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G E N E R A L I N T R O D U C T I O N

In todays fast-changing market, characterized by a growing demand for personal-
ized products, customers seek a wide variety of options. At the same time, market
opportunities are becoming shorter as customers rapidly shift their preferences
and switch products. This dynamic environment presents significant challenges
for manufacturing companies, leading to unpredictable fluctuations in both the
volume and diversity of products demanded. Thus, to remain competitive and
sustainable, companies need manufacturing systems that can adapt rapidly. As
a result, many have turned to Reconfigurable Manufacturing System (RMS) as a
viable solution.
Reconfigurable production represents a new type of production system designed
for quick and efficient capacity adjustments, conversions, and the introduction of
new products. This is achieved through the use of modular production equipment
and close coordination between the product and production platforms, which be-
came possible thanks to the development in industry 4.0 technologies.
In traditional fixed manufacturing systems, the design of the production system
is established first, followed by production planning in a hierarchical manner. In
production planning the assumption is that the system design is separated from
production planning. However, in RMS, design and production planning decisions
are inherently interconnected. Therefore, the objective of this thesis is to develop
methods for efficient production planning, enabling effective use of RMS’s "recon-
figurability" potential.
The research is structured around three main areas: the first centres on the process
plan generation problem in an RMS, the third emphasizes production planning by
solving a lot-sizing problem with RMS, and the second bridges the gap between
these two, by integrating aspects of both in a reconfigurable environment.
The objective of the first project is to solve a process planning problem with Re-
configurable Machine Tool (RMT). Process planning is an activity that typically
follows the product design phase and precedes the actual manufacturing process.
During this phase, the production process is broken down into smaller, more man-
ageable tasks (operations), and the best methods for carrying out each task are de-
termined. The objective is to select the most appropriate RMTs depending on the
part’s operations and their requirements, and assign the operations to the RMTs
and determine their processing sequence. The objective is to minimize the total
production time.
For this problem, three solution approaches are proposed: Mathematical models,

xix



Heuristics, and Lower Bounds.
In our second project, we have studied the integration of process planning and
product sequencing decisions, product sequencing is a scheduling decision which
is not typically made in the process planning step. We studied the problem in
a multi-objective context, with the objectives of minimizing the total production
time, and total production cost. We have employed two metaheuristics, namely
Non-Dominated Sorting Genetic Algorithm-II (NSGA-II) and Multi-Objective Evol-
utionary Algorithm based on Decomposition (MOEA/D). We also developed a
mathematical model that we implemented in Normal Boundary Intersection (NBI)
approach.
For our last project, we opted for a single-item single machine lot-sizing problem
with RMS, modelling both the Capacitated and Uncapacitated cases with consid-
eration of startup costs and Minimum batch size.
After developing mathematical models for the two variants of the problem, a Dy-
namic Program (DP) that runsin O(T2C)) time, with T being the number of periods
and C Number of configurations is proposed and validated. The remainder of this
thesis is organized as follows.

Chapter 1 was designed to familiarise the reader with the concept of RMS and
its importance in the competitive landscape of today’s markets and industry
4.0 revolution. In light of the distinctions introduced by these emerging sys-
tems, we underscore the necessity for adapting production planning meth-
odologies, with a particular emphasis on process planning as the primary
activity concerned. This activity is defined and its importance established
by demonstrating its relationship with other production planning activities
and with RMS. Subsequently, the distinction between production and pro-
cess planning in the literature is clarified, and some production planning
activities are introduced, with particular emphasis on lot-sizing, which is
a fundamental element of production planning. Finally, the significance of
integration between process and production planning is emphasised in the
context of RMS.

Chapter 2 is more oriented towards operations research, with a focus on different
optimisation methods. It begins with mono-objective optimisation and goes
on to discuss two types of methods: exact and approximate. It also presents
a number of methods, with an emphasis on those used throughout the thesis.
Subsequently, multi-objective optimisation is presented, with an overview of
the most widely used methods and performance indicators for evaluating
the quality of solutions.

Chapter 3 presents a selection of key works related to process planning, process
planning integrated with production planning, and lot sizing. It then in-

xx



troduces the relevant literature on RMS before exploring both process and
production planning within this field. The integration of production and
process planning within the RMS framework is also highlighted.

Chapter 4 details the process planning problem with a single unit, solved within
an RMS, and presents the developed methods, which consist of a mathemat-
ical model, heuristics, and lower bounds. The chapter concludes with a dis-
cussion of the numerical tests that were conducted and managerial insights
are presented.

Chapter 5 outlines the process planning with multiple products problem, with
the proposed multi-objective solution approaches and algorithms. The NBI
is initially presented, accompanied by the techniques developed for updat-
ing their β values iteratively. Subsequently, the enhancement method, which
enumerates and solves, is presented before delving into the evolutionary al-
gorithms. These include MOEA/D and NSGA-II, along with their crossover
and mutation operators. The chapter is concluded with extensive tests re-
garding parameter tuning, small-sized and larger-sized instance testing.

Chapter 6 details the Lot-sizing problem with consideration of reconfigurable ma-
chines as well the different theorems used for developing the DP and pro-
posed mathematical models for solving the two cases of the problem. Finally,
it presents the conducted tests for comparing the Integer Linear Program-
ming (ILP) with the DP.

