader context beyond its immediate boundaries.
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• Lastly, a correlation exists between Maximum_of_Luminosity and Luminosity_Index,
highlighting that the peak luminosity recorded for a feature correlates with its overall
luminosity score, which could influence analyses in applications involving intensity
measurements.

These correlations offer valuable insights into the relationships between different features,
suggesting underlying patterns that warrant further exploration in future analyses.

Fig. 5.7 Correlation Matrix [104]

Understanding the concept of correlation between features is vital when analyzing
data. Correlation signifies a relationship between two variables, where a change in one
variable corresponds to a change in another, often in a predictable manner. Recognizing this
relationship is crucial for predictive analytics, as it allows us to utilize information from one
variable to estimate or forecast the behavior of another. Additionally, our analysis has led to
the identification of specific results and association rules that are essential for diagnosing
particular faults within the data set. In this context, we have identified three primary faults:
K_Scratch, Z_Scratch, and Stains. To enhance clarity and aid in our analysis, we have
compiled the attribute values associated with each of these identified faults in Table 5.3,
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which provides a comprehensive summary of the relevant characteristics linked to each issue.
This table serves as a critical resource for understanding the nature and implications of these
faults.

Where:

Con f idence(X → Y ) = |(x,y)|/|x| (5.1)

And :

• X and Y are attributes in the dataset.

• |(x, y)| is the number of instances that contain both attributes X and Y

• |x| is the number of instances that contain attributes X.

Table 5.3 Attributes values and association rules for each faults [104]

Fault Type Attributes Name Attributes Values Association Rules

k_Scatch

Outside_Global_Index ̸= 0.5
This rule has a confidence of :Steel_Plate_Thickness = 40

Minimum_of_Luminosity ≤70
Sum_of_Luminosity ≥20000 306

391 = 0.78
LogOfAreas ≥3

Log_X_Index ≥2

Stains

Steel_Plate_Thickness =50
This rule has a confidence of :

TypeOfSteel_A400 =1
Log_Y_Index <0.8 63

72 = 0.87
LogOfAreas <1.6

Z_Scratch

Steel_Plate_Thickness = 70
This rule has a confidence of :TypeOfSteel_A400 = 0

X_Minimum { 0,250}
Minimum_of_Luminosity { 75,120} 120

190 = 0.63
Maximum_of_Luminosity { 100,150}

Length_of_Conveyer { 1348,1360}

The findings outlined in Table 6 indicate that specific attribute values are linked to the
emergence of three distinct types of defects. However, the primary objective of this research
is to identify comprehensively all values that correlate with the occurrence of these defects.
To achieve this aim, the study introduces an innovative method leveraging deep learning
technology. This advanced approach involves the creation of a robust predictive model
designed to detect and classify all types of defects effectively. By harnessing the capabilities
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of deep learning algorithms, the model seeks to enhance the accuracy and efficiency of defect
identification, ultimately contributing to improved quality control and defect prevention
strategies in relevant applications.

5.2.4 PHASE 4 : IMPLEMENT

In this section, we explore our proposed solution and architectural framework aimed at
improving the accuracy of fault classification in the context of faulty steel plates. A significant
challenge we faced was the imbalanced nature of our dataset, particularly regarding the
Bumps and K_Scatch classes, which are underrepresented and often lead to unreliable
classification outcomes. To effectively address this imbalance, we developed a hybrid
sampling algorithm that combines the strengths of two established techniques: the Synthetic
Minority Oversampling Technique (SMOTE) and Edited Nearest Neighbor (ENN). As
highlighted in previous research [110] [17] , this innovative hybrid approach enhances the
representation of minority classes while simultaneously improving the quality of majority
class samples.

Imbalanced Dataset

Imbalanced data pertains to datasets where the distribution of class labels is uneven, with
one class (the majority class) containing a significantly higher number of observations than
the other (the minority class). This imbalance can pose challenges for machine learning algo-
rithms, as they may exhibit bias toward the majority class, resulting in subpar performance
on the minority class. As illustrated in Figure 5.8.

Fig. 5.8 Imbalanced Dada Set
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Synthetic Minority Oversampling Technique (SMOTE)

The SMOTE over-sampling algorithm, introduced by [29],is a method designed to amplify
the representation of minority classes in a dataset. This technique identifies existing data
points within the minority class and creates new samples through linear interpolation of their
features. This not only increases the number of instances in the underrepresented classes
but also ensures that the newly generated samples are diverse and reflective of the actual
characteristics of the faults (see Figure 5.9 and Algorithm 1 ).

Fig. 5.9 SMOTE Techniques for handling imbalanced data

The primary advantage of SMOTE compared to Random Over Sampling is its ability
to reduce the risk of overfitting by generating synthetic samples from the minority class.
Nonetheless, SMOTE has several limitations, such as challenges with high-dimensional
datasets, oversight of neighbors from the majority class, and the potential creation of noisy
samples stemming from its inherent randomness. To mitigate these issues, it is advisable
to implement a noise removal technique alongside SMOTE to enhance the performance of
classifiers.

Edited Nearest Neighbor (ENN)

Edited Nearest Neighbors (ENN) is an advanced data preprocessing technique that enhances
the quality of the training dataset by systematically removing instances that are misclassified
based on their nearest neighbors. The process involves evaluating each data point within the
training set to identify its k nearest neighbors. For each point, ENN assesses the class labels
of these neighbors, and if the majority do not match the class label of the point in question,
that instance is considered misclassified and is subsequently removed from the dataset.

This method proves particularly beneficial when working with imbalanced datasets, where
the distribution of classes may favor one over another. The ENN technique helps to refine the
majority class by identifying and eliminating noisy or potentially misleading samples that
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Algorithm 1: SMOTE over-sampling algorithm [29]
Input: Number of minority class samples T ;Amount of SMOTE N%;Number of

nearest neighbors k
Output: (N/100)∗T synthetic minority class samples

1 if N < 100 then
2 Randomize the T minority class samples
3 T = (N/100)∗T
4 N = 100
5 end
6 N = (int)(N/100) // (*The amount of SMOTE is assumed to be in

integral multiples of 100.*)

7 k =Numbre of nearest neighbors
8 numattrs = Nomvre of attributes
9 Sample[ ][ ]:array for oroiginal minority class samples

10 newindex: keeps a count of number of synthetic samples generated, initialized to 0
11 Synthetic[ ][ ]: array for synthetic samples // (*Compute k nearest neighbors

for each minority class sample only. *)

12 for i←− 1 : T do
13 Compute k nearest neighbors for i, and save the indices in the nnarray
14 Populate(N, i,nnarray)
15 end
16 Populate(N, i,nnarray) // (*Function to generate the synthetic

samples.*)

17 while N ̸= 0 do
18 Choose a random number between 1 and k, call it nn. This step chooses one of

the k nearest neighbors of i.
19 for attr←− 1 : numattrs do
20 Compute:di f = Sample[nnarray[nn]][attr]−Sample[i][attr]
21 Compute:gap = random number between 0 and 1
22 synthetic[newindex][attr] = Sample[i][attr]+gap∗di f
23 end
24 newindex++
25 N = N−1
26 end

// (*End of Populate.*)

could impede the classification process. The steps of the Edited Nearest Neighbor (ENN)
algorithm are as follows:

1. Choose a value for k for each instance in the dataset.

2. For each instance in the dataset:
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(a) Determine its k nearest neighbors.

(b) If the majority of these neighbors belong to a different class, the instance is
deemed misclassified.

(c) Remove the misclassified instance from the dataset.

3. Repeat step 2 for all instance within the dataset.

By employing this rigorous method, SMOTEENN ensures a more balanced dataset,
which is vital for achieving accurate and reliable classification results. The entire sampling
strategy is visually outlined in Figure 5.10 and Figure 5.11, which illustrates the systematic
flow of how ENN operates within this framework.

Fig. 5.10 Hybrid sampling SMOTEENN [104]

The proposed DNN architecture, detailed in Figure 5.12, is designed to process input
data through an input layer comprising 27 neurons, which corresponds to the number of
features in the dataset. This architecture features four hidden layers that enable the capture
of complex patterns and hierarchical representations in the input data. Each hidden layer
employs the Rectified Linear Unit (ReLU) activation function, recognized for its efficacy in
training deep networks and addressing issues related to vanishing gradients.

In conclusion, the Deep Neural Network (DNN) has proven to be highly effective for
classification predictions, as demonstrated in Figure 5.13.

In this network, the output layer includes seven neurons, each representing one of the
distinct classes that the model aims to predict. For the output layer, we intend to use
the Softmax activation function, which is particularly suited for multiclass classification
tasks, as it converts raw output scores into probabilities that sum to one, facilitating a
clear interpretation of the class predictions. This structured approach highlights the DNN’s
capability to accurately classify data into one of the predefined categories based on its learned
representations.
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Fig. 5.11 The flowchart of SMOTEENN algorithm [85]

The analysis demonstrates that the application of SMOTE (Synthetic Minority Over-
sampling Technique) and ENN (Edited Nearest Neighbors) methodologies significantly
enhances the classification performance of deep neural networks (DNNs). This improvement
is quantitatively supported by the findings presented in Table 5.4, which illustrates the
comparative results both before and after the implementation of these techniques. The data
highlight how these approaches effectively tackle class imbalance and refine the dataset,
ultimately leading to more accurate and robust classification outcomes.
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Fig. 5.12 DNN Architecture [104]

Fig. 5.13 The proposed solution flowchart

Table 5.4 Performance Measure of Classifiers [104]

Classification Accuracy
DNN DNN with SMOTE DNN with SMOTEENN

77.36% 94.51% 99.05%
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5.2.5 PHASE 5 : IMPROVE

PHASE 5 : IMPROVE To evaluate the effectiveness of our predictive model, we utilized two
primary metrics: accuracy and precision. Accuracy is defined as the proportion of correctly
predicted output variables relative to the total number of instances in the test dataset, as
outlined in Formula (5.2). This metric offers a broad overview of the model’s performance
by indicating the frequency of accurate predictions. In addition, we employed the precision
metric, explained in Formula (5.3). Precision specifically assesses the accuracy of the model’s
positive predictions, emphasizing its ability to correctly identify relevant instances. Both
accuracy and precision are derived from the data presented in the confusion matrix (see
Table 5.5), which summarizes the model’s performance through counts of true positives, true
negatives, false positives, and false negatives. For a visual representation of these concepts,
please refer to Figure 5.14. The relevant formulas for accuracy and precision are provided
below for clarity.

Accuracy =
(T P+T N)

(T P+T N +FP+FN)
(5.2)

Precision =
T P

(T P+FP)
(5.3)

Where:

1. TP: Instances where the model correctly predicts a positive class.

2. TN: Instances where the model correctly predicts a negative class.

3. FP: Instances where the model incorrectly predicts a positive class.

4. FN: Instances where the model incorrectly predicts a negative class.

Table 5.5 Values of the Confusion Matrix

Predicted Positive P=1 Predicted Negative N=0
Actual Positive P=1 TN FP

Actual Negative N=0 FN TP

The data presented in Table 8 reveals that the Deep Neural Network (DNN) integrated
with Synthetic Minority Over-sampling Technique (SMOTE) and Edited Nearest Neighbors
(ENN) achieves remarkable performance metrics, boasting an impressive accuracy rate of
99.05%. This level of accuracy is particularly significant because the model successfully
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Fig. 5.14 Confusion Matrix [104]

achieves a perfect score of 100% in predicting three specific categories: Dirtiness, Stains,
and Z_Scratch, as illustrates in Table 5.6

Table 5.6 Precision of three models [104]

Faults Type DNN DNN with SMOTE DNN with SMOTEENN
Bumps 85.93 % 95.88 % 99.65 %

Dirtiness 99.48 % 100 % 100 %
K_Scatch 98.28 % 99.48 % 99.91 %

Other Faults 80.61 % 95.19 % 99.39 %
Pastry 94.16 % 99.48 % 99.13 %
Stains 99.31 % 99.82 % 100 %

Z_Scratch 96.91 % 99.14 % 100 %

Such exceptional precision is a crucial asset for applications in the steel product manu-
facturing sector, where the ability to accurately identify defects is vital for ensuring product
quality. The DNN’s high performance not only enhances defect prediction capabilities
but also contributes to overall quality improvement in manufacturing processes, ultimately
leading to better outcomes and higher standards in product reliability. This model demon-
strates immense potential for adoption in industrial applications, where meticulous quality
assessment is paramount.
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5.3 Comparison with existing models and discussion

Previous studies have employed various machine learning techniques to effectively predict
classes within the faulty steel plates dataset. Notably, Gaussian Naïve Bayes was applied
by [141]. Researchers also utilized XGBoost, a robust ensemble learning method, for class
prediction within the same dataset, as reported by [141]. Decision trees emerged as another
popular approach, demonstrating significant effectiveness in this context, with noteworthy
contributions by [141] [146] [100], Random forest, recognized for its robustness and accu-
racy, has been extensively investigated by multiple researchers, including contributions from
[141] [146] [75] [4] [113]. Support vector machines, well-known for their proficiency in clas-
sification tasks, have also been utilized by [146] [140], K-nearest neighbors, which operate on
the principle of proximity in feature space, was employed by [146] [100], Linear regression
played a role in the analysis conducted by [75], while Neighborhood approaches, as discussed
by [71], Bashing [113], Adaboost [141] [113] . Finally, the LTM forest methodology was
analyzed by [55].

In summary, Table 5.7 provides a comprehensive overview of the accuracy metrics from
these various studies, comparing them to our proposed method for predicting classes within
the faulty steel plates dataset, thereby emphasizing the progress and potential improvements
in this field of research.

The findings of our study clearly demonstrate that the proposed method, which inte-
grates Deep Neural Networks (DNN) with the Synthetic Minority Over-sampling Technique
(SMOTE) and Edited Nearest Neighbors (ENN), significantly outperforms all other evaluated
techniques in the realm of defect prediction. Our method achieves an impressive accuracy
rate of 99.05%, highlighting its effectiveness and robustness in accurately predicting defects.

In comparison, the other models exhibited considerably lower performance. The Random
Forest (RF) model attained an accuracy of 94.18%, while the Adaboost classifier followed
closely with 93.15%. The Bagging classifier also showed a respectable accuracy of 91.83%,
and the Logistic Regression (LR) model recorded an accuracy of 89.13%. However, several
models performed less favorably, with XGBoost achieving 79.43%, the Support Vector
Machine (SVM) at 77.53%, the Decision Tree (DT) at 76.04%, the K-Nearest Neighbors
(KNN) at 71.80%, and the Neighborhood classifier reaching a low accuracy of 65.68%.
These results not only underscore the superiority of our combined approach but also illustrate
the varying effectiveness of different classification techniques in the field of defect prediction.
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Table 5.7 Comparison of our model with state-of-the-art methods in the faulty steel plates
dataset [104]

Reference Method Accuracy
[141] Gaussian Naïve Bayes 61.70

Decision tree (DT) 64.52
Random forest (RF) 74.04
Adaboost classifier 52.96

XGBoost 79.43
[146] Decision tree (DT) 76.04

Random forest (RF) 79.39
Adaboost classifier 78.41

K-nearest neighbors (KNN) 71.35
Support Vector Machines (SVM) 74.90

[75] Linear regression (LR) 89.13
Random forest (RF) 94.18

[100] K-nearest neighbors (KNN) 71.80
Decision tree (DT) 75.10

[4] Random forest (RF) 76.11
[71] Neighborhood classifier (NEC) 65.68

[163] Edited nearest neighbor 73.72
MQRWA (ENN-MQRWA)

[113] Adaboost classifier 93.15
Bagging classifier 91.83

Random forest (RF) 90.93
[140] Support Vector Machines (SVM) 77.53
[55] LMT Forest 86.65

Proposed Method DNN with SMOTEENN 99.05%

5.4 Conclusion

During the simulation, we conducted a comprehensive exploration of each stage of the 5I
approach, which encompasses Identify, Examine, Realize, Implement, Execute, and Improve.
We began by identifying key issues to ensure a thorough understanding of the challenges
at hand. This phase included not only the identification of specific problems but also an
in-depth analysis of the context surrounding them.

Following this, we undertook a meticulous examination of the dataset, utilizing advanced
analytical tools and techniques such as statistical analysis and data visualization. By delving
deeper into the characteristics of the data, we uncovered relationships among various vari-
ables, helping us to identify the root causes of defects. Consequently, we derived specific
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results and association rules that pinpointed the following faults: K_Scratch (63%), K_Scatch
(78%), and Stains (87%).

Aiming for an optimal solution, we proposed a deep learning approach for detecting all
types of defects in steel plates. Our solution includes a hybrid statistical sampling algorithm
that merges the Synthetic Minority Over-sampling Technique (SMOTE) with Edited Nearest
Neighbor (ENN). Additionally, we employed a universal Deep Neural Network (DNN) as a
classifier for defects. As a result, our solution achieved an impressive prediction accuracy
of 99.05%, surpassing state-of-the-art machine learning algorithms. Notably, it reached a
perfect 100% accuracy rate for three specific categories: Dirtiness, Stains, and Z_Scratch.

By showcasing the versatility and effectiveness of the 5I approach as a troubleshooting
and process improvement tool, we aim to illustrate its potential to facilitate meaningful
change within an organization. The following chapter will conclude the current research.



Chapter 6

Conclusion

The emergence of Industry 4.0 necessitates a significant cultural transformation within
organizational structures, highlighting the critical importance of collaboration, agility, and a
dedication to continuous learning. To succeed in this evolving landscape, companies must
prioritize the upskilling of their workforce, ensuring that employees acquire the necessary
competencies to navigate and harness advanced technologies such as artificial intelligence,
the Internet of Things (IoT), and robotics. By fostering an environment that encourages
innovation and adaptability, businesses can demonstrate resilience in the face of rapid
technological advancements and fluctuating market demands.

Moreover, establishing partnerships among businesses, academic institutions, and gov-
ernmental entities will be essential in propelling Industry 4.0 forward. These collaborations
can greatly enhance research and development initiatives, facilitate the integration of new
technologies, and create a dynamic ecosystem that nurtures innovation. Through collective
efforts, stakeholders can work towards making the benefits of Industry 4.0 accessible to
a wide range of industries and communities, thus democratizing technological access and
advantages.

Staying within the same context, Six Sigma represents a powerful statistical methodology
that employs a variety of tools and techniques to enhance performance by refining processes
and reducing cycle times. This structured approach enables the early detection and resolution
of errors, leading to significant cost reductions while maintaining adherence to quality
specifications aiming for no more than 3.4 defects per million units produced. Key tools
within this framework include the Pareto chart, scatter diagram, cause-and-effect diagram,
process flow diagram, and process capability model, each employing additional statistical
methodologies to strengthen quality control.

The primary theoretical advancement of this research presents a modern approach to
enhancing and adapting the Six Sigma methodology. This innovative method is supported
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by a comprehensive arsenal of statistical tools that effectively address quality challenges
across various sectors, including manufacturing, agriculture, and education. It is specifically
designed to meet the demands of ongoing digital transformation by integrating cutting-
edge technologies while promoting flexibility and scalability within dynamic environments.
Additionally, it encourages a culture of continuous improvement and operational excellence,
enabling organizations to proactively anticipate potential issues and develop preemptive
solutions.

Our method not only establishes a robust framework for organizations through the
integration of statistical and predictive techniques but also leverages artificial intelligence
to refine quality control processes and optimize decision-making strategies. This model
offers both scalability and adaptability, making it suitable for a range of industries seeking to
enhance their operational effectiveness. The 5I approach, in particular, is structured to allow
for easy adjustments, ensuring that the tools remain relevant to the specific context of any
organization.

From a scientific perspective, our study acknowledges its limitations, especially regarding
validation method. We aim to address this aspect in collaboration with an emerging startup.
Despite these challenges, we have successfully demonstrated the method’s efficacy in data
analysis and achieved highly satisfactory predictive outcomes. In summary, conducting
a thorough methodological analysis of manufacturing challenges across global industries
is crucial for refining processes, improving operational quality, and significantly elevating
sigma levels across various sectors.

In today’s interconnected market landscape, minimizing variation, enforcing rigorous
controls, and implementing effective manufacturing systems are essential for enhancing profit
margins, surpassing investor expectations, and ensuring that companies remain competitive.
Embracing change is not just a favorable option; it is a crucial necessity for businesses aiming
to sustain their leadership positions. Those who resist evolution risk being left behind in the
marketplace. Therefore, it is imperative for individuals, particularly those within the industry,
to continuously seek knowledge and equip themselves with the tools to innovate solutions
that address customer demands while driving company growth and profitability.

The impetus for this work lies in addressing the knowledge gaps surrounding the barriers
to implementing Six Sigma in the context of Industry 4.0, as well as exploring the application
of predictive analytics in information technology as a strategic instrument for data analysis
and informed decision-making. Given the extensive array of tools and techniques available
in machine learning and deep learning, comprehending the essence of predictive analytics
can be daunting. Nonetheless, it is vital to understand the critical steps in developing a model
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capable of delivering real-time predictive analytics necessary to unlock the full potential of
any project.

To ensure the successful implementation of the 5I approach within the Quality Control
(QC) system, attention must be directed towards key components such as real-time deploy-
ment, thorough testing, and continuous monitoring of the model. Future initiatives should
prioritize the following detailed actions:

1. Comprehensive Testing in Industrial Settings: It is essential to conduct extensive testing
of the proposed solution within actual industrial environments. This process should
encompass a variety of scenarios to validate the model’s effectiveness and reliability,
ensuring accurate performance under diverse operational conditions. Collaborating
with key industrial partners for pilot programs can yield invaluable insights and data
during this testing phase.

2. Variety of Predictive Analytics Tools: It is crucial to explore a broader range of predic-
tive analytics tools for modeling, testing, validation, visualization, and deployment.
While the current project utilizes robust analytical tools like Python and R for de-
veloping predictive models and visualizing results, expanding the toolkit to include
additional APIs and software can enhance deployment efficiency and streamline on-
going programming and fine-tuning efforts. This may involve assessing user-friendly
interfaces and integration capabilities with existing systems.

3. Innovative Data Collection Methods: To improve the quality and comprehensiveness
of the datasets employed, it is necessary to adopt innovative data gathering techniques.
These methods could include automated collection from IoT devices, enhanced survey
instruments, or tapping into external databases. Diversifying data sources will lead to
more accurate and robust analyses, ultimately enhancing model performance.

4. Advanced Monitoring Techniques: The adoption of sophisticated monitoring tech-
nologies that do not necessitate agent installation on the monitored virtual machines
is essential. Agentless monitoring techniques can streamline the overall architecture
and reduce operational complexity while ensuring effective oversight of system perfor-
mance and health. This approach can promote better resource utilization and minimize
downtime.

5. Regular Model Updates and Refinement: To remain responsive to the evolving in-
dustrial landscape and integrate new data inputs, it is crucial to routinely update and
refine the predictive model. Establishing a schedule for regular model reviews and
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enhancements will help maintain its relevance and accuracy, enabling it to effectively
address emerging trends and anomalies.

6. User Training and Knowledge Sharing: Emphasizing user education and cultivating a
culture of knowledge sharing within the team are vital. Creating structured training
programs will equip team members with the necessary skills to operate, interpret, and
optimize the QC system. This investment in human capital will enhance engagement
levels and unlock the full potential of the 5I approach.

7. Performance Metrics and Benchmarks: Defining clear performance metrics and bench-
marks is critical for assessing the success of the 5I approach. Establishing specific,
measurable outcomes will facilitate progress monitoring, drive continuous improve-
ment initiatives, and ensure alignment with broader quality objectives.

8. Scalability Solutions: Exploring and developing scalability solutions is essential for
enabling the broader application of the 5I approach across various industrial processes
and environments. This may involve evaluating different deployment models, such
as cloud-based systems, to maximize the method’s impact and return on investment,
thereby promoting wider adoption and sustained benefits.

9. Cost reduction: Cost control is not merely a benefit; it is a fundamental necessity
automated inspections and root cause analyses must lead to tangible decreases in
labor costs and a reduction in financial losses due to defective products. If these
savings are not achieved, the return on investment in 5I approach could be jeopardized,
undermining their adoption and scalability.

10. Time efficiency: The 5I approach relies on real-time monitoring and AI-driven insights
to speed up inspection cycles and quickly address process issues. A fast response
and shorter production times are crucial to maintain high throughput and meet market
demands. Without notable time savings, the approach cannot deliver the agility and
responsiveness needed in modern manufacturing. Therefore, achieving both cost and
time efficiencies is not just beneficial; it is a strategic necessity for the successful and
sustainable deployment of the 5I approach.

Embracing Industry 4.0 extends beyond merely adopting new technologies or systems; it
requires a fundamental reimagining of how businesses operate, produce goods, and create
value in the marketplace. This transformation involves strategically integrating advanced
technologies such as the Internet of Things (IoT), big data analytics, artificial intelligence,
and blockchain into everyday business practices. By nurturing a culture of innovation and
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collaboration, organizations can pave the way for a sustainable and competitive future.
Moreover, the aim is to foster a work environment where technology and human creativity
complement one another, unlocking unparalleled opportunities for growth and optimization.
Companies that take proactive and strategic steps today are positioning themselves as the
leaders of tomorrow. These forward-thinking organizations will drive progress, influence
trends, and shape the future landscape of the global economy, ultimately redefining what
success means in this new industrial era.

To further enhance the successful implementation of Six Sigma techniques in general,
and our 5I approach specifically, across various sectors, the following comprehensive actions
are proposed:

1. At the Societal Level: Raising awareness among the general public and business
communities about the critical role of Six Sigma (especially 5I)in improving quality
and efficiency is essential.

2. At the Organizational Level: To foster the adoption of Six Sigma methodologies among
Algerian companies, the government should establish incentives. This could involve
offering tax benefits or subsidies specifically for businesses that implement Six Sigma
practices and demonstrate measurable improvements in quality and efficiency.

3. At the Training Level: There is an urgent requirement to develop specialized training
programs and certifications in Six Sigma, specifically designed for professionals across
various industries.

4. At the Policy Level: Establishing a national framework or strategy focused on quality
improvement is crucial for integrating Six Sigma as a fundamental component of
industry standards in Algeria. This framework should include clear guidelines and
benchmarks that organizations can adhere to, along with strong support mechanisms
such as consulting services or funding opportunities for those seeking to implement
Six Sigma.

5. At the Research Level: It is essential to promote both academic and industrial research
focused on adapting Six Sigma techniques to meet the specific needs and challenges
faced by industries in Algeria. This can be achieved by fostering collaborations
between universities, research institutions, and private sector organizations to engage
in joint initiatives that explore innovative applications of Six Sigma. Establishing
research grants or funding opportunities for projects in this domain could encourage
scholars and industry professionals to undertake meaningful studies that enhance the
understanding and implementation of Six Sigma in localized contexts.





References

[1] Abell, J. A., Chakraborty, D., Escobar, C. A., Im, K. H., Wegner, D. M., and Wincek,
M. A. (2017). Big data-driven manufacturing—process-monitoring-for-quality philosophy.
Journal of Manufacturing Science and Engineering, 139(10):101009.

[2] Adhyapak, R., Baby, A., and Koppuravuri, S. (2019). Reduction in call handling time in
transportation service industry using lean six sigma dmaic methodology. International
Journal of Productivity and Quality Management, 27(3):352–368.

[3] Aggarwal, C. C. et al. (2018). Neural networks and deep learning, volume 10. Springer.

[4] Agrawal, L. and Adane, D. (2022). Ensembled approach to heterogeneous data streams.
International Journal of Next-Generation Computing, 13(5).

[5] Ahmad, R. W., Hasan, H., Jayaraman, R., Salah, K., and Omar, M. (2021). Blockchain
applications and architectures for port operations and logistics management. Research in
Transportation Business & Management, 41:100620.

[6] Alaghbari, Wael, B. S. and Mohammed, A. (2021). Using six sigma (dmadv) method to
improve site rollout projects in mtn-yemen company. X, Issue II:1–33.

[7] Alaghbari, W., Sultan, B., and Mohammed, A. (2021). Using six sigma (dmadv) method
to improve site rollout projects in mtn-yemen company. 10:1–33.

[8] Alkabbani, H., Ramadan, A., Zhu, Q., and Elkamel, A. (2022). An improved air quality
index machine learning-based forecasting with multivariate data imputation approach.
Atmosphere, 13(7):1144.

[9] Antony, J., Sony, M., Dempsey, M., Brennan, A., Farrington, T., and Cudney, E. A.
(2019). An evaluation into the limitations and emerging trends of six sigma: an empirical
study. The TQM Journal, 31(2):205–221.

[10] Antony, J., Sony, M., and Gutierrez, L. (2020). An empirical study into the limitations
and emerging trends of six sigma: findings from a global survey. IEEE Transactions on
Engineering Management, 69(5):2088–2101.

[11] Arifin, M., Mustaniroh, S., and Sucipto, S. (2021). Application of the six sigma dmaic
in quality control of potato chips to reduce production defects. In IOP Conference Series:
Earth and Environmental Science, volume 924, page 012056. IOP Publishing.

[12] Arsovski, S. (2019). Social oriented quality: from quality 4.0 towards quality 5.0. In
13th International Quality Conference, volume 13, pages 397–404.



118 References

[13] ASIYAH, D. (2022). Efisinsi biaya dengan sistem pdca menggunakan metode quality
control circle (qcc) di pt. xyz kabupaten sidoarjo.

[14] Attaran, M., Attaran, S., and Celik, B. G. (2023). The impact of digital twins on the
evolution of intelligent manufacturing and industry 4.0. Advances in Computational
Intelligence, 3(3):11.

[15] Badiger, V. and Gowda, R. P. (2013). Reduction of customer complaints due to inlet
port leak in engine cylinder head of a light commercial vehicle sub assembly by lean six
sigma tools.

[16] Bahitham, H., Alzahrani, B., and Elshennawy, A. (2021). Opportunities and barriers of
implementing quality 4.0 in higher education institutions.

[17] Bahrami, M., Vali, M., and Kia, H. (2023). Breast cancer detection from imbalanced
clinical data: A comparative study of sampling methods. In 2023 30th National and 8th
International Iranian Conference on Biomedical Engineering (ICBME), pages 145–149.
IEEE.

[18] Baran, E. and Korkusuz Polat, T. (2022). Classification of industry 4.0 for total quality
management: A review. Sustainability, 14(6):3329.

[19] Bastuti, S. and Alfatiyah, R. (2022). Safety riding analysis using the pdca concept
for plumbing fitting industry employees in tangerang. Jurnal Ilmiah Teknik Industri,
21(2):135–141.

[20] Bécue, A., Praça, I., and Gama, J. (2021). Artificial intelligence, cyber-threats and
industry 4.0: Challenges and opportunities. Artificial Intelligence Review, 54(5):3849–
3886.

[21] Bertolaccini, L., Viti, A., and Terzi, A. (2015). The statistical point of view of quality:
the lean six sigma methodology. Journal of thoracic disease, 7(4):E66.

[22] Bhargava, M. and Gaur, S. (2021). Process improvement using six-sigma (dmaic
process) in bearing manufacturing industry: a case study. In IOP Conference Series:
Materials Science and Engineering, volume 1017, page 012034. IOP Publishing.

[23] Bhatt, P. (2000). General electric: Lessons in strategic management. Vision, 4(2):50–57.

[24] Bose, T. K. (2012). Application of fishbone analysis for evaluating supply chain and
business process-a case study on the st james hospital. International Journal of Managing
Value and Supply Chains (IJMVSC), 3(2):17–24.

[25] Bueno, Á., FALCÃO, B. C., FONSECA, B. D. S., ALVES, J. R. R., CHAVES, L. D. O.,
and DA SILVA FILHO, R. A. (2013). Ciclo pdca. Goiânia: Pontifícia Universidade
Católica de Goiás.

[26] Buscema, M. (1998). Metanet*: The theory of independent judges. Substance use &
misuse, 33(2):439–461.



References 119

[27] Calignano, F., Manfredi, D., Ambrosio, E. P., Biamino, S., Lombardi, M., Atzeni,
E., Salmi, A., Minetola, P., Iuliano, L., and Fino, P. (2017). Overview on additive
manufacturing technologies. Proceedings of the IEEE, 105(4):593–612.

[28] Carmigniani, J., Furht, B., Anisetti, M., Ceravolo, P., Damiani, E., and Ivkovic, M.
(2011). Augmented reality technologies, systems and applications. Multimedia tools and
applications, 51:341–377.

[29] Chawla, N. V., Bowyer, K. W., Hall, L. O., and Kegelmeyer, W. P. (2002). Smote:
synthetic minority over-sampling technique. Journal of artificial intelligence research,
16:321–357.

[30] Chiang, W.-C., Mital, A., and Desai, A. (2009). A generic methodology based on
six-sigma techniques for designing and manufacturing consumer products for functionality.
International Journal of Product Development, 7(3-4):349–371.

[31] Chiarini, A. and Chiarini, A. (2012). Six sigma. From Total Quality Control to Lean Six
Sigma: Evolution of the Most Important Management Systems for the Excellence, pages
37–46.

[32] Condé, G. C. P., Oprime, P. C., Pimenta, M. L., Sordan, J. E., and Bueno, C. R. (2023).
Defect reduction using dmaic and lean six sigma: a case study in a manufacturing car parts
supplier. International Journal of Quality & Reliability Management, 40(9):2184–2204.

[33] Cravener, T., Roush, W., and Jordan, H. (1993). Pareto assessment of quality control in
poultry processing plants. Journal of Applied Poultry Research, 2(3):297–302.

[34] Cremonini, R. M., Bertolazzi, J. C., da Silva, M. V. M., de Oliveira, R. M., and Narciso,
R. (2023). Principais usos do ciclo pdca para uma gestão eficiente. Revista Amor Mundi,
4(5):9–13.

[35] Cronemyr, P. (2007). Dmaic and dmadv-differences, similarities and synergies. Inter-
national Journal of Six Sigma and Competitive Advantage, 3(3):193–209.

[36] Czitrom, V. (1997). Introduction to statistical. Statistical Case Studies for Industrial
Process Improvement, 1:299.

[37] Danjou, C., Rivest, L., and Pellerin, R. (2017). Douze positionnements stratégiques
pour l’industrie 4.0: entre processus, produit et service, de la surveillance à l’autonomie.

[38] de Araújo, F., da Silva, E. P., Sales, H. C., Batista, R. S., and Dias, V. M. (2018).
Aplicação do ciclo pdca em uma empresa de transporte ferroviário pdca. Brazilian
Journal of Development, 4(1):121–135.

[39] Dean Jr, J. W. and Bowen, D. E. (1994). Management theory and total quality: improv-
ing research and practice through theory development. Academy of management review,
19(3):392–418.

[40] Desai, D. A. (2008). Improving productivity and profitability through six sigma:
experience of a small-scale jobbing industry. International Journal of Productivity and
Quality Management, 3(3):290–310.



120 References

[41] Desai, D. A. (2012). Increasing bottom-line through six sigma quality improvement
drive: case of small scale foundry industry. Udyog pragati, 36(2):11–23.

[42] Desai, J. and Chovanec, C. (2023). Quality control inspector job task analysis. Technical
report, National Renewable Energy Laboratory (NREL), Golden, CO (United States).

[43] Du, Q.-L., Cao, S.-M., Ba, L.-L., and Cheng, J.-M. (2008). Application of pdca cycle
in the performance management system. In 2008 4th International conference on wireless
communications, networking and mobile computing, pages 1–4. IEEE.

[44] Ellis, G., Found, P., Kumar, M., and Harwell, J. (2019). New evidence on the origins of
quality circles. Total Quality Management & Business Excellence, 30(sup1):S129–S140.

[45] Escobar, C. A., Cantoral-Ceballos, J. A., and Morales-Menendez, R. (2024). Quality
4.0: Learning quality control, the evolution of sqc/spc. Quality Engineering, pages 1–26.

[46] Escobar, C. A., Macias, D., McGovern, M., Hernandez-de Menendez, M., and Morales-
Menendez, R. (2022). Quality 4.0–an evolution of six sigma dmaic. International journal
of lean six sigma, 13(6):1200–1238.

[47] Escobar, C. A., McGovern, M. E., and Morales-Menendez, R. (2021). Quality 4.0: a
review of big data challenges in manufacturing. Journal of Intelligent Manufacturing,
32(8):2319–2334.

[48] Escobar, C. A. and Morales-Menendez, R. (2018). Process-monitoring-for-quality—a
model selection criterion. Manufacturing Letters, 15:55–58.

[49] Galgano, A. (1994). Companywide quality management. (No Title).

[50] Ganguly, K. (2012). Improvement process for rolling mill through the dmaic six sigma
approach. International Journal for quality research, 6(3):221–231.

[51] Gao, Y., Chen, X., and Kang, L. (2021). The effect of plan-do-check-act cycle nursing
management of gynecological surgery: a systematic review and meta-analysis. Annals of
Palliative Medicine, 10(7):8072081–8078081.

[52] Gardner, M. and Wiggs, G. (2013). Design for six sigma: the first 15 years. In Turbo
Expo: Power for Land, Sea, and Air, volume 55263, page V07AT28A006. American
Society of Mechanical Engineers.

[53] Garvin, D. A. (1988). Managing quality: The strategic and competitive edge. The Free
Press.

[54] Gentili, E., Aggogeri, F., and Mazzola, M. (2006). The improvement of a manufacturing
stream using the dmaic method. In ASME International Mechanical Engineering Congress
and Exposition, volume 47748, pages 127–133.

[55] Ghasemkhani, B., Yilmaz, R., Birant, D., and Kut, R. A. (2023). Logistic model tree
forest for steel plates faults prediction. Machines, 11(7):679.

[56] Golder, P. N., Mitra, D., and Moorman, C. (2012). What is quality? an integrative
framework of processes and states. Journal of marketing, 76(4):1–23.



References 121

[57] Haddud, A., DeSouza, A., Khare, A., and Lee, H. (2017). Examining potential benefits
and challenges associated with the internet of things integration in supply chains. Journal
of Manufacturing Technology Management, 28(8):1055–1085.

[58] Hayajneh, M. T., Bataineh, O., and Al-Tawil, R. (2013). Applying six sigma methodol-
ogy based on “dmaic” tools to reduce production defects in textile manufacturing. Recent
advances in industrial and manufacturing technologies, 1(1):19–24.

[59] Hermann, M., Pentek, T., and Otto, B. (2016). Design principles for industrie 4.0
scenarios. In 2016 49th Hawaii international conference on system sciences (HICSS),
pages 3928–3937. IEEE.

[60] Heßler, M. (2019). Industrie 4.0. In Mensch-Maschine-Interaktion: Handbuch zu
Geschichte–Kultur–Ethik, pages 269–271. Springer.

[61] Huang, Z., Shen, Y., Li, J., Fey, M., and Brecher, C. (2021). A survey on ai-driven
digital twins in industry 4.0: Smart manufacturing and advanced robotics. Sensors,
21(19):6340.

[62] Ishikawa, K. (1985). What is Total Quality Control? The Japanese Way. Prentice-Hall.

[63] Islam, K. A. (2006). Developing and measuring training the six sigma way: A business
approach to training and development. John Wiley & Sons.

[64] Islam, S. S. and Luchfi, M. (2022). Define and optimize the competitive advantage
value using dmadv approach: A case study at pt telkom indonesia. In 2022 International
Conference on Computational Modelling, Simulation and Optimization (ICCMSO), pages
207–213. IEEE.

[65] Jacob, D. (2017). Quality 4.0 impact and strategy handbook: getting digitally connected
to transform quality management. LNS Research: Cambridge, MA, USA.

[66] Jamil, N., Gholami, H., Mat Saman, M. Z., Streimikiene, D., Sharif, S., and Zakuan, N.
(2020). Dmaic-based approach to sustainable value stream mapping: towards a sustainable
manufacturing system. Economic research-Ekonomska istraživanja, 33(1):331–360.

[67] Javaid, M., Haleem, A., Singh, R. P., and Suman, R. (2021). Significance of quality
4.0 towards comprehensive enhancement in manufacturing sector. Sensors International,
2:100109.

[68] Jilcha, K., Tigabie, M., Mulugeta, K., and Asrat, H. (2019). The impact of quality
control tools application on supply chain management: a case of wossi garment factory. J
Textile Sci Eng, 9(401):2.

[69] Johnson, S. (2019). Quality 4.0: A trend within a trend. Quality, 58(2):21–23.

[70] Jones-Farmer, L. A., Ezell, J. D., and Hazen, B. T. (2014). Applying control chart
methods to enhance data quality. Technometrics, 56(1):29–41.

[71] Ju, H., Ding, W., Shi, Z., Huang, J., Yang, J., and Yang, X. (2022). Attribute reduction
with personalized information granularity of nearest mutual neighbors. Information
Sciences, 613:114–138.



122 References

[72] Judi, H. M., Genasan, D., and Jenal, R. (2011). Quality control implementation in
manufacturing companies: motivating factors and challenges. INTECH Open Access
Publisher.

[73] Junior, C. M. and da Silva, M. A. B. (2012). Possibilidades e limites do ciclo de
melhoria contínua-pdca como elemento de aprendizagem/possibilities and limits of the
cycle of continuous improvement-pdca as an element of learning. Revista Metropolitana
de Sustentabilidade (ISSN 2318-3233), 2(3):15–36.

[74] Kaggle (2017). Faulty steel plates data set. https://www.kaggle.com/datasets/uciml/
faulty-steel-plates.

[75] Kharal, A. (2020). Explainable artificial intelligence based fault diagnosis and insight
harvesting for steel plates manufacturing. arXiv preprint arXiv:2008.04448.

[76] Kiran, D. (2017). Total quality management: An overview. Total Quality Management,
pages 1–14.

[77] Kiran, D. and Kiran, D. (2017). Chapter 15–quality circles. Total Quality Management,
Butterworth-Heinemann, Oxford, pages 213–218.

[78] Koh, L., Dolgui, A., and Sarkis, J. (2020). Blockchain in transport and logistics–
paradigms and transitions.

[79] Koziołek, S., Derlukiewicz, D., and Ptak, M. (2010). Design process innovation
of mechanical objects with the use of design for six sigma methodology. solid state
phenomena, 165:274–279.

[80] Krishna, K., Goldar, B., Das, D. K., Aggarwal, S. C., Erumban, A. A., and Das, P. C.
(2020). Manufacturing productivity in india: The role of foreign sourcing of inputs and
domestic capacity building. In Measuring Economic Growth and Productivity, pages
95–116. Elsevier.

[81] Kumaravadivel, A. and Natarajan, U. (2011). Empirical study on employee job satisfac-
tion upon implementing six sigma dmaic methodology in indian foundry–a case study.
International Journal of Engineering, Science and Technology, 3(4).

[82] Kurnia, H., Jaqin, C., and Purba, H. H. (2022). Quality improvement with pdca
approach and design of experiment method in single socks industry in indonesia. In AIP
Conference Proceedings, volume 2470. AIP Publishing.

[83] Kwak, Y. H. and Anbari, F. T. (2006). Benefits, obstacles, and future of six sigma
approach. Technovation, 26(5-6):708–715.

[84] Lakshmanan, M. (2014). Histogram and vertical bar diagram: Often misapprehended
concept. Cardiovascular drugs and therapy, 28:387–387.

[85] Le, T., Vo, M. T., Vo, B., Lee, M. Y., and Baik, S. W. (2019). A hybrid approach using
oversampling technique and cost-sensitive learning for bankruptcy prediction. Complexity,
2019(1):8460934.

https://www.kaggle.com/datasets/uciml/faulty-steel-plates
https://www.kaggle.com/datasets/uciml/faulty-steel-plates


References 123

[86] Llanes-Font, M. and Lorenzo-Llanes, E. (2021). La cuarta revolución industrial y una
nueva aliada: calidad 4.0. Ciencias Holguín, 27(2):67–78.

[87] Luck, H. (1981). Quality and quality control.

[88] Major, J., Pellegrin, J. F., and Pittler, A. W. (1998). Meeting the software challenge:
Strategy for competitive success. Research-Technology Management, 41(1):48–56.

[89] Makinde, O., Selepe, R., Munyai, T., Ramdass, K., and Nesamvuni, A. (2022). Improv-
ing the supply chain performance of an electronic product-manufacturing organisation
using dmaic approach. Cogent Engineering, 9(1):2025196.

[90] Malec, J., Nilsson, K., and Bruyninckx, H. (2013). Describing assembly tasks in
declarative way* extended abstract.

[91] Manandi, D., Tu, Q., Hafiz, N., Raeside, R., Redfern, J., and Hyun, K. (2023). The eval-
uation of the plan–do–study–act cycles for a healthcare quality improvement intervention
in primary care. Australian Journal of Primary Health, 30(1):NULL–NULL.

[92] Manghani, K. (2011). Quality assurance: Importance of systems and standard operating
procedures. Perspectives in clinical research, 2(1):34–37.

[93] Mansour, S. (2018). Contrôle statistique de la qualité dans l’industrie: la maîtrise
statistique de processus (la carte de contrôle moyenne de shewart).

[94] Mansouri, S., Ouzizi, L., Aoura, Y., and Douimi, M. (2022). Decision making support
for quality 4.0 using a multi agent system. In International Conference on Digital
Technologies and Applications, pages 3–11. Springer.

[95] Mao, Z. and Zhang, Q. (2023). Application process design of digital quality monitoring
and traceability system for fresh agricultural products. In Digitalization and Management
Innovation, pages 34–42. IOS Press.

[96] McKeon, T. (1996). Total quality management is everyone’s responsibility: a process
management approach. Journal of Home Health Care Practice, 8(5):68–72.

[97] Meillier, L. (1994). Conception d’un diagnostic qualité: application du modèle. PhD
thesis, Besançon.

[98] Mittal, S., Khan, M. A., Romero, D., and Wuest, T. (2019). Smart manufacturing:
Characteristics, technologies and enabling factors. Proceedings of the Institution of
Mechanical Engineers, Part B: Journal of Engineering Manufacture, 233(5):1342–1361.

[99] Mohamad, N., Ahmad, S., Samat, H., Seng, C., and Lazi, F. (2019). The application of
dmaic to improve production: Case study for single-sided flexible printed circuit board.
In IOP Conference Series: Materials Science and Engineering, volume 530, page 012041.
IOP Publishing.

[100] Mohamed, R. et al. (2021). An optimized discretizationapproach using k-means bat
algorithm. Turkish Journal of Computer and Mathematics Education (TURCOMAT),
12(3):1842–1851.



124 References

[101] Montgomery, D. C. (2020). Introduction to statistical quality control. John wiley &
sons.

[102] Mukherjee, S. P. and Mukherjee, S. P. (2019). Improving process quality. Quality:
Domains and Dimensions, pages 179–211.

[103] Mukundam, K., Varma, D. R., Deshpande, G. R., Dahanukar, V., and Roy, A. K. (2013).
I-mr control chart: A tool for judging the health of the current manufacturing process
of an api and for setting the trial control limits in phase i of the process improvement.
Organic Process Research & Development, 17(8):1002–1009.

[104] Nadia, H., Ouassila, H., and Amel, H. (2025). Ai-driven quality control techniques
in manufacturing processes to enhance six sigma approach. International Journal of Six
Sigma and Competitive Advantage, 15(3):291–314.

[105] Nahavandi, S. (2019). Industry 5.0—a human-centric solution. Sustainability,
11(16):4371.

[106] Neubauer, B. M., de São Pedro Filho, F., Nenevê, M., Arenhardt, V., and Deliza,
E. E. V. (2018). Production and operating strategies with focus on the efficiency of the
public service. International Journal of Advanced Engineering Research and Science,
5(4):237440.

[107] Ngadiman, Y., Hussin, B., Bon, A. T., and Hamid, N. A. A. (2017). Factors that
influenced the quality inspection on the production line in manufacturing industry. In
MATEC Web of Conferences, volume 95, page 10007. EDP Sciences.

[108] Nirmala, V. and Suresh, K. (2018). A case study on early detection, prediction and pre-
vention of heart disease in a multispecialty hospital by applying six sigma methodologies.
Int. J. Sci. Res. in Mathematical and Statistical Sciences Vol, 5:4.

[109] Noshad, K. and Awasthi, A. (2015). Supplier quality development: A review of
literature and industry practices. International Journal of Production Research, 53(2):466–
487.

[110] Nuanmeesri, S. and Poomhiran, L. (2023). Improving the avoidant personality disorder
prediction for higher education using smote-enn and multi-layer perceptron neural network.
TEM Journal, 12(2):1008.

[111] Nuzzo, R. L. (2019). Histograms: A useful data analysis visualization. PM&R,
11(3):309–312.

[112] Oláh, J., Aburumman, N., Popp, J., Khan, M. A., Haddad, H., and Kitukutha, N. (2020).
Impact of industry 4.0 on environmental sustainability. Sustainability, 12(11):4674.

[113] Özkat, E. C. (2022). A method to classify steel plate faults based on ensemble learning.
Journal of Materials and Mechatronics: A, 3(2):240–256.

[114] Pereira, R., Lima, C., Pinto, T., and Reis, A. (2023). Virtual assistants in industry 4.0:
A systematic literature review. Electronics, 12(19):4096.

[115] Pillet, M. (2013). Six Sigma: comment l’appliquer. Editions Eyrolles.



References 125

[116] Pires, F., Cachada, A., Barbosa, J., Moreira, A. P., and Leitão, P. (2019). Digital
twin in industry 4.0: Technologies, applications and challenges. In 2019 IEEE 17th
international conference on industrial informatics (INDIN), volume 1, pages 721–726.
IEEE.

[117] Popov, I., Jenner, D., Todeschini, G., and Igic, P. (2018). Use of the dmaic approach to
identify root cause of circuit breaker failure. In 2018 International Symposium on Power
Electronics, Electrical Drives, Automation and Motion (SPEEDAM), pages 996–1001.
IEEE.

[118] Purushothaman, K. and Ahmad, R. (2022). Integration of six sigma methodology of
dmadv steps with qfd, dfmea and triz applications for image-based automated inspection
system development: a case study. International Journal of Lean Six Sigma, 13(6):1239–
1276.

[119] Pyankova, S., Zakirova, E., Yalunina, E., Astanakulov, O., and Veselukhina, P. (2019).
Industry 4.0.: advanced approach. In International Scientific and Practical Conference on
Digital Economy (ISCDE 2019), pages 113–116. Atlantis Press.

[120] Qian, L., Luo, Z., Du, Y., and Guo, L. (2009). Cloud computing: An overview.
In Cloud Computing: First International Conference, CloudCom 2009, Beijing, China,
December 1-4, 2009. Proceedings 1, pages 626–631. Springer.

[121] Qiu, H. and Du, W. (2021). [retracted] evaluation of the effect of pdca in hospital
health management. Journal of Healthcare Engineering, 2021(1):6778045.

[122] Radziwill, N. M. (2018). Quality 4.0: Let’s get digital-the many ways the fourth
industrial revolution is reshaping the way we think about quality. arXiv preprint
arXiv:1810.07829.

[123] Rai, V. K., Sharma, A., and Thakur, A. (2021). Quality control of nanoemulsion: by
pdca cycle and 7qc tools. Current Drug Delivery, 18(9):1244–1255.

[124] Raj, A., Dwivedi, G., Sharma, A., de Sousa Jabbour, A. B. L., and Rajak, S. (2020).
Barriers to the adoption of industry 4.0 technologies in the manufacturing sector: An
inter-country comparative perspective. International Journal of Production Economics,
224:107546.

[125] Reed, J. E. and Card, A. J. (2016). The problem with plan-do-study-act cycles. BMJ
quality & safety, 25(3):147–152.

[126] Richnák, P. (2022). Quality 4.0: new concept for quality management in wood
processing industry. In 15th International Scientific Conference WoodEMA, pages 365–
370.

[127] Rowlands, H. and Milligan, S. (2021). Quality-driven industry 4.0. In Key Chal-
lenges and Opportunities for Quality, Sustainability and Innovation in the Fourth In-
dustrial Revolution: Quality and Service Management in the Fourth Industrial Revolu-
tion—Sustainability and Value Co-creation, pages 3–30. World Scientific.



126 References

[128] Saberi, S., Kouhizadeh, M., Sarkis, J., and Shen, L. (2019). Blockchain technology
and its relationships to sustainable supply chain management. International journal of
production research, 57(7):2117–2135.

[129] Sader, S., Husti, I., and Daroczi, M. (2019). Quality management practices in the
era of industry 4.0. Zeszyty Naukowe Politechniki Częstochowskiej Research Reviews of
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