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Abstract

For 10,000 years the Earth experienced an environmentally stable period, also
known as the Holocene epoch, where human civilization have arisen and developed.
Throughout the Holocene, natural environmental changes took place, and the
Earth's carrying capacity preserved the conditions to enable human development.
The Earth’s carrying capacity can be represented by nine life support systems, in
which each of them is controlled by specific quantitative variables. The threshold
values of such variables represent the Planetary Boundaries (PBs) that define a ‘safe
operating space’ for human development. The massive exploitation of resources by
human activities over the years has significantly altered the natural functioning of
our planet. In fact, to date, six out of the nine PBs have already been transgressed,
and the Earth is in a quantifiably different state than before, corresponding to a new
geological epoch, known as the Anthropocene. This highlights the urgent need to
shift towards responsible and sustainable human development.

In this context, the manufacturing sector plays a critical role. During the second
quarter of 2022, it accounted for 23% of the greenhouse gas emissions (GHG),
which are a major contributor to climate change, within the European Union.
Consequently, there is an increasing need for the generation of sustainable value
and, in response to this challenge, the Circular Economy (CE) model has gained
significant attention recently. The CE model is considered effective because it seeks
to decouple economic growth from its environmental impact through a continuous
reintegration of used products, components, and materials into value chains.
However, implementing CE principles within the manufacturing context
necessitates significant technological innovations across product, process, and
system levels. At the same time, it is fundamental to consider the technological
lifecycle when these innovations are delivered into the economy. In fact, the
lifecycle of a technology is characterized by different phases that require different
types of innovations, as affirmed by the Abernathy & Utterback’s model.

The aim of this doctoral dissertation is to support sustainability-oriented
technological innovation at different levels, 1.e., at product, process, and system
levels. It starts with the presentation of a sustainability-oriented technological
innovation framework that effectively connects the innovation levels - namely,
product, process, and system - with distinct phases of a technological lifecycle. The
main purpose of this framework is contextualize the different types of
sustainability-oriented innovations. In fact, it can serve as a valuable reference to
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determine the most appropriate timing for specific sustainability-oriented
innovations. Additionally, it enables an evaluation of the suitability of the methods
and tools proposed for implementing sustainability-oriented innovations in
alignment with the technology lifecycle. Then, three different research activities are
developed in line with such framework, which represent the core of the doctorate
research.

The first research activity is focused on supporting sustainability-oriented
product innovation, primarily applicable during the initial phase of a technology
lifecycle, where early product design and development hold greater significance,
and the product requirements drive the design process. Specifically, a decision-
making tool for the establishment of product requirements for a CE is developed.
This is achieved through the creation of a decision-making tool in the form of a
decision tree. Such decision tree shows when a CE business model outperforms a
linear economy (LE) model considering both economic and environmental criteria.
Moreover, if the CE is selected, it further illustrates whether the product’s
components should be recycled, remanufactured, or reused. The decision tree
provides a step-by-step graphical representation of the decision rules that must be
followed to adopt a CE. Consequently, the decision rules within the tree can serve
as a foundation for establishing product requirements for a CE business model.
Moreover, the role of carbon tax on circular economy adoption is investigated.
More in detail, carbon tax level curves are developed that show, for each product
manufacturing cost and carbon footprint, which is the minimum carbon tax value
that make include at least one environmental parameter in the decision tree and,
hence, in the product requirements for a CE.

Then, the second research activity is focused on supporting sustainability-
oriented system innovation, better suited in the second phase of a technology
lifecycle. In fact, this research conveys greater added value when the dominant
design of a technology has emerged, and, hence, the value chain configuration is
well-established. In this context, the implementation of a digital product passport,
meant as a digital information system that fosters value chain transparency, can
result in considerable sustainability improvements. Therefore, sustainability-
oriented data requirements for the digital product passport are proposed aimed at
conducting a comprehensive evaluation of environmental sustainability that aligns
with the Earth's ecological limits. These requirements are proposed by referring to
the well-established Life Cycle Assessment (LCA) and the Planetary Boundaries
(PBs) frameworks. Moreover, technical data to insert in the digital product passport
are proposed with the aim of fostering the application of CE principles throughout
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the value chain. Furthermore, a framework based on Cyber-Physical Systems
(CPSs) is proposed to facilitate the automated collection of both technical and
environmental data.

Lastly, the third research activity focuses on supporting sustainability-oriented
process innovation and it finds wider applicability in the final phase of a technology
lifecycle, when sustainability improvements can be better achieved through process
innovations. In this context, a case study is conducted on a manufacturing process
that holds great opportunities in terms of sustainability enhancements. Specifically,
the Resistance Spot Welding (RSW) process, widely employed in the automotive
sector, is investigated. This process serves as the primary joining method in car-
body assembly lines. It is characterized by significant uncertainty related to the
electrode wear, as the degradation process encompasses several distinct
phenomena, including mechanical, thermal, metallurgical, and more. Typically, car
manufacturers perform considerable redundant welds (1000-1200 per each car-
body) to account for the uncertainty connected with the electrode wear. If these
redundant welds could be eliminated, it would result in significant resource savings,
encompassing energy, time, and costs. Therefore, an experiment involving more
than 1200 resistance spot welds was performed in this research. These welds were
performed with the aim of inducing the electrode degradation and investigate its
effect on the weld quality. The electrode degradation was induced through the
repetition of the same welding cycle throughout the experiment so that the only
phenomenon that could systematically alter the weld quality was the electrode
degradation. Data recorded from sensors during the experiment are processed and
used to feed a neural network (NN) with the aim of quantitatively computing, in
real-time, the electrode degradation.
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Chapter 1

Introduction

1.1 Sustainability problem

For 10,000 years the Earth experienced an environmentally stable period, also
known as the Holocene epoch, where human civilization have arisen and developed.
Throughout the Holocene, natural environmental changes took place, and the
Earth's carrying capacity preserved the conditions to enable human development
[1]. As early as 1798, the English professor Thomas Malthus noted that the human
population, because of its exponential grow, was inevitably destined to surpass the
Earth’s carrying capacity [2]. The latter, according to Hauschild [3], can be defined
as “the maximum sustained environmental intervention a natural system can
withstand without experiencing negative changes in structure or functioning that
are difficult or impossible to revert”. The Earth’s carrying capacity can be
scientifically represented by nine life support systems, most of them quantitatively
monitorable by specific indicators. The threshold values of these quantitative
indicators represent the planetary boundaries (PBs) defining a "safe operating
space" for human development [4]. Nowadays, six out of nine PBs have already
been transgressed leading to a globally recognized environmental crise [5]. Figure
1 depicts the current situation according to the PBs framework.
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Figure 1: Diagram depicting the planetary boundaries. Orange areas denoting
"overshoot" and green areas denoting a "safe" state within the boundaries (data for
September 2023) [6].

Human activities are considered the leading cause of this environmental
crisis. In fact, already in 2004, the International Geosphere-Biosphere Programme
(IGBP) released a study that presented the socio-economic trends spanning the
period from 1750 to 2000 driven by human activities, together with the concurrent
Earth system trends. The study encompassed a set of 12 indicators for socio-
economic trends and 12 indicators for Earth system trends. Subsequently, these
results were revisited and updated in 2014, and they are depicted in Figure 2 [7].
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a) Socio-economic trends
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Figure 2: The Great Acceleration; a) socio-economic trends; b) Earth’s system trends [7].
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The presentation and discussion of each indicator are not within the scope of
the present doctoral thesis, but, through the observation of their temporal trends, a
key fact stands out. The simultaneous increase in these trends from the 1950s up
to the present day clearly shows a correlation between the socio-economic trends
and the Earth system trends. These collectively recognized trends are referred to as
the "Great Acceleration" [8]. Transformations in human production and
consumption, as represented by metrics like Gross Domestic Product (GDP),
foreign direct investment, primary energy use, and telecommunications, are
mirrored by alterations in the Earth's natural systems. These changes manifest in
various ways, such as the climate (carbon dioxide and surface temperature), ocean
acidification, terrestrial biosphere degradation, and so forth [8].

Today, many Earth system indicators are beyond their natural variability, and
the Earth is in a quantifiably different state than before, corresponding to a new
geological epoch, known as the Anthropocene. The beginning of the Anthropocene
was considered to be as the Industrial Revolution kicked off around 1800, although
there is increasingly evidence nowadays that the beginning of the Great
Acceleration marks the start date of the Anthropocene [7].

To understand how these major socioeconomics phenomena, such as
population and urbanization expansion, as well as the increasing affluence due to
GDP growth and trading of numerous commodities, affect the environmental
impact, the IPAT equation can be useful. The latter represents the total
environmental impact (/) associated to a specific environmental impact category
caused by human activities, as a function of three driving factors: the human
population (P), i.e., the number of people; the human affluence (4), i.e., the average
number of technologies used by each person; the technology factor (T), i.e., the
average environmental impact generated by the technology when providing its
functionality.

I=f(P A T) (1)

The inverse of the technology factor (T') is known as the eco-efficiency of a
technology, i.e., the functionality provided divided by the average environmental
impact. Improving the eco-efficiency of technologies means creating products and
services with the same or greater functionality and reduced environmental impact.
Although this has been pursued for many years, this is not sufficient to address the
current environmental challenge. As explained in [2], the lighting technology
represents an outstanding example. Ausubel and Marchetti found that, starting in
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the early 19th century, the energy efficiency of lighting systems increased
exponentially, rising by more than two orders of magnitude from paraffin candles
to contemporary diode lamps [9] Thus, the lighting service can now be obtained
with only a tiny portion of the energy required two centuries ago. Higher energy
efficiency may be expected to assist a reduction of the environmental impact, but
since it also leads to lower lighting costs, it also encourages higher demand and
usage of lighting. This phenomenon, known as a rebound effect in the market, more
than cancels out the efficiency improvements achieved. Magee and Devezas
examined 57 cases of technological efficiency improvement spanning various
materials and technologies over the past decades; they discovered that it is a general
finding that rebound effects neutralize efficiency improvements. They were not able
to show that the achieved efficiency improvements resulted in environmental
benefits [10].

In order to prevent an increasingly environmental impact (I) caused by the
population (P) and wealth growth (A4), the eco-efficiency of technology (T) that
supports the growing population's wealth must also increase more and more.
Furthermore, it is essential to note that a strong interdependency between the three
driving factors of the IPAT equation occur, as explained for what concerns the
rebound effect phenomenon where technology improvements affects both the
population and affluence factors [11].

Thus, it turns out that an exclusive focus on eco-efficiency is not sufficient to
achieve sustainability, even though a significant improvement in the eco-efficiency
of technologies is definitely required to ensure sustainable development. This
means that the required sustainability levels that respect the Earth’s carrying
capacity must be set. These targets must be achieved with solutions that allow to
weaken the effect of the interdependency between the driving factors of the
environmental impact, as well as with solutions that further improve the eco-
efficiency of technologies [2].
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1.2 Sustainable Manufacturing

In this context, it is crucial to recognize that manufacturing is the primary
source of income creation for every country. Both developed and developing
countries have demonstrated how important manufacturing is to the growth of their
economies, the creations of jobs, and societal well-being. In fact, manufacturing
sector has a significant effect on the economy, environment, and society. For
instance, regarding the economic aspect, the manufacturing value added (% of
GDP) in the European Union (EU) was reported at 14.70% in 2022 [12]. Regarding
the environmental impact, then, in the second quarter of 2022 the Manufacturing
sector accounted for 23 % of the EU’s carbon footprint [13]. Finally, for what
concerns the social aspect, in 2021 manufacturing employment shared 14.85% of
total employment in EU [14].

This highlights the responsibility of the manufacturing sector in Sustainability,
and the urgent need for a rapid and effective shift towards a Sustainable
Manufacturing (SM) paradigm. While there is not a universally agreed-upon
definition for the concept of "Sustainable Manufacturing”, significant efforts have
been undertaken in recent times, with ongoing initiatives continuing to develop this
definition. For instance, [15] offers the following definition of Sustainable
Manufacturing:

“producing products in a way that minimizes environmental impacts and takes
social responsibility for employees, the community, and consumers throughout a
product’s life cycle, while achieving economic benefit”.

In recent years, the idea of a circular economy (CE) has gained global attention
as the traditional linear economy (LE), characterized by the "take-make-dispose"
model, is proving inadequate in addressing the sustainability challenges. The CE is
based on the following concepts [16]:

“reducing wasteful resources through effective design and implementation of
products and processes for improved resource-efficiency with circular material
flow involving recovery, reuse, recycling and remanufacturing of products”.

SM can be achieved through the application of the CE principles in
manufacturing [17]. However, a huge gap regarding the practical implementation
of CE principles within the manufacturing context is widely recognised [18], [19],
[20]. In fact, only 8.6% of the 100 billion tons of materials needed annually to fuel
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our economy in 2020, according to [21], originated from CE business models. This
percentage has been on the decline since then, falling to 7.2% in 2022 [22].

In fact, the CE paradigm poses a substantial technological challenge, far beyond
being a mere social or political vision. It demands the development for
technological innovations at product, process, and system levels towards the
creation of sustainable value for humanity [16], [17], [23], [24], as schematically
depicted in Figure 3.

Sustainable
Manufacturing

Processes

Figure 3: Operationalization of the circular economy principles at product, process,
and system level to achieve sustainable manufacturing, based on [17].

This consideration holds significant importance because the product, process,
and system are three enabling elements for the integration of CE principles in
Manufacturing. For the sake of example, the product must be purposely designed
and developed with characteristic suitable for a CE in terms of disassembly,
remanufacturing, recycling, and so on. Then, it is necessary to consider that the
lifecycle of manufactured products experiences multiple phases, beginning with the
extraction and processing of materials, their transformation and assembly to obtain
the final product, and the product use and post-use phases. This means that many
different processes are involved during a product life cycle, and the sustainability
of their operations is a pivotal element for SM. At the same time, this implies the
engagement of several stakeholders during a product lifecycle, which requires a
proper organization of the value chain system [24], [25], [26].
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1.3 Thesis objectives and structure

It turns out that technological innovations at product, process, and system levels
are needed to integrate the CE principles in manufacturing and achieve SM.
However, in order to effectively deliver sustainability-oriented technological
innovations, it is crucial consider that types of innovation activities change based
on the technological lifecycle phase. Therefore, in this doctoral thesis will be
presented a sustainability-oriented technological innovation framework that links
the different types of innovations with the technology lifecycle phases. This
framework aims to provide a structured context for stainability-oriented
technological innovations by gaining a comprehensive understanding of the
suitability of specific methods and tools in addressing sustainability.

After the introduction of such framework, which contextualize the research
conducted in this doctoral thesis, three distinct sustainability-oriented technological
innovation activities are developed to target a specific innovation level in each
technology lifecycle phase. First, an activity focused on sustainability-oriented
product innovation will be presented. As it will be explained in the next chapter,
this type of innovation conveys greater added value during the initial phase of the
technology lifecycle, where early product design and development hold greater
significance. Second, an activity focused on sustainability-oriented innovation at
system level will be presented. Such activity will provide greater added value if
performed during the second phase of technological lifecycle where a value chain
needs to be properly configured. Finally, the third sustainability-oriented
technological innovation activity of this doctoral thesis focuses on the last phase of
a technology lifecycle, during which sustainability improvements can be attained
through process innovations. In this context, a case study was undertaken
concerning a manufacturing process that hold great opportunities for sustainability
enhancements.

These three sustainability-oriented technological innovation activities will
address specific research questions (RQs) that will be revealed at the end of the next
chapter, after that a solid background on the technological innovation and the
dynamics of innovations is provided.

Therefore, the remainder of the doctoral thesis is structured as follows. Chapter
2 will pose the basis for the sustainability-oriented technological innovation
framework by providing an overview of definitions and models in the field of
technological innovation. In this chapter the reference framework is presented, as
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well as the RQs of this doctoral thesis. Then, the following three chapters present
the research activities carried out during the doctorate to address the research
questions. Each chapter is composed of a theoretical background, literature
analysis, methodology, results and discussion, and main contributions and
limitations. Finally, chapter 6 summarizes the entire research activity, discusses the
RQs, provide the conclusive remarks and outline the limitations of the research.



10 Technological innovations for sustainable manufacturing

Chapter 2

Technological innovations for
sustainable manufacturing

2.1 Main definitions

Innovation can be defined as “the act or process of introducing new ideas,
devices, or methods”. The primary emphasis of innovation lies in the influence that
novel ideas, devices, or methods exert on both the business landscape and society.
This definition allows to distinguish innovation from related terms such as
discovery and invention. As a first approximation, it is possible to propose the
following definitions [27]:

e Discovery. It is the achievement of uncovering something previously
unknown. Discovery therefore produces scientific knowledge by
building new results on top of prior knowledge of the same kind, and it
is the usual result of Science.

e Invention. 1t is the result of technology, meant as the application of
scientific and technological knowledge to create a solution to a problem,
1.€., the invention.

e Innovation. 1t can be defined as the economic exploitation of an
invention. In other words, the invention becomes innovation when it is
successfully diffused into the market. It is the result of development
activities performed by a company to provide customers a utility greater
than the production cost.

Among the numerous innovation possibilities, the present thesis specifically
focuses on discrete products, i.e., individual, distinct items or goods that are
separate and countable entities. Consequently, only the pertinent concepts related
to this domain will be presented.
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Before to discuss the main features of innovation for discrete products, it is
preparatory to discuss the concept of product architecture. The product architecture
can be defined as “the relationships between its functional elements, the mapping
among functional elements and physical components and the interfaces among
physical components” [28]. The structure of the product architecture can be integral
or modular. The former takes place when each product function is fulfilled by
multiple components and each component performs multiple functions. The latter,
instead, is characterized by functionally independent components. Each function is
fulfilled by a single component, and each component fulfils a single function only.
The structure of the product architecture determines the structure of the product
supply chain and it has a strong influence on the type of technological innovation.
The supply chain bonds of an integral product architecture are very strong, whereas
the ones of a modular architecture are easily destroyable [27].

An innovation can be incremental if there is a gradual improvement of the
performance or functionalities of a product. This type of innovation can be costly
to achieve, but it is easier to manage, since the underlying technology and the
product architecture do not change [27]. Radical innovation, instead, entails to
introduce a product with totally new functionalities and/or performance drastically
superior to the previous versions of the product. In this type of innovation both the
underlying technology and the product architecture change. Undoubtedly, the
pursuit of this form of innovation is quite challenging. Modular innovation, then,
entails to change the technology of one or more functional elements, but without
changing the product architecture. Such innovation may be challenging to pursue
in the modules in question; however, the issues will be isolated to the impacted
modules, and the development of the entire product will be kept relatively easy to
manage [27]. In architectural innovation, instead, the underlying technology does
not change, whereas the functional and/or physical relationships between
components do. Managing architectural innovation is typically a complex task
because the well-established organizational procedures needed to develop a product
will not be readily accessible. In fact, they will require some time and possibly
entail costly errors before to emerge [27]. Finally, innovations can be classified as
either sustaining or disruptive, as defined in [29], based on their influence on the
industry. A sustaining innovation typically does not bring alterations in competitors'
market positions or market shares. In contrast, a disruptive innovation enables
significant changes. Market leaders may get left behind or even go out of business
as a result of disruption, while startups, new entrants, and companies that played a
smaller role in the past may become new leaders.
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2.2 Technology lifecycle and innovation dynamics

The technological evolution can be described by observing the behaviour of its
representative performance indicator. When a new technology is introduced in the
market, usually it exhibits a relatively low performance. In this initial phase
innovations push technological progress slowly, and the growth of the
corresponding performance is weak. Once a sufficient level of maturity is achieved,
innovations push technologies easier, with a notable increase of the technological
performance. This sharp increase continues until when the performance approaches
its intrinsic superior limits, i.e., a performance level that cannot be overcome due
to limitations that are intrinsic to the specific technology. In this last phase, the
technological evolution is again slow, and many efforts are needed to achieve small
incremental improvements.

It turns out that the evolution of the technological performance does not follow
a linear process, but an S-shaped curve, known as fechnological trajectory, as
schematically depicted in Figure 4.

Performance

Technological limit

Technological trajectory

Cumulative industry R&D investments

Figure 4: Schematization of a technological trajectory.

It is worth noting that the performance monitored to represent the technological
progress should also be representative of the user needs. Moreover, it can be
deceptive to use time as the independent variable, as technological advancements
are the result of corporate investments and effort rather than just passing time. As a



2.2 Technology lifecycle and innovation dynamics 13

result, s-curves should actually be drawn as a function of cumulative industry R&D
investment rather than time. Since it might be difficult to locate data on R&D
spending, industry-level cumulative sales are sometimes used as a stand-in [27].

Upon reaching the technological limit, companies that aspire to enhance their
products must explore new technological solutions. They must select from various
new candidate technologies, some of which may have originated independently and
outside the industry. This revolutionary phase will entail substantial
experimentation until stakeholders can discern which competing technology can
effectively meet the current or evolving customer needs. The revolutionary phase
coincides with the establishment of a new technological trajectory, i.e., a new S-
shaped curve. Thus, it turns out that the fechnological progress is characterized by
two distinct phases, the evolutionary phase, i.e., the progress within the
technological trajectory referred to a specific technology, and the revolutionary
phase, i.e., the shift from one technological trajectory to another, as schematically
represented in Figure 5.

Performance

Revolutionary phase
\

Evolutionary phase

Cumulative industry R&D investments

Figure 5: schematization of the technological progress.

In any phase, the advancement of the technological progress is due to
innovation. However, within these phases, innovation is influenced by two distinct
phenomena. During revolutionary phases, innovation occurs because companies are
compelled to explore novel technological solutions that can potentially surpass the
existing technological limits. They seek these solutions from developments that
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have originated externally to the industry and integrate them to meet a clear or latent
need. Thus, the revolutionary phase is usually refers as technology-push.
Conversely, in evolutionary phases, the technological evolution is guided by
innovations that directly meet the explicit market needs. The revolutionary phase is
usually refers as demand-pull [27].

The innovations that determine a technological evolution and, hence, a
technological trajectory, can be explained with the Abernathy and Utterback
(A.U.)'s model [30]. The A.U’s model represents a valuable contribution to
understand the different types of innovation that occur during the technology
lifecycle, i.e., during a trajectory technological [31]. Abernathy & Utterback and
other authors have suggested that performance, sales, number of firms in the
industry, and the rates of product and process innovation should be considered in
order to understand the dynamics of innovation, as displayed in Figure 6.
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Figure 6: The Abernathy and Utterback’s model [27].
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A growing number of companies enter the market during the beginning of a
technological revolution, i.e., the beginning of a new technological trajectory,
drawn by the potential for future growth, similar to a “gold rush”. During this phase,
known as fluid phase, there is a very wide variety of competing and alternative
technical solutions since every company entering the market has a stock of past
competencies and assets that it believes will be valuable. Although there is a high
rate of product innovation, this does not result in considerable evolution since
businesses are not focusing their efforts in the same technical direction, which
prevents them from creating cumulative progress through imitating and improving
the ideas of their competitors. This increasing number of businesses therefore
competes on a persistently low demand and, in turn, low sales.

The industry transitions from its fluid phase to the transition phase when a
single product architecture establishes itself as the frontrunner and it is recognized
to be the dominant design. The dominant design encompasses the product concept,
the technical solutions, the components, and their relationships that achieve broad
acceptance within that industry and market, effectively surpassing other competing
designs. The growth of the technological trajectory can now begin, and a sort of
avalanche effect is established. Product performance increases as a result of
technical knowledge now being concentrated on the dominant design, which
permits competitors to imitate it and lead to a technological progress. Product sales
begin to increase as well, owing to enhanced product performance. Simultaneously,
the number of active firms begins to decline (the industry experiences a
"shakeout"). This can be attributed to two reasons: either the assets and
competencies of some companies do not match the dominant design, or the required
growth rates are too high for the firms with weaker management or finances.

The rising industry sales and the decreasing number of competitors result in
even more demand for the firms that remain, intensifying their need to sustain such
expansion. At this stage, the technology lifecycle transitions into the phase
commonly referred to as specific phase. In this phase, companies aim to compete
on both cost and quality as demand continues to rise. Since the product architecture
i1s now well-established, companies are focusing more on process innovation than
product innovation because it is both strategically and technically feasible to
improve the process in order to lower costs and improve quality. As a result,
businesses create capital-intensive, optimized processes tailored to the dominant
design, enabling considerable economies of scale and improved quality.
Consequently, this results in reduced product costs, lower prices, and a continual
surge in demand that, in turn, intensify the industry shakeout as the new processes
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establish a minimum efficient scale. Such phenomenon continues until when the
technological limit is reached, the sales start to decline, and a new technological
revolution begins.

During these three distinct phases identified by Abernathy and Utterback,
innovations occurs in different ways and it determines how the design activities of
the companies are conducted. In the fluid phase, a radical innovation both at
product and system level is usually observed because products are subject to
significant change in both the underlying technology and the product architecture.

During the fransition phase, in some cases, the dominant design may be subject
to some further revisions or optimizations, usually without significant change in the
underlying technology. This implies architectural innovation at product and system
level. Instead, once the dominant design is established, innovation typically does
not result in substantial alterations to either the underlying technology or product
architecture. Consequently, an incremental innovation both at product and system
level is usually observed.

In the specific phase, incremental innovation can occur at all the levels product,
process, and system level, with a special emphasis on process innovation. However,
the integration of radically new technology within the dominant design can occur
during the lifetime of the specific phase, which frequently spans decades, as long
as such change can be localized within components and seamlessly integrated into
the overall product architecture. In such a case, what appears to be a radical
innovation at component level is considered a modular innovation at product and
system levels [27], [31].

2.3 Sustainability-oriented technological innovation
framework

As described in the first chapter of the present doctoral thesis, the
implementation of the CE principles in manufacturing requires innovations at
product, process, and system levels. However, different types of innovation occur
depending on the current position in the technological lifecycle. Therefore, this
section presents a sustainability-oriented technological innovation framework with
the aim of contextualizing sustainability practices into the technology lifecycle.
This framework facilitates the contextualization of common design and
development tasks associated with each type of innovation activity, and assist
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evaluate the suitability of methods and supportive tools. The sustainability-oriented
technological innovation framework is presented in Figure 7.

Technology lifecycle phase

Fluid phase Transition phase Specific phase

Concept design delivers radical The key product architecture emerges, Detailed design delivesr

innovations. Sustainability-oriented and the design space is more constrained. incremental innovations with
Product level requirements guide the design Incremental innovations are usual and the goal of enhancing technical,

team towards sustainable product  focused on meeting better-defined user economic, and environmental

concepts. and environmental requirements. performance.

The systemic feature of

sustainability can be addressed by ~ The sustainability performance of a value  Incremental innovations andfor

delivering radical innovation chain can be improved with incremental architectural innovations can
System level because the main product innovations. Occasionally, there may be optimize economic and

architecture, highly linked with the  the introduction of modular innovations environmental performance of a
value chain configuration, has not that do not alter the product architecture.  value chain.
emerged yet.

Incremental innovation can
optimize manufacturing
operations to enhance their
economic and environmental
performance.

Manufacturing processes can be design to
enhanced resource-efficiency, meeting
increased demand, and reducing
production costs.

Technological innovation level

Innovation usually does not occur
Process level  inthis phase, and it cannot provide
any contribute to sustainability.

Figure 7: Sustainability-oriented technological innovation framework.

During the fluid phase innovations are usually radical. Previous technology has
reached its intrinsic limit and it is unable to address emerging or more demanding
environmental and customer needs. Product innovation mainly rely on concept
design, where product ideas are created and assessed. At this stage, the
comprehension of functional and performance requirements are still vague and
uncertain, mainly because the market is in its nascent stages. However,
sustainability-oriented requirements can be set in order to guide the design team
towards the conceptualization of sustainable product ideas. Design guidelines can
be employed in this phase. In fact, design guidelines provide valuable
recommendations and constraints to guide the creative and innovative process,
ensuring that the final design aligns with specific targets, standards, user and
environmental requirements. Starting to use design guidelines early in the
conceptual design phase can help prevent the need for major design revisions later
in the development process, saving time and money. Regarding the system
innovation, this can experience a radical innovation during the fluid phase, because
the main product architecture, which highly affects the value chain configuration,
has not emerged yet. An example is represented by the development of Product-
Service Systems (PSSs) that fundamentally changes the way products are delivered,
used, and maintained. In fact, in this new paradigm, manufacturers retain the
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ownership of products and deliver performance for their customers. This new way
of delivery value in the economy requires a radical transformation at system-level
because requires collaboration with multiple stakeholders, including service
providers, logistics and transportation companies, and so on [32]. The
implementation of PSSs are regarded to enhance sustainability for different reasons;
in fact, manufacturers are economically incentivised to reduce, as much as possible,
material, energy and resources consumption needed to provide performance in the
market, since they keep the product ownership throughout its lifecycle [33]. Process
innovation, instead, plays a minor role in this phase due to the low production
volumes, the potential for higher customer willingness to pay, and, most
importantly, the lack of a stable product architecture. In fact, a dominant design has
yet to be firmly established, and design decisions are recognized to be transitional
and not fully optimized. Consequently, process innovation usually does not occur
in this phase and it cannot provide a useful contribute to sustainability. However, it
is worth noting that what might be a process innovation for a company, this might
be a product innovation for another company. By the way of example, the same
microwave oven could be seen as a product innovation from the perspective of the
manufacturer, while serving as a process innovation for the restaurant that adopts it
[27].

In the early stages of transition phase, then, the key challenge for product
innovation 1s the correct understanding of user requirements. Designers must
gradually shift their focus from just functional features to technical performance,
usability, and user experience. The design space is gradually more constrained until
the dominant design emerges and, thus, the key product architecture is frozen [31].
Differently from user requirements, instead, environmental requirements are known
since the first phase of technological lifecycle because they represent the
sustainability targets to be achieved; in this second phase, such requirements can be
tuned and adjusted according to the constrained dictated by the dominant design.
For instance, when the product architecture has been established, the product
disassembly features can be optimized in order to make the implementation of CE
practices more efficient and attractive for manufacturers. In this case, using
standardized or easily removable screws, clips, or fasteners to connect components
together, facilitate product disassembly by fostering the application of CE. The
establishment of a dominant design allow the proper value chain optimization,
calling for incremental system innovation. Occasionally, there may be the
introduction of modular innovations that do not alter the product architecture. By
the way of example, once the dominant design is emerged, transportation and
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logistic of the supply chain can be efficiently innovated by implementing strategies
to optimize transportation routes and reduce emissions. This includes using eco-
friendly transportation modes, consolidating shipments, and employing
technologies to track and manage logistics more efficiently. In the transition phase,
it is easier to develop and improve manufacturing processes that are tailored to a
fixed dominant design. Hence, it is the right time for process innovation, aiming at
minimizing the environmental impact of operations, as well as to accommodate
rising demand and lower production costs. For instance, manufacturers can design
processes according to the lean manufacturing paradigm, which focuses on
reducing waste and increasing efficiency throughout the manufacturing process. By
implementing lean manufacturing principles, companies not only reduce
operational costs but also enhance their sustainability thanks to resources savings.
This approach aligns with environmental goals and contributes to more responsible
resource management and waste reduction.

Finally, the specific phase leads to an incremental product innovation, no
longer focused on the product conceptual phases but on the detailed phases, aiming
at improving technical, economic, and environmental performance. An outstanding
example of gradual product improvement is represented by the subsea power cable,
that is an element used to convey electric energy underwater. The layered structure
of these cables involves a variety of materials with distinct mechanical properties.
From a structural viewpoint, lead sheathing is the critical element and it usually
experiences failures. As an incremental improvement, it is possible to enhance the
fatigue resistance of the lead sheath by varying the winding angle of the supporting
steel tape. This, in turn, extend the durability of the subsea cable. Longer-lasting
subsea cables require less frequent maintenance and repair. This can result in
reduced maintenance and repair cost by providing significant resource savings for
cable operators and owners, as underwater repairs are expensive and time-
consuming [34]. Incremental process innovation also plays an important role in
delivering sustainability enhancements. For instance, data-driven approaches can
identify opportunities for energy efficiency improvements. Manufacturers can
monitor energy consumption, analyse patterns, and consequently implement
strategies to optimize energy use, starting from data collected from sensors
embedded in the assets. This not only lowers operational costs but also reduces
greenhouse gas emissions by contributing to make the product more sustainable.
Regarding the system level, incremental system innovation prevails. As an example,
innovations in inventory management systems can occur; implementing more
advanced inventory management software and algorithms that optimize stock
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levels, reduce excess inventory, and lower carrying costs can provide benefits both
from an economic and environmental perspective at value chain level. It is worth
noting that architectural innovations that do not alter the product architecture can
be established, which often results to be radical innovation at sub-system level as
previously described. For example, in a product value chain, blockchain technology
can revolutionize the way information and assets are tracked, verified, and shared.
Blockchain is built upon a distributed ledger architecture, eliminating the need for
a high-performance data centre infrastructure to establish a secure and trustworthy
network. This decentralized approach enables the involvement of multiple parties,
and cryptographic algorithms are employed to ensure the verification and integrity
of data-sharing procedures [35]. Well-defined mechanisms for information security
and updates allow for the storage of various types of data, such as events, records,
and transactions [36]. Blockchain can have key functionalities in boosting the
adoption of CE by providing enhanced supply chain traceability, increased
cooperation and coordination within business ecosystems, and heightened levels of
trust [37]. Thus, it represents a radical innovation at sub-system level that does not
alter the product architecture and, hence, the dominant design.

2.4 Research activities and research questions

In line with the presented reference framework, three distinct researches to
support sustainability-oriented technological innovations are developed to target a
specific innovation level in each technology lifecycle phase.

Therefore, a research activity focused on supporting sustainability-oriented
product innovation is presented, primarily applicable during the initial phase of the
technology lifecycle, where early product design and development hold greater
significance, and the design team efforts are guided by product requirements. As it
will be better described in the chapter 3, although there are many works oriented to
the product design for a CE, no research has been dedicated to analyse which
characteristics a product should have to be functional for a CE. This is a crucial
point to address because product requirements represent the targets that the design
team need to meet during product design activities [28]. Therefore, this gap lays the
foundation for the first set of research questions addressed in this doctoral thesis:

1.1 What are the product requirements for a CE?

1.2 What is the minimum carbon tax value that causes at least one
environmental parameter to be included in the product requirements?
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To support this analysis, therefore, a decision-making tool for the establishment
of product requirements for a CE is developed. This is achieved through the creation
of'a decision-making tool in the form of a decision tree. This decision tree illustrates
when a CE business model outperforms a LE model considering both economic and
environmental criteria. Moreover, if the CE is selected, it further illustrates whether
the product components should be recycled, remanufactured, or reused. The
decision tree provides clear and transparent guidance on the decision rules that must
be followed to adopt a CE. Consequently, the decision rules within the tree can
serve as a foundation for establishing product requirements for a CE business
model. The economic criterion is represented by the economic cost of each phase
involved in the business models (LE and CE), while the environmental criterion is
quantified by the CO;q emissions generated by each phase involved the business
models. The environmental criterion is then monetized through the application of a
carbon tax, so that both the criteria can be expressed in monetary terms and be
integrated into a single metric, called total cost. As it will be demonstrated, the value
of the carbon tax alters the importance of the environmental parameter. Therefore,
the second RQ (1.2) is addressed by developing carbon tax level curves that show,
for each product manufacturing cost and carbon footprint, which is the minimum
carbon tax value that make include at least one environmental parameter in the
decision tree and, hence, in the product requirements for a CE.

Subsequently, a second research activity focused on supporting sustainability-
oriented system innovation is presented, better suited in the second phase of the
technology lifecycle. In fact, this research conveys greater added value when the
dominant design of a technology has emerged, and its architecture is well-
established. In this context, the implementation of a digital product passport, meant
as a digital information system that fosters value chain transparency, can result in
substantial sustainability improvements. Chapter 4 will show how currently
sustainability-oriented data requirements are partially addressed in the literature. As
a result, a second set of RQs has been formulated:

2.1 What are the sustainability-oriented data requirements for the digital
product passport ?

2.2 How can these data automatically collect and store in the DPP?

Sustainability-oriented data requirements for the digital product passport are
proposed aimed at conducting a comprehensive evaluation of absolute
environmental sustainability that aligns with the Earth's ecological limits. These
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requirements are proposed by referring to the well-established Life Cycle
Assessment (LCA) and the Planetary Boundaries (PBs) frameworks. Specifically,
the Environmental Footprint (EF) methodology is considered within the LCA
framework because it is used as a reference inside the EU. Moreover, general
technical data to insert in the digital product passport are proposed with the aim of
fostering the application of CE principles throughout the value chain. RQ 2,2,
instead, is addressed by proposing a conceptual framework for the establishment of
a digital product passport. Specifically, a framework based on Cyber-Physical
Systems (CPSs) is proposed to facilitate the automated collection of both technical
and environmental data identified in addressing the RQ 2.1.

Lastly, the third research activity focuses on supporting sustainability-oriented
process innovation and it finds wider applicability in the final phase of a technology
lifecycle, during which sustainability improvements can be better achieved through
process innovations. In this context, a case study was conducted on a manufacturing
process that hold great opportunities in terms of sustainability enhancements.
Specifically, the Resistance Spot Welding (RSW) process, widely employed in the
automotive sector, is investigated. This process serves as the primary joining
method in car-body assembly lines. It is characterized by significant uncertainty
related to the health of the electrodes, as the degradation process encompasses
various distinct phenomena, including mechanical, thermal, metallurgical, and
more. Typically, car manufacturers perform significant redundant welds to account
for the uncertainty connected with the electrode. If these redundant welds could be
eliminated, it would result in significant resource savings, encompassing energy,
time, and costs. Chapter 5 will show how, to date, electrode degradation is not
quantitatively predicted in real-time and, therefore, the third set of research
questions, aimed at supporting sustainability-oriented process innovation, has been
defined as follows:

3.1 In Resistance Spot Welding, when the electrode starts to produce low-
quality quality welds?

3.2 Is it possible to quantitatively predict this condition in real-time?

RQ 3.1 is addressed by conducting a huge experiment involving more than
1200 resistance spot welds. These welds were performed with the aim of inducing
the electrode degradation and investigate its effect on the weld quality. The
electrode degradation was induced through the repetition of the same welding cycle
throughout the experiment so that the only phenomenon that could systematically
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alter the weld quality was the electrode degradation. RQ 3.2, finally, is addressed
by developing a data-driven electrode health assessment tool, in form of a neural
network (NN). The aim is to quantitatively compute, in real-time, the electrode
health indicator discovered in addressing RQ 3.1 in order to detect when the
electrode starts to produce low-quality welds because of its degradation process.

Figure 8 reassumes the three research activities carried out during the doctorate
and their contextualization within the sustainability-oriented technological
innovation framework.

Technology lifecycle phase

Fluid phase Transition phase Specific phase

Product level:
Product requirements for a
circular economy.

Applicable to deliver product Applicable, although greater
innovation that tunes sustainability value added can be achieved if
targets for the design team. applied in the previous phases.

System level:

Data collection for the
digital product passport
along the value chain
system.

Applicable, although greater
value added can be achieved if
applied in the previous phases

Applicable, although the value
chain is not firmly configured yet.

Process level: Not applicable. The focus should
Health assessment tool for  be on determining the key product
industrial assets of architecture, and not process
manufacturing processes. optimization,

Technological innovation level

Not applicable. The focus should be
on designing the process according
to the key product architecture.

Figure 8: Contextualization of the carried out research activities according to the
sustainability-oriented technological innovation framework.

As it is possible to observe, the research carried out to support sustainability
oriented product innovation can provide major value added if applied at the onset
of a technological trajectory, i.e., during a technological revolution. In fact, in this
phase, the early phase of product design (concept design) has greater importance,
and product requirements for a CE can represent valuable targets for the
development of more resource efficient technologies. However, the developed
research activity at product level can be adopted also in the further phases of the
technology life cycle.

The research carried out to support sustainability oriented system innovation,
instead, finds greater applicability in the second phase of the technology lifecycle,
1.e., when the key product architecture emerges and, hence, the corresponding value
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chain can be properly optimized. In this phase, the establishment of a digital product
passport that enhances value chain transparency can be established. However, the
digital product passport can be established also in the other phases, although with
reduced benefits: in the first phase, in fact, many different product architectures can
arise. In a scenario where product architecture undergoes constant changes,
implementing a digital product passport may result in frequent alterations to the
stakeholders within the value chain, consequently affecting the participants within
the digital product passport. This could result in prohibitively high expenses if the
passport is not designed with a flexible structure. Instead, implementing the digital
product passport in the last phase of a technology lifecycle can be beneficial, even
if implementing it before can provide higher competitive advantage.

Finally, the research carried out to support sustainability oriented process
innovation can be applied only in the last phase of a technology lifecycle, because
it exclusively provides an incremental improvement of the process resource-
efficiency. As explained in the A.U’s model, this types of innovation is suitable
after that the dominant design has been established, i.e., in the last phase of a
technology lifecycle.
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Chapter 3

Technological innovation at
product level for sustainable
manufacturing

3.1 Theoretical background

The previous section highlighted the importance of innovation at product level
during the first phases of a technology lifecycle. In fact, more than 80% of a
product’s environmental impact is determined by the decisions made at the early
stages of a product development process [38], and these stages heavily impact the
innovation activities at the onset of a technology. Because of this, to address
sustainability issues, many research efforts have studied design methods to develop
product suitable for a CE [39].

Despite the recognized importance of the CE, its adoption is still quite low,
having a significant impact on the environment. Only 8.6% of the 100 billion tons
of materials needed annually to fuel our economy in 2020, according to [21],
originated from CE business models. This percentage has been on the decline since
then, falling to 7.2% in 2022 [22]. This level of circularity is insufficient to achieve
the Paris Agreement's climate change goals for reducing CO2.¢q emissions [40]. In
fact, given these circumstances, an increase in temperature of around 3.2 °C is
predicted for this century. However, an increase in circularity adoption to 17% is
expected to keep the increase in temperature under 2°C and, hence, satisfy the Paris
Agreement's climate change goals [41].

One of the main reasons behind the low CE adoption has been reported to be
the lack of suitable tools that support the product design for a CE. Many authors, in
fact, have written about its relevance for CE adoption, such as [42] who stated that
“design methods and tools are especially important to support the transition
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towards a CE” or [43] who stressed “the need to support design decision-making
process (also aided by quantitative indicators)”, but the literature is still lacking in
this perspective: as recently stated by [44], “the lack of knowledge on circular
product design impedes firms’ transition to CE”.

According to [28], the design process of a discrete product can be generally
divided into three activities: (i) conceptual design, where product ideas are created
and assessed, (i1) system-level design, where the product architecture is defined by
decomposing the product into subsystems and components, (iii) detailed design,
where the specifications for the geometry, materials, and tolerances of the product’s
components to be manufactured are defined.

As it will be better detailed in the next section, the literature has tried to support
the design process by developing either design guidelines for circular product
design or optimization of disassembly and EoL activities to support the design
decisions. However, it is worth recognizing that the design process is preceded by
two fundamental steps of the product development process: the identification of
stakeholders needs and their translation into technical product requirements. A
technical requirement consists of a metric and a value. A set of requirements
precisely outline measurable details what the product has to do. Thus, the product
requirements represent the targets that design team needs to achieve [28]. To date,
there has not been any research devoted to quantitatively studying which
requirements a product should have to be functional for a CE.

This research aims to overcome these limitations by analysing which
requirements a product should have to be suitable for a CE. This is achieved through
the creation of a decision-making tool in the form of a decision tree. This decision
tree illustrates when a CE business model outperforms a LE model considering both
economic and environmental criteria. Moreover, if the CE is the selected model, it
further delineates whether the product components should be recycled,
remanufactured, or reused. The decision tree provides clear and transparent
guidance on the decision rules that must be followed to make the most performing
decision. Consequently, the decision rules within the tree can serve as a foundation
for establishing product requirements for a CE model.

As shown in Figure 9, the target specifications are commonly set before the
concept design process. However, the final specifications are refined and definitely
defined once that the product concept is selected. Thus, the decision-making tool,
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in a form of a decision tree, aims to support the entire concept development process
for the establishment of product requirements for a CE.

Identify P.stab]lvsh target Generate product Seleet product Test product Scrt‘ﬁnarl
stakeholder needs specifications concepts concepts concepts specifications

Decision-making tool to define product requirements for a circular cconomy

Figure 9. The decision-making tool developed in this research aims to support the
definition of product requirements for a CE during the concept development

Process.

The creation of the decision tree starts with the construction of a mathematical
model that encompasses both the LE and CE business models, taking into account
their economic and environmental performance. Specifically, the economic
performance is quantified by the economic cost involved in the two business models
(i.e., LE and CE), while the environmental performance is measured by the CO2.q
emissions connected to the different phases involved in the two business models.
Moreover, the CO2q emissions are monetized through the application of a carbon
tax as already done in other works available in the literature [45]-[47]. In this way,
the two performance can be aggregated in a single metric, called total cost, and the
mathematical model allows the determination of the business model leading to the
minimum total cost. Then, the mathematical model is implemented in MATLAB in
order to perform a bi-level computer-based factorial experiment and determine the
parameters that mostly affect the response of the mathematical model. This enables
the identification of the most important parameters in the selection of the preferable
business model and, thus, the parameters that mostly influent the determination of
the CE. The most impactful parameters are then used to perform a multi-level
computer-based factorial experiment in order to create a multi-scenario dataset.
Finally, such dataset is fed to a decision tree algorithm, with the aim of
quantitatively defining the decision rules that should be apply to the most important
parameters for the determination of the preferable business model. This step allows
the identification of product requirements for a CE. It is worth noting that such
process is performed both at product level (for the selection between LE and CE)
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and at component level (for the selection of recycling, remanufacturing, or reusing
strategies, when the CE is the selected business model).

In this way, product requirements for a CE can be identified. They represent
the targets that the design team need to meet at the onset of a technological
revolution.

Therefore, this research, will allow to answer the following RQ:
1.1 What are the product requirements for a CE?

Furthermore, the impact of the carbon tax on the decision-making process is
also investigated, in order to ascertain whether environmental parameters, in
addition to economic ones, really influence the choice between a CE or LE business
model. This allows to understand when the environmental parameters starts to
appear in the decision tree and, thus, become part of the product requirements for a
CE. More in detail, carbon tax level curves are created with the aim of identifying
the minimum carbon tax value that render the environmental criterion impactful in
the decision-making process. This part has the potential to offer quantitative
assistance to policy makers as they strive to establish customized carbon tax values
tailored to the specific needs of their regions and industries. As it will be shown,
these customized values can have a significant impact on achieving substantial
reductions in COz.¢q emissions. It offers valuable insights into the influence of
carbon tax policies on the product requirements for a CE. Therefore, this research
will answer to a second RQ:

1.2 What is the minimum carbon tax value that causes at least one
environmental parameter to be included in the product requirements?

As product requirements are primarily addressed in the initial phases of the
product development process, this contribution may find greater relevance during
the early stages of a technology lifecycle. However, its validity holds true across
the entire technology lifecycle.

3.2 Literature analysis

As mentioned above, research on circular product design can be grouped
mainly into design guidelines and optimization of disassembly and EoL activities.
The literature belonging to these two categories will be described below in two
separate Sections.
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3.2.1 Guidelines for circular product design

Two remarkable works delve into the foundational principles of circular
product design, that are the work of [48] and that of [39]. The former undertook a
thorough examination of existing CE terminology and conceived a circular product
design model consisting of five key elements: future-proof, disassembly,
maintenance, remake, and recycle. Within their analysis, they revised design
guidelines associated with each of these elements by providing a valuable support
for circular product design. The latter, instead, encompassed the concepts of 'design
for product integrity' and 'design for recycling'. While integrating recyclability into
product design is important, emphasizing design for maintaining product integrity
is even more crucial in safeguarding economic and environmental values. This can
be achieved addressing three different design elements: resisting obsolescence
(increasing physical durability and emotional durability), postponing obsolescence
(enhancing maintenance activity and upgradability opportunities), and reversing
obsolescence  (increasing  repurposing, repairing, refurbishment and
remanufacturing activities).

Then, researchers have tried to develop design guidelines to support decisions
during the circular product design activity. For example, the work available at [49]
formulated design guidelines targeted on recyclability, with the intention of aiding
the design team in the creation of more recyclable products. These efforts yielded
four key categories of guidelines, addressing concerns like hazardous components,
accessibility for removal, recyclable materials, and the facilitation of
disconnections. These categories of guidelines were then further elaborated into 14
more specific and practical design recommendations pertaining to design for
recycling. Another example is the study available at [50], wherein overarching
design guidelines relevant to various CE strategies were compiled. Specifically,
they underlined the frequent conflict between guidelines centered on disassembly
and those targeted at recycling. Then, the study conducted at [51] examined and
categorized the design guidelines originating from various DfX methodologies;
they defined a synthesis of eco-design strategies, including design for environment,
for remanufacturing, for upgradability, for assembly, for disassembly, for
modularity, for manufacturing, and for reliability and relate them with the multiple
lifecycle options of reuse, remanufacturing, and recycling. The authors linked the
design guidelines with each of these approaches, asserting that the combined
implementation of these strategies is crucial for achieving circular design in
upcoming products. The same finding has been confirmed also in the work available
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at [52], wherein the need of integrating different DfX methodologies to facilitate
the transition towards CE was highlighted. They also presented a set of ten
guidelines that should be considered within the field of circular product design.
Instead, the work [53] linked product attributes with CE strategies through design
guidelines that serve as supporting tool for circular product design. Moreover, the
work [54] analyzed design guidelines that facilitate CE strategies, encompassing
repairing, refurbishing, and remanufacturing; they introduced a structured
classification of design guidelines for CE strategy within product design. These
guidelines were organized into four principal categories ease of cleaning, ease of
diagnosis, disassembly and reassembly, and ease of storage.

As it is possible to note, the literature about guidelines on circular product
design is relatively extensive. These works undoubtedly offer valuable support for
circular product design activities. However, as already asserted, the CE adoption is
still low and with a declining trend. In fact, the design team needs reference targets
to be achieved during the design process, but, to date, such quantitative targets
(product requirements) are currently missing.

3.2.2 Optimization of disassembly and EoL activities

The second category of works is represented by quantitative works, which
provide numerical outcomes aiming to support circular product design, often with
a special focus on the disassembly process. For example, the work [55], presented
a pair of EoL disassembly diagrams, illustrating both the environmental
implications and the cumulative costs associated with the disassembly process of a
product. These charts serve distinct purposes: the first supports product design
decisions, while the second aids in identifying the optimal stage for disassembly of
aproduct. [56], instead, developed a quantitative framework that assigns time-based
numerical indices to various design factors influencing disassembly. These factors
encompassed aspects such as the manual force required for disassembly, the
precision needed for tool placement, weight, size, materials and shapes of
disassembled components, and the use of hand tools, among others. The work [57],
then, developed a method to concurrently establish the optimal spatial arrangement
of components, locators, and fasteners considering the geometries of individual
components and their associated revenues in the recovery process. The overarching
objective is to facilitate an economically efficient disassembly process. The work
[58], instead, approached the disassembly problem from the perspective of a multi-
criteria decision-making problem considering that disassembly process can be
influenced by a large number of parameters. They adopted a hybrid approach
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integrating design of experiment and the Technique for Order of Preference by
Similarity to Ideal Solution (TOPSIS). The primary objective was to establish a
disassembly model to compute the disassemblability index for any given pair of
components. The work [59] introduced a technique termed "eDiM," which stands
for "ease of Disassembly Metric." Their objective was to quantify the time required
for disassembly, thereby providing a means to assess the ease of disassembly,
facilitate comparisons among different product designs, and gauge recoverability
potential. The work [60], finally, introduced a novel approach to design for
disassembly by developing a tool known as LeanDfD. The latter is aimed at
assisting the design team in implementing redesign strategies to enhance both
product de-manufacturability and EoL performances. By employing appropriate
indicators, the LeanDfD tool enables a quantitative assessment of the
disassemblability and recyclability of mechatronic products.

It is worth noting that the literature relating to quantitative approaches include
also works with a broader scope than disassembly. For example, the work [61]
developed a design tool known as the EoL Design Advisor (ELDA) aiming at
facilitate EoL strategy decisions based on some influential product attributes. The
EoL strategies considered in her tool were reuse, service, remanufacture, recycling
with assembly, recycling without disassembly, and disposal, while the influential
product attributes were wear-out life, technology cycle, level of integration, number
of parts, design cycle, and reason for redesign. The decision-making process of the
design tool relied on the recycling experiences of designers and product managers
of different industries. Another example is represented by the work [62] where a
method, known as the Early Design Phase EoL Scenario Evaluation Method
(ELSEM), was developed to systematically assess different product EoL options
during the initial design phase. ELSEM relied on a multi-criteria decision-making
process suitable to deal with the uncertainty and subjectiveness in the early product
development stages, i.e. the fuzzy technique for order preference by similarity to
ideal solution. A similar approach was adopted also by the work [63] to quantitively
assess the sustainability across economic (residual value), environmental (eco-
indicator), and social impact (job creation, human toxic potential, and land use)
dimensions for each EoL options based on fuzzy logic. The work [64], instead,
conducted a study with the objective of enhancing product life extension, through
prolonged lifetime, refurbishment, and remanufacturing, as well as product
recycling. Guided by the Waste Framework Directive, they identified three primary
strategies aligning with product life extension and recycling: prevention, reuse, and
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recycling. A key consideration when addressing any of these strategies is the
comprehensive definition of a product lifetime, considering both environmental and
economic aspects. One of the central challenges lies in determining the optimal
application of each product life extension strategy. To address this challenge, the
researchers put forth a methodology aimed at quantitatively assessing the ideal
product lifetime. Furthermore, the work [65] started with a systematic
reorganization of 46 design guidelines through the lens of the CE approach and also
introduced novel design guidelines. Such guidelines were then categorized into five
key circular design clusters: elongating product lifespan, facilitating disassembly,
promoting product and component reuse, and enabling material recycling. Finally,
they introduced a methodology designed to quantitative evaluate the alignment of
an existing product design with the CE principles, by computing the degree of
circularity of a product design.

All these works offer valuable tools to enhance various aspects of the CE, often
with a notable emphasis on disassembly characteristics related to disassembly cost.
However, no work addresses the issue to analyze the reference values for the
disassembly cost that render the CE model more convenient than the LE.
Furthermore, no work establishes reference values for what concerns the product
quality, although is recognized as one of the main parameters affecting the
implementation of the CE. This work addresses such issue by studying the product
requirements that render the CE paradigm more convenient than the LE one. Such
product requirements serve as the targets for the design team during their innovation
activities.

3.3 Methodology

The traditional methods of product design and development focused on creating
products that meet customer needs with the required quality and at lowest
production cost and time [28]. However, considering the environmental crise that
human population is currently experiencing, it is imperative to broaden the scope
of product development beyond customer needs by integrating also the
environmental ones. Therefore, the principles of a CE must be integrated into the
development of manufactured products since the early phases of a technological
innovation. The classical model of a product life cycle, which includes sourcing,
transformation, assembly, product use, and product EoL [48], [66], [67], is used to
define the problem of the current analysis, as depicted in Figure 10.
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Figure 10. Life cycle model considered in this work.

The diagram outlines the process when a manufacturing company takes back
its products (multi-component products) after use, i.e. when they have reached their
EoL. Once products received, these go through a quality check to assess their
condition (as well as the components they are made of). This can be done visually
by human operators or through advanced technologies such as image recognition
software or data from sensors embedded in the products. At this point, the decision
on whether an LE or CE business model should be adopted needs to be taken.

In the LE model, the product is disposed in a landfill and to then be reproduced
in new form: raw materials and/or components are purchased (sourcing), those
materials are eventually transformed into components (transformation), which are
then assembled (assembly), together with components purchased in the sourcing
phase (if any), to create the final product.

In the CE model, the product needs to be disassembled into its different
components. At this stage, each component should be either recycled,
remanufactured, or reused. If a component is recycled, a new one needs to be
produced through the sourcing and transformation phases described above.
However, if a component is remanufactured, it needs to be restored to its nominal
level of quality. If the component exhibits a quality equal to its nominal level, it can
be reused directly. The new components, remanufactured and reused alike, are then
assembled to form the final product. Notably, it is assumed that all the components
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are recyclable and recoverable, with recovered components being restored to the
same quality level as that of an entirely new product.

As it will be explained in the next section, these decisions are driven by
economic and environmental criteria: the decision of whether to apply an LE or CE
business model aims to minimize the sum of the economic and environmental
criteria (with the latter considered in terms of COazeq). Specifically, the
environmental impact is monetized through the carbon tax implementation so that
both economic cost and carbon footprint can be expressed in monetary terms and,
hence, with a unique metric, total cost.

A systematic approach has been adopted to develop the analysis. Initially, a
mathematical model is formulated to assess both the economic and environmental
performance of each business model, i.e., the LE and the CE. This requires to
express the total cost of each business model as a function of the performance
(economic and environmental) of the product life cycle phases identified in Figure
9. The comparison of each business model’s total cost represents the response of
the mathematical model, i.e., the business model that leads at the lowest total cost.
Once that the mathematical model is defined, the investigation of the most
impactful model parameters must be performed. Thus, the mathematical model is
implemented in MATLAB and a series of computer-based experiments are
performed as follows. Specifically, a 2-levels factorial experiment is performed
where all the model parameters vary on their two extreme values, and the response
of the mathematical model is observed. Then, the impact of each model parameter
is evaluated by means of the main effects and interaction plots. After such
evaluation, model parameters that show no impact are held constant, assuming the
mean value between their two extreme admissible values. Conversely, model
parameters that influence the response are varied at multiple levels to carry out a
new computer-based multi-level factorial experiment. The goal of this new
experiment is to create a multi-scenario dataset corresponding to many different
combinations of the values of the most impactful parameters. Finally, such dataset
is processed with a Machine Learning (ML) algorithm, specifically a decision tree
algorithm, to develop a decision-making tool that aid manufacturing organizations
in establishing product requirements for a CE. It is worth noting that this systematic
procedure is performed two distinct times: one at product level (to select LE or CE),
and another one at component level (to select recycling, remanufacturing, or
reusing). Furthermore, the effect of the carbon tax on the decision-making process
and, thus, on the product requirements for a CE, is investigated. In this case, carbon
tax level curves are built in order to evaluate the minimum carbon tax value that
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make the environmental criterion impactful, and, hence, make at least one
environmental parameter belonging to the set of product requirements for a CE. The
adopted methodology is detailed in the following.

3.3.1 Mathematical model

To ensure the generality of the mathematical model, it is formulated to account
for a generic product composed of n components (indexed as i for the i-th
component). Additionally, for enhanced flexibility, each economic input parameter
is represented as a fraction of the overall product manufacturing cost (Cproguct)-
denoted as rc,, with the subscript x referring to the specific product life cycle phase
considered (e.g., assembly, transformation, etc.). Similarly, each environmental
input parameter is expressed as a fraction of the carbon footprint of product
manufacturing (Cfproauct) and denoted as rc,, with x signifying the respective
product life cycle phase considered. To clarify further, cproquce and Cfproquce
pertain to the cost and carbon footprint associated with the product manufacturing,
respectively, which encompasses the aggregation of sourcing, transformation, and
assembly phases, as discussed earlier. It is essential to differentiate ¢,ypqyce from
the selling price, as they are distinct concepts in this context.

Before providing the mathematical formulation for the two business models,
the notation adopted in this study is reported in the following Tables (Table 1 for
the model variables and Table 2 for the model parameters).

Table 1: Model variables.

Model variable Description Units of measure
tcig Total cost of linear economy paradigm €
tccg Total cost of circular economy €
paradigm

tCproduct Total cost of product manufacturing €
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Cdisposal Cost of product disposal €
Cfaisposal Carbon footprint of product disposal ton CO2,eq
tCaisposal Total cost of product disposal €

Cdisassembly Cost of product disassembly €

Cfaisassembly Carbon  footprint  of  product ton CO2.eq

disassembly

tCaisassembly Total cost of product disassembly €
Cassembly Cost of product assembly €

Cfassembly Carbon footprint of product assembly ton CO2.eq
tCassembly Total cost of product assembly €
Csourcing,i Cost of sourcing of i-th raw €
material/component
Cfsourcing,i Carbon footprint of sourcing of i-th ton CO2.eq
raw material/component
tCsourcing,i Total cost of sourcing of i-th raw €
material/component
Ctrasnformation,i ~ COst of transformation of i-th raw €
material/component
Cftrasnformation,i Carbon footprint of transformation of ton CO2.eq
i-th raw material/component
tCtrasnformationi  Lotal cost of transformation of i-th raw €

material/component
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tCreusing,i Total cost of reusing the i-th €
component
tCremanufacturing,i Lotal cost of remanufacturing the i-th €
component
tCselling,i Total cost of selling the i-th used €
component to recycler
tCrecyciing,i Total cost of recycling the i-th €

component

Table 2: Model parameters.

Input parameter Description Units of measure

Cproduct Cost of product manufacturing €
Cfproduct Carbon  footprint  of  product ton CO2eq
manufacturing

ct Carbon tax €/ ton CO2,eq
n Number of components -
TCaisposal Relative cost of product disposal -
TCfaisposal Relative carbon footprint of product -

rcdisassembly

T'Cf disassembly

disposal
Relative cost of product disassembly -

Relative carbon footprint of product -
disassembly
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rcassembly

TCf assembly

cqi;

rcsourcing,i

rcfsourcing,i

rctransformation,i

TCf transformation,i

Bi

Vi

Relative cost of product assembly

Relative carbon footprint of product
assembly

Component quality index of the i-th
component

Relative cost of sourcing of the i-th
item

Relative carbon footprint of sourcing
of the i-th item

Relative cost of transformation of the
i-th item

Relative carbon footprint of sourcing
of the i-th item

Multiplicative factor of
remanufacturing cost of the i-th item

Multiplicative factor of
remanufacturing carbon footprint of
the 1-th item

Ratio between the selling price of
scrap to recycler and its purchasing
cost of the i-th item

Linear economy paradigm

As it can be seen from Figure 10, the LE business model is considered as
followed: after the product quality check, the product is disposed in landfill and a
new product needs to be fabricated from scratch going through the sourcing,
transformation, and assembly phases as already described above. To each of these
phases is associated both an economic cost and an environmental one, leading to

the total cost tc;; expressed as following:
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tCLE = tcdisposal + tcproduct = thisposal + tcsourcing + tctransformation +

tcassembly (1)

The different phases will be now described in detail.

Disposal

The phase product disposal refers to the product discard in landfill,
encompassing any associated transportation contribution. The cost of disposal
Caisposar and its associated carbon footprint ¢fyisposar are computed respectively
by referring to the relative cost of product disposal 1¢gsposqr and to the relative
carbon footprint of product disposal r¢f4isposar as follows:

Cdisposal = rcdisposal ' Cproduct (2)
Cfdisposal = rcfdisposal ’ Cfproduct (3)

The total cost of disposal tcgisposa 18 the sum of the economic cost and the

environmental cost defined as follows:

tcdisposal = TCqisposal " Cproduct +ct- chdisposal ) Cfproduct 4)

Sourcing

The phase sourcing refers either to the acquisition of raw materials that need
further transformation to create components or to the direct acquisition of
outsourced components, encompassing any associated transportation contribution.
The cost of sourcing Cspyrcing and its carbon footprint ¢fsoyrcing is obtained by
summing the cost and carbon footprint of each raw material/component i,
respectively.

_ \n
Csourcing - i=1 Csourcing,i» (5)

Cf:sourcing = ?:1 Cfsourcing,i» (6)
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The economic cost and the carbon footprint of sourcing each raw
material/component i are evaluated through the relative cost of sourcing
T'Csourcing,i and the relative carbon footprint of sourcing 7¢fsourcing,i> respectively.

Csourcing,i = TCsourcing,i * Cproduct Vien (7

Cf:s‘ourcing,i = rcf:s‘ourcing,i ) Cfproduct' Vien (8)

The total cost of sourcing tCsoyrcing 18 hence the sum of the economic cost and the

environmental cost for all the acquired raw materials/components n needed to
create the product.

— . yn . .yn
tcsourcing = Cproduct Zi:lrcsourcing,i + ct Cfproduct Zi:lrcfsourcing,i (9)

Transformation

The phase transformation refers to any transformation that the company applies
to the acquired raw materials/components. The total cost of transformation
tCtransformation 18 the sum of the economic cost Ciransformation @nd the
environmental cost of its carbon footprint ¢firqnsformation for all the transformed
raw materials/components; each of them can be computed in relative terms as done
for the sourcing phase through the parameters vCyansrormationi and

rcftransformation,i .

_ \n

Ctransformation - Zi:l Ctransformation,i' (10)
_ \n

Cftransformation - Z i=1 Cftransformation,i' ( 11 )

Ctransformation,i = rctransformation,i ’ Cproduct' ( 1 2)

Cftransformation,i = rcftransformation,i ) Cfproduct' ( 1 3)

— . n . .
tCtransformation - Cproduct Zi:lrctransformation,i + ct Cfproduct

Z?:l rcftransformation,i (14)
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Assembly

The phase product assembly refers to the process of components assembling to
get the final product. The total cost of product assembly tcgssempiy 18 computed by

considering the economic cost Cgs5empiy and its carbon footprint ¢fgssempiy- Each

of them is assessed in relative terms through 7cgssempiy and 7rcfassembiy

respectively.

Cassembly = rcassembly ’ Cproduct (15)
Cfassembly = rcfassembly ’ Cfproduct (16)
tcassembly = Cproduct = VCassembly + ct- Cfproduct ) rcfassembly (17)

Circular economy model

According to Figure 10, the CE business model is composed of the following
phases: after the product quality check, the product is disassembled into its
components and new decisions need to be made at component-level. Specifically,
each component i can be either reused, remanufactured, or recycled. The CE
strategy selected per each component is the one characterized by the lowest total
cost. After having collected all the needed components, these need to be assembled
together to get the final product. The formulation of the total cost of circular
economy tccg 1s expressed as follows:

— n :
tCCE - tcdisassembly + Zi:l mln{tcreusing,i' tcremanufacturing,ir tcrecycling,i } +

tcassembly (1 8)

Each phase is detailed below.
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Disassembly

The phase product disassembly is the deconstruction of the product in its
components. The total cost of product disassembly tcgisassempiy 1S computed by
summing the economic cost Cgjsqssempry and the cost associated to its carbon

footprint ¢fgisqssempiy- Each of them is assessed in relative terms respectively

through rcdisassembly and T‘Cf disassembly-

Cdisassembly = rcdisassembly ) Cproduct (19)
Cfdisassembly = rcfdisassembly ) Cfproduct (20)

tcdisassembly = Cproduct * TCdisassembly + ct- Cfproduct' rcfdisassembly (1)

Reusing

This work considers that the CE business model regenerates a product to the
same quality level as a new one. Because of this, a component can be reused only
if its quality level is equal to the nominal level. As done in the literature [68], [69],
the quality of a component can be represented by a numeric index ranging from 0
(fully damaged) to 1 (fully performing). Hence, an input parameter named
component quality index cqi; is defined to represent the quality of a component. In
this case, the reusing option is permissible only when the quality of a component is
entirely preserved (i.e. cqi; = 1). This leads to a total cost tCpeysing, that is null

since no actions are needed.

{tcreusing,i =0, if cqi; = 1. (22)

tCreusing,i = @, otherwise.

Remanufacturing

The phase remanufacturing refers to restoring the used component to its
nominal quality level [70]. The total cost of remanufacturing the i-th component
tCremanufacturing,i €an be computed by referring to the total cost of creating the i-
th new component as done in the literature [68]. The literature, in fact, assumes that
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the economic cost of remanufacturing a component depends on the economic cost
of manufacturing a new one. More in details, the literature assumes a linear
relationship which is linked to the quality of the component. Hence, according to
the literature, the cost of remanufacturing a component can vary between 0% and
100% of the cost of a new component [68], [71]. The present work assumes a linear
relationship as well, but, to make the model more flexible, we consider that the
economic cost of remanufacturing a component can be higher than 100% of the
economic cost of creating a new one, and we express its maximum through the
parameter «;. The same relationship and assumptions are made for the
environmental cost, where f3; takes the place of «;.

tcremanufacturing,i = ;" Cproduct (rcsourcing,i + rctransformation,i) (11—

qui) + B ct- Cfproduct ) (rcfsourcing,i + rcftransformation,i) ' (1 - qui):

Vien (23)

Note that if cqi; = 1, then t¢remanufacturingi = 0, and the component can be

reused.

Recycling

The phase recycling refers to sell to recyclers the component. This implies two
main consequences. First, earning a profit from the sale of the scrap, which can be
represented as percentage of the cost of sourcing through the parameter y;,
encompassing any associated transportation contribution. Second, sending to
recycler a component means the need of creating a new one from scratch (and hence
going through the sourcing and transformation phases described above). Thus, the
total cost of component recycling can be expressed as follows.

tcrecycling,i = tcselling,i + tcsourcing,i + tctransformation,i = Vi Cproduct )
T'Csourcing,i + Cproduct * (rcsourcing,i + rctransformation,i) +ct- Cfproduct ’

(rcfsourcing,i ©t rcftransformation,i)' Vien (24)
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Definition of the class variables

As previously stated, two different types of analysis are conducted, one at
product level and another one at component level. Therefore, it is necessary to
create two different class variables.

The product-level decision that the company must accomplish is the one with
the lowest total cost between LE and CE. Therefore, it is possible to define a class
variable, called product decision class pdc, as follows.

0 lf tCCE < tCLE

1, otherwise. (23)

pdc = {

Similarly, the component-level decision that the company must accomplish is
the one with the lowest total cost between reusing, remanufacturing and recycling.
Since reusing option only depends on the quality of component, the component-
level decision needs to be performed between remanufacturing and recycling only.
Thus, it is possible to define a class variable, called component decision class cdc,
as follows.

cdc = { 0 1if tcremanufacturing,i = tcrecycling,i: Vi €En (26)

otherwise.

Model constraints

The mathematical model is subjected to a set of constraints, mainly related to
the limit values that the input parameters can assume.

The cost of product manufacturing is considered ranging from 1 € and 500 €.
As described above, this coincides with the aggregated cost of sourcing,
transformation and assembly operations and not with the selling price.

1 < Cproduce < 500 27)

The carbon footprint of product manufacturing relating to consumer products
considered in this work can vary between 0.01 ton CO2.eq up to 0.500 ton COzeq
[72]. Also in this case, the carbon footprint of product manufacturing refers to the
aggregated carbon footprint of sourcing, transformation, and assembly operations.
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0.01 < cfyroduce < 0.500 (28)

According to [73], carbon tax values can vary between less than 1 € per each
ton COz,eq, up to almost 140 €, and therefore we round up the values as described
in the following constraint.

1 <ct <140 (29)

As discussed above, only multi-components products are considered. In this
work, based on experience and discussion with practitioners, it is assumed that a
product can be composed of maximum 50 components. Therefore, the following
constraint applies to the number of components n.

2 <n<50 (30)

The relative cost of sourcing for each item i € n can potentially vary between
0 and 1, with extreme values excluded. The same constraint applies to the relative
carbon footprint of sourcing.

0 < Tcsourcing,i <1 (31)
0 < rcfsourcing,i <1 (32)

The relative cost of transformation for each item i € n can potentially vary
between 0 (included) and 1 (excluded). The case equal to 0 represents the situation
in which the company acquires outsourced components and assembly them to create
a product without perform any transformation. The same constraint applies to the
relative carbon footprint of transformation.

0 < rctransformation,i <1 (33)

0 < rcftransformation,i <1 (34)

The relative cost of product assembly can vary between 0 (excluded), when the
cost of assembly is negligible, and 0.50 [74], [75]. The same constraint can be
applied to the relative carbon footprint of assembly.
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0 < TCassembly < 0.50 (35)
0 < TCfassembly < 0.50 (36)

The economic costs of sourcing, transformation and assembly (Csourcings
Ctransformation 0d Cassempiy» respectively) concur to the economic cost of product
manufacturing ¢pyoquce, and therefore the sum of the corresponding relative costs
need to be equal to one.

n —
i=1(rcsourcing,i + rctransformation,i) + rcassembly =1 (37)

The same type of constraint applies also for what concerns the relative carbon
footprint of sourcing, transformation, and assembly.

2?:1(rcfsourcing,i + rcftransformation,i) + rcfassembly =1 (38)

The component quality index cqi; can vary between 0 (fully damaged) and 1
(fully performing), [68], [76]:

0 <cqi; <1 (39)

The relative cost of product disassembly 7C4i5qs55empiy €an vary between 0
excluded, when the cost is negligible, and an upper limit. The value of the upper
limit is unknown in the literature. However, based on experience and on discussions
with practitioners, it is reasonable to assume the same upper limit as for the relative
cost of assembly. The same constraint is applied to the relative carbon footprint of
disassembly r¢fgisassembiy-

0 < rcdisassembly < 0.50 (40)
0 < rcfdisassembly < 0.50 (41)

The literature also lacks data on the relative cost of product disposal 7¢4;sposai-
Again, through discussions with practitioners, it was decided to apply the same
variation as the relative cost of product disassembly 7Cgisqssempiy- The same
constraint is applied to the relative carbon footprint of product disposal 7¢fyisposar-
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0 < TCaisposar < 0.50 (42)
0 < rcfdisposal < 0.50 (43)

The multiplicative factor of the relative cost of remanufacturing «; can vary
between 1 and 3 based on authors experience and from discussions with
practitioners. The same constraint applies for the multiplicative factor of the relative
carbon footprint of remanufacturing f3;.

1<a;<3 (44)
1 <B <3 (45)

The ratio between the selling price of the scrap to recyclers and the cost of
sourcing a new item can vary between 0 excluded (if the profit from recycling is
negligible), and 0.6 (according to authors experience and from discussions with
practitioners).

0 <y, <06 (46)

3.3.2 Bi-level computer-based factorial experiment

The second step of the methodology deals with the evaluation of whether or not
all the model parameters (Table 2) affect the model response. Therefore, the
mathematical model is implemented in MATLAB and a bi-levels computer-based
factorial experiment is performed.

A factorial experiment involves to investigate all possible combinations of the
independent variables’ levels. When dealing with multiple independent variables, a
factorial experiment is regarded to be more efficient than the traditional one
wherein the independent variables’ levels vary one at a time. In fact, the purpose of
a factorial experiment is to systematically investigate the effects of multiple
independent variables (model parameters) on a dependent variable (model
response). This is usually performed through the analysis of the main effects plot
and interactions plot. A main effect plot is a graphical representation used to
visualize the impact of individual independent variables (model parameters) on a
dependent variable (model response), while keeping the other model variables
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constant at specific levels. Each independent variable is typically plotted on the x-
axis, and its corresponding effect is shown on the y-axis. To show how changes in
the levels of each independent variable affect the outcome of the dependent
variable, the plot typically consists of a line. This makes it easy to understand the
relative importance of the independent variables in the experiment. An interaction
plot, instead, allows to visualize the interaction effects between two or more
independent variables (model parameters) on a dependent variable (model
response). Interaction effects occur when the impact of one independent variable
on the dependent variable varies depending on the level of another independent
variable [77].

The factorial experiment in this research was conducted on two levels, where
the values assumed by each input parameter coincided with their admissible
extreme values according to the constraints described above and reported for
convenience in Table 3. It is worth mentioning that all the component-related input
parameters are assumed to follow a triangular distribution of cardinality n with the
lower and upper limits equal to the admissible values and with the peak of each
distribution that can vary within the allowed domain. The choice of the triangular
distribution is due to the fact that it is often employed in business simulation whose
distribution is unknown [78], [79].

Table 3: Values adopted for the 2-levels computer-based factorial

experiment.
Model parameter Values Units of Reference
measure
Cproduct [1, 500] € Authors experience
and discussions with
practitioners.
Cfproduct [0.01, 0.5] ton CO2.eq [72]

ct [1, 140] €/ ton CO2.eq [73]
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n [2, 50] - Authors experience
and discussions with
practitioners.

TCaisposal [10e-06', 0.5] - Authors experience
and discussions with
practitioners.

TCfaisposal [10e-06', 0.5] - Authors experience
and discussions with
practitioners.

TCgisassembly [10e-06', 0.5] - Authors e)fperien.ce
and discussions with
practitioners.

TCfaisassembly [10e-06', 0.5] - Authors experience
and discussions with
practitioners.

TCassembly [106_061, 0.5] - [74], [75]

TCfassembly [10e-06', 0.5] - Authors experience
and discussions with
practitioners.

Cqipeak [0, 1] - [68], [76]

T Csourcing,peak [10e-06', 1) - Authors experience
and discussions with
practitioners.

Authors experience
and discussions with
practitioners.

rcfsourcing,peak [106'0615 1)

1A value of 10¢-06 has been assigned to represent the case of 0 excluded.
I A value of 10e-06 has been assigned to represent the case of 0 excluded.
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- Authors experience
and discussions with
practitioners.

rctransformation,peak [Oa 1)

Note that for what concerns the second analysis (that dealing with the selection
of the optimal CE strategy at component-level), the input parameters 7Cg;sposals

TCfaisposals TCaisassemblys TCfaisassempty Were not considered in the 2 levels

analysis because they do not take part in the decision-making process (they only
affect the choice of the suitable paradigm at the product-level).

After the execution of the bi-level computer-based experiments, both at product
level and component level, the main effects plot and the interaction plot were
analysed.

3.3.3 Multi-level computer-based factorial experiment

After performing the main effects and interaction plots, the model parameters
with a negligible impact on the model response (the product decision class at
product level, and the component decision class at component level) were excluded
from the subsequent analyses. Conversely, the model parameters influencing the
determination of the model response were selected for the further analyses.

Thus, a new multi-level factorial experiment was performed with the purpose
of generating the datasets necessary for training the decision tree algorithms in the
subsequent step. Parameters found to have no impact on the model response were
kept constant in this new experiment, assuming the mean value between their two
admissible values reported in Table 3. Instead, model parameters that influenced
the determination of the model response were varied at multiple levels. The extreme
values remained the same as listed in Table 3 and additional intermediate values
were considered. Specifically, each selected model parameter was varied over four
different levels evenly spaced. By following this approach, a dataset comprising
4,194,304 scenarios was generated at product level (for the choice between LE or
CE), and another dataset of 65,536 scenarios was generated at component level (for
the choice between remanufacturing and recycling, if CE is the selected business
model).
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3.3.4 Decision tree

This step involves the utilization of a decision tree algorithm both at product
level and at component level to obtain two easy-to-use decision-making tools that
assist practitioners in the determination of product requirements for a CE. The
decision tree algorithm is a supervised classification technique that predicts the
class to which an item belongs based on a given set of features [80], [81]: in this
case, the set of features consists of the non-negligible model parameters derived
from the second step of the discussed methodology, and used in the multi-level
computer-based experiment for the generation of the multi-scenario dataset, while
the class variables are pdc and cdc. The choice of adopting a decision tree
algorithm is to be found on its user-friendly nature, as the predicted class can be
easily and quickly identified by evaluating only few input parameters. This is
regarded to effectively support the design team in the product development process.
To ensure the necessary user-friendliness, as well as to avoid overfitting issues
during tree generation, the decision tree was pruned to maintain a maximum tree
depth of four levels [82]. Detailed information about the decision tree algorithm can
be found in the literature [83], [80].

To evaluate the accuracy of the decision-making tools, the decisions suggested
were evaluated considering four key performance indicators (KPIs) related to the
leaves of the trees, i.e. the accuracy of the leaf (a), the percentage of predictions in
the leaf (p), the average percentage total cost loss encountered when the decision-
making tool suggests the wrong option (tcl), and the average percentage total cost
savings achievable when the decision-making tool suggests the correct decision
(tcs). The definitions of these KPIs are provided in the following.

The accuracy of each leaf (a) can be calculated as follows:

a=—Lleal 100 (47)
CPleaf"‘ WPleaf

where € CPyq5 represents the number of correct predictions made by each leaf and
W Peq the number of wrong predictions.

The percentage of predictions in each leaf (p) is considered as follows:

p = e . 100 (48)

Tptree
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where TPjeqr is the total number of predictions in the leaf and (T Pgy) is the total

number of predictions in the tree.

The average percentage total cost loss encountered when the decision-making tool
suggests the wrong option (tcl) is computed as follows:

WPleaftcyp k= tCcp k

tel = —— “eek 100 (49)
WPleaf

where tcy,p represents the total cost of the wrong prediction, and tc.p stands for
the total cost of the correct decision.

Finally, the average percentage total cost saving for each leaf (tcs) is calculated as
follows:

ZCPleaftCWP,k_ tecpk

tes = ——_twek . q0q (50)
CPleaf

3.3.5 Carbon tax level curves

The mathematical model developed in the previous section deals with two
different criteria, i.e. the economic and environmental criteria. Each criterion has
an importance that depends on the corresponding weight, i.e. the cost of product
Cproduct for the economic criterion, and the algebraic product between the carbon
footprint and the carbon tax cfprogucet - ¢t for the environmental one. The cost of
product manufacturing ¢poquc: and the carbon footprint of product manufacturing
Cfproduct rely just on the manufacturing company capabilities of creating products
that are economically and environmentally affordable. The carbon tax ct, instead,
is an external factor for manufacturers, and its value can alter the importance of the
environmental criterion.

In this analysis, it is investigated how the carbon tax can alter the importance
of the environmental criterion of the mathematical model. Specifically, this analysis
aims to understand which is the minimum value that the carbon tax should assume
to make at least one environmental parameter influencing the model response.
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The Pareto rule is leveraged to discriminate whether or not the environmental
criterion affects the model response. The Pareto Rule, also known as the 80/20 rule,
is a principle that suggests that a significant portion of the effects (typically 80%)
comes from a relatively small number of causes (typically 20%) [84]. In this
analysis, the Pareto rule is applied to the relative importance of the model
parameters computed by the Minimum Redundance Maximum Relevance
(MRMR) algorithm [85], [86]. The latter allows to identify a set of features that are
both maximally dissimilar from one another and highly effective in representing the
response variable [86]. The algorithm identifies the best set S of parameters that
maximizes Vs, the relevance of S concerning the response variable y, and minimizes
W, the redundancy of S.

Vs and Wy are defined using the mutual information I:

Vs = 5 Zes [(,7) (51)

1
Ws = WZX,Z ESI(XI Z) (52)

|S| is the cardinality of S, x and z are two generic parameters belonging to the
parameters set, i.e., model parameters listed in Table 2. For each parameter, the
algorithm computes the mutual information quotient MIQ,, which is used to
determine the most important parameters.

MIQ, = VVV—’; (53)

V, and W, are the relevance and redundancy of a parameter:

V., = I(x,y) (54)

1
W, = —
X s

Zz ESI(x: Z) (55)
MIQ, can be used to rank parameters through an importance score. In this way, the
Pareto rule can be applied on the importance scores and understand which are the
most important parameters on the determination of the model response. The MRMR
algorithm was implemented in MATLAB.
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The key idea is to alter the carbon tax value until when the relative importance
of one environmental parameter is included in the cumulative importance of 80%.
Thus, the minimum value that the carbon tax should assume to make the
environmental criterion influencing the model response is the value such that at
least one environmental input parameter is included in the cumulative importance
of 80%. However, as it will be better explained during the presentation of the
results, this value depends on values assumed by the cost of product ¢y and
by the carbon footprint ¢fy,,oqyce, and therefore a unique value of carbon tax cannot
be defined. In the light of this, it is possible to develop carbon tax level curves which
allow to depict the different minimum carbon tax values depending on the cost of
product ¢,yquce and on the carbon footprint ¢fproguce-

To develop such carbon tax level curves, a series of bi-levels computer-based
factorial experiments were carried out, where the values of product manufacturing
Cost Cproguct and of product manufacturing carbon footprint cfp,oquce Were kept
fixed, while the carbon tax value ct varied until the above-mentioned condition was
met. Such procedure was repeated for different combinations of ¢,roquce and
Cfproducts 1n this way, it was possible to develop the carbon tax level curves
representing, for different combinations of product manufacturing cost Cproquct
and of product manufacturing carbon footprint ¢fproguct, the minimum carbon tax
values ensuring that at least one environmental input parameter influences the
model response.

3.4 Results and discussion

In this Section the results from the application of the methodology are presented
and discussed. Specifically, three different sub-sections are reported, one for the
application of the methodology at product level, one for the application of the
methodology at component level, and another one for the development of the
carbon tax level curves to investigate the role of carbon tax.

3.4.1 Decision-making tool at product level

The first step involved the implementation of the mathematical model in
MATLAB to perform a bi-levels computer-based factorial experiment. The
resulting main effects plot are displayed in Figure 11.
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Figure 11: Main effects plot at product level; in the y-axis the class value for the product
decision class is reported (‘0° stands for CE and ‘1’ for LE).

As it can be seen from the Figure, five model parameters clearly impact the
model response at product level and, hence, the decision on the preferable business
model between LE and CE. Specifically, the relative cost of product disposal
TCaisposar @nd the relative cost of product disassembly 7cyisqs5empiy have the
largest impact on the determination of the business model. They are followed by
the relative carbon footprint of product disposal cfgisposai> the relative carbon
footprint of product disassembly 7cfgisassempiy, and the peak of the triangular
distribution adopted for the component quality index cqipeqp-

After the main effects plot, the interactions plot was investigated to understand
whether or not the model parameters with a negligible main effect became
impactful when considered in combination with other input parameters. The
strongest interactions found are displayed in Figure 12.



3.4 Results and discussion 57

0.00 0500 0.01 0.50

036 I rcf_disposal

™~ P P . 0.001
/ By " ol - -
0247 ref_disposal / a o - 0.500
g = A ey | e
012 ol u
.o = o036 rcf_disassembly
e - Wi | —— 0.001
5 - il il
rcf_disassembly » : - 024 0.500
) P — | ~
[ | o | e Lo
036 . . ciproduc:
) .
. S
3 / o
924 e | | c_product ———4 a————4 500
1 .
012 ‘e P
036 cf_product
pgy - . 0.01
*_~ e | -~ 8
= s | e ] cf_product 1 0.24 0.50
e L
I . . R
026 ct
L [ ] g :
024 L S e z. B E — = - 140
~—o - - 9 ct
0412 L] u

Figure 12: Strongest interaction plot between the model parameters for the business
model selection at product level.

It stands out that the impact of the environmental parameters of product
disposal 7¢fgisposar @and product disassembly 1cfgisassempiy heavily depend on
carbon tax value ct, carbon footprint of product manufacturing ¢fy,quce, and cost
of product manufacturing Cproquce- This is because the cost of product
manufacturing represents the weight of the economic criterion, while the carbon
footprint of product manufacturing multiplied by the carbon tax represent the
weight of the environmental criterion. Based on such evidence, the model
parameters Cproguct> Cfproauct> and ct were also included in the selected
parameters. Moreover, although with lesser intensity, also 7Cqssembiys T'Cfassembiys
and @peqr show several interactions with many parameters and, hence, they are
included in the selected input parameters.

Overall, 11 model parameters were selected to perform a multi-level factorial
experiment at product level for the selection of the preferable business model
between LE and CE.. These 11 parameters were varied on four equally spaced
levels to create the dataset necessary to feed and train the machine learning
algorithm for the development of the data-driven decision-making tool at product
level. This resulted in a dataset consisting of 4*11 =4 194 304 different scenarios.
Table 4 reports the values considered per each parameter.
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Table 4: Values adopted for the multi-level computer-based factorial
experiment at product level.

Model parameter Values llrig;tssu(l)"z
Cproduct [1, 150, 300, 500] €
Clproduct [0.010, 0.150, 0.300, 0.500] ton CO2.eq

ct [1, 50, 100, 140] €/ ton CO2,eq
n 25 -
TCaisposal [10e-06, 0.150, 0.300, 0.500] -
TCfaisposal [10e-06, 0.150, 0.300, 0.500] -
T'Cgisassembly [10e-06, 0.150, 0.300, 0.500] -
TCfdisassembly [10e-06, 0.150, 0.300, 0.500] -
TCassembly [10e-06, 0.150, 0.300, 0.500] -
TCfassembly [10e-06, 0.150, 0.300, 0.500] -
Cqlpeak [0, 0.350, 0.700, 1] -
TCsourcing,peak 0.500 -
Cfsourcing,peak 0.500 -

Tctransformation,peak 0.500
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TCftransformation,peak 0.500 -
Apeak [1,1.7,2.4, 3] -
Bpeak 2 -
Vpeak 0.3 -

The obtained dataset was then used to feed and train a decision tree algorithm
in order to create a data-driven and user-friendly decision-making tool at product
level that can support practitioners in the determination of product requirements for
a CE. The decision tree, with the corresponding KPIs, is displayed in Figure 13.

TCaisassembiy < 40% PCisasnam by = 40%

Feaisposat < 7.55% FEaisposat = 755% Pedisposar < 2250% A redisposat 2 22:50%

Qipear < B5% qipear = B5% TCqisposat < 40% TCaisposal Z 40%

FCaisassembty < 22.5%

TCaisassembly 2 22.5% Circular
Economy

Teaisposal < 7.55% X_TCuisposai = 755%  cqipeai < S2.50%.X_ CQipeas = 52.50%

Circular
Economy

tes =

%
tel = 0.89%

Linear
Economy

Circular
Economy

Linear
Economy

Economy Economy

Circular
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‘ Circular ‘
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a=70.54%
p=1.57%

tes = 8.28%
w0l =4.17%

Figure 13: Decision tree for the selection of the most performing business model. The
decision rules to apply represent the product requirements for a CE.

As can be seen, the decision tree is a user-friendly graphical representation of
the product requirements needed to achieve a CE. In fact, by applying few decision
rules on the most important parameters, it allows to determine the most performing
decision between LE and CE, with an high global accuracy, i.e. 89.43%. Moreover,
it shows the average percentage of total cost savings and the average percentage of
total cost loss for each leaf of the tree. In this case, practitioners can be informed
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also about the expected outcomes associated with particular product requirements.
Finally, it is possible to draw the following general insights.

First, the economic cost of product disassembly 7¢4;sq5sempiy drives the main
product requirements. If this cost remains under 40% of the cost of product
manufacturing, the CE is almost always the preferable business model. This holds
true, in fact, for all the scenarios where the economic costs of product disposal
TCqisposar ar€ not very low (i.e. higher than 7.55% of the product manufacturing
cost). In other scenarios where the product disposal costs are very low, however,
the LE becomes the preferable business model, notably if the quality of the
components is low. Things change when the economic cost of the product
disassembly increases (i.€. "'Cgisqssembry = 40%). From the right-hand side of the
decision tree, it is clear that the CE is no longer the predominant business model
suggested and that the suitability of the CE and LE business models depends greatly
on the combination of the values assumed by the economic costs of product disposal
TCaisposar and the peak of the component quality index distribution cqipeqx. In
particular, much depends on the economic costs of product disposal Cgisposai:
when this is high (i.e. greater than 22.5% of product manufacturing cost), the CE is
the preferable business model, unless the peak of the component quality index
distribution cqiyeqy 1s very low; instead, when the relative cost of product disposal
is low, the LE can be the preferable business model, even when the peak of the
component quality index distribution cqipeqx assumes high values.

As mentioned above, the product requirements are based only on economic
parameters (T'Cgisassembry aNd TCqisposar) and not on environmental parameters,
although these have been included in the multi-level factorial experiments. This
means that the choice of the preferable business model is not influenced by the
CO2,q emissions of the different life cycle phases. This will be further investigated
later, but it turns out that, with the current values of the carbon tax ct, the economic
criterion dominates the decision-making process and the environmental criterion is
negligible and, thus, no environmental parameters are needed in the product
requirements for a CE. This negligible impact of the environmental terms is
confirmed by the relative importance of the different model parameters, represented
in Figure 14 below.
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Figure 14: Relative importance of the model parameters at product level.

Finally, it is worth analyzing the performance provided by each business model
when it represents the preferable choice in order to demonstrate the convenience in
pursuing CE business models. Specifically, the cost savings, the carbon footprint
savings, and the total cost savings are represented in the box and whisker plot in
Figure 15.
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Figure 15: Box and whisker plot of the performance provided by each business
model when it represents the preferable choice. The horizontal line represents the median
value, while the target symbol represents the mean value.

Clearly, the CE business model exhibits superior performance to that of the LE
in both criteria, i.e. economic (represented by the cost savings) and environmental
(represented by the carbon footprint savings), as well as in the integration of the two
(total cost savings). This shows companies the preferability of pursuing a CE rather
than an LE business model because the former provides greater advantages, both in
economic and environmental terms. Moreover, the average carbon footprint savings
of the LE business model are negative, corresponding to an average increase of
COz,eq emissions. This further demonstrates that the choice of the preferable
business model is exclusively driven by the economic criterion, while the
environmental criterion is negligible in the decision-making process of the business
model selection. Indeed, it is possible to observe that for both business models, the
average value of the total cost savings coincides approximately with the average
economic cost savings, further proving that the COz q emissions have no impact on
the decision-making process.
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3.4.2 Decision-making tool at component level

As described earlier, a decision-making tool at component level is also created.
This tool enables the determination of the CE strategy between recycling and
remanufacturing based on the minimum total cost. Since the reusing strategy
exclusively depends on the component quality, this CE strategy is not included in
the development of the decision-making tool.

Also in this case, the first step was to analyze the main effects plot to understand
the impact of the different model parameters on the model response at component
level. The results are represented in Figure 16, where in the ordinate axis the
component decision class (cdc) is reported (‘0° for the remanufacturing strategy
and ‘1’ for the recycling one). It is worth noting that the reusing strategy is not
included as component decision class since its adoption depends only on one model
parameter, i.e. the component quality index cqi;.
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Figure 16: Main effects plot at component level; in the y-axis the class value for the
CE strategy is reported (‘0’ stands for Remanufacturing and ‘1’ for Recycling).

In this case, it is possible to note that the peak of the component quality index
distribution cqipeqx has the largest impact on the determination of the CE strategy.
The peak of the multiplicative factor of remanufacturing cost distribution (@peqx)
the peak of the multiplicative factor of remanufacturing carbon footprint
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distribution (Bpeqk), and the peak of the ratio between the selling price of scrap to
recycler and its purchasing cost distribution (ypeqk) have also a non-negligible
effect. Then, as done for the first decision-making tool at product level, an
examination of the interaction plots was conducted to understand whether or not
the model parameters with a negligible main effect became relevant when
considered in combination with other parameters. The strongest interactions
discovered are depicted in Figure 17.
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Figure 17: Strongest interaction plot between model parameters for the CE strategy
selection.

From the analysis of the interaction plots, the cost of product manufacturing
Cproduct» the carbon footprint of product manufacturing ¢fproauce and the carbon
tax ct were added. These, in fact, exhibit a strong interaction between each other
and with the peaks of the multiplicative factors of remanufacturing cost @tp,eq and
carbon footprint B4k distributions. Moreover, the peak of the relative cost of
sourcing distribution 7'Cgoyrcing peak Shows a slight interaction with the percentage
of selling scrap to recycler ypeqk, and it was also included as relevant parameter.

Overall, 8 model parameters were selected to perform the multi-level factorial
experiments at component level. Also in this case, the 8 parameters were varied on
four equally spaced levels resulting in the creation of a dataset of 65,536 scenarios
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(478). In particular, the extreme values for each model parameter remained as those
indicated in Table 3, and the two intermediate values were selected to obtain an
equal spacing among the four values. In contrast, the non-selected model
parameters were assigned a fixed value corresponding to the average of the extreme
values defined by the constraints. The considered values for each parameter are

reported in Table 5.

Table 5: Values adopted for the multi-level computer-based factorial experiment at

component level.

Model parameter Values llnhel;tssu(l)-z
Cproduct [1, 150, 300, 500] €
Cfproduct [0.010, 0.150, 0.300, 0.500] ton CO2.eq

ct [1,50, 100, 140] €/ ton CO2,eq
n 25 -
T'Cassembly 0.250 -
TCfassembly 0.250 -
Cqlpeak [0, 0.350, 0.700, 1] -

rcsourcing,peak

rcf:s‘ourcing,peak
rCtransformation,peak
rcftransformation,peak

apeak

[10e-06, 0.350, 0.700, 1]

0.500

0.500

0.500

[1,1.7,2.4, 3]



66 Technological innovation at product level for sustainable
manufacturing

ﬁpeak [1,1.7,2.4,3] -

VYpeak [10e-06, 0.2 0.4, 0.6] -

The dataset obtained from the multi-level factorial experiment was then
processed with a decision tree algorithm with the aim of creating a user-friendly
decision-making tool that can support practitioners in the determination of product
requirements for a CE at component level. The decision tree, with the
corresponding KPIs, is displayed in Figure 18.

cqi < 57% cqi = 57%

a< 1.54 \l‘ a= 1.54 cqi < 65.40% { cqi = 65.40%

eqi < 36.40% cqi = 36.40% ‘ a< 2.24 \ az= 224 ‘

o

Recycling Remanufacturing Remanufacturing Recycling

L2

Figure 18: Decision tree for the selection of the CE strategy between recycling and
remanufacturing. The decision rules to apply represent the product requirements for a CE
at component level.

The developed decision tree represents a user-friendly decision-making tool,
enabling practitioners to quickly determine the preferable CE strategy by applying
just few decision rules (up to three). The decision rules to apply for the
determination of the choice represent the product requirements for a CE at
component level. The global accuracy provided is high, i.e. 91.35%. The data-
decision tree enables to draw some general insights.

The primary driving factor in the decision-making process is the component
quality index (cqi). If the quality of component is preserved with a component
quality index equal or greater than 65.40%, remanufacturing strategy is always
preferred. Conversely, when the component quality index is very low (i.e. below
36.40%), recycling strategy is selected. In all the other intermediate cases, the
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choice depends on how much it costs to remanufacture a component (i.e. it depends
on the multiplicative factor of remanufacturing cost a). Moreover, it can be
observed also here that the environmental parameters do not affect the final choice
since they do not appear in the decision tree and, thus, in the product requirements
for a CE. This is further highlighted by the computation of the relative importance
of the input parameters through the MRMR algorithm (Figure 19).
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Figure 19: Relative importance of the model parameters for CE strategy selection.

From the Figure, in fact, it can be observed that the relative importance of the
environmental parameters is null, with the decision-making process being largely
dominated by the component quality index cqi. Of minor importance is then the
peak of the triangular distribution relating to the multiplicative factor of
remanufacturing cost apeqx, Which is however non negligible, further confirming
the insights derived from the analysis of the decision tree.

Finally, it is worth investigating the performance provided by each CE strategy
when it represents the preferable choice. Hence, Figure 20 reports the box and
whisker plot of the cost savings, carbon footprint savings, and total cost savings of
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the two CE strategies (in the Figure ‘REC’ stands for recycling and ‘REM’ for
remanufacturing).
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Figure 20: Performance provided by each CE strategy (‘REC’ stands for recycling
and ‘REM” for remanufacturing) when it represents the preferable choice. The horizontal
line represents the median value, while the target symbol represents the mean value.

It turns out that remanufacturing strategies are on average more convenient than
recycling ones both economically (cost savings) and environmentally (carbon
footprint savings), as well as when considering their integration (total cost savings).
Also in this case, for both CE strategies, the average value of the total cost savings
reflects the average value of the cost savings. This is a further proof that the
environmental criterion has a negligible impact on the choice of the preferable CE
strategy, which is instead exclusively driven by the economic criterion.

3.4.3 Carbon tax level curves

As shown in the interaction plot of the model parameters in Section 3.4.1
(Figure 12), the environmental parameters strongly interact with the cost of product



3.4 Results and discussion 69

manufacturing Cprogyct, the carbon footprint of product manufacturing ¢ fpmduct,
and the carbon tax ct. This means that the importance of the environmental
parameters on the decision-making process for the business model selection
depends on the values assumed by these three parameters. As discussed before, of
these three, only the carbon tax ct is an external factor that can be modified, and it
represents the main discriminating factor about the relevance of the environmental
parameters (and hence the environmental criterion) on the decision-making process.
As has been shown by the analysis of the decision tree, the current values of carbon
tax ct are such that the impact of the environmental criterion on the decision-
making process is negligible. Understanding the minimum carbon tax value that
renders the environmental criterion impactful is crucial to the decision-making
process; it is achieved by finding the minimum carbon tax value that identifies at
least one environmental input parameter belonging to the cumulative importance of
80%. Based on the above discussion, it is not possible to identify a unique value of
carbon tax ct. Rather, the value of the carbon tax ct—such that the environmental
criterion becomes relevant to the decision-making process—depends on the values
of both the cost of product manufacturing ¢p,oquce @and the carbon footprint of
product manufacturing ¢fpyoquce- Therefore, it is necessary to develop carbon tax
level curves showing the minimum carbon tax ct value rendering the environmental
criterion relevant to the decision-making process. This relevance is based on the
combination of the values assumed by the cost of product manufacturing ¢,roguce
and by the carbon footprint of product manufacturing ¢fp,quce- The development
of the carbon tax level curves has followed the methodology explained in Section
3.3.5, and their graphical representation is displayed in Figure 21.
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Figure 21: Carbon tax level curves. The solid red line represents the maximum value
currently present.

Each level curve discerns the importance of the environmental parameters:
given a certain level curve (i.e. a certain value of the carbon tax ct), the
environmental parameters are relevant to the decision-making process if a product’s
cost of manufacturing ¢,roqyce and carbon footprint ¢fpquc: lies on or below the
level curve, otherwise the decision-making process is driven exclusively by the
economic input parameters (i.e. by the economic criterion). These carbon tax level
curves represent an important tool for policymakers to understand how to define
their carbon tax policies to truly reduce CO, emissions. Even considering the
highest carbon tax value currently adopted (around 140 €/ ton COz.q), carbon tax
level curves barely impact the decision-making process: only a small portion of
products—with high CO2¢q emissions and low manufacturing costs—Ilie below the
corresponding level curve (in red) and are hence affected by the environmental
criterion; the majority of the products lie above and are thus not affected by any
environmental considerations.

Based on these observations, it was decided to investigate how a new carbon
tax regime, able to render the environmental criterion relevant in the decision-
making process, would change the decision tree both at product and component
levels. To make comparable the decision-making processes (that with the current
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carbon tax regime and that with the new carbon tax regime), the same scenarios
described above were investigated, i.e. the same model parameters were varied over
the same 4 levels, but adopting different values of carbon tax that would ensure the
relevance of the environmental criterion. To do this, per each combination of the
cost of product manufacturing Cprogyuce and of the carbon footprint of product
manufacturing ¢fproauct the carbon tax value was varied over four equally spaced
levels, ranging from the value indicated in the carbon tax level curves in Figure 20
to twice that value. Therefore, for each decision tree, a new multi-level factorial
experiment was performed with new values of carbon tax, and the corresponding
new decision trees are described in the following.

Decision tree at product level under new carbon tax regime

The decision tree developed for the selection of the preferable business model
considering the new carbon tax regime is displayed in Figure 22 with the
corresponding KPIs.
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Figure 22: Decision tree for business model selection with the new carbon tax
regime.

Also in this case, practitioners can detect the product requirements for a CE by
looking at the decision rules of the decision tree, which has a global accuracy of
87.74 %.

Focusing on the comparison of the decision trees for the business model
selection developed for the two carbon tax regimes (Figure 13 and Figure 22), it is
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possible to note that the main driver of the decision-making process remains the
relative costs of product disassembly 7Cgisqs5embiy- However, with the new carbon
tax regime, environmental parameters appear now in the decision tree, proving their
non-negligible impact on the decision-making process and, thus, belonging to the
set of product requirements for a CE. This is the case of the relative carbon footprint
of product disassembly 7Cfyisassempiy and of product disposal 7¢fyisposal-
Specifically, when the relative cost of product disassembly 7Cgjsqssempiy 18 low (i.€.
below 40%), the decision-making process is now mainly driven by the relative
carbon footprint of product disassembly 7¢fg;isqssempiy and not by the relative cost
of product disposal 7Cgjsposqr- Moreover, in these scenarios of low r¢gisqssembiy
(i.e. left-hand side of the decision tree), the quality of components, i.e. the peak of
the component quality index distribution cqiyeq, do not affect the decision-making
process, which is only governed by the economic and environmental parameters of
product disassembly and disposal. Conversely, when the relative cost of product
disassembly 7Cgisassempiy 18 high (i.e. above 40%), the environmental parameters
of product disassembly and disposal still affect the decision-making process, but
they have a lower impact than the relative cost of product disposal 7¢gispesqr and

the quality of components.

This increased importance of the environmental parameters on the decision-
making process is confirmed analyzing the relative importance of the model
parameter (Figure 23). It can be seen, in fact, that the new carbon tax regime
conveys a redistribution of the relative importance of the model parameters: while
the relative cost of product disassembly and disposal are still the most important
parameters of the decision-making process, the corresponding environmental
parameters have now gained significant importance, surpassing even the peak of
the component quality index distribution in their influence.
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Figure 23: Relative importance of the input parameters for the business model
selection with new carbon tax regime.

Finally, it is interesting to analyse how the new carbon tax regime affects the
performance of each selected business model. Figure 24 displays, for each selected
business model, the performance comparison in terms of cost savings, carbon
footprint savings and total cost savings for the current and new carbon tax regime.
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preferable choice under different carbon tax regimes: a) CE comparison; b) LE

comparison.
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The adoption of a new carbon tax regime affects the performance for both the
business models (CE and LE). On the one hand, both the CE and LE business
models experience higher carbon footprint savings under the new carbon tax regime
compared to the current regime. This suggests that the new carbon tax regime
encourages businesses to reduce their carbon emissions, leading to environmental
benefits. On the other hand, the new carbon tax regime results in a small reduction
in cost savings for both the business models. Indeed, under the new carbon tax
regime, the economic criterion, despite remaining the primary driver in the
decision-making process, is characterized by a significance that slightly diminishes
in favor of a greater emphasis on the environmental criterion. Finally, under the
new carbon tax regime, the average CO2¢q savings for the LE business model
becomes positive (under the current carbon tax regime they are negative).

Decision tree at component level under new carbon tax regime

The decision tree at component level developed for the selection of the suitable
CE strategy considering the new carbon tax regime is displayed in Figure 25 with
the corresponding KPlIs.
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Remanufacturing Recycling Remanufacturing Recycling
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Figure 25: Decision tree for CE strategy selection with the new carbon tax regime.

Also in this case, practitioners can detect the product requirements for a CE at
component level by looking at the decision rules of the tree, which has a global
accuracy of 93.76 %.

In this case, the change in the carbon tax regime has a lower effect in the
decision-making process at component level than in the one at product level. When
dealing with the CE strategy selection, in fact, the decision-making process keeps
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being highly dominated by the quality of component, i.e. the component quality
index (cqi), followed by the multiplicative factor of remanufacturing cost a (as it
was for the current carbon tax regime, cf. Figure 18). Nevertheless, the new carbon
tax regime renders the decision-making process influenced by the environmental
criterion through the multiplicative factor of the remanufacturing carbon footprint
(B8). All these considerations are confirmed by the analysis of the relative
importance of the input parameters (Figure 26).
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Figure 26: Relative importance of model parameters for CE strategy with new
carbon tax regime.

This, in fact, confirms that the peak of the component quality index distribution
Cqlpeqi continues to dominate the decision-making at component level, with an
importance score much higher than all the other model parameters. However, now,
in addition to the economic parameters related to the multiplicative factor of
remanufacturing operations (@peqk ), also the environmental counterpart (fpeqx ) has
a non-negligible importance score.

Finally, it is interesting to evaluate if the change in the carbon tax regime affects
the performance of the selected CE strategy. The performance comparison
considering the two carbon tax regimes (current and new), for each selected CE
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strategy, are displayed in Figure 27 in terms of cost savings, carbon footprint
savings, and total cost savings.
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a) Remanufacturing comparison
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Figure 27: Comparison of each CE strategy performance when it represents the
preferable choice under different carbon tax regimes: a) Remanufacturing comparison; b)
Recycling comparison.
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The effect of the new carbon tax regime on the performance of the CE strategy
closely mirrors the findings observed in the comparison of the business model
performances. Specifically, both the analyzed CE strategies, i.e. remanufacturing
and recycling, show an average increase in carbon footprint savings. At the same
time, there is a negligible decrease in cost savings for both CE strategies. In essence,
the new carbon tax regime positively influences the environmental gains of the CE
strategies while only slightly affecting their cost savings.

However, it is worth mentioning that higher carbon taxes may affect the entire
supply chain, as companies could face increased costs for raw materials,
transportation, and other inputs. This, in turn, might lead to a cascading effect on
the overall cost structure of the product. Moreover, to meet emission reduction
targets and comply with carbon regulations, companies may need to invest in new
technologies and equipment. The initial costs of adopting cleaner and more
sustainable technologies can impact budgets and profitability of manufacturing
organizations. More research is needed to analyse the economic implications of
more severe carbon tax measures.

3.5 Main contributions and limitations

The CE is an attractive business model that aims to tackle the impending
alarming environmental challenges. However, despite its potential, the adoption of
such a business model remains low, with a declining trend in recent years. A reason
for this low adoption is the lack of suitable tools that support designers in the
development of products suitable for a CE. Indeed, the current literature aimed to
support the circular product design by developing both qualitative and quantitative
tools, but without knowing which requirements they need to meet in order to make
the product suitable for a CE. This work aims to overcome these limitations
developing two user-friendly decision trees, one at product level and another one at
component level, that allow designers and engineers to quickly identify the
requirements needed to make a product suitable for a CE.

The developed decision trees are based on economic and environmental
criteria, respectively represented by the economic cost and the COz¢q emissions
associated with product life cycle phase. The environmental criterion is monetized
through the carbon tax, allowing both criteria to be expressed in monetary terms.
To develop such decision tree, a systematic methodology has been adopted,
involving the formulation of a mathematical model regarding the total cost of CE
and LE business models at product level, and the total cost of the CE strategy at
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component level. Then, for each level of the analysis, a bi-level computer-based
factorial experiment was performed to identify the most impactful model
parameters, followed by a multi-level computer-based factorial experiment to
generate a multi-scenario dataset. These datasets are fed by a decision tree
algorithms. This resulted in the development of two user-friendly decision trees,
which are characterized by high accuracy and an assessment of the expected
outcomes in terms of average percentage of total cost savings coming from the
application of the requirements suggested by the decision tree. The developed
decision tree offers also valuable insights to practitioners. Specifically, under the
current carbon tax regime, the decision-making process is not affected by any
environmental parameters. In fact, decision rules are applied relying on just three
model parameters: the relative cost of product disassembly, the relative cost of
product disposal, and the peak of the triangular distribution of the component
quality index. Thus, one major thing has emerged, i.e. that the environmental
parameters have no impact on the decision-making process. This is due to the
current carbon tax regime, since carbon tax values control the weight of the
environmental parameters.

Therefore, this work has also studied the role of the carbon tax on the decision-
making process by analyzing which is the minimum carbon tax value that render
the environmental parameters relevant. More in detail, since it is not possible to
identify a unique value of carbon tax ct that makes the environmental criterion
relevant, carbon tax level curves have been developed. In fact, the effect of the
carbon tax depends by the values assumed by the cost of product manufacturing
Cproduct and the carbon footprint of product manufacturing ¢fproguce and, thus, a
unique value cannot be established. Carbon tax level curves show the minimum
value of carbon tax ct that renders the environmental criterion relevant in the
decision-making process depending on the values assumed by the cost of product
manufacturing ¢proquce @and by the carbon footprint of product manufacturing

Cfproduct- In such a way, this work aiming to tackle policy makers interested in

environmental sustainability.

Moreover, the decision trees mentioned above have been updated according to
a new carbon tax regime based on the carbon tax level curves. This change
significantly affects the decision rules that determine the CE business model and
the CE strategies, as the decision-making process is now influenced by some
environmental parameters. In particular, the relative carbon footprint of
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disassembly and disposal phases now appear in the decision tree at product level
and, hence, in the product requirements. Similarly, although with less importance,
the multiplicative factor of carbon footprint of remanufacturing process now appear
in the decision tree at component level. Furthermore, the environmental
performance both at product level and component level, measured as COazeq
savings, surpassed the performance achievable under the current carbon tax regime.

The establishment of product requirements for a CE can be useful to enhance
the sustainability-oriented innovation at product level of manufacturing
organizations. As product requirements are primarily addressed in the initial phases
of the product development process, this contribution may find greater relevance
during the early stages of a technology lifecycle. However, its validity holds true
across the entire technology lifecycle, as shown in Figure 8.

However, this study also has some limitations that should be acknowledged.
Firstly, for the development of a holistic decision-making tool, it is essential to
include the social criterion in the decision-making process. Unfortunately, the lack
of objective methodologies in the field of social sustainability poses a challenge in
incorporating such criterion into the analysis. Moreover, the scope of the
environmental criterion should not be limited solely to COz.eq emissions. Other
essential environmental indicators, such as water consumption, resource usage,
pollution emissions, and more, should also be considered in the decision-making
process to obtain a more comprehensive understanding of the environmental impact
[87]. Additionally, the number of CE strategies could be expanded beyond the ones
explored in this study. Options like repair, refurbishment, repurposing, and others
should be considered to offer a broader range of sustainable choices for businesses
and decision-makers.
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Chapter 4

Technological innovation at system
level for sustainable manufacturing

The present research is also published in an article titled “Integrating Absolute
Sustainability and Social Sustainability in the Digital Product Passport to promote
Industry 5.0 in the Sustainability journal [87].

4.1 Theoretical background

The introductive section of the present doctoral thesis has described the
importance of addressing sustainability issues in manufacturing at product, process,
and system levels. As emphasized by the work [88], product and process innovation
approaches are just a part of the solution to pursue, and there is a growing need to
adopt a system-level perspective that encompass the entire value chain to tackle the
sustainability challenge [33]. After having proposed a method to set product
requirements for a CE and support sustainability-oriented innovation activities
suitable in the early phases of a technology lifecycle, the second research of the
doctorate has focused on system level technological innovations. In fact, as
discussed in the sustainability-oriented technological innovation framework
proposed in Section 2 (Figure 7), the innovation activities are different based on the
technology lifecycle phase. In the initial phases of the technology lifecycle, the
primary focus is on product innovation. Then, as the dominant design emerges and
the core product architecture is established, innovation efforts can shift towards
enhancing the value chain system. This transition is logical because the value chain
system is intricately linked to the product architecture. Thus, following the
technology lifecycle model, the product innovation activities can be followed by
system innovation activities, which is the scope of this chapter.

The application of CE principles in manufacturing at system-level entails to
create circular value chain systems. One of the main obstacles in the realization of
a circular value chain is the lack of an efficient and effective information flow
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among the stakeholders involved in the value chain. In fact, as stated by Berg and
colleagues [26], a circular value chain needs information relating to location,
conditions, and availability of materials, as well as it requires a coordination
between material and information flows. Therefore, to effectively implement CE
principles in a value chain, an efficient flow of information is required. This
represents one of the main difficulties, mainly due to the following reasons as
reported in the work [89]: (i), limited awareness of the necessity for circular
information; (ii), absence of systems for sharing information throughout the value
chain (iii), uncertainty regarding information on resources; (iv), constrained
information sharing caused by concerns about competition. (v), insufficient
understanding of resource recovery at the end of their use.

Many scholars have written about the importance of these points. For example,
in the work available at [90], the lack of information exchange systems is regarded
the key barrier to achieve a circular value chain in the textile sector. They dissert
that the establishment of platforms that enable stakeholders to exchange
information and collaborate, would represent a prominent solution for addressing
this issue. Then, in the work available at [91], it is claimed that establishment of
digital platforms for resource sharing among stakeholders would facilitate the
extension of product lifecycles by improving resource efficiency within the value
chain system. A similar finding was reported in the literature review available at
[92], wherein the authors claimed that the expanded utilization of sharing platforms
can support the implementation of an efficient circular value chain. Similarly, the
literature review available at [93] recognizes the absence of stakeholder
involvement throughout the product lifecycle as a key point hindering the
application of CE principles in the value chain. Again, in the work available at [94]
it is asserted that the current barriers to implementing circular strategies in the
manufacturing sector are related to the lack of information along the value chain.

The achievement of an effective circular and sustainable value chain system
could be greatly improved by digitally identifying products and their associated
resources using a digital passport known as the digital product passport (DPP), a
concept envisioned by the European Commission (EC) [95], [96]. The primary goal
of the DPP is to promote sustainability, facilitate the transition to a Circular
Economy (CE), and assist consumers in making responsible purchasing decisions
by providing product-related information that is tracked throughout its lifecycle.
Indeed, the conceptualization of DPP encompasses data and information relevant
to all stages of the product lifecycle, involving sourcing, manufacturing, assembly,
usage, and recovery.
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As reported in [95]-[98] the creation of the DPP is regarded to offer a multitude
of advantages. Designers and engineers, by utilizing the lifecycle data contained in
the DPP, have the opportunity to improve the eco-design features of products, such
as their durability, reliability, reusability, repairability, re-manufacturability,
recyclability, energy efficiency, and waste reduction. Manufacturers can optimize
their operations by improving traceability, which is valuable, for example, to
manage warranty claims and recalls. Service providers specializing in repairs and
maintenance can deliver more efficient and effective services by exploiting the
technical and historical data available in the DPP. Remanufacturers can gain
advantages from having access to data concerning component disassembly and their
condition. Recyclers can make well-informed decisions by exploiting information
about the presence of hazardous or valuable materials within products. In the end,
consumers can make more environmentally conscious choices when making
purchases by gaining insights into a product's environmental performance. It turns
out that all the stakeholders involved in a product value chain can gain advantage
by the establishment of a DPP.

Furthermore, the DPP can serve as a valuable tool for ensuring compliance.
Recent regulations in the European Union (EU) and the United States (US) require
businesses to produce Sustainability Reports (SRs) regarding their operations. The
data contained in the DPP can serve as an evidence of compliance with these
requirements. The information contained in the DPP can be seamlessly integrated
into SRs, enhancing brand image and corporate reputation. Additionally, third-party
organizations can get DPP data to assess sustainability indices. Having strong
performance in this field can convey a competitive advantage [99], [67].

Therefore, the second research of the present doctoral thesis is focused on the
establishment of a DPP to support sustainability-oriented technological innovations
at system level. This research proposes the data requirements for the DPP, aimed at
conducting a comprehensive evaluation of absolute environmental sustainability
that aligns with the Earth's ecological limits. This assessment is grounded in the
Life Cycle Assessment (LCA) methodology and the Planetary Boundaries (PBs)
framework. Environmental attributes, environmental impact indicators with
corresponding thresholds, are proposed to be integrated in the DPP. Moreover, a
conceptual framework for the establishment of a DPP is discussed. Specifically, a
framework based on Cyber-Physical Systems (CPSs) is proposed to facilitate the
automated collection of both technical and environmental data for the DPP. This
framework is constructed based on the well-established 5C architecture, a widely
recognized architecture in the existing literature [100]. Therefore, in this chapter,
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the second set of RQs will be addressed aiming to support sustainability-oriented
technological innovation at system level:

2.1 What are the sustainability-oriented data requirements for the digital
product passport ?

7.2 How can these data automatically collect and store in the DPP?

This work contributes to the establishment of a DPP and, thus, it provides a
sustainability-oriented system innovation to enhance the implementation of CE
principles in manufacturing.

4.2 Literature analysis and current state of DPP

This section introduces the primary academic articles that address the emerging
subject of the DPP. It also offers an overview of the current status of the DPP,
covering essential requirements and technical implementation issues.

4.2.1 Literature analysis

The analysis of the literature involved searching articles within the Google Scholar
database using the keyword 'Digital Product Passport.' Only journal articles and
conference papers in the English language were considered. All the identified
papers were reviewed, and the most pertinent ones have been incorporated into this
section and are summarized below.

The research on DPP is an emerging research area and the works available in
the literature mainly focus on the types of data and information to include in the
DPP, and different frameworks for their management.

Regarding the works connected with the study of data and information
requirements, the main contributions can be found at [99], [101]-[103]. For
instance, Jensen et al. investigated the data requirements for digital product
passports in a mechatronics context. They identified seven clusters of data: (1)
usage and maintenance, (2) product identification, (3) products and materials, (4)
guidelines and manuals, (5) supply chain and reverse logistics, (6) environmental
data, and (7) compliance. A survey was conducted to evaluate the significance,
accessibility, and sensitivity of specific data points, involving three original
equipment manufacturers, their customers, service partners, suppliers, and third-
party recycling companies. The findings highlighted distinct data needs across these
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stakeholders, but indicated that the exchange of data and the supporting
infrastructure for closing resource loops are still at a relatively early stage of
development [99]. A classification system for product data in the DPP was
introduced by Stratmann et al. The development of this system involved a
systematic literature review and a case study research conducted on typical
operational information systems. The classification system comprises three levels
and encompasses 62 data points, which are organized into four main categories: (1)
Product information, (2) Utilization information, (3) Value chain information, and
(4) Sustainability information [101]. Jansen et al. studied the requirements for a
DPP system based on stakeholder involvement and literature from science and
industry. They identified 8 different groups of requirements that are: (1) legal
obligations, (2) functional suitability, (3) security, confidentiality, and IP
protection, (4) interoperability, (5) modularity and modifiability, (6) accessibility,
(7) availability and time behavior, (8) portability. For each of this group, a list of
requirements is provided [102]. Finally, King et al. conceptualized the digital
product passport as a collaborative and socio-technical system of systems. This
innovative approach involves shared ownership among various stakeholders
throughout the product lifecycle. They analyzed the requirements relating to this
new kind of system-based concept [103].

Regarding the development of frameworks for the establishment of a DPP, the
main contributions can be found at [97], [104]-[106]. Koppelaar et al. presented a
conceptual design of the DPP to circular supply chain management. Their work was
oriented to facilitate the recovery and reuse of critical raw materials at both
component level and material levels. They conducted an assessment of existing
information management practices for critical raw materials and surveyed the
information needs of 10 manufacturers, producer responsibility organizations,
collectors, and recyclers. Based on these needs, 14 key processes and exchanges for
product information management were identified, forming the basis of the DPP
circular supply management system [104]. Berger and colleagues presented a
conceptual framework aimed at creating a digital battery passport for electric
vehicles. Their work focused on providing the necessary information to effectively
implement the digital battery passport, considering four distinct perspectives, which
include: (i), battery: (ii), sustainability and -circularity; (iii), diagnostics,
performance, and maintenance; (iv) value chain actors. The objective was to
facilitate the decision-making process for the sustainable management of electric
batteries [120]. The same authors presented a conceptual framework that showcases
how data science and machine learning techniques can facilitate the secure
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exchange of data among stakeholders in the electric vehicle battery value chain in
the context of DPP. By enabling confidentiality-preserving data exchange, their
framework aimed to address concerns related to data sharing and enhance
sustainability data management for electric vehicle batteries [105]. Plociennik et
al., instead, proposed a framework for a digital lifecycle passport which relies on
the asset administration shell and a cloud-based application. They also implemented
a case study to demonstrate the improvement of the sorting process of an electronic
waste [97]. Finally, Adirson et al., through a desk research and stakeholder
workshops, discussed some design issues of the DPP with the expected benefits for
the stakeholders of a product value chain [106].

All these works are valuable contributes for the development of the DPP.
Different information requirements have been conceptualized and some use cases
have been presented in the literature. However, an absolute perspective of
environmental sustainability that respect the Earth’s carrying capacity is not
considered, and the literature does not propose how technical and environmental
data can be automatically collected throughout the value chain system to be stored
in the DPP. This research aims to bridge these existing gaps. First, it discusses the
inclusion of environmental impact indicators, along with associated threshold
values derived from the PBs framework, to enable an absolute assessment of
product environmental sustainability. Then, a framework based on CPSs is
proposed for the automatic collection of technical and environmental data
throughout the value chain system to store in the DPP.

4.2.2 Current state of the DPP

In order to provide a general background on the current state of the DPP, the
essential requirements and its technical implementation issues are described in the
following.

Essential requirements

The EC established the essential requirements for the creation of the DPP. A
data carrier that is physically attached to the product is required to connect the DPP
to a unique product identifier. Both the data carrier and the unique product identifier
must adhere to ISO/IEC 15459:2015 standard [107].

Data in the DPP must adhere to several rules. It should be machine-readable,
structured, searchable, and constructed using open standards in an interoperable
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format. Readers can refer to [96] for a detailed summary of the general
requirements..

The EC also establishes the necessary technical requirements. It is anticipated
that the DPP will be compatible with other DPPs, guaranteeing smooth data transfer
and end-to-end communication across technological, semantic, and organizational
domains. Users of the DPP will be able to freely access the information within the
DPP in accordance with their individual access rights. Security, privacy,
authenticity, and integrity of data must all be guaranteed, and fraud must be
prevented [96]. Guth-Orlowski, then, emphasizes the importance of an inclusive
and adaptable architecture for the DPP. The involvement in the DPP should not
result in prohibitively high expenses or pose technical barriers that could
marginalize small-scale economic participants. To deal with the dynamic of the
present global value chains, DPP needs a flexible structure. This implies that it must
be simple to add new product features or characteristics and to remove actors or
information that is no longer needed [98].

The aforementioned requirements have been also proposed and extended in the
recent study of Boukhatmi et al. [108], wherein they identified several requirements
based on practical insights from interviews and surveys. The requirements were
grouped in 11 categories as follows: (i), accessibility, i.e., grant complete platform
access exclusively to specific parties via login process; (ii) completeness, i.e.,
provide additional information to the already present technical datasheets; (iii)
consistency, i.e., promote uniform data sharing among stakeholders involved in the
value chain; (iv) efficiency, i.e., streamline operational processes for the collection
of product information; (v) inter-operability, i.e., allow the smooth integration of
new information from different stakeholders; (vi) security, i.e., guarantee the
hosting of the platform by an external and impartial entity; (vii) sensitivity, i.e.,
restrict the access to sensitive information; (viii) traceability, i.e., provide the
history of the product life cycle via comprehensive data tracking; (ix) transparency,
1.e., establish openness by means of sharing data; (x) time performance, i.e., reduce
the time and effort spent by stakeholders in collecting information about the
product; (x1) visibility, i.e., set up distinct levels of information visibility according
to specific stakeholder groups.

To fulfil the aforementioned requirements, the following principles can be
followed [98]:
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» Data responsibility of the originators: stakeholders within the value chain
provide declarations regarding their actions on the product, which are organized in
a structured data sheet.

* Collection of data sheets: the DPP primarily encompasses a collection of
data sheets generated by value chain’s stakeholders, spanning from material
production to the product's end of usage.

* Decentralized storage: the storage location is determined by the
stakeholders, leading to the distributed storage of the DPP across multiple data
stores. There is no centralized system for managing DPP information.

» Verifiability of the data: the digital signature of stakeholders ensures the
verifiability of the data sheets, enabling the identification of the source of the
provided product information, and preventing denial of its origin. This significantly
boosts the trustworthiness of the DPP and the overall data quality. A signed data
sheet serves as a certification.

Finally, it is essential to emphasize that a successful deployment of the DPP
necessitates an appropriate governance framework [109]. This entails the
establishment of comprehensive regulations, an active role played by the EC as a
platform or registry manager, and vigilant supervision by the relevant authorities
[110].

Regarding the type of information to be stored in the DPP, the EC provides two
categories of information, that are: (i) track and trace information; (i1) attributes.

The first category comprises information related to the stakeholder and
associated events. This may encompass details such as the manufacturer's name,
registered trade name, global trade item number, TARIC code, global location
number, and information that supports legal compliance, among others.

The second category comprises technical and sustainability-related information
concerning the product. The EC offers general examples of attributes that should
be incorporated into the DPP. These attributes may include product details like size,
color, and images, information about the origin of raw materials, environmental
impact indicators, product environmental footprint, circularity indicators, social
indicators, chemical content, recycled content, usage instructions, manuals,
disassembly instructions, and more [95], [96].
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Technical implementation of the DPP

Guth-Orlowski suggests the utilization of decentralized technologies for the
digital implementation of the product passport. Digital Decentralized Identifiers
(DID) can be applied to individuals, products, machinery, processes, or
organizations and are typically anchored on a blockchain (BC). In this scenario, a
software tool for generating and overseeing decentralized identifiers is required,
allowing all value chain stakeholders to establish their unique identifiers. DID have
been nowadays standardized by the World Wide Web Consortium (W3C), which is
one of the most important standardization bodies for Internet protocols.

Verifiable Credentials (VC) are digitally readable certificates signed with the
private key of a DID. VC can be verified through their signatures, ensuring data
integrity and access control. In fact, each stakeholder has the possibility to regulate
access to these certificates, safeguarding company secrets from competitors and
permitting access only to authorized entities like auditors, customers, or
government agencies. This capacity makes VC well-suited for implementing
certificates within the DPP. As mentioned earlier, a wallet can create and manage
DIDs, but it can also be utilized for the generation, signing, and management of
VC. The connection between one VC and another, known as "credential chaining,"
serves as the link between various pieces of information in the DPP..

The extensive adoption of the DPP, as envisioned by the EC, necessitates that
every company within the value chain possesses a digital wallet. Interactions
between multiple wallets are established on standardized protocols, thus preventing
vendor lock-in. Through these wallets, each company can generate its own DID,
accumulate VC pertaining to its operations, and issue VC related to other businesses
and products. These credentials may encompass details such as disassembly
instructions and repair guidelines.

Leveraging decentralized technology offers numerous benefits, including end-
to-end verifiability, data accuracy, access control, real-time updates, inclusivity,
flexibility, and establishing a trust anchor [98].

In such a context, in the last years BC technologies have gained importance and
their role in the transition towards CE has been investigated by several researchers.
According to [111], BC is an information technology that can be defined as a
“digital, decentralized and distributed ledger in which transactions are logged and
added in chronological order with the goal of creating permanent and tamperproof
records”.
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By adopting a distributed ledger architecture, BC eliminates the need for
complex data center infrastructure while establishing a secure and dependable
network. This decentralized approach eases the participation of multiple
stakeholders, with cryptographic algorithms ensuring data validation and
consistency in the sharing process [35]. Protocols designed for information security
and seamless updates expand the capacity to store a wide range of data, including
events, records, and transactions [36]. Rusch et al. [112] have underlined how BC
enables effortless information sharing, efficient exchange of life cycle inventory
data, and real-time monitoring of product conditions. These findings highlight BC's
potential to enhance transparency, traceability, and sustainability within value chain
operations, promoting environmentally responsible and socially conscious
practices.

As aresult, BC has the capacity to streamline the operations of a circular value
chain [113]. For instance, BC can optimize recycling procedures by enabling the
precise monitoring of waste streams and promoting integration within recycling
networks. It provides a secure and transparent framework for monitoring and
verifying the flow of recycled materials, ensuring their appropriate disposal or
reutilization. This, in turn, plays a significant role in enhancing the efficiency and
sustainability of recycling practices and, consequently, the CE as a whole [114],
[115]. For instance, the research conducted by Erol et al. highlights the pivotal role
of BC in promoting the adoption of CE. BC enhances supply chain traceability,
encourages cooperation and coordination within business ecosystems, and fosters
higher levels of trust [116]. These findings are further confirmed by Kayikci et al.,
underscoring the importance of network collaboration for the successful
development of BC-based CE [117]. Additionally, Chaudhuri et al. conducted
interviews with four small and medium enterprises (SMEs) actively engaged in CE.
Their focus was on initiatives that leveraged digital technologies, including BC, to
support the transition towards CE. The analysis revealed that SMEs involved in
these initiatives were able to optimize their recycling facilities, establish well-
defined circular economy processes, make informed decisions about raw materials,
and optimize their manufacturing processes [118].

Furthermore, BC can be integrated with the Internet of Things (IoT) to further
boost the implementation of circular value chain. These technologies hold the
potential to improve the efficiency of reverse supply chain systems, streamline data
collection and analysis regarding end-of-life products, and enhance traceability
[119]. Consequently, through the application of these technologies, stakeholders
within the circular value chain can boost eco-efficiency and enhance the resilience
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of the entire supply chain [120]. Magrini et al. [121] investigated the use of IoT
and BC technologies in the e-waste sector. Their research unveiled significant
benefits from combining IoT and BC, including the ability to track products
throughout their entire lifecycle, promote CE practices, and facilitate well-informed
decision-making. This combination enables organizations to effectively monitor
product usage, maintenance, and e-waste management, thereby advancing
sustainability efforts and optimizing resource utilization. An example of an e-waste
management system based on the Ethereum BC can be found in [122].

In conclusion, the incorporation of BC into value chain systems provides a
means to uphold human rights and equitable labor practices. Transparent product
history records offer consumers the assurance that their purchases originate from
environmentally responsible sources. Additionally, smart contracts hold the
potential to autonomously enforce the monitoring and validation of sustainable
regulations and policies [123].

As a consequence, BC can play a central role in advancing the technical aspects
of the DPP.

4.3 Methodology

As done for the establishment of product requirements for a CE, the classical
model of a product life cycle, which includes sourcing, transformation & assembly,
product use, and product EoL [48], [66], [67], is used as a reference value chain
system in this work.

As mentioned earlier, the EC has already specified various environmental
attributes to be included in the DPP [94]. The identification of these environmental
attributes largely relies on a well-established methodology known as Life Cycle
Assessment (LCA), which is standardized by ISO 14044:2006 [124]. LCA analysis
is designed to collect data on resource consumption and emissions throughout a
product's lifecycle, allowing for the assessment of multiple environmental impact
categories. One commonly used method for quantifying these product
environmental impact categories within the LCA framework is the Environmental
Footprint (EF) method, which serves as a reference in the EU [125]. The definition
of the environmental impact categories according to the EF method is reported in
Table 6.

Table 6. Definition of environmental impact according to the EF method [125].
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EF impact category

Indicator

Units of measure

Human toxicity, cancer

Human toxicity, non cancer

Particulate matter
Photochemical ozone

formation
Ionising radiation
Water use

Ecotoxicity, freshwater

Climate change

Resource use, fossil

Ozone depletion

Eutrophication, marine

Eutrophication, freshwater

Land use
Eutrophication, terrestrial

Acidification

Resource use, minerals and

metals

Comparative Toxic Unit for
humans
Comparative Toxic Unit for
humans
Impact on human health
Tropospheric ozone
concentration increase
Human exposure efficiency
relative to U
User deprivation potential
Comparative Toxic Unit for
ecosystems
Radiative forcing as Global
Warming Potential (GWP100)
Abiotic resource depletion —

fossil fuels
Ozone Depletion Potential (ODP)

Fraction of nutrients reaching

marine end compartment (N)

Fraction of nutrients reaching

freshwater end compartment (P)

Soil erosion
Accumulated Exceedance (AE)
Accumulated Exceedance (AE)

Abiotic resource depletion (ADP

ultimate reserves)

CTUh

CTUh
Disease incidence

kg NMVOC eq

kBq U235 eq
m® world eq

CTUe

kg COs eq

Ml

kg CFC-11 eq

kg N eq

kg P eq

kg soil loss
molc N eq
molc Hp eq

kg Sb eq

However, it is important to note that determining environmental impact
categories based on LCA provides a relative assessment of the ecological
performance of technologies but does not offer information about whether these
technologies are sustainable in absolute terms [126]. Therefore, there is a critical
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need to transition from a relative sustainability assessment to an absolute one in
order to achieve sustainable manufacturing. Notably, there is a growing emphasis
on integrating the Planetary Boundaries (PBs) framework into LCA analysis for an
absolute sustainability assessment [127]. By establishing threshold values for
environmental impact categories based on PBs, a clear understanding of whether a
product lifecycle is sustainable in absolute terms can be achieved. The existing
literature offers a comprehensive framework for PBs [4], [1]. The definition of such
framework is presented in Table 7.

Table 7. Definition of Planetary Boundaries [6].

Earth-system Boundary value in Current
Control variable
process 2023 value

Atmospheric carbon dioxide
concentration (ppm by 350 417

volume)

Climate change Total anthropogenic radiative
forcing at top-of-atmosphere
(W/m2) since the start of the 1 2,91

industrial revolution (~1750)

Genetic diversity: Extinction

rate measured as EEMSY

_— s <10 >100
(extinctions per million
Change in species-years)
biosphere integrity Functional diversity: energy
available to ecosystems
<10% 30%

(NPP) (% HANPP)

Phosphate global: Global: 22

Phosphate global: P flow
. ' . 11 Tg of P year™'; Tg of P
Biogeochemical  from freshwater systems into _
regional: 6.2 Tg of year !;
the ocean; regional: P flow ) ]
P year ! mined and regional:
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from fertilizers to erodible applied to erodible 17.5 Tgof P
soils (Tg of P year") (agricultural) soils. year !
Nitrogen global: industrial
and intentional fixation of N 62 190
(Tg of N year-1)

Global mean saturation state
of calcium carbonate in
Ocean acidification 2,75 2,80
surface seawater (omega
units)
75 from all forests
including 85 from
Boreal forest, 50
Part of forests rested intact
Land use from  Temperate  Global: 60
(percent)
forests and 85 from
Tropical forests.
Upper limit (95th
percentile) of
global land area
Blue water: human induced _ o
with deviations 18,2%
disturbance of blue water _
greater than during
flow. ] )
preindustrial, Blue
Freshwater change
water: 10.2%
Green water: human induced
disturbance of water
available to plants (% land 11,1% 15,8%
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Sala et al. [125] applied the PBs framework within the EF methodology to set
limits for environmental impact indicators. The relations between the EF impact
categories and PBs are represented in Figure 28.

EF IMPACT CATEGORIES / Climate Biodiversity  Fresh Water Land Ozone Ocean Atmospheric  Biogeochemical Novel
PLANETARY BOUNDARIES Change Loss use use Depletion Acidification Aerasals Flows Entities

Human toxicity, cancer

Human toxicity, non cancer

Particulate matter -
Photochemical ozone formation -

lonising radiation

Water use

Ecotoxicity, freshwater
Resource use, fossil

Ozone depletion -

Eutrophication, marine

Eutrophication, freshwater
Land use

Eutrophication, terrestrial

Acidification

Resource use, minerals and metals -

Figure 28. Relations between EF impact categories and PBs based on [125].
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This application allows for an assessment of absolute sustainability. They
specifically established a connection between the environmental impact categories
of the EF method and the PBs framework determining numerical threshold values
for environmental impact indicators based on PBs. The environmental impact
category of EF methodology, its indicators, and the corresponding threshold values
are reported in Table 8.

Table 8: Planetary Boundaries applied to Environmental Footprint impact categories

based on [125].
Threshold
Units of values
EF impact category Indicator
measure based on
PBs
o Comparative Toxic Unit
Human toxicity, cancer CTUh 9.62E+05
for humans
Human toxicity, non Comparative Toxic Unit
CTUh 4.10E+06
cancer for humans
) Disease
Particulate matter Impact on human health o 5.16E+05
incidence
Photochemical ozone Tropospheric ozone
. o kg NMVOCeq 4.07E+11
formation concentration increase
o o Human exposure
Ionising radiation . . kBq U235 eq 5.27E+14
efficiency relative to U**
Water use User deprivation potential m® world eq 1.82E+14
o Comparative Toxic Unit
Ecotoxicity, freshwater CTUe 1.31E+14
for ecosystems
Radiative forcing as
Climate change Global Warming Potential kg CO; eq 6.81E+12
(GWP100)
Abiotic resource depletion
Resource use, fossil MJ 2.24E+14
— fossil fuels
) Ozone Depletion Potential
Ozone depletion kg CFC-11 eq 5.39E+08

(ODP)
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Fraction of nutrients

Eutrophication, marine reaching marine end kg N eq 2.01E+11
compartment (N)
Fraction of nutrients
Eutrophication, '
reaching freshwater end kg P eq 5.81E+09
freshwater
compartment (P)
Land use Soil erosion kg soil loss 1.27E+13
Eutrophication, Accumulated Exceedance
molc N eq 6.13E+12
terrestrial (AE)
o ) Accumulated Exceedance
Acidification molc Hp eq 1.00E+12

(AE)

Resource use, minerals ~ Abiotic resource depletion
. kg Sb eq 2.19E+08
and metals (ADP ultimate reserves)

Therefore, environmental attributes, environmental impact indicators with
corresponding thresholds, are proposed to be integrated in the DPP based on the
above mentioned methodologies.

These environmental data, together with the technical ones, can be efficiently
gathered through the utilization of Industry 4.0 technologies, particularly Cyber-
Physical Systems (CPSs). CPSs integrate physical assets, like products, machinery,
and plants, with their corresponding digital representations. Within a CPS, sensors
capture data from the physical assets and transmit it to the digital environment,
where this data is converted into information that improves the decision-making
process of manufacturing organizations [128].

CPSs can be configured using various architectures, with the 5C architecture,
as outlined in the literature [100], being one of the most widely adopted and serving
as a reference for the present work. Numerous works have already adopted the 5C
architecture, with several examples available in [129], [130], [131]. The DPP can
be established by focusing on three primary layers of the 5C architecture. The initial
layer, known as the Connection Level, is composed by the assets under monitoring
and the sensors utilized for data collection. The data collected is then transmitted to
the second layer, referred to as the Conversion Level, where data is transformed
into information through various analytical methods, including statistical analysis
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and machine learning algorithms. Finally, the third layer, known as the Cyber
Level, harnesses the data and information to generate knowledge, primarily
employing data analytics and artificial intelligence tools.

The following section presents the relevant data to be stored in the DPP for
enabling an absolute assessment of sustainability (which represents the answer to
RQ2.1) and introduces the conceptual framework created to automatize data
collection throughout the value chain within the DPP (which represents the answer
to RQ2.2).

4.4 Results and discussion

As discussed in the methodology section, the DPP should contain not only the
environmental data necessary to compute the environmental impact indicators, but
also the corresponding threshold values that represent the natural limits that our
planet can withstand. To this purpose, the work available at [125] can be used as a
reference. They quantitatively assessed the threshold values based on the PBs
framework to apply for each environmental impact category of the EF
methodology.

Besides the inclusion of environmental impact indicators for each relevant
phase of the value chain, along with the associated threshold values based on Table
8, the DPP should also include technical information to track product quality
throughout its lifecycle. This promotes the flow of product information necessary
to drive the implementation of the CE principles in the value chain as previously
discussed.

The subsequent sections present different environmental attributes to be
gathered across a product value chain. Additionally, technical attributes to be stored
in the DPP for each phase of the product value chain are proposed. Depending on
the particular product and its application, some fields may remain empty or
unspecified.

4.4.1 Sourcing data

The sourcing process rigorously complies with international standards related
to operational safety, environmental impact mitigation, and material property
certification. In these phases, the data is routinely standardized, often measured in
kilograms (kg) or tons, and categorized in the DPP as follows [67], [11], [125]:
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* Environmental attributes: embodied energy, water consumption, COzeq
emissions, NOx emissions, Sox emissions, particulates, solid wastes, liquid wastes,
etc.

* Environmental impact indicators and related PB-based thresholds:
particulate matter, climate change, resource use (fossil), water use, land use, etc.,
(refer to Table 6).

» Technical attributes: Chemical (chemical composition, toxicity, corrosion
resistance, etc.), Mechanical (density, elastic modulus, tensile strength, fatigue
strength, etc.), Thermal (thermal conductivity, thermal expansion, melting point,
etc.), Electrical (electrical resistivity, capacitance, dielectric constant, etc.), etc.

4.4.2 Transformation and Assembly data

Manufacturing operations rigorously comply with established standards, with
a focus on human safety, environmental impact reduction, and product performance
certification. The DPP can function as a repository for a wide range of information
that should be recorded and stored, encompassing the following examples:

* Environmental attributes: processing energy, water consumption, COz.eq
emissions, NOx emissions, Sox emissions, particulates, solid wastes, liquid wastes,
etc.

* Environmental impact indicators and related PB-based thresholds:
particulate matter, climate change, resource use (fossil), water use, land use, etc.,
(refer to Table 6).

* Technical attributes: Technological (process type, etc.), Geometrical (2D
drawing of the part, CAD model, etc.), Assembly (assembly instructions, assembly
time, etc.), eventual update of previous properties.

4.4.3 Use data

During operations, products experience alterations over time caused by various
wear mechanisms. It is essential to recognize and track the most notable changes to
maintain the accuracy of the DPP:

* Environmental attributes: use energy, water consumption, COz.¢q emissions,
NOx emissions, Sox emissions, particulates, solid wastes, liquid wastes, etc.
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* Environmental impact indicators and related PB-based thresholds:
particulate matter, climate change, resource use (fossil), water use, land use, etc.,
(refer to Table 6).

» Technical attributes: Operations (usage time, usage mode, product health
indicators, etc.), Maintenance (maintenance mode, maintenance time, etc.), update
of previous properties.

4.4.4 End of Life data

Upon reaching the end of its usage, the product's recovery or disposal activities
must be monitored and incorporated into the DPP. As previously mentioned, the
recovery process varies depending on the chosen strategy.

* Environmental attributes: processing energy, water consumption, COz.eq
emissions, NOx emissions, Sox emissions, particulates, solid wastes, liquid wastes,
etc.

* Environmental impact indicators and related PB-based thresholds:
particulate matter, climate change, resource use (fossil), water use, land use, etc.,
(see Table 6).

* Technical attributes: Disassembly (disassembly instructions, disassembly
time, etc.), update of previous properties.

4.4.5 Reusing, Remanufacturing, Recycling data

Upon reintegration of the material/component/product into the economy, there
are three potential pathways: re-use, remanufacturing, or recycling. Depending on
the chosen scenario, relevant updates need to be made in the DPP reflecting new
information regarding Usage, Manufacturing, or Materials sourcing.

4.4.6 DPP platform based on CPSs

Environmental and technical data can be systematically collected through the
utilization of Industry 4.0 technologies, particularly CPSs. These CPSs establish a
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connection between physical assets (products, machinery, plants, etc.) and their
digital counterparts. Within CPSs, data is captured by sensors in the physical realm
and transmitted to the digital domain, where this data is transformed into
information utilized to inform the decision-making process [128].

As Ahmed et al. asserted [132], CPSs are increasingly integrated into all phases
of a product value chain. During the material sourcing phase, where primary
materials are often obtained through extraction processes associated with
significant environmental impacts and potential human health risks, CPSs offer the
opportunity to automate operations efficiently. This results in reduced
environmental impacts and decreased human health risks while concurrently
capturing environmental and technical data related to the process. In the
transformation and assembly phase, CPSs play a crucial role in machine
monitoring, production scheduling, and maintenance activities. These activities
provide opportunities to record both environmental and technical data.
Additionally, CPSs are progressively employed to monitor products throughout
their usage phase, facilitating the prediction of maintenance requirements. In this
context as well, sensors embedded within products enable the detection and
collection of technical and environmental data [67]. Given these considerations,
CPSs present a valuable means to obtain environmental and technical attributes
throughout a product's value chain and store them in DPP.

CPSs can be designed with various architectures, although the 5C architecture,
as widely mentioned in the literature [100], serves as a key reference for this study.
Numerous valuable works have already adopted the 5C architecture, and specific
examples can be found in [129], [130], [131].

The development of the DPP can rely on just three layers of the 5C architecture.
The initial layer, known as the Connection Level, encompasses the asset under
monitoring along with the sensors employed for data collection. The collected data
is then transmitted to the second layer, referred to as the Conversion Level, where
data is processed into information using techniques like statistical analysis and
machine learning algorithms. Finally, the third layer, termed the Cyber Level,
utilizes the data and information to generate knowledge primarily through data
analytics and artificial intelligence tools.

In this context, every stakeholder can utilize the Connection Level of their CPS
to collect the necessary technical and environmental attributes for the DPP. The
Conversion Level is tasked with processing this data and transmitting it to the Cyber
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Level, where technical parameters, environmental impact indicators based on the
EF methodology, and the corresponding thresholds are made accessible.
Consequently, each stakeholder's digital space will contain pertinent product
technical parameters and environmental impact indicators along with associated
PBs thresholds, which can then be forwarded to the DPP. This process can be
facilitated, for instance, through decentralized technologies as previously detailed
in the Section 4.2.2 of the present doctoral thesis. Figure 29 illustrates the
envisioned framework for the digitization of the product value chain and the
completion of the DPP, using a generic product value chain phase as an example.
The extent to which each level is populated can vary depending on the particular
product and stakeholder in question. For example, a stakeholder supplying raw
materials to a product manufacturer would transmit information solely pertaining
to the initial 2 levels (connection and conversion). Conversely, a stakeholder
contributing a component to the product manufacturer would provide information
encompassing all 3 levels of the CPS.
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Figure 29: Use of stakeholder's CPS to fill the DPP.

In accordance with the value chain model adopted as a reference in this
research, the stakeholders engaged in materials sourcing establish a linkage
between their digital space and the DPP to transmit the identified environmental
and technical attributes. As the materials progress to the subsequent stakeholders
involved in the transformation and assembly phase, they will update the DPP by
incorporating additional environmental and technical attributes from their own
digital space.

When the product is delivered to the end-users, information can be collected
through various methods. If the product is equipped with sensors, the DPP can be
automatically updated by extracting environmental and technical attributes from
sensor data. Alternatively, technical attributes can be directly ascertained at the end
of the usage phase using Non-Destructive Testing techniques, including computed
tomography, ultrasonic testing, thermographic inspection, and other relevant



4.5 Main contributions and limitations 105

methods. Furthermore, reverse engineering techniques like 3D scanning systems
can be employed to detect alterations in the product's geometry resulting from wear
mechanisms. These approaches contribute to maintaining the DPP with accurate
and pertinent information.

Upon the conclusion of the usage phase, in alignment with the chosen recovery
scenario, which can be broadly categorized as reusing, remanufacturing, or
recycling, new environmental and technical attributes need to be documented. The
stakeholders responsible for these actions will then update the DPP accordingly.

Figure 30 depicts the conceived framework applied to the entire circular value
chain system.
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Figure 30: Use of CPSs for filling the DPP throughout the product lifecycle.

4.5 Main contributions and limitations

This research has presented the existing status of DPP and emphasized the
necessity of incorporating an absolute environmental sustainability perspective into
it. More precisely, a collection of environmental attributes and environmental
impact indicators has been suggested, utilizing the LCA methodology, in
conjunction with associated threshold values based on the PBs framework. The
introduction of these proposed elements to the DPP will enable the evaluation of
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products' absolute environmental sustainability. Introducing these novel concepts
to the DPP literature serves the purpose of enhancing the decision-making process
for the stakeholders within a product value chain. The intention of this research is
not to replace existing frameworks and methodologies found in the literature related
to the DPP, but to complement them, providing a more comprehensive perspective
and enhance sustainability-oriented innovation at the value chain system level.

Furthermore, a framework based on CPSs to digitalize the product passport has
been proposed, enabling the collection of environmental and technical information
throughout the value chain. This digitalization process allows stakeholders in the
product value chain to store and share all the necessary product-related information
required for assessing its absolute environmental sustainability, as well as to
implement CE principles. In fact, by saving all the relevant information into a single
information system, i.e. the DPP, the information flow needed to implement a
circular value chain discussed in section 4.1 can be finally realized.

Moving forward, some limitations can be acknowledged and addressed in the
future. Firstly, the design and implementation of a software platform to support
digital product passports will be crucial, considering aspects such as data security
and standardization. To address data security concerns and protect stakeholders
engaged in data sharing, the adoption of crypto-anchors and BC technologies can
be considered, as they provide robust mechanisms for safeguarding data.
Additionally, seamless data integration across various value chains should be
ensured to maintain coherence and consistency.

Another critical research area concerns the incorporation of social data within
the DPP. Social data, given their subjective nature and susceptibility to diverse
cultural values and perceptions, demand standardization to ascertain which entity
is responsible for gathering and documenting such data in the passport. According
to United Nations Environmnet Program (UNEP) [133], social data collection often
relies on licensed databases such as PSILCA. Alternatively, when primary data is
necessary, it can be acquired by visiting specific production facilities or through
collaboration with relevant organizations. Primary data can be obtained through
direct engagement with organizations and companies, working alongside Non-
Governmental Organizations (NGOs) or similar entities, observing on-site business
and production procedures, or conducting interviews and surveys with affected
stakeholders, such as workers.
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Lastly, it is imperative to evaluate the sustainability of the digitization process
itself. While digitalization holds significant promise for the CE, it is crucial to
acknowledge that Information and Communication Technology (ICT) consumes a
substantial amount of energy, leading to environmental emissions. In fact, ICT
technology demands a noteworthy share of electricity, accounting for 5% to 9% of
total electricity consumption, with an anticipated increase to 20% by 2030.
Digitization presents invaluable prospects for advancing the CE, but this transition
should be coupled with an increase in the adoption of clean energy sources and
enhanced energy efficiency [26]. Therefore, efforts directed at digitalization must
be accompanied by a simultaneous escalation in the utilization of clean energy
sources and improved energy efficiency to counteract the environmental impact
associated with ICT technologies.

The establishment of a DPP can be crucial to enhance sustainability at system
level when the product architecture, strongly linked with the value chain
configuration, is emerged. Thus, this work contributes to sustainability-oriented
technological innovations at system level with a major applicability in the second
phase of a technology lifecycle, i.e., when the dominant design emerges and, hence,
the product architecture of a technology is affirmed in the market (Figure 8).
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Chapter 5

Technological innovation at process
level for sustainable manufacturing

This research is also published in an article titled “Use of electrode
displacement signal for electrode degradation assessment in Resistance Spot
Welding” in the Journal of Manufacturing Processes [134].

5.1 Theoretical background

After having presented an example of sustainability-oriented technological
innovation at product level, more suitable during the onset of a technology lifecycle,
and at system level, more suitable during the transition phase of a technology
lifecycle when the dominant design is emerged, the last research carried out during
the doctorate deals with the last type of innovation activities, focused on the process
level. As explained in the chapter 2, this type of innovation is more suitable when
both the product and value chain system are already optimized, and innovations can
be achieved by optimizing process operations. To this end, the work developed in
this chapter is presented directly on a case study relating to a manufacturing process
that exhibits great opportunity in terms of incremental sustainability-oriented
innovations, i.e., the Resistance Spot Welding (RSW) process.

In the context of ongoing global market expansion and escalating
environmental challenges, the manufacturing sector needs to continuously enhance
its operations. The maximization of asset value and resource efficiency becomes
imperative to align with the goal of a sustainable manufacturing. Maintenance
functions constitute a vital component of modern manufacturing organizations,
contributing significantly to resource efficiency, downtime minimization, quality
assurance, and the preservation of competitive advantages in the market.
Maintenance activities in the manufacturing sector can account for a significant
portion of the total production costs, ranging from 15% to 60% [135]. This
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highlights the imperative for companies to enhance their maintenance tools. This,
in turn, would result in a decrease in the overall production cost, as well as the price
of the final product. Historically, manufacturers have consistently sought methods
to achieve an equilibrium in maintenance operations, ensuring both system
reliability and productivity are upheld [128].

However, a recent trend analysis, which involved interviews with over 230
senior European business leaders, revealed that approximately 93% of respondents
suffer of inefficient maintenance policies [136].

As an example of the criticality linked with maintenance issue, it is reported
that, for each minute of downtime, a typical automotive assembly line experiences
a financial loss of $20,000 [128]. Resistance Spot Welding (RSW) is a widely used
joining process in the automotive assembly line because of its ability to join sheet
metal components, such as body panels and frames, with strong and reliable welds.
This process is favoured for its speed, precision, and suitability for high-volume
production, making it a key technology in automotive manufacturing [137].

In the RSW process, two electrodes initially apply pressure to the sheets being
joined for a specified duration known as the squeeze time. Subsequently, a high
electric current passes through the electrodes and the stack of sheets for a
predetermined period referred to as the weld time. The heat generated by the Joule
effect supplies the thermal energy necessary to locally melt the sheets and create
the nugget, 1.e. the junction. Figure 31 provides an illustrative representation of the
RSW process.
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Figure 31: Schematization of the RSW process.

The quality of an RSW joint is significantly influenced by the nugget size,
which is considered a primary key indicator of joint quality [138]. Achieving the
desired nugget size begins with the accurate configuration of the spot weld cycle,
schematically represented in Figure 32. This requires the definition of the following
process parameters:

e Squeeze time: It represents the time duration (in milliseconds) during which
pressure is applied to the electrode before activating the electric current.

e Weld time: It represents the time duration (in milliseconds) when the
electric current flows through the electrodes.

e Hold time: It represents the time duration (in milliseconds) during which
pressure is applied to the electrode after the electric current is turned off.

e Weld current: it is the intensity of electric current (kA).

e FElectrode pressure: It represents the pressure (in bars) applied to the
electrodes for clamping the material sheets.
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Figure 32: Schematization of a spot weld cycle

However, the correct definition of the process parameters does not guarantee a
flawless joint. Other factors, including shunting, edge proximity, initial sheet gaps,
and electrode degradation, can serve as potential sources of welding defects and,
consequently, result in non-compliant joint quality [139]. The first three factors can
be mitigated through appropriate joint design; instead, the electrode degradation
plays a pivotal role. In fact, this process is currently struggling with significant
inefficiencies associated with electrode degradation. It is estimated that
approximately 60% of defective spot welds can be attributed to electrode wear
[140]. For each car body, the literature reports that automotive manufacturers
typically execute 20% more welds than necessary, which amounts to an excess of
1000-1200 welds, as a precaution to account for uncertainty related to the electrode
conditions [140]. Moreover, it is estimated that a high-volume automotive
production line produces approximately 7 million welds every day [141].

Electrodes are subjected to numerous complex and diverse forms of damage,
including plastic deformation, pitting, creep, and thermal fatigue because of the
simultaneous impact of extreme temperatures, significant mechanical pressure, and
atomic diffusion between electrodes and sheets during the process. These factors
render the prediction of electrode condition highly challenging [142].
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Several resource-efficiency improvements may be achieved if the electrode
state could be real-time monitored in the assembly production lines: fewer spots
may be performed reducing both energy and resource consumption, the productivity
would be increased, and the electrodes could be replaced or dressed only when
needed [143], [144].

With the advent of Industry 4.0 paradigm, the cost in sensor equipment and
computing resources has drastically decreased by enabling the adoption of
intelligent monitoring systems. These systems facilitate the application of
Prognostics and Health Management (PHM) techniques to a wide array of assets
spanning various industries [136]. PHM is conceived as a proactive maintenance
approach for modern manufacturing systems in recent years. In accordance with
IEEE Standards (2008), PHM is defined as “systematic approaches for
maintenance and asset management, which utilizes signals, measurements, models,
and algorithms to detect, assess, and track degradation, and to predict failure
progression” [145]. PHM typically encompasses functionalities such as condition
monitoring, health assessment, fault detection and diagnostics, fault
prognostication, and offering decision support for operation and maintenance
towards sustainable manufacturing [145]. Thus, PHM activities can be strongly
support the development of sustainability-oriented process innovations.

In this context, the present research aims to propose a data-driven tool for the
health assessment of industrial assets in order to support sustainability-oriented
process innovation activities. In contrast to the previous studies, the aim and novelty
of this work are to develop a machine learning tool capable of predicting the quality
in real-time the electrode degradation. This tool allows for an automatic assessment
of the electrode contact area based on data collected from sensors, providing crucial
insights for maintenance operations. By proactively replacing or dressing the
electrode before it starts producing low-quality welds, redundant welds can be
avoided or drastically reduced. Eliminating these unnecessary additional welds
results in time, energy, and resource savings for manufacturers, thereby
contributing to a substantial enhancement in the sustainability of the manufacturing
process.

5.2 Literature analysis

Over the recent years, significant focus has been directed towards monitoring
the welding process with the aim of extracting valuable information from welding
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signals (e.g., welding voltage and power, electrode displacement, dynamic
resistance of the sheet stack). This is done to manage the process effectively, ensure
high-quality welds, and provide real-time predictions of nugget size and mechanical
strength of the spot welds.

For instance, Zhao et al. [138] utilized features extracted from the electric
power signal to train a Neural Network (NN) for predicting the nugget size of spot
welds. In a similar way, X. Wan et al. [146] developed an NN using features
extracted from the voltage signal to forecast various quality parameters, including
weld strength and nugget size. Furthermore, the same authors [147] applied an NN
to predict both the nugget dimensions and the mechanical strength of spot welds,
based on features extracted from the electrical resistance signal. Additional research
efforts have focused on weld quality prediction with an emphasis on analyzing
electrode displacement during the welding process [148], [149]. Xia et al. [150],
then, established a clear link between abrupt changes in electrode displacement
during welding expulsion and the corresponding amount of expelled material. L.
Zhou et al. [139] explored two distinct adaptive control strategies: one based on
electrode displacement signals and the other on dynamic resistance signals, to
monitor the welding process under non-optimal conditions. When welding spots
were positioned close to the edges of sheets or when there were gaps between the
sheets to be welded, the control strategy employing electrode displacement signals
outperformed the one utilizing dynamic resistance signals from the sheet stack.
Finally, Zhao et al. [151] harnessed process signals to determine optimal values for
several welding quality indicators, including nugget size, mechanical strength, peak
electrode displacement, and stored energy within the joint before reaching the point
of failure.

In all these works, statistical methodologies and/or NNs were employed to
forecast variables such as nugget size, failure load, and welding anomalies (e.g.,
metal expulsion). However, these studies did not take into account the impact of
electrode wear. This phenomenon can be neglected in experimental tests where a
limited number of spots are created with new, unused electrodes. However, it
assumes significant importance in spot weld quality when electrodes are subjected
to hundreds of cycles of use, as is common in industrial production. In such cases,
electrodes undergo various complex forms of damage, including plastic
deformation, pitting, creep, and thermal fatigue [142]. These issues result from the
combined effects of high temperatures, substantial mechanical pressure, and atomic
diffusion between the electrodes and the sheets [152]. This degradation manifests
in various macroscopic evidences.
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On the one hand, the irreversible deformation of the electrode tips leads to an
increase in their contact area, which subsequently reduces the current density.
Consequently, welding with the same current value as when the electrodes were
new results in poor quality spots due to inadequate current density. On the other
hand, electrode wear leads to an irregular distribution of electric current within the
sheet stack, contributing to the deterioration of joint quality and a reduction in the
repeatability of welding performance. For these reasons, parameters such as
electrode tip diameter and contact area are commonly recognized as indicative of
electrode degradation [149].

Numerous studies have examined the impact of electrode wear on weld quality,
but they often lack precise methodologies for quantitatively predicting electrode
degradation [153]. Traditional works [152]-[155] have explored the characteristics
of electrode wear and their impact on spot weld properties providing valuable
insights. Statistical process control techniques have been developed based on the
electrode displacement signals for monitoring the welding process during electrode
wear [156]. The electrode displacement signal was also used to monitor the
electrode wear through a moving range chart [157]. Fan et al. investigated the
relationship between the dynamic resistance signal and the electrode tip radius.
They found that the average value of the signal during the nugget growth stage has
a strong relation with the electrode contact radius [158]. Zhou et al. [140] used the
dynamic resistance signal to evaluate electrode wear through similarity techniques
among the signals of the welding parameters. The work available at [159] assessed
inline electrode wear occurring during the welding process without the need for
extra sensors. The tests conducted demonstrate a correlation between the deformed
contact area and the change in electrode length. The study reveals that this alteration
in electrode length is discernible in real-time process data, making it a suitable
criterion for characterizing electrode wear. In the work [160], an adaptive control
scheme employing fuzzy Proportional-Integral (PI) control is examined and
developed to compensate the effect of electrode wear on the electric current. Within
each control cycle, features from the dynamic resistance and welding power serve
as inputs for the fuzzy controller. By using current closed-loop feedback control,
the fuzzy PI controller output manages the full bridge inverter on and off switching
to maintain a steady welding current. Simulation and experimental outcomes
demonstrate that this approach offers several advantages compared to traditional
PID control methods. The study [161], instead, investigated the effect of electrode
wear by means of electrical-thermal-mechanical simulations. The model validity
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was confirmed by comparing simulated temperature and voltage results with
experimental measurements. Findings show that electrode wear leads to an increase
in resistance and temperature at the electrode tip rather than a decrease. To address
this, it is recommended to lower welding parameter values instead of increasing
them. Consistently, maintaining a controlled temperature rise at the electrode tip is
crucial for ensuring welding quality in the presence of electrode wear. Heilmann et
al. [162] studied the electrode wear in RSW of aluminum sheets. Specifically, they
proposed mitigating electrode wear by mechanically disrupting the oxide layer
before welding. This study explored the impact of both translational and rotational
movements of the electrode on wear, and the findings indicate that oxide layer
disruption occurs even at low movements. However, achieving a uniform and
extensive destruction is crucial for effectively reducing wear. More recently, Zhao
et al. [163] investigated the degradation process of electrodes in baked hardening
(BH) 220 steel. They identified several analytical relationships between the weld
number and different nugget features, mechanical properties, and electrode
characteristics. Noteworthy examples include the relationships between the weld
number and the maximum displacement of the weld sample in mechanical tests,
peak load, failure energy, and electrode diameter, with an adjusted coefficient of
determination exceeding 0.90.

Although many studies have addressed the electrode wear problem in RSW,
car manufacturers are still coping with the uncertainty associated with the electrode
degradation process, forcing them to perform up to 20% of redundant welds. In an
industrial setting, the evaluation of electrode degradation typically depends on the
experience of human operators or qualitative assessment, rather than on quantitative
methodologies. The absence of a real-time and objective system capable of relating
the electrode degradation with joint quality results in an excess of approximately
1000-1200 spot welds in a car body. As already discussed, these extra welds are
introduced as a precaution to account for the potential presence of substandard
joints [140]. This leads to increased resource consumption. This includes higher
energy usage for additional welds, which could otherwise be avoided if there were
a real-time and objective system to accurately monitor electrode degradation and
its impact on joint quality. Reducing the number of unnecessary welds would result
in more efficient resource utilization in the automotive manufacturing process,
which is especially crucial in an era of increased focus on sustainability and
resource conservation. For these reasons, the capability of quantitively predict
electrode degradation in real-time would result in a sustainability-oriented process
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innovation that would contribute to advance sustainability in the automotive
industry.

5.3 Methodology

Figure 33 displays the systematic approach adopted for the development of a
data-driven health-assessment tool of industrial assets. Such methodology is based
on the PHM approach and it is articulated in 5 main steps.

Linear regression

—»| Inferential analysis

= % Target variable Predictive variables
Asset monitoring | i — s
definition definition
Data generation Health indicator Feature engineering

—{ Predictive analysis

Neural Network

Figure 33. Data-driven methodology for the health assessment of industrial assets.

The initial step is the identification of the critical asset to be monitored; the
essential components that exert a remarkable influence on the manufacturing
process’ performance, availability, reliability, and productivity, need to be detected.
Subsequently, the condition of these components need to be continuously observed
to detect and diagnose faults.

5.3.1 Asset monitoring

The first step involves designing an appropriate method for data generation.
Data can be generated in different ways, such as simulation models, real
experiments, etc. The goal of this step is to collect informative data to be furtherly
processed. It is crucial to consider, since this step, how to induce the degradation
process in the monitored asset, how to quantify it accurately by choosing one or
more suitable health indicators, and to develop a preliminary concept for predicting
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it/them. In this work, data are generated from real experiments that will be presented
in the results section.

5.3.2 Target variable definition

The second step deals with the definition of an health indicator that is
representative of the monitored asset. Different health indicators can be considered,
and the one that most accurately reflects the asset's performance is selected as the
target variable for the predictive tool. The health indicators considered in this work
are different geometrical features of the electrode, while the asset’s performance is
represented by the mechanical strength of the spot weld. Thus, the health indicator
that better represents the mechanical strength of the spot weld is chosen as target
variable.

5.3.3 Predictive variables definition

Data collected in the step 1 are processed to obtain the predictive variables of
the tool. Inspired by the approach outlined in the work [164], the procedure for
defining predictive variables from the raw data obtained from real experiments is
detailed in the subsequent section.

Pre-processing

A preliminary data processing is essential to check the data accuracy and obtain
manipulable time series data. This sub-step encompasses data cleaning and
validation and is typically entrusted to the edge computing components of the [oT
system [165]. The primary functions of this sub-step include:

e Conducting a preliminary validation of each individual operation (ensuring
correct manufacturing operations).

e Selecting the relevant time window (selection of the range of data relating
exclusively to the period of machine operation).

e Smoothing of the time series to remove the noise from the signal and get
manipulable data.

In experiments supervised by expert operators, the preliminary validation of
manufacturing operation can rely on the operator’s experience. As explained in
earlier sections, the weld spot cycle initiates with the squeeze time and concludes
with the hold time. Therefore, the electrode force signal can be utilized to determine
the machine's activity period in RSW. Regarding the smoothing activity, a common
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technique employed is the moving average smoothing. The latter is a statistical
technique used to reduce noise or random variations in a time series data or signal.
It involves calculating the average of a fixed number of data points within a moving
window and using this average to represent the smoothed value at the center of the
window. The purpose of moving average smoothing is to emphasize underlying
trends or patterns in the data by removing short-term fluctuations.

Feature extraction

In this step, valuable information can be extracted from the time series data
using feature extraction techniques. This approach helps conserve computational
resources for subsequent algorithmic learning tasks. Time-domain statistics can be
computed from various types of process signals. Depending on the nature of the
sensor measurements, a range of features can be extracted, including but not limited
to the mean, maximum, minimum, rise time, fall time, increase rate, decrease rate,
amplitude increase, amplitude decrease, variance, skewness, Euclidean distance
between consecutive curves, and more. A similar approach can also be applied in
the frequency domain to augment the dataset with significant insights.

Feature selection

Lastly, a feature selection process is valuable to further reduce data
dimensionality by retaining the most informative features. To create an effective
feature selection strategy, various techniques can be applied, including correlation-
based analysis among predictor variables, correlation-based analysis between
predictor variables and target variables, hypothesis testing, monotonicity analysis,
and predictability analysis [164].

Feature scaling

After selecting features from time series data, it is necessary to scale them to
address differences in magnitude. Feature scaling aims to bring the data into a
comparable range, enhancing the convergence of future algorithms. Two
appropriate techniques for normalization are min-max normalization and
standardization. Min-max normalization scales the data within a specific range,
typically between 0 and 1. It works by mapping the minimum and maximum values
of the data to 0 and 1, respectively, and then linearly scaling all other values in
between. Min-max normalization is useful when it is needed to ensure that all
features have the same scale and fall within a specific range Standardization, also
known as Z-score normalization, transforms the data into a standard normal
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distribution with a mean of 0 and a standard deviation of 1. It subtracts the
arithmetic mean value from each data point and divides it by the standard deviation.
This can be particularly useful when working with algorithms that assume the data
is normally distributed [166].

5.3.4 Inferential analysis

The purpose of an inferential analysis is to identify an accurate mathematical model
that define a relationship between the most informative and independent predictive
variables and the target variable. From an inferential perspective, the issue of
multicollinearity among predictive variables is of paramount significance. In cases
where predictive variables exhibit interdependence, the attribution on the target
variable's influence may be inaccurately assigned. Thus, the first step is to study the
interdependence among the predictive variables in order to set a correct inferential
analysis. An effective method for addressing this issue is to compute a correlation
matrix, which shows the Pearson correlation coefficients for each pair of predictive
variables. The correlation coefficient of two variables is a measure of their linear
dependence. If each variable has N scalar observations, then the Pearson correlation
coefficient is defined as follows [167]:

— L ynN (Aizka), (Biz#s
r(4,B) = N-1 Zi:l( oA ) ( op ) (56)
where u, and pp are the arithmetic mean of A and B, o4 and op are the standard
deviation of 4 and B, respectively.

Once that the most explanatory predictive variables are selected, a linear regression
model can be applied. In its general form, a linear regression model is defined as
follows:

Y = bO + blxl + bzxz + -+ € (57)

where Y is the dependent variable (target variable), x; is the i-th independent
variable (independent predictive variable), b; is the i-th estimated model parameter,
and ¢ is the residual between the observed value and the predicted one.

The determination of the model parameter is typically performed through a
method called ordinary least squares (OLS), which minimizes the sum of the
squared differences between the observed and predicted values [167]. Some metrics
can be used to assess the significance of the estimated model parameters. For
instance, the p-value in a two-sided hypothesis test can be used. The latter is a
statistical analysis used to assess whether there is a significant difference between
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a sample mean and a hypothesized population mean. If the p-value related to a
model parameter is greater than 0.05, so this term is not significant at the 5%
significance level given the other terms in the model [77]. Moreover, the confidence
interval, i.e. the range of possible values of the model parameter at fixed confidence
level (usually 95%), can be used. The narrower the confidence interval, the more
accurate the parameter estimate [77].

The evaluation of the model’s goodness of fit, instead, can be performed with
the coefficient of determination (R?), which measures how well the model explains
the variance in the data [167]:
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where y; is the observed value, N is the number of observations, y,, is the arithmetic

mean of the observed data, and e; is the residual, i.e., the difference between the
observed data and the predicted one.

Finally, the underlying assumptions regarding the use of a linear regression model
need to be checked. The first assumption is that the residuals are normally
distributed. This assumption is crucial because it ensures that the statistical
inferences made about the regression coefficients and predictions are valid. If the
residuals are not normally distributed, it can affect hypothesis tests, confidence
intervals, and p-values. This assumption can be graphically checked by means of
histogram of residuals and normal probability plot of residuals. The second
assumption is that the variance of the residuals is constant (homoscedastic) across
all values of the independent variables (predictive variables). Homoscedasticity is
important because it ensures that the error terms are spread uniformly across the
range of the independent variable values. If homoscedasticity is not met, it can lead
to biased parameter estimates and incorrect confidence intervals. Plotting the
residuals against the predicted values can be a helpful way to visually assess
whether the spread of residuals is uniform across the predicted values [77].

5.3.5 Predictive analysis

The final step deals with the application of a predictive algorithm. The role of
the predictive algorithm involves taking input data, i.e., the predictive variables,
and generating predictions for the target variables. Although these tasks can be
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accomplished by any supervised statistical model, ML algorithms are generally
preferred because of their superior predictive performance [165]. It is essential to
partition the entire dataset obtained during the data processing phase into three
subsets: the training set, the validation set, and the test set. The training set is
employed to train the ML algorithms, the validation set is utilized to fine-tune the
models' hyperparameters, while the test set assesses the overall performance of the
chosen algorithm.

In this work, a Neural Network (NN) has been employed. A NN is a supervised
regression algorithm capable of predicting a target variable based on the values of
the explanatory features taken as inputs [81]. A NN is organized in layers, and each
layer is composed by different computation units, called activation units, that
represent the neurons of the network.

The vector of input features X feeding the network represent the first layer,
called input layer. The second layer of the network represents the first hidden layer,
and it is generated by multiplying a weight matrix W to the vector of input features
X, by adding a vector of bias unit b1, and then by applying an activation function
g. The same approach can be repeated multiple to create L hidden layers, where for
each layer [ € L, a vector of activation units A' can be defined as follows.

Al = gWh- A1 + Y (59)

The process is repeated until to reach the final layer, where the prediction of
the target variable Yy eqgicteq 18 cOntained.

YVpredicted = g(WL CAMT 4 bL) (60)

The variable of the NN are the weight matrix W', VIl € L used to go from one
layer to another. The values of weight matrices are iteratively learned by getting the
predictions as close as possible to the observed values. This is done by defining an
average loss function J that must be minimized on the training set by means of
optimization techniques. More details on the mathematical definition of NNs can
be found at [81].

The number of hidden layers, the number of neurons per each layer, the choice
of the activation function, and the choice of the optimization technique depend on
the available computational resources, the desirable performance, as well as by the
quantity and quality of training set data.
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The performance of the NN can be assessed by computing several metrics, such
as the mean error, the median error, and the standard deviation of the error, as well
as their corresponding relative values.

At this point, a predictive tool is available to be used in real manufacturing
setting. By gathering the predictive variables in real-time, the ML algorithm can
provide predictions of the target variable, which represent the health assessment of
the monitored asset. In such a way, the health state of the electrode can be known
in real-time and the uncertainty connected with the electrode wear can be reduced,
as well as the number of redundant welds. The application of such methodological
framework is shown in the following section.

5.4 Results and discussion

The results coming from the application of the methodology described above are
reported and discussed in the following.

5.4.1 Asset monitoring

As anticipated earlier, in this research the asset was monitored through real
experiments. The experimental study encompassed over 1200 spot welds conducted
on 1 mm thick DP590 galvanized steel sheets, a material commonly used in the
automotive industry [149], [153], [134]. These sheets are frequently employed in
the automotive industry for manufacturing car body components such as wheel
webs, lightweight sections, strut mounts, fasteners, and more [168].

The spot welds were created using an industrial 650 kVA medium-frequency
direct current (MFDC) RSW machine, equipped with a TE700 control unit
manufactured by Tecna Industry. The measurement of electrode displacement was
performed using a magnetostrictive linear position sensor, model Temposonics R-
series, boasting a position resolution of 2 pm and an acquisition frequency of 40
kHz. This sensor utilizes a CANBasic communication protocol output with a baud
rate of 500 kbit/s. The linear position sensor, shown in Figure 34, is a certified
industrial solution commonly employed in advanced welding machines. Electrode
displacement signals were acquired through a National Instruments NI-9862 CAN
interface module and managed using LabVIEW software.
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Figure 34: Linear position sensor embedded on the machine and structural block
diagram.

The RSW machine was equipped with two truncated cone-shaped electrodes
composed of Cu-Cr-Zr alloy, featuring a nominal contact diameter of 6 in
accordance with the guidelines outlined in the AWS D8.9 M standard [169]. The
detailed geometry of these electrodes is illustrated in Figure 35. Throughout the
welding process, a water flow of 4 liters per minute was used to cool the electrodes.
The lower electrode remained stationary, while the upper electrode moved to clamp
the sheet stack.
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Figure 35: Geometry of the truncated cone electrodes.

An endurance test, conducted in compliance with the AWS D9.8 M standard,
was undertaken to examine electrode degradation. Successive spot welds were
produced employing the same welding cycle until the electrodes were fully worn
out, determined based on the outcomes of shear tension tests. The spot weld cycle
employed in the RSW tests is depicted in Figure 36. More in details, based on the
material and thickness of the sheets, the AWS D9.8 M provides values for the
electrode diameter, electrode force, and weld time. The electric current value was
set as the maximum value before metal expulsion occurred. The RSW machine was
set in ‘current constant’ mode, with the controller TE700 maintaining the set values
of the electric current throughout the experiments.
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Figure 36: Schematization of the spot weld cycle used in the experimental campaign.

The endurance test involved the use of 9 pairs of overlapping sheets, referred
to as panel welds, each measuring 300 mm x 200 mm (as illustrated in Figure 37).
Each pair of sheets was subjected to spot welding along 9 rows, each consisting of
15 points. In total, 1215 spot welds were created. The prescribed edge and weld
spacing distances, as well as the execution sequence, were consistent across all
panel welds.
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Figure 37: Edge and weld spacing distances used on the panel welds for the
endurance test according to the AWS D9.8 M standard.
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The welding campaign followed this procedure:

a) The initial contact area of unused electrode was assessed through a carbon
imprint test. This involved using a metal sheet wrapped in two layers of paper. The
outer layer was black carbon paper, while the inner layer was plain paper. A
complete welding cycle was executed without electric current flow. The electrode
imprints left by the carbon paper on the white paper served as a measure of electrode
face damage. From the carbon imprint tests it is possible to extract geometrical
characteristics to use as health indicator of the electrode.

b) The electrode displacement signal was zeroed by slightly closing the
electrodes against the sheet stack without applying welding current. The zero signal
was established when the electrode faces made contact with the sheet surfaces.

c) The first spot weld was made on the weld panel. Subsequently, three
consecutive spot welds were performed on overlapped sheets to create three welded
samples for shear tension testing. This allowed the determination of the mechanical
strength of the weld spots produced using unused electrodes.

d) Additional spot welds were made on the overlapped sheets for the endurance
test. After completing each row of 15 spot welds (as shown in Figure 37), electrode
degradation was assessed through the carbon imprint test using imprints on plain
paper. The endurance test continued, and after every 135 welds (equivalent to a
couple of overlapped sheets), three welded samples were prepared for shear tension
testing. This checkpoint of mechanical strength every 135 welds is a more stringent
condition compared to the standard [169] (i.e., 200) and it allowed for a more
detailed understanding of the impact of electrode degradation on the mechanical
strength of spot welds.

e) These procedures were repeated for each of the 9 pairs of welded panels.

The shear tension samples, as per the JIS Z 3136 [170], measured 30 mm x 100
mm, with a 30 mm overlapping area, as illustrated in Figure 38. Shims were placed
at the ends of the sheets to prevent bending of the weld panels during
experimentation. Shear tension tests were conducted using a standard testing
machine with a crosshead speed of 10 mm/min. The shear tension strength was
determined as the maximum force attained during the test, and the peak load was
used as the parameter to assess the impact of electrode degradation on joint quality.
The critical wear damage of the electrode was identified as soon as the strength of
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the spot welds fell below a predefined threshold value, set at 80% of the initial peak
load [153], [155].
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Figure 38: Geometry of the shear tension samples according to JIS Z 3136 standard.

The displacement of the moving electrode was recorded using a non-contact
sensor for all spot welds conducted in the endurance test. These time-series data are
used to subsequently define the predictive variables of this work.

The shear tension test results are presented in Figure 39. To distinguish weld
spots with varying mechanical properties based on the number of welds, three
colors (black, blue, and red) were employed. These colored points are also used in
the subsequent figures in the main text.

e Black dots signify a region where the mechanical strength of the spot welds
consistently exceeds the minimum shear strength value of 8 kN, displaying
a narrow range of repetitive values (0-800 range).

e Blue dots represent a transitional zone in which the weld spots begin to
exhibit decreased repeatability, accompanied by a significant reduction in
weld strength (800-1000 range), with the occurrence of the first weld spot
falling below the minimum value.

e Red dots denote an unstable welding process characterized by high
variability in strength values, often dropping below the minimum shear
strength. In this region (1000-1245 range), electrode wear is significant,
resulting in undersized welded nuggets, frequently with localized unwelded
areas.
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Figure 39: Shear tension strength of the welded spots at varying number of welds.

The observed trend in the strength data aligns with findings from previous
studies in the literature that have examined the impact of electrode wear on the
mechanical properties of spot welds [155], [154], [171].

5.4.2 Target variable definition

Geometrical features representing electrode degradation were derived from the
carbon imprint tests using image processing techniques. Initially, the electrode
imprints were scanned to convert them into image format. As shown in Figure 40,
the carbon imprint test revealed electrode degradation through an increase in the
contact area (depicted in black) resulting from plastic deformation at elevated
temperatures, which also led to a reduction in electrode length. Furthermore, pitting
damage (displayed in white) initially occurred at the edges of the electrodes before
spreading to the central zone. The MATLAB Image Processing Toolbox was
employed to extract various geometrical features from the scanned images, which
could serve as potential health indicators of electrode [172].
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Figure 40: Electrode tip shape as obtained from the carbon imprint tests at a) 0
welds, b) 600 welds, c¢) 1200 welds.

The following geometrical features were calculated from the imprint images:

e Contact area: the number of pixels encompassed by the black region
(contact zone) within the analyzed imprint.

e Equivalent diameter: the diameter of a circle with an area equal to that of
the electrode's contact area.

e Major contact length: the number of pixels along the major axis of the
ellipse that encloses the imprint.

e Minor contact length: the number of pixels along the minor axis of the
ellipse that encloses the imprint.

e Perimeter: a linear measure of the pixels along the boundary of the imprint.

In order to identify the most suitable health indicator for describing electrode
wear, the aforementioned geometrical features were graphed in relation to the
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number of welds and failure load, as illustrated in Figure 41 to Figure 43.
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Figure 41: Contact area and equivalent diameter vs. number of welds and failure load

The contact area increases over time due to the plastic deformation of the
electrode face at elevated temperatures, as seen in Figure 41a. Initially, this increase
is characterized by low variability and a steep rate. However, as the pitting zones
begin to form and expand, the variability becomes greater, and the rate of increase
decreases. In Figure 41b, the failure load of the spot welds is plotted against the
contact area. Initially, the mechanical strength of the spot welds remains relatively
constant despite the increasing contact area. At this stage, the widening of the
electrode's contact area is a result of the plastic deformation of the electrode tips,
while the pitting zones have not yet formed. The electric current and thermal power
distribution stay relatively uniform across the contact area and the sheet stack. As
the number of welds continues to increase, pitting zones start to appear. Initially,
this phenomenon has a positive impact. Some studies [155], [154], [171] found that
the slight irregularity in thermal power distribution can encourage the formation of
larger weld nuggets, leading to an increase in weld strength, as depicted in Figure
41b for a contact area of 47.5 mm? (approximately spot number 275 from the shear
test results shown in Figure 39). However, when the pitting areas grow larger, in
conjunction with oxidation and plastic deformation of the electrode tip, the uneven
thermal power distribution consistently reduces the nugget size and the failure load
of the spot welds. Once the electrode tip is significantly worn, typically after around
1000 weld spots, the welding process becomes highly unstable, and the weld nugget
size, as well as the mechanical strength of the spot welds, cannot be effectively
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controlled. This instability occurs when the contact area surpasses 62 mm?, which
is 2.2 times greater than the initial contact area. It is important to note the clear
differentiation of the black dots from the others in the shear tension values displayed
in Figure 41b. The equivalent diameter has been directly calculated from the contact
area, resulting in a similar behavior for this feature, as shown in Figure 41c and
Figure 41d.
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Figure 42: Major and minor contact length vs. number of welds and failure load.

The major contact length exhibits a consistent increase over time but with
limited variability as the number of welds progresses (as shown in Figure 42a).
However, this particular feature extracted from the electrode imprints does not
effectively distinguish the different behaviors in relation to the mechanical strength
of the spot welds. In the corresponding plot (Figure 42b), it is possible to observe
areas with overlapped black, blue, and red dots, which indicate a lack of clear
differentiation based on this feature. Instead, the minor contact length displays an
increase over time with more pronounced variability (as depicted in Figure 42c).
When this feature is examined in relation to the failure load of the spot welds,
overlapped areas with different colored dots become apparent, highlighting the
challenges in using this feature to distinguish the mechanical strength of the spot
welds (as seen in Figure 42d).
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Figure 43: Perimeter and circularity factor vs. number of welds and failure load.

The perimeter of the electrode imprints exhibits a general increase, although
with significant variability (as depicted in Figure 43a). The circularity factor, on the
other hand, steadily decreases until approximately 700 welds and subsequently
exhibits a variable trend (shown in Figure 43c). However, when both of these
features are plotted against the failure load of the joint, they do not reveal a distinct
transition between acceptable joints and improper spot welds. In these plots, black,
blue, and red dots overlap in certain regions, as illustrated in Figure 43b and Figure
43d. Consequently, these features cannot be considered suitable health indicators
for the electrode.

Of all the factors analyzed in Figure 41 to 43, the relationship between the
failure load and the contact area, as shown in Figure 41b, exhibits a pattern similar
to the shear test results presented in Figure 39. Furthermore, as previously
discussed, the contact area allows to determine when the electrode enters in an
instability state (specifically, when the contact area is 2.2 times greater than the
nominal value) and, thus, it must replaced or dressed. This is emphasised in Figure
44.
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Figure 44. The contact area indicator allows to effectively discriminate the

instability of RSW process due to electrode wear.

Consequently, the contact area can be considered the most suitable geometrical
characteristic of the electrode imprint for describing the impact of electrode
degradation on joint strength. Given that it is not feasible to measure the electrode
face continuously during an operative industrial process, this geometrical feature
has been predicted through predictive variables defined from the electrode
displacement signal recorded during the welding process.

5.4.3 Predictive variables definition

As explained in the methodology section, a pre-processing activity of the
recorded signal is needed. The validity of manufacturing operations were visually
performed by expert operators that assist the welding process throughout the
experiments. The electrode force signal, which begins and ends a spot weld cycle,
is responsible to automatically detect the RSW machine’s activity period. The
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moving average method was used to smooth the time series of the electrode
displacement signal with a window size equal to 2000 data points. It is worth
remembering that the electrode position sensor has an acquisition frequency of
40000 Hz, i.e., it performs 40000 measurements every second. If the signal is
smoothed every 2000 data points, it means that the average information is retained
every 2000/40000 = 0.05 seconds.

Figure 45 presents a typical smoothed electrode displacement curve, from the
beginning of the current passage to 200 ms after its shutdown (Figure 45b). The
electrode displacement signal is initiated by the welding current, so it is recorded
as soon as the welding current begins to flow through the electrodes and the sheet
stack. By this time, the electrodes are already pressed onto the sheet stack due to
the previous squeezing stage, causing the electrode displacement to begin with a
negative value. As the current increases, the area of the sheet stack through which
the current flows heats up and expands, resulting in an upward movement of the top
electrode (the moving electrode) during the welding process until it reaches a peak,
which is directly related to the nugget size [173], [149]. Subsequently, when the
electric current decreases and the sheets cool down, the volumetric contraction
occurs, causing a reduction in the electrode displacement during the holding stage,
as illustrated in Figure 45a. Detailed descriptions of this phase can be found in
[174], [175] where it is explained that the electrode position is influenced by its
axial contraction due to cooling and three distinct phenomena associated with spot
weld cooling, namely: liquid cooling of the nugget, solidification, and solid cooling.
Initially, the liquid volumetric contraction leads to a rapid decline in electrode
displacement. As solidification continues, the rate of decrease in electrode
displacement lessens, occurring at around 0.7 seconds, due to the heat released by
the solidification process, known as latent heat, of the nugget.
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Figure 45: A typical (a) electrode displacement curve with (b) the corresponding
spot weld cycle.

In Figure 46, it is possible to see the electrode displacement curves
corresponding to the 1st, 600th, and 1200th welds, along with their respective
electrode carbon imprint images.
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Figure 46: Different electrode displacement curves with associated electrode
imprints.

As the deterioration process advances, the electrode requires a longer stroke to
clamp the sheet stack due to the axial contraction of the electrode, resulting from
its plastic deformation and wear. Initially, the electrode displacement ranges from
approximately -50 to -100 um from the first spot weld to the 1200th, as shown in
Figure 46. The amplitude of the displacement curves decreases with the number of
spot welds. The wear of the electrode tip leads to an uneven distribution of contact
resistance between the electrode and the sheet. During welding, this causes
localized heating on the electrode tip surface, and oxidation may occur over time.
The enlargement of the contact area results in a decrease in the electric current
density, while wear and oxidation of the contact surface lead to an irregular electric
current distribution through the electrodes and the sheets. Consequently, the
thermal power developed at the faying interface of the sheets decreases and
becomes non-uniform over time [176]. As a result, less metal is melted, and the
welded joint volumetrically expands less than it did at the beginning of the
endurance test. Figure 46 illustrates how the amplitude of the displacement curves,
measured as the distance between the start and the peak value of the electrode
displacement, decreases from about 150 to 75 um. For the same reason, the slope
of the electrode displacement curve reduces, particularly in the final cooling (hold)
stages.
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Several statistics were derived from the electrode displacement curve to
identify the relevant features associated with the electrode health indicator, which
is the contact area. To assess the relationship between variables, the Pearson
coefficient, a measure of linear dependence, was employed. The analyzed weld
spots corresponded to the electrode wear measurements conducted with the carbon
imprint tests. All statistics were computed within a time range of 700 ms, starting
from the activation of the electric current and extending up to 200 ms after its
deactivation. Several features were extracted from the electrode displacement
curves and plotted against the contact area. However, based on the correlation
coefficient values and visual examination of scatter plots, only the significant
features were kept. For each welding, the electrode displacement signal was stored
in a dedicated vector, as outlined below.

Di = [di, .., di ..,dy]" (um 61)
]

D' is the electrode displacement signal vector corresponding to the i-th welding,
d} is the j-th displacement value detected by the position sensor during the i-th

welding, N is the number of electrode positions acquired in a welding. N can be
computed multiplying the acquisition frequency of the sensor (40000 Hz) by the
recorded time laps (0.7 s), i.e., 28800.

A range of features was calculated for the purpose of feature extraction in the
time domain. The mathematical definitions of only the selected features are
provided below.

o maximum displacement: peak value of the electrode displacement curve,
corresponding with the greater value of the electrode displacement vector;

dinax = maX(Di) (um) (62)
e mean displacement: average value of the electrode displacement vector;
. 1 .
Ainean = ;Zﬂvﬂd} (um) (63)

e standard deviation: variability of the electrode displacement data around its
mean,;

. 1 . .
;td = \N-1 ﬁyzl(d} - d;nax)2 (um) (64)
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e FEuclidean distance from the I°' weld: square root of the sum of squared
differences between the data obtained from the first electrode displacement
curve and the following curves. It is a measure of how the displacement
curve changes with the electrode degradation as compared to that obtained
from unused electrodes;

eucl - \/Z (d]l - djl)z (um) (65)

e average decreasing slope during the hold time stage: assessed in the first
100 ms of the hold time, ranging from 500 ms to 600 ms after the start of
the sensor acquisition. Such temporal instants corresponding to the 20000™
(acquisition frequency multiplied by 0.5 s) and 24000 (acquisition
frequency multiplied by 0.6 s) elements of the electrode displacement
vector.

délope,hold M (Hm/s) (66)

o skewness: asymmetry of electrode displacement data around its mean.

i _ iZﬂv 1(di'_ d1i"nean)3
dskewness - ;
<\/ 2 mean) )

The evolution of these features over the number of welds is displayed in Figure 47.

3 (67)
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Figure 47: Geometrical features extracted from the electrode displacement curve vs.
the number of welds.

As mentioned earlier, the maximum displacement exhibits a continuous decline
as the electrode degrades due to the decreasing thermal power at the faying surface.
It becomes more variable when the electrode reaches its critical condition,
corresponding to an electrode contact area 2.2 times greater than the nominal value,
due to instability of the wear process (Figure 47a). A similar pattern is observed for
the mean displacement and standard deviation, displayed in Figure 47b and Figure
47c, respectively. The mean displacement has a more variable trend as it averages
all the values of the displacement curve, encompassing various phenomena such as
different initial values, peak values, slope changes, and so on. In contrast, the
standard deviation is more closely related to thermal power density, reflecting the
variability of displacement values from their average. As expected, the Euclidean
distance increases with electrode degradation, albeit with considerable variability
(Figure 47d). During the hold stage, electrode movement slows down (Figure 47¢)
in line with the minor volumetric changes occurring in the weld region due to
reduced thermal input for joint formation. The different initial values of the
electrode displacement curve and the slower electrode displacements lead to a
decrease in skewness over the course of welds, as depicted in Figure 47f.

Figure 48 illustrates scatter plots of the chosen features extracted and selected
from the electrode displacement signal and the contact area obtained from the
electrode imprints. It also presents the Pearson correlation coefficient for each pair
of variables.
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Figure 48: Scatter plots of the electrode wear indicator, i.e., the contact area, vs. the
predictive variables.

The scatter plots in Figure 48 confirm the connection between the chosen
features extracted from the electrode displacement and the contact area. An increase
in the contact area corresponds to a decrease in the maximum displacement and
standard deviation. On the other hand, the distance between the electrode
displacement curves and the initial one increases, as indicated in the scatter plot of
the Euclidean distance in Figure 48d. Both the average decreasing slope and
skewness exhibit a clear relationship with the contact area. The standard deviation
and the average decreasing slope are the electrode displacement features most
strongly correlated with the contact area, with Pearson correlation coefficients of -
0.79 and 0.82, respectively.

A regression analysis has been employed to deduce a relationship between the
electrode health indicator (i.e., contact area) and the predictive variables defined
from the electrode displacement curves. Furthermore, a NN algorithm has been
applied to accurately predict the evolution of the electrode contact area with the
number of spot welds, based on the predictive variables selected from the electrode
displacement curve. These analysis are presented in the following sections.
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5.4.4 Inferential analysis

As explained in the methodology section, an inferential analysis based on linear
regression has been conducted to find a mathematical model that explain the
relationship between the most explanatory predictive variables and the target
variable, i.e. the electrode contact area. As described, before to formulate the linear
regression model is necessary to analyse the multicollinearity problem among the
predictive variables. Thus, the correlation involving the correlation coefficient
computed for each pair of predictive variables is reported in Table 9.

Table 9: Correlation matrix between the predictive and response variables obtained
from the welding experiments.

Contact | Max Mean Standard | Euclidean | Decreasing | Skewness
area displacement | displacement | deviation @ distance slope
Contact area 1 -0.69 -0.58 -0.79 0.68 0.82 -0.62
Max -0.69 1 0.96 0.88 -0.97 -0.85 0.71
displacement
Mean -0.58 0.96 1 0.73 -0.97 -0.70 0.54
displacement
Standard -0.79 0.88 0.73 1 -0.83 -0.94 0.76
deviation
Euclidean 0.68 -0.97 -0.97 -0.83 1 0.80 -0.63
distance
Decreasing 0.82 -0.85 -0.70 -0.94 0.80 1 -0.82
slope
Skewness -0.62 0.71 0.54 0.76 -0.63 -0.82 1

The correlation matrix reveals strong correlations among the predictive
variables, indicating that they are not independent, violating one of the fundamental
assumptions of linear regression. Among the predictive variables, the average
decreasing slope stands out as the most influential factor in explaining the variation
in contact area during the electrode degradation process. Thus, only the average
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decreasing slope has been selected for the inferential analysis. To ensure consistent
scaling, the average decreasing slope has been normalized using standardization.

Then, a 2"-degree polynomial function has been defined as a regression model:
Y = bO + blxl + bzx% + & (68)

where Y is the contact area, x; is the normalized average of the decreasing slope of
the electrode, by, b1, and b, are the coefficient estimates of the model, and ¢ is the
residual between the observed value and the predicted one. The coefficient
estimates of the regression model performed with the OLS method are reported in
Table 10.

Table 10: Coefficient estimates of the regression model displayed in Eq. 68.

Coefficient p-value Estimate 95 % Confidence interval
bo <0.00001 57.03 [55.49, 58.56]
b1 <0.00001 6.58 [5.23, 7.94]
b2 0.00061 -1.86 [-2.90, -0.82]

The coefficient estimates exhibit low p-values (<0.05), indicating their high
statistical significance in explaining the target variable. Additionally, the 95%
confidence intervals are notably narrow. The polynomial regression model is
visualized in Figure 49. The coefficient of determination, denoted as R?, amounts
to 0.72. This implies that the electrode descent speed after the current switch-off
can explain nearly 75% of the total variation in the contact area during the electrode
degradation process. This level of explanatory power is reasonably acceptable for
characterizing electrode degradation using a single process signal.

While the polynomial regression model successfully captures the influence of
electrode descent speed on contact area, it is important to note that RSW process
involves several physical mechanisms, including mechanical, electrical, thermal,
and metallurgical factors. To gain deeper insights into the electrode degradation
process, multi-fusion sensor techniques that integrate multiple welding signals,
such as electrical power, electrode voltages, and dynamic resistance, as
recommended by [177] and [178] could be employed. Such an approach might lead
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to a higher coefficient of determination (R?) for explaining the variation in contact
area during electrode deterioration.
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Figure 49: Fitting of the contact area vs. normalized decreasing speed with the polynomial
regression model.

Figure 50 illustrates the graphical residual analysis, which is essential for
verifying whether the underlying assumptions of the linear regression are met. As
explained earlier, two critical assumptions are the normal distribution of residuals
and homoscedasticity. In Figure 50a, the residuals are plotted against the number
of observations, while Figure 50b depicts the residuals against the fitted values
generated by the regression model. These scatter plots indicate no apparent issues
concerning the homogeneity of variance.

Figure 50c presents a histogram of the residuals, and Figure 50d display the
normal probability plot of the residuals. From these visualizations, it is evident that
the distribution of the residuals closely resembles a normal distribution, with the
exception of the extreme regions.
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Figure 50: Graphical residual analysis.

5.4.5 Predictive analysis

The goal of the predictive analysis is to develop an algorithm that can
accurately forecast the electrode health indicator using the predictive variables
defined with the electrode displacement signal. Over the last years, Artificial
Intelligence and Machine Learning algorithms have garnered significant attention
in both industrial and academic sectors [136]. This is primarily due to their
remarkable predictive capabilities. Consequently, a NN has been applied to predict
the health indicator, i.e. the electrode contact area. This model leverages all the
selected features extracted from the electrode displacement signal, as discussed
previously.

Given the relatively limited number of predictive variables and observations
available, employing a large number of neurons per layer and numerous layers
might result in overfitting. As a result, an optimal architecture was determined
through a trial-and-error process, starting with a shallow NN featuring one hidden
layer with ten neurons. After experimentation, the final NN architecture was
established with two fully connected hidden layers, each consisting of five neurons.
Sigmoid activation functions were applied to the hidden layers, while a linear
activation function was utilized for the output layer. A Bayesian regularization
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training function was employed to minimize the combination of squared errors and
weights, ensuring strong generalization properties in the test set. The dataset was
partitioned into a training set (75%) and a test set (25%) containing the inspected
weld spots. The NN architecture is illustrated in Figure 51.

input Layer : Hidden Layers Output Layer

Electrode displacement Wear indicator

Figure 51: Neural Network architecture.

The performance of the NN is depicted in Figure 52 and summarized in Table
11. The error is determined as the difference between the observed value (i.e.,
electrode contact area) and the predicted value, while the relative error is calculated
as the ratio of the error to the observed value.
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Figure 52: Neural Network performances for the prediction of the electrode contact
area and relative error.

Table 11: Neural Network performance metrics obtained from the data of Figure 49a.

Mean Median Standard Mean Median Relative
error error deviation relative relative standard
error error deviation

1.6l mm?  1.1lmm? 3.73 mm? 0.03 0.02 0.06

Both the median error and the mean error are less than 2 mm?, and the standard
deviation is quite limited. The variability of the relative error, as estimated by its
variance, is about 6%, with both the median value and the mean value within 3%.
The scatter plot shows that the relative error is generally within 10%

Machine Learning algorithms continue to enhance predictive capabilities,
enabling real-time prediction of electrode degradation through welding signals.
This facilitates the timely replacement of electrodes as soon as the most significant
geometrical feature, representing electrode wear, reaches a critical value.
Consequently, electrodes could be replaced based on predictive contact area
analysis derived from electrode displacement during the welding process.
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5.5 Main contributions and limitations

This research introduces a novel approach for the indirect prediction of
electrode degradation in RSW. It combines the analysis of electrode displacement,
evaluation of electrode face damage using a carbon imprint test, and the mechanical
strength of spot welds. A regression analysis has been employed to establish a
relationship between the electrode contact area, which is representative of the
electrode degradation, and the electrode descent speed during the hold stage. In
contrast to previous studies that overlooked the impact of electrode wear, this
research utilizes a NN to predict the contact area, thereby providing a quantitative
assessment of electrode degradation that is currently missing in the literature. The
main conclusions are summarized in the following.

e The contact area proves to be the most suitable feature for characterizing
electrode degradation due to its capacity to identify the reduction in joint
mechanical strength during welding. As such, it is considered the electrode
health indicator (target variable) of this study.

e The contact area provides a means to differentiate the welding process's
stability based on the mechanical strength of the spot welds. More precisely,
as long as the contact area remains below 2.2 times the nominal value, the
process can be considered stable, and the produced joints are of acceptable
quality. However, once this threshold is exceeded, the RSW process
becomes unstable, resulting in an increased number of low-quality joints.

e The regression analysis has demonstrated a strong relationship between the
electrode descent speed during the hold stage and the contact area,
accounting for more than 70% of the variation in contact area during the
electrode degradation process.

e A NN was applied using selected predictive features defined from the
electrode displacement signal to achieve an accurate prediction of the
electrode contact area, thereby estimating electrode degradation. The
predictive accuracy is satisfactory, with a mean relative error of 0.03 and a
relative standard deviation of 0.06.

Therefore, according with the main results of this research, when the predictive
tool indicates that the electrode contact area is approaching 2.2 times the nominal
value, it is an indication that the electrode needs to be replaced or dressed. This
predictive threshold serves as a warning sign that the electrode is reaching a critical
condition, and the welding process is likely to become unstable, as observed in this
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study. Replacing or dressing the electrode at this point can help maintain the
stability and quality of the RSW process, preventing the execution of redundant
welds. In fact, as already discussed, currently manufacturers perform extra welds
(1000-1200 more than necessary) to compensate for uncertainty related to electrode
degradation. With an accurate predictive tool, these redundant welds can be avoided
because there is a better understanding of when the electrode is nearing the critical
condition. This enables the possibility to replace or dress the electrode at the right
time, preventing the welding process from becoming unstable. By avoiding these
unnecessary extra welds, manufacturers can save time, energy, and resources. This
reduces operational costs and it is a more sustainable and cost-effective approach
that optimizes resource usage and minimizes waste in the manufacturing process.

This study represents an example of sustainability-oriented process innovation
where incremental improvements can be achieved by developing tools capable of
enhancing the resource efficiency of the process and, in turn, of the product.

Moreover, this study can be a key element for the development of digital twin
of RSW process. In fact, the ML tool developed in this research can be integrated
into a broader digital twin framework and be used to guide decisions whether to
replace/redress or not the electrode. Information collected from sensors can be used
in a digital space to perform the electrode degradation assessment. The latter can
then be used to inform decision makers and guide maintenance operations.

It is important to acknowledge the limitations of this research. The analysis was
conducted using a specific material and geometry of electrode, as well as a specific
material and geometry of the sheets to be welded. For the sake of generalizability
and wider applicability, future research should aim to validate these findings with
other types of electrodes and materials commonly used in RSW processes.
Variations in electrode materials, coatings, and workpiece materials can introduce
unique characteristics and behaviors that may affect the predictive model's
performance. Therefore, expanding the study to encompass a broader range of
materials and electrode types would provide a more comprehensive understanding
of how electrode wear indicators relate to the RSW process across different
manufacturing contexts. Such research would contribute to the robustness and
versatility of the predictive tool, making it even more valuable for industrial
applications.
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Chapter 6

Conclusions

6.1 Summary of the work

The extensive utilization of Earth's resources by human activities over the years
is significantly disrupting the natural state of our planet. This alteration has led to
the identification of a new geological epoch, named Anthropocene. Notably, the
Planetary Boundaries (PBs) framework can be used to quantify the limits of the
Earth’s carrying capacity. Nowadays, it turns out that six out of the nine PBs have
already been transgressed, highlighting the urgent need to shift towards a
responsible and sustainable human development.

In this context, the manufacturing sector plays a critical role. In the second
quarter of 2022, it was responsible for 23% of the European Union's CO; equivalent
emissions, a key indicator of the PB for climate change. Consequently, there is a
pressing requirement for the generation sustainable value. In response to this
challenge, the Circular Economy (CE) model has gained significant attention in
recent years. This model is considered effective because it seeks to decouple
economic growth from its environmental impact through a continuous reintegration
of used products, components, and materials into value chains.

However, implementing CE principles within the manufacturing context
necessitates significant technological innovations across product, process, and
system levels. At the same time, it is fundamental to consider the lifecycle of a
technology when these innovations are delivered into the economy. In fact, the
lifecycle of a technology is characterized by different phases that require different
types of innovations. Hence, the first goal of this doctoral thesis is to present a
sustainability-oriented technological innovation framework that effectively
connects the innovation levels - namely, product, process, and system - with distinct
phases in the technology lifecycle. This framework can serve as a valuable
reference to determine the most appropriate timing for specific sustainability-
oriented innovations. Consequently, it allows for the assessment of the suitability
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of the methods and tools put forth for the implementation of sustainability-oriented
innovations in accordance with the technology lifecycle.

In line with this reference framework, three distinct sustainability-oriented
technological innovation activities were developed to target a specific innovation
level in each technology lifecycle phase. Consequently, a research focused on
sustainability-oriented product innovation was done, primarily applicable during
the initial phase of the technology lifecycle, where early product design and
development hold greater significance. This effort lays the foundation for the first
set of research questions addressed in this doctoral thesis:

1.1 What are the product requirements for a CE?

1.2 What is the minimum carbon tax value that causes at least one
environmental parameter to be included in the product requirements?

Subsequently, a second sustainability-oriented technological innovation
activity was conducted, focused on the second phase of the technology lifecycle.
This phase occurs when the dominant design of a technology has emerged, and its
architecture is well-established. During this phase, sustainability-oriented
technological innovations at system level are suitable, allowing for the
improvement of the value chain system. In this context, the implementation of a
digital product passport within a product value chain can result in substantial
sustainability improvements because it would increase transparency and
traceability. As a result, a second set of research questions has been formulated:

2.1 What are the sustainability-oriented data requirements for the digital
product passport ?

2.2 How can these data automatically collect and store in the DPP?

Lastly, the third sustainability-oriented technological innovation activity of this
doctoral thesis focuses on the final phase of a technology lifecycle, during which
sustainability improvements can be attained through process innovations. In this
context, a case study was undertaken concerning a manufacturing process that hold
great opportunities for sustainability enhancements. Specifically, the Resistance
Spot Welding (RSW) process, widely employed in the automotive sector, was
investigated. This process serves as the primary joining method in car-body
assembly lines. It is characterized by significant uncertainty related to the health of
the electrodes, as the degradation process encompasses various distinct phenomena,
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including mechanical, thermal, metallurgical, and more. Typically, car
manufacturers perform 1000-1200 welds more than necessary to account for the
uncertainty associated with electrode wear. If these redundant welds could be
eliminated, it would result in significant resource savings, encompassing energy,
time, and costs. Therefore, the third set of research questions, aimed at addressing
sustainability-oriented process innovation, has been defined as follows:

3.1 In Resistance Spot Welding, when the electrode starts to produce low-
quality quality welds?

3.2 Is it possible to quantitatively predict this condition in real-time?

The following sections reassumes the answers of the research questions, the
conclusive remarks, the limitations and future developments of the research.

6.2 Discussion of research questions

Regarding the first research question of the first set (RQ 1.1), this is addressed
through the creation of a decision-making tool in the form of a decision tree. This
decision tree illustrates when a CE business model outperforms a LE model
considering both economic and environmental criteria. Moreover, if the CE is the
selected business model, it further delineates whether the product components
should be recycled, remanufactured, or reused. Specifically, the economic criterion
is represented by the economic costs of the different phases involved, and the
environmental criterion is represented by the CO2eq emissions of the different
activities involved. The environmental criterion is then monetized through the
application of a carbon tax so that the two criteria can be integrated into a single
metric, called total cost. The decision tree provides clear and transparent guidance
on the decision rules that must be followed to make the most performing decision.
Consequently, the decision rules within the tree can serve as a foundation for
establishing product requirements for a CE model. It turns out that, with the current
level of carbon tax, only the cost of product disassembly, the cost of product
disposal, and the product quality are part of the product requirements for a CE. This
is an interesting conclusions because, even if the developed model considers 18
parameters, only three of them influences the convenience of adopting a CE and,
thus, are part of the product requirements for a CE. When the economic cost of
product disassembly is medium/low, and when the economic costs of product
disposal are not very low, or when the quality of the component is high, the CE is
always the preferable business model. When, instead, the economic cost of product
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disassembly 7Cgisqssempiy 18 high, the CE is the preferable business model only
when the costs of product disposal 7Cgisposqr are high and the quality of the
components is not low. Quantitative requirements can be established by reading the
decision tree in Figure 13. When it comes to the CE strategy selection, the quality
component mainly determines the convenience of pursuing a specific CE strategy,
followed by a slight importance of the multiplicative factor of the remanufacturing
economic cost. Quantitative requirements can be established by referring to the
decision tree displayed in Figure 18.

Regarding the second research question of the first set (RQ 1.2), the impact of
carbon tax on the decision-making process is investigated in order to ascertain
whether environmental parameters, in addition to economic ones, really influence
the choice between a CE or LE business model. This allows to understand when the
environmental parameters starts to appear in the decision tree and, thus, become
part of the product requirements for a CE. However, a unique value cannot be
established because it depends by the values assumed by the cost and carbon
footprint of product manufacturing. Hence, carbon tax level curves are created with
the aim of identifying the minimum carbon tax value that render the environmental
criterion impactful in the decision-making process. As demonstrated in the thesis,
this allows to achieve greater COj.q savings than the situations when the
environmental criterion does not affect the adoption of a CE. It turns out that with
the highest carbon tax value today adopted (140€/tonCOz¢q in Uruguay), only a
small portion of products, characterized by low economic cost and high carbon
footprint of product manufacturing, is influenced by environmental parameters.
This means that the achievable carbon footprint savings are today limited. The
whole situation is depicted in the carbon tax level curves in Figure 21. The decision-
making tools developed to answer the RQ 1.1 are then re-created under a new
carbon tax regime, based on the carbon tax level curves, to demonstrate the
emergence of environmental parameters in the decision rules of the trees and,
hence, in the product requirements for a CE.

Regarding the first research question of the second set (RQ 2.1), sustainability-
oriented data requirements for the digital product passport are proposed aimed at
conducting a comprehensive evaluation of absolute environmental sustainability
that aligns with the Earth's ecological limits. These requirements are established by
referring to the well-established Life Cycle Assessment (LCA) and the Planetary
Boundaries (PBs) frameworks. Specifically, the Environmental Footprint (EF)
methodology is adopted within the LCA framework because it is used as a reference
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inside the European Union. For each environmental impact category provided by
the EF methodology, threshold values are reported based on the PBs framework.
Such threshold values serve as ecological limits that should be written inside the
digital product passport to understand whether a product is sustainable in absolute
terms or not. Moreover, technical data to insert in the digital product passport are
proposed with the aim of fostering the application of CE principles throughout the
value chain. In fact, as discussed in the thesis, for an effective implementations of
CE principles the stakeholders of a value chain need data relating conditions of the
resources connected with the product.

The second research question of the second set (RQ 2.2), instead, aims to
propose a conceptual framework for the establishment of a digital product passport.
Specifically, a framework based on Cyber-Physical Systems (CPSs) is proposed to
facilitate the automated collection of both technical and environmental data
previously identified. This framework is constructed based on the well-established
5C architecture, a widely recognized architecture in the existing literature, and it
adopted only the first three layers, namely, Connection, Conversion, and Cyber.
Every stakeholder can utilize the Connection Level of their CPS to collect the
necessary technical and environmental attributes for the digital product passport.
The Conversion Level is tasked with processing this data and transmitting it to the
Cyber Level, where technical parameters, environmental impact indicators based
on the EF methodology, and the corresponding thresholds based on the PBs are
made accessible. Consequently, each stakeholder's Cyber level will contain relevant
product technical parameters and environmental impact indicators along with
associated PBs thresholds, which can then be forwarded to the DPP.

The research question 3.1, then, is addressed performing a huge experiment
involving more than 1200 resistance spot welds. These welds were performed with
the aim of inducing the electrode degradation and inspect its effect on the weld
quality. The electrode degradation was induced through the repetition of the same
welding cycle throughout the experiment so that the only phenomenon that could
systematically change was the electrode degradation. The latter was measured
through carbon imprint tests, whereas the weld quality was assessed through shear-
tension tests. The image obtained from carbon imprint tests were digitized and
Image Processing techniques were applied in order to extract several geometrical
features to relate with the weld quality. It turns out that the electrode contact area is
the health indicator that better represents the weld quality, quantified by the peak
load of the shear-tension tests. In fact, the contact area value allows to detect when
the resistance spot welding process starts to produce low-quality welds. According
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to the literature, a low-quality weld due to electrode degradation is defined as when
the peak load drops below 80% of the peak load associated with a new electrode.
This situation starts to occur when the contact area becomes 2.2 times greater than
its nominal value, i.e., when the electrode is new.

Finally, the last research question (RQ 3.2) is addressed by developing a data-
driven predictive tool. The aim is to quantitatively compute the electrode contact
area in real-time in order to understand when the electrode starts to produce low-
quality welds because of its degradation process. This is accomplished by
exploiting data recorded during the experiments performed to address the RQ 3.1.
Specifically, a sensor capable of measuring the electrode displacement signals was
adopted and used to define the predictive variables of the contact area. Then, a
neural network was employed to establish the real-time predictive tool. This shows
satisfactory predictive performances, with a mean relative error of 0.03, and relative
standard deviation of 0.06.

6.3 Conclusive remarks

The research developed in this doctoral thesis offer several contributions from
different perspectives. First, the developed sustainability-oriented technological
innovation framework provides a reference for researchers and practitioners,
assisting them in contextualizing the optimal timing for specific sustainability-
oriented innovations. It, in turn, aids in evaluating the adequacy of methods and
tools for executing sustainability-oriented technological innovations aligned with
the stages of the technology lifecycle.

The first research carried out in this thesis provides a practical contribution for
the development of sustainability-oriented product innovation. In fact, it presents a
practical and actionable decision-making tool in form of a decision tree, a valuable
tool for practitioners and decision-makers. Such a tool facilitates the most suitable
choice of business model between the CE and LE by leveraging the advantages of
a user-friendly decision tree, enhancing transparency and interpretability and
ensuring the objectiveness and reliability of the decision since it relies on a data-
driven approach. Thus, it is expected to empower manufacturing organizations to
make informed choices to set product requirements for a CE that align with
sustainability goals. Then, this research makes also a significant theoretical
contribution by introducing carbon tax level curves. These curves highlight the
minimum carbon tax values necessary to render the influence of environmental
criteria in the decision-making process relevant. This theoretical aspect of the
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research enhances the understanding of how carbon taxes shape sustainable
business strategies. It offers valuable insights into the relationship between carbon
tax, the carbon footprint of product manufacturing, and the cost of product
manufacturing. These practical and theoretical contributions support the
development of sustainability-oriented product innovations.

The second research carried out in this thesis provides a theoretical contribution
for the development of sustainability-oriented process innovation Specifically, the
suggested sustainability-oriented data requirements for the digital product passport,
coupled with the conceptual framework for their acquisition, enhance the
sustainability aspects of this tool. For the first time in the literature, in fact, it is
discussed the need to assume an absolute perspective of sustainability that consider
the natural limits of our planet. As a result, the digital product passport becomes a
more sustainability-oriented tool, capable of aiding the decision-making process of
the stakeholders of a value chain.

The third and last research carried out in this thesis provides provides a practical
contribution to sustainability-oriented process innovation, and two main theoretical
contributions focused on the analyzed manufacturing process. Starting from the
theoretical contributions, first, the contact area is a suitable indicator of the
electrode’s health state. In fact, it allows to detect when the electrode starts to
produce low-quality welds and entering in a instability phase because of its
degradation. Second, the electrode displacement during welding provides valuable
information correlated with the degradation process. In fact, the average electrode
descent speed during welding is highly correlated with the electrode contact area.
Regarding the practical contribution, a predictive tool of the contact area based on
neural networks is developed. This tool allows to automatically assess the contact
area value based on the electrode displacement signal acquired during welding. This
allows for the automatic detection of the moment when the electrode begins to
generate low-quality welds, offering crucial insights for maintenance operations.
By proactively replacing or dressing the electrode before it starts producing low-
quality welds, redundant welds (which make up 20% of total spot welds in a car
body) can be avoided. Eliminating these unnecessary additional welds results in
time, energy, and resource savings for manufacturers, thereby contributing to a
substantial enhancement in the sustainability of the manufacturing process.



156 Conclusions

6.4 Limitations and future developments

The research developed in this doctoral thesis presents also some limitations that
needs to be recognized and addressed in the future.

Regarding the first research focused on supporting sustainability-oriented
product innovation, it is worth noting that for the development of a holistic
decision-making tool that support the establishment of product requirements for a
circular economy, it is essential to include also the social criterion in the decision-
making process. Unfortunately, the lack of objective methodologies in the field of
social sustainability poses a challenge in incorporating such criterion into the
analysis. Moreover, the scope of the environmental criterion should not be limited
solely to COz.¢q emissions. Other essential environmental indicators, such as water
consumption, resource usage, pollution emissions, and more, should also be
considered in the decision-making process to obtain a more comprehensive
understanding of the environmental impact. Additionally, the number of CE
strategies could be expanded beyond the ones explored in this study. Options like
repair, refurbishment, repurposing, and others should be considered to offer a
broader range of sustainable choices for businesses and decision-makers.
Furthermore, regarding the carbon tax level curves, the adoption of more stringent
carbon tax regimes should take into account other factors beyond solely prioritizing
environmental considerations in the transition to a circular economy. For instance,
increased carbon taxes can lead to higher production costs for manufacturers, which
may pass these costs onto consumers in the form of higher prices for products.

For what concerns the second research focused on supporting sustainability-
oriented system innovation, the incorporation of social data within the digital
product passport is crucial to have an holistic comprehension of value chain
sustainability. Due to the subjective nature of social data and its dependence to
different cultural values and perceptions, currently a standardized methodology to
quantify the social impact is not available. Moreover, standardization is essential to
determine the entity responsible for collecting and documenting social data in the
passport. According to UNEP, social data collection often relies on licensed
databases such as PSILCA. Alternatively, when primary data is necessary, it can be
acquired by visiting specific production facilities or through collaboration with
relevant organizations. Primary data can be obtained through direct engagement
with organizations and companies, working alongside NGOs or similar entities,
observing on-site business and production procedures, or conducting interviews and
surveys with affected stakeholders, such as workers. Furthermore, it is imperative
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to evaluate the sustainability of the digitization process itself. While digitalization
holds significant promise for the CE and sustainability, it is crucial to acknowledge
that Information and Communication Technology (ICT) consumes a substantial
amount of energy, leading to environmental emissions. Digitization presents
invaluable prospects for advancing the CE, but this transition should be coupled
with an increase in the adoption of clean energy sources and enhanced energy
efficiency. Therefore, efforts directed at digitalization must be accompanied by a
simultaneous escalation in the utilization of clean energy sources and improved
energy efficiency to counteract the environmental impact associated with ICT
technologies.

Finally, the third research focused on supporting sustainability-oriented process
innovation necessitates a comprehensive investigation to determine the
generalizability of the obtained findings. In fact, the analysis was conducted using
a specific material and geometry of electrode, as well as a specific material and
geometry of the sheets to be welded. For the sake of generalizability and wider
applicability, future research should aim to validate these findings with other types
of electrodes and materials commonly used in resistance spot welding processes.
Variations in electrode materials, coatings, and workpiece materials can introduce
unique characteristics and behaviors that may affect the predictive model's
performance, as well as the theoretical insights achieved. Therefore, expanding the
study to encompass a broader range of materials and electrode types would provide
a more comprehensive understanding of how electrode wear indicators relate to the
resistance spot welding process across different manufacturing contexts. Such
research would contribute to the robustness and versatility of the predictive tool,
making it even more valuable for industrial applications.
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