Chapter 7 concludes this thesis. First, we summarize our work. Then, we high-
light interesting aspects that we did not fully cover and provide a thorough
discussion of potential topics and areas, with respect to process and lot-sizing
and the integration of process and production planning all within a reconfig-
urable context, that may be interesting for future research activities.
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1
R E C O N F I G U R A B L E M A N U FA C T U R I N G A N D
P R O D U C T I O N P L A N N I N G

This chapter introduces fundamental notions and begins by discussing the con-
text in general, considering the impact of Industry 4.0 technologies and customer
behaviour shifts towards personalisation. It then introduces the reconfigurability
paradigm as a solution to these new market needs, before discussing the two activ-
ities: process planning and production planning, with an emphasis on the impact
of RMS on these two functions.

1.1 introduction

Let us begin with a broad definition of manufacturing. The term "manufacturing"
is defined as the process of transforming raw materials into finished products
through the utilisation of various processes, equipment, operations and human
resources, according to a comprehensive plan which is both cost-effective and gen-
erates income as a result of sales. These sales are achieved through the addition
of value to the products sold by a company. Accordingly, the value added to a
product can be defined as the increase in its market value resulting from modifica-
tions to its form, location, or availability, with the exclusion of the costs associated
with the materials and services utilized (Scallan 2003).
This leads us to the definition of a manufacturing system, which is the system
used to add value to products. In other words, a system in which raw materials
are processed from one form into another, thus gaining a higher or an added value
in the process, and thereby creating wealth in the form of a profit to the company.
Today, these diverse manufacturing systems are undergoing a transformation with
the introduction of new technologies driven by Industry 4.0. So, what is this new
wave of change, and how does it impact manufacturing systems?

1.1.1 Industry 4.0

Industry 4.0 represents the fourth industrial revolution, which marks a funda-
mental shift in production paradigms and, consequently, influences various as-
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2 reconfigurable manufacturing and production planning

pects of human life (Klingenberg et al. 2022). Historically, three prior industrial
revolutions have resulted in significant changes to manufacturing through the in-
troduction of groundbreaking inventions, each of which has had a profound im-
pact on the methods used by humans to produce goods.
As stated by Gilchrist, 2016, in order to comprehend the nature of Industry 4.0, it is
essential to have an understanding of the underlying technical foundation. That’s
why in his book he focuses on the emerging technologies that serve as enablers
for the full potential of Industry 4.0, including artificial intelligence, augmented
reality, 3D printing, and big data among others. As will be discussed in further
detail, reconfigurability is closely aligned with the core principles of Industry 4.0.
However, an industrial revolution is not merely a technological phenomenon, it
arises within a specific context, which can be defined as "the influences and events
related to a particular event or situation" (Klingenberg et al. 2022). It is therefore es-
sential to consider the context in which these technologies have evolved, as it did
so in response to human needs, not in isolation.
In their book "The Global Manufacturing Revolution", Koren, 2010 explores the recent
landscape of customer behaviour, the one in which Industry 4.0 should operate,
which is effected by globalization. He describes how shifts in customer behaviour
drive today’s focus on "personalized production".

1.1.2 Personalisation

The relentless pursuit of innovation has resulted in the creation of a dynamic and
competitive marketplace, offering consumers a diverse range of options and the
ability to purchase products from anywhere in the world via online platforms. In
this context, businesses face the challenge of enhancing customer value by develop-
ing personalised solutions (customised products) while maintaining cost-efficiency
achieved through economies of scale. The increasing complexity of customer de-
mand is further forcing companies to diversify their supply chains and expand
their product portfolios in order to gain and sustain a competitive advantage ( An-
dersen et al. 2016; Rothaermel et al. 2006).
Industry 4.0 provides solutions to these challenges, reducing time to market and
enabling the production of personalised goods at a low price.

The motivation for personalised production is not only driven by the need to
address customer requirements, increase market share or respond to competitive
pressure, but one of the key benefits of customisation is that it has the potential
to create a diverse and large customer base. Such customer base generates more
stable cash flow than a large homogeneous customer base, due to the greater sta-
bility of cash flow from a large number of customers with diverse tastes (Koren
2010).



1.1 introduction 3

While an exclusive focus on expanding a product portfolio may serve short-term
objectives, achieving long-term success necessitates a strategic evaluation of the
interrelationships between business, product, and manufacturing, coupled with
an understanding of the development and maturity of Industry 4.0 technologies
that have the potential to revolutionise manufacturing processes and product archi-
tecture. Furthermore, an examination of past production paradigms can provide
valuable insights that enhance this analysis (for a detailed historical perspective,
see Koren, 2010).

In this context, new product design approaches have emerged, such as modular
products—smartphones being a prime example—where interchangeable modules
allow for various combinations. This design concept introduces challenges extend-
ing beyond product development and into the design of manufacturing systems
themselves (Campos Sabioni et al., 2022).

1.1.3 Traditional Manufacturing systems

In a more rigorous definition than that provided in section 1.1, A manufacturing
system can be defined as:

A collection of manufacturing machines (or stations) that are integrated to
perform a controlled set of repeatable operations on raw materials, which alter
that material to achieve a desired final form, or to assemble a final product
(Figure 1.1). Koren, 2010

Figure 1.1: A manufacturing system converts raw material to a useful part or product
(Koren 2010).

By the late twentieth century, the two most common types of manufacturing
systems were the Dedicated Manufacturing Line (DML) and the Flexible Manufac-
turing System (FMS) 1.
FMS consists typically of Computer Numerical Controlled (CNC) machines that

1 Many industries used a mix of both dedicated and flexible manufacturing systems also.
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are arranged in parallel. These systems are designed to produce a diverse range
of products, though in relatively low volumes. In contrast, DMLs are composed
of dedicated machines aligned in production lines, each line dedicated to a single
product type. This configuration offers high throughput but limited product vari-
ety. As illustrated in Figure 1.2, FMS provides high variety and low-volume pro-
duction, while DML offers low variety but high throughput.

Figure 1.2: Comparison between FMS and DML (Koren 2010).

A report published in Italy in 1998 revealed that in a European automotive man-
ufacturing company, the average utilisation of DMLs was only 53%. This low
utilisation often results from a reduction in demand at the early or late stages of
a product’s lifecycle, when production volumes fall below the optimal levels fore-
casted during line design. Furthermore, due to global competition, even mature
products often fail to reach the high production volumes initially projected.
While the main problem with the high-throughput DMLs, was that it lacked flexib-
ility, FMS were a natural answer to address this limitation, especially as the world
at the time shifted beyond the era of mass production toward mass customisation.
FMSs (typically composed of parallel CNC machines, as mentioned earlier) deliver
flexibility in both variety and, if feasible, capacity through the addition of CNC
units. However, the cost and time required to maintain this flexibility—especially
unused capacity—has driven industry toward a manufacturing system that can
provide, in Koren’s words, Exactly the capacity and functionality needed, exactly when
needed Koren, 2010. RMS stand as a balanced solution, bridging the limitations of
both DML and FMS to meet evolving production demands.

1.2 reconfigurable manufacturing systems

The novel manufacturing system, RMS, is designed to address the shortcomings
of traditional manufacturing systems by improving reactivity to changing market
conditions and facilitating rapid and cost-effective adaptation in an unpredictable
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market context (Andersen et al. 2023; Koren et al. 2018). It is defined by Koren,
2010 as:

A RMS is one designed for rapid adjustment of production capacity and
functionality, across a product family, by rearrangement or change of its
components (hardware and software).

On closer analysis, it can be seen that the definition provided offers a precise de-
scription of what is meant by RMS. To gain a deeper understanding, it is necessary
to break it down.
The first part with the term "designed" indicates that the concept of reconfigurabil-
ity is an embedded feature of an RMS. It is not a consequence of strategic thinking
about how to reconfigure a given system, rather, it is an inherent attribute that
must be intentionally incorporated into the system’s design.
The term "rapid adjustment" indicates that an RMS is designed in such a way that
the changes it can support must be implemented rapidly. Otherwise, the adaptab-
ility of the system would be of no benefit to a manufacturing company if it were
not implemented in a timely manner when required. In fact, if the necessity for
rapid adjustment is not considered, any system can be modified to adapt to volat-
ile markets. However, only RMS is capable of doing so in a timely manner.
"of production capacity and functionality" indicates that the adjustment can be made
in two ways: first, in terms of capacity which means that the throughput2 can
be modified from one period to the next, second, in terms of functionality which
means the type of product or operation being processed can be altered from one
period to the next. The aforementioned attributes represent fundamental charac-
teristics of RMS.
The term product family refers to a group of products that share similar features
or operations. In this context, it signifies that the adaptability of the RMS system
is not unlimited. It is not feasible to change from manufacturing any product to
manufacturing any other product, instead, the change is made within a product
family. This is another defining characteristic of RMS.
The last part of the definition explains how this change is achieved: it is done by
rearranging or changing the components of the system. These components may
include the placement of machines, the components of the machines themselves,
material-handling equipment, and so on.

2 Throughput is the production rate for a given period of time (e.g., the hourly or daily production
rate) (Swamidass 2000).
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1.2.1 RMS Characteristics

The author who coined the term RMS in Koren et al., 1999, identified six key
characteristics that an RMS must possess, namely scalability, convertibility, cus-
tomization, modularity, integrability, and diagnosability, of which the first three
are fundamental.

• Customisation: The ability to use customised flexibility in production to meet
new requirements, however, within a certain product family.

• Scalability: The ability to modify or expand system or machine components
to effectively change production throughput.

• Convertibility: The ability to effectively change the functions of the machine
or system to meet evolving production needs.

• Modularity: The division of hardware and operational functions into com-
ponents that are changeable in different machine or system configurations.

• Integrability: A set of mechanical, informational and control interfaces that
allow these modules to be integrated quickly and accurately.

• Diagnosability: The ability to track the current state of a machine or system
and its controls in order to identify and diagnose the root cause of defects in
the end product.

In order for an RMS to be cost-effective, it must possess the first three essential
characteristics, namely convertibility, scalability and customisation. In comparison
to a system with generic flexibility, an RMS and the associated machines with cus-
tomised flexibility will be less expensive to build and operate. Similarly, a compar-
able FMS would take more time to process the same operations. Meanwhile, the
characteristics of modularity and integrability are sufficient to construct an RMS.
Lastly, when incorporated into the machine and its control system, diagnosability
provides the capability to rapidly and accurately reconfigure the system.
An important insight derived from the description of these characteristics is that re-
configurability must be considered and planned for from the outset, both in terms
of the system and its machine design. Otherwise, the process will be lengthy and
impractical (Haddou Benderbal et al. 2017).

1.2.2 RMS vs FMS vs DML

To better understand the usefulness of RMS, it is better to compare it directly to the
traditional manufacturing systems. As mentioned in previous sections, an FMS is
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not as cost-effective as DML. However, it does provide the flexibility required in
order to transition between manufacturing product variations. In contrast, an RMS
combines both the productive capacity of DML with the flexibility of FMS. It offers
flexible, cost-effective manufacturing and adaptable structure (both machine-level
and system-level) to manage unexpected changes in the market.

As figure 1.3 indicates, DMLs offer a high productivity with a low variety (usu-
ally manufactures only one type), and in contrast, FMSs are a high variety, low
productivity manufacturing systems. RMS, unlike the other two, can switch from
one product type to another and from one capacity rate to the other through its
life cycle. Not just that, but Koren, 2010 claims that reconfiguration allows an RMS
to even achieve throughput approaching that of a DML and producing simultan-
eously several products.

Figure 1.3: Comparing the three manufacturing systems Koren, 2010

The Reconfigurable Machine (RM) and its most popular example, the RMT, rep-
resent the fundamental components of the RMS (Gadalla and Xue 2017). The
principal differentiations between an RMT, a CNC machine, and a dedicated ma-
chine of DML are presented in Table 1.1.

Dedicated RMT CNC Machine

Machine structure Fixed Adjustable Fixed
Design focus Part Partfamily Machine
Scalability No Yes Yes
Flexibility No Customized General
Simultaneously operating tools Yes Yes No

Table 1.1: Comparing the three types of machines Koren, 2010

Just like an RMS, an RMT is built differently from ordinary machines. An RMT is
conceived to be reconfigurable thanks to its adjustable structure. Its design evolves
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around a part family, and it permits change in capacity or functionality (scalability
and convertibility), However, this flexibility is limited to the part family members
and therefore, only provides the flexibility needed for those specific parts (custom-
ization).
The edge that dedicated machines have over CNC machines in terms of productiv-
ity is mainly due to the focus on the part at the design stage, which enables op-
portunities for enhancing system productivity. However, thanks to the part family
being the design focus, RMTs can also take advantage of these opportunities, such
as simultaneous multiple-tool operations, e.g., gang.

1.2.3 Flexibility vs Reconfigurability

While the distinction between DML and RMS is clear, the same cannot be said for
the distinction between FMS and RMS. Accordingly, this subsection will focus on
the difference between flexibility and reconfigurability.
In response to this question, Wiendahl et al., 2007 offers a simple yet compelling
answer. In accordance with their definition, flexibility is typically understood to
be the capacity of a system to change its behaviour without modifying its config-
uration. While reconfigurability is the capacity of a system to change its behaviour
through modification of its configuration. It can be seen that the application of
these concepts is only possible when the system’s boundary is clearly defined.
Thus it is possible to understand a specific form of changeability as either flexibil-
ity or reconfiguration, depending on the boundary in question.
Furthermore, Andersen et al., 2023 provides an additional clarification through the
illustration presented in figure 1.4.

Figure 1.4: The difference between flexibility and reconfigurability (Andersen et al. 2023).
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The primary distinction between FMS and RMS is in the design phase, wherein
the former prioritizes expanding the system’s production range, whereas the latter
emphasizes adaptability and responsiveness to changing demands. The reconfig-
urable manufacturing system prioritises customised flexibility over general flexib-
ility, with the objective of enhancing the system’s capacity to adapt to a variety of
requirements and circumstances (Qin et al., 2016).

These changes in capacity or variety are made either i) by reconfiguring the
system or ii) by reconfiguring its machines.
At system level, the RMS architecture permits the addition or removal of machines
in a cost-effective and timely manner. X. Gu and Koren, 2018 proposed an example
of such architecture (Figure 1.5) to cost-effectively produce mass-individualized
products. The products can move in both directions, allowing return to previous
stages using, for example, Autonomous Guide Vehicles (shown as a red line in the
figure), and machines can be added and removed as modules to stages.

Figure 1.5: An example of the architecture of an RMS X. Gu and Koren, 2018.

1.2.4 Reconfigurable Machine Tool

At the machine level, RM is the component that enables the reconfigurability poten-
tial of RMS. To adapt to evolving operational requirements, an RM may undergo
modifications to its structural configuration in order to provide either incremental
increases in production throughput or alternative functional capabilities. Then
when required, the RM may be modified to incorporate additional features or en-
hance manufacturing capacity, or it can be returned to its initial state.
An RM may be built for various manufacturing applications:

• Machining: reconfigurable machine tool (RMT): As its name indicates, an
RMT is a machine tool that can be reconfigured. A machine tool is a ma-
chine that performs deformation operations on various materials using a tool
(Aguilar et al. 2013).
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• Assembly: reconfigurable assembly machine: These machines are used in
assembly lines and can be adapted for products belonging to the same fam-
ily. An example of an assembly machines for automotive heat exchangers is
provided in Katz 2007.

• Fixtures: reconfigurable fixtures: Used for fixing parts during machining,
typically for complex parts like engine cylinder heads. Complex fixtures cost
around $30,000, and in industrial machining, there are 50 to 100 fixtures for
each part, and they must be replaced once the product is changed (Koren
2010). Therefore in high-mix machining, this investment is considerable.

• Inspection: reconfigurable inspection machine: These machines are used
to inspect and measure parts’ quality. Their number and location can be
changed to suit the part being examined (Shang et al. 2021).

In our work the main focus is on RMTs. An RMT is reconfigured by changing
its hardware or software components. By changing its configuration, an RMT can
be used as a group of machines. Different configurations can be created by assem-
bling and disassembling its modules during the operation stage.
Aguilar et al., 2013 provided a design of an RMT that can be used in jewellery in-
dustry. They stated that the conversion between configurations can be completed
in less than 15 min. They also tested the prototype and provided a video of the
RMT (The video is provided as supplementary data and is available on the pub-
lisher’s website). A review on RMT-related literature including its architecture
design can be found in Gadalla and Xue, 2017.
The difference between an RMT and an ordinary machine tool is that an RMT
has several configurations, each with a different functionality or capability. The
assumption that RMTs are by definition modular is a relatively common but inac-
curate notion in the literature. While modularity is a design element, it is not an
obligatory component of RMT. Koren himself presents a non-modular RMT, the
so-called ’Arch type’ in Koren, 2010; Koren et al., 1999, which is illustrated in Fig-
ure 1.6. The machine’s configuration can be changed by adjusting the angle of the
spindle.
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Figure 1.6: An Arch-type RMT (Koren 2010).

Figure 1.7 illustrates an example of a modular RMT, which is composed of mod-
ules that serve specific purposes. Some modules are basic modules, indispensable
for the RMT to function in any configuration. Others are auxiliary modules, neces-
sary only for certain configurations (Haddou Benderbal et al. 2018).

Figure 1.7: A modular Reconfigurable Machine Tool (Koren 2010).

As indicated in Table 1.1, the cost-effectiveness of RMTs is achieved through
their design, which is tailored to a specific range of operational requirements, and
their ability to be economically converted from one operation to another. The
challenge is to concentrate the machine design effort on a specific part family
to create an adjustable machine capable of machining features of every part in
the family in a timely manner. The degrees of freedom of an RMT are designed
based on the operational requirements of all parts in the family. As operational
requirements change, the RMT must undergo mechanical modifications to adapt
to these changes.

With this difference brought by RMTs, production planning must cope with this
new “reconfigurability” paradigm, and as its design depends heavily on the part
family operations and their requirements, the generation of process plans function
of these parts becomes also important. In addition, looking at the potential of
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RMTs, these machines must be used in the most cost-effective manner. This means
that the manufacturing of the products must be planned to make the best use of
these resources and their “reconfigurability” potential, which is the very essence of
process planning (Scallan 2003). These two points are discussed further in sections
1.3 and 1.4.

1.2.5 Industry 4.0 and RMS

In relation to Industry 4.0, Qin et al., 2016 conducted a review of the key character-
istics of existing manufacturing systems (including FMS and RMS) with a view to
identifying areas of research that are currently lacking in relation to these systems
and industry 4.0. The authors concluded that RMS is the most promising produc-
tion system for achieving the objectives of Industry 4.0, including the capacity for
self-optimisation and self-configuration. Furthermore, a key objective of Industry
4.0 is the production of individualised products at a reasonable cost, a paradigm
known as personalized production (See section 1.1.2), as previously stated, this is
a core objective of RMS.
Figure 1.8 is derived from Qin et al., 2016. The author stated that existing manu-
facturing systems are already capable of addressing several aspects of Industry 4.0,
particularly those related to digitalisation and communication. Nevertheless, it is
challenging to claim that these systems have reached the level of intelligent man-
ufacturing envisioned by industry 4.0, especially that they have not yet attained
its lower or upper levels of cognition and configuration, respectively. These gaps
represent the primary focus of Industry 4.0 future research.

Figure 1.8: Research gap between current manufacturing systems and Industry 4.0 accord-
ing to Qin et al., 2016.

Because Industry 4.0 is primarily concerned with automation, smart factories,
and interconnected systems driven by cyber-physical systems and the Internet of
Things, its primary objective is to enhance process efficiency. Consequently, it
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overlooks the human cost associated with the optimisation of processes. This is
the primary issue that will become apparent in the near future, as the full impact
of Industry 4.0 becomes evident (Nahavandi 2019). In fact, one might argue that
such effects are already in place, given the recent changes in weather and instabil-
ity.
Accordingly, researchers anticipate that the forthcoming Revolution or Industry 5.0
will provide a solution to the issues currently being or that will be experienced by
Industry 4.0. This new paradigm will extend the scope of previous models to en-
compass human-centricity, resilience and sustainability within industrial operations.
This focus on human involvement, particularly through collaborative robots and
customised production, is well aligned with RMS, which is designed to facilitate
frequent reconfigurations in response to changing product demands and produc-
tion conditions. And given that RMS enhances resilience within enterprises, it
makes it relevant in an Industry 5.0 context. For further details on this new revolu-
tion, please refer to Nahavandi, 2019 and Xu et al., 2021.

1.2.6 Real world applications of RMS

Many practitioners and even academics find it challenging to envision RMS in
real-world applications. "A system capable of adjusting its capacity and function-
ality both cost-effectively and rapidly" sounds ideal, which leads to skepticism.
However, examples of RMS principles implemented in manufacturing exist and
illustrate its potential.

One example comes from the SmartFactoryKLs soap plant (Qin et al. 2016). Built
in 2005, the plant became a pioneer of Industry 4.0, producing customizable liquid
soap in various colors without human intervention. Machines and components
communicate autonomously, and the modular structure allows components to per-
form defined functions, eventhough the design focus is on industry 4.0, RMS prin-
ciples are clearly embedded.

The book Andersen et al., 2023 "Paving the way for changeable and reconfigurable
production" describes the REKON project, developed to help Danish and Swedish
companies integrate reconfigurability and changeability. The book provides real
world applications in companies like Vestas Wind Systems and Dan-Foam ApS
which used these principles to adapt their production lines for customization and
demand fluctuations.

• Vestas designed modular equipment/machines for wind turbines production
which has to be tailored to specific environments, this increases variance in
their product portfolio. Their main focus was on optimizing the reconfigura-
tion process.
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• Dan-Foam developed a reconfigurable production line that minimized
changeover time and adapted to demand changes. In addition, the company
was able to replace two existing production lines with the new one.

• Ljusgårda AB, an innovative indoor farm in Sweden, applied principles de-
veloped by REKON for scalable and flexible lettuce production. The com-
pany identified bottlenecks using simulations, improving their production
systems efficiency.

• Similarly, Kamstrup A/S, an energy and water metering solutions manu-
facturer, used REKON tools to map equipment across its different factories,
identifying reusable processes and equipment to support modular produc-
tion.

• Elvstrøm Sails, a sail manufacturer, developed a tool with Aalborg University
to optimize assembly, reducing lead times by 45%.

• Lastly, Hydrema A/S, a construction machinery producer, created modular
welding fixtures, enhancing equipment reusability and efficiency. This fixture
reduced the need for dedicated tools and streamlined production.

These examples showcase RMSs real-world applicability, proving that changeabil-
ity and reconfigurability are achievable and beneficial for various industries. For
more real world examples and more details about the mentioned ones please refer
to Andersen et al., 2023.

Although the concept of an RMS is clear, the challenge remains as to how it
can be effectively utilised or even designed in order to meet specific production
requirements. This brings us to the crucial role of process planning, which defines
how RMS configurations can be structured and adapted for optimal performance.

1.3 process planning

The term "process planning" is defined in its simplest form by P. Gu and Norrie,
1995 as "the act of preparing detailed operating instructions for the conversion of an engin-
eering design into an end product." It is also defined by Scallan, 2003 as the "Design-
Manufacture interface," as presented in Figure 1.9, it represents the bridge that links
the design of the product phase with the actual manufacturing of the product.

During this phase, the production process is broken down into smaller, more
manageable tasks (operations), and the best methods for carrying out each task
are determined. A process planner often attempts to answer two questions: How
to manufacture the given product? and How long it would take to execute the
operations and the manufacturing process?
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Figure 1.9: Process planning - the design manufacture interface (Scallan 2003)

Moreover, as Larsen, 1993 notes, process planning is a more technical activity, en-
compassing tasks that are mostly time-independent. It is linked in the long-term
to overall factory planning. At the medium level, individual goods are planned in
a process-oriented approach, with an analysis and selection of materials, produc-
tion techniques, and resources. In contrast, the detailed level of process planning
addresses tooling, fixturing, and the sequence of operations. The final tasks in-
clude the calculation of resource requirements (processing time, setup, etc.) and
the creation of NC programs (if necessary) and production documentation.
Larsen, 1993 lists the process planning related tasks from the highest level to the
lowest, in the following order:

• Material selection.

• Process selection.

• Machine selection.

• Operations selection.

• Tool selection.

• Process sequencing.

• Operations sequencing.

• Fixture selection.

• Machining parameters.

• Cutting path optimization.

• Cost and time estimation.

• Process plan preparation.
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• Date maintenance.

• Plan verification.

Process planning is typically associated with machining processes (metal removal
operations). This process planning domain of application is the most sophisticated,
and in this thesis, focus is on this type. However, it should be noted that other pro-
cess planning applications exist, including Assembly process planning, Inspection
process planning, Robots Task Planning, Process Planning for Welding Operations
(ElMaraghy 1993).

1.3.1 Classifications of Process planning

Prior to the integration of computers into industry, process planning was conduc-
ted manually by human experts. Such planners would rely on their expertise and
human intuition to define the process plan for parts. In this regard, two approaches
exist. The first is the traditional approach, in which the planner uses the part draw-
ings and manuals to determine the processes to be employed and the operations
to be executed. These are then documented in a routing sheet.
The second approach is that of the workbook. This approach involves the prepar-
ation of workbooks containing pre-defined sequences of operations for specified
workpieces. Once the manufacturing processes for a specific part have been iden-
tified, the appropriate sequences can be selected and incorporated into the plan
from the workbook.
One of the primary disadvantages of manual approaches is the generation of volu-
minous and inefficient documentation. Furthermore, the effectiveness of the plan
is dependent on the level of experience of the planner. It is possible for two plan-
ners to utilise the same methods and yet generate different results. Furthermore,
design modifications are frequently required towards the end of the design and
manufacturing cycle. And, the manual approach lacks the capacity to respond to
such changes in a timely manner (Scallan 2003).

In response to these disadvantages, a significant body of research has been con-
ducted in the domain of Computer-Aided Process Planning (CAPP). The benefits
of such CAPP systems are believed to include a reduction in the time spent on
process planning, a decrease in the reliance on the knowledge and experience of
the process planner, an enhanced utilisation of manufacturing resources, and most
importantly improvements in costs.
CAPP can be further categorized into variant and generative. Variant approach
just like the workbook approach relies on existing knowledge. It consists of re-
trieving an existing plan named "Master plan" which is usually a process plan of a
representative part of the part family and numerically modifying it. The variant
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approach is also named the "retrieval method". Despite being used widely in in-
dustry, one problem with it is that, plans can only be developed for parts already
classified.
The second CAPP approach is the generative one, which consists of generating
a new process plan from scratch. In theory, it requires no need for any form of
human intervention. In practice however, this is often not the case, as for the major-
ity of generative systems, some form of human intervention is typically necessary
(Scallan 2003).
Figure 1.10 summarizes the described four categorizes of process planning.

Figure 1.10: Basic classification of process planning methods (Scallan, 2003)

Process planning can be further categorized, depending on the level of the de-
cision being made, in two distinct levels (Azab and ElMaraghy 2007b):

• Macro-process planning involves selecting the best sequence of processes,
set-ups, and machines to accomplish the required operations.

• Micro-process planning, in which each operation is optimised individually
to determine its optimal parameters, which is more detailed then macro.

Macro process planning represents a harder challenge due to the necessity of de-
clarative process knowledge, which encompasses various factors such as part geo-
metry, tools, machine tools, fixtures, and technological requirements (Azab and
ElMaraghy 2007b).

The nature of process planning and the resulting plans are influenced by a num-
ber of factors. The objective of high-level planning is to select the optimal technique
for producing a feature, component, or part. This may entail the use of processes
such as metal removal, material addition, shaping, or joining, among others. The
result is a generic or conceptual plan. These tasks of the selection of materials and
processes represent the highest levels, as previously discussed in the aforemen-
tioned list of Larsen, 1993.
Additionally, the focus of the planning process may be on a single domain, such as
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sheet metal processing or assembly, or it may encompass multiple domains. The
latter is referred to as multi-domain process planning.
Alternatively, the planning process may focus on certain tasks within the broader
process planning framework. The terms "process planning" and "process plan genera-
tion" are typically used interchangeably in the literature, although the former term
is more commonly used to refer to macro-process planning, focusing mostly on
operations sequencing with other tasks such as operations selection and machine
selection. These two terms will be used interchangeably in the remainder of this
thesis.

1.3.2 Pre-processing and Tool approach direction

Before starting low-level tasks of process planning such as operations selection and
sequencing, several preparatory steps are required. Such as the manufacturing
process to be used. Another key step is feature3 recognition, where the Computer-
Aided Design (CAD) of the part is translated into a set of operations grouped by
features, with precedence constraints and tooling and Tool Approach Direction
(TAD) requirements. This is illustrated in Figure 1.11, where three features are
identified from an example part (Part 1) CAD and their operations are connected
by a precedence graph with corresponding tools and TADs.

After these initial tasks, the feasibility and economic merits of alternative meth-
ods are typically overlooked during process plan generation. These steps, while
important for context, are beyond the scope of this thesis and will not be further
discussed.

The direction in which the tool moves towards the workpiece during a machin-
ing operation is referred to as the tool approach direction (TAD). Consequently,
as a given feature is being machined, the tool is oriented in a specific direction
and moves towards the workpiece (Rong and Huang 2005). By employing the con-
ventional Cartesian coordinates (±x,±y,±z), the TADs for each operation can be
determined, resulting in six distinct TADs as illustrated in Figure 1.12.

3 A machining feature is defined as a geometrical feature that requires processing by one or more
operations (Azab and ElMaraghy, 2007b).
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Figure 1.11: Pre-processing step required before process planning where operations requir-
ments of a part are retrieved based on its CAD. (Mechaacha et al. 2024).

Figure 1.12: TAD (Mechaacha et al. 2024).

The initial example component (depicted in Figure 1.11) is derived from the
work of S. Zhang and Wong, 2016 and will be employed in subsequent numerical
experiments to evaluate the efficacy of the models (See chapter 4). Each feature is
comprised of a series of procedures. Every procedure necessitates a minimum of
one TAD, with some requiring multiple TADs.

The operations designated as F3 in Part 1 of Figure 1.13 require machining in a
vertical plane, both in the positive and negative Z-axis TADs. Conversely, a variety
of feasible TADs are available for the machining of slots F1 and F2. Part 2 of S.
Zhang and Wong, 2016 is also depicted in Figure 1.14.
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It is important to note that in the numerical experiments and models of chapter
4, the data has been modified based on the assumption that a machine requires
all of the required TADs in order to be capable of performing an operation. This
assumption, which is not widely employed in the literature, is due to the fact that
our generated process plans do not specify one TAD for the machining of each
operation. Instead, operations are assigned to machines and configurations, and
the choice of TAD is left to the operator. This approach is suitable for scenarios
where operators are sufficiently skilled and the manufacturing process is complex
or involves a high degree of uncertainty.

In total, eight TADs are considered, as certain special operations require the use
of particular TADs (Not the six conventional ones ±x,±y or ±z from Figure 1.12),
which are defined as ±a (Azab and ElMaraghy 2007b; W. Li and McMahon 2007;
S. Zhang and Wong 2016; Y. Zhang et al. 2003).

Figure 1.13: Part 1 (S. Zhang and Wong 2016). Figure 1.14: Part 2 (S. Zhang and Wong 2016).

1.3.3 Importance of process planning and system design

Process planning represents an essential component of any manufacturing enter-
prise, especially with the recent advances and interest in integrated manufacturing,
product/process design, and life-cycle considerations (ElMaraghy 1993). Addition-
ally, the preparation of the process plan4, which constitutes the outcome of process
planning, serves as the foundation for the subsequent planning and control of the
manufacturing process for any given product (Larsen 1993; Scallan 2003).
As previously indicated, process planning tasks are of different levels (See the list
in section 1.3). Consequently, process planning can be of strategic, tactical, and op-
erational importance, depending on the type of environment employed (Rembold
et al., 1993).
In a relatively stable market with a limited product portfolio, where DMLs would
be best suited, the process planning is conducted only once, at the system design
stage. Nevertheless, in markets characterised by greater volatility, process plan-

4 The French term for a process plan is "gamme de fabrication" or "gamme de production".
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ning is conducted more frequently. (Bensmaine et al., 2013b).
In both scenarios, process planning, given its position between the design and man-
ufacturing phases, plays a pivotal role influencing the decisions related to the pro-
duction system. For example, the process plan for a proposed product designed
by the design team may present difficulties in terms of its manufacturability on
the existing system. This would require an investment in machinery, layout adjust-
ment, and material handling equipment. Similarly, a process plan may necessitate
the modification of components within a machine. (Battaa et al. 2017; Toussaint
and Cheng 2002).

In their study on CAPP for flexible assembly, Heemskerk et al., 1990 predicted
that the distinction between product design, system design and process planning
would gradually disappear. They also suggested that the development of faster
process planning systems would facilitate rapid feedback to designers on the im-
pact of decisions made during the product or system design stage on assembly
cycle time and other optimisation factors.

It can be seen that process planning serves as a crucial enabling factor for change-
able systems such as RMS from an operational perspective, as the process plan will
affect both the product and the manufacturing system in terms of cost, quality and
production rate (Scallan 2003). It is therefore crucial to integrate the configuration
capabilities of RMTs into the process plan model in order to accurately represent a
process plan for RMS (Azab and ElMaraghy 2007b; Shabaka and ElMaraghy 2008).

1.3.4 RMS and process planning

As previously discussed, RMS was developed to address the challenges posed by
volatile markets. Given the unpredictable nature of production demands and fierce
competition, it becomes important to respond rapidly to changes in the market.
In such circumstances, any shortcomings in process planning are likely to have
significant consequences (Musharavati et al., 2008). Moreover, the process plan
in RMS must be revised frequently, given the constant evolution of equipment
and products. The configurations of machines and the associated reconfigurations,
along with the technical aspects taken into consideration, are determined by these
process plans (Sabioni et al., 2021).
Typically, process planning with RMS entails identifying optimal machine config-
urations for operations, determining the best sequence for these operations and
later selecting the best machine placement into the layout (Sabioni et al., 2021).

An additional issue in process planning is related to part designs being infeasible
where no system adjustment can be made, while maintaining cost-effectiveness
and timeliness. This is often due to designers lacking a comprehensive under-
standing of production system capabilities and constraints. This issue is further
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amplified within complex manufacturing systems such as RMS.
While manufacturing teams possess the required knowledge in these matters,
their ability to offer real-time or timely feedback to design teams after converting
designs into process plans, encompassing total production time, cost, and quality
considerations, may be limited. This is particularly true in collaborative environ-
ments where teams are geographically dispersed (Toussaint and Cheng 2002).
Consequently, the significance of generating fast solutions in process planning be-
comes evident, as this would permit for the designer to recognise, at an early stage,
that certain features will necessitate the use of costly fixturing or the deployment
of specialised tools and complex processes. In such instances, he can explore al-
ternative solutions.

The process plan, while serving as a flexible input for various planning activities
such as scheduling, lot sizing, and layout planning, often requires adjustments
in these subsequent stages. This highlights the importance for consideration of
production planning activities to ensure an effective design of process plans for
RMS (Scallan 2003; Shin et al. 2011).

1.4 production planning

The process plan generation phase represents the initial stage in the planning of
any product manufacturing, as illustrated in Figure 1.15. Although the titles of
section 1.3 and this section may suggest that process planning and production
planning are distinct functions, process planning is, in fact, part of the produc-
tion planning activities (Scallan 2003). However, as the term "production plan-
ning" is typically used in academic literature to describe time and capacity-related
planning tasks (ElMaraghy 1993; Larsen 1993), some authors prefer to distinguish
between the two terms.

As Figure 1.15 illustrates, process planning is a long-term decision. As previ-
ously stated in Section 1.3, the process planner’s primary objective is to answer
two questions: how a job should be done and how long it will take. Consequently,
the availability of resources on the shop floor is not within the process planner’s
concern. For example, the process planner is not responsible for ensuring that
workstations are not overloaded in terms of capacity. This is the responsibility of
the Capacity Requirements Planning (CRP) function, which is also illustrated in
Figure 1.15 (Scallan 2003).
Medium-term planning decisions presented in figure 1.15 are CRP and Material
Requirements Planning (MRP). In practice, CRP, MRP and production execution
are separated in terms of personnel, software, and time. The MRP system is typic-
ally responsible for establishing the necessary materials and generating a general
schedule without consideration of capacity constraints. CRP determines the avail-
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Figure 1.15: Production planning activities (adapted from Scallan 2003).

ability of required capacity, and attempts to reschedule releases, if necessary (Hopp
and Spearman 2011).
The function of manufacturing scheduling is mainly responsible of the resources
required for the implementation of the process plan. In addition to the output
of the MRP system, the primary inputs utilized by the scheduling function are
the outputs derived from the process planning system, in particular, the routing
sheets.
The role of the scheduling function is to prioritize the manufacturing orders and
specify the timing and sequence of production based on the assignment of jobs to
workstations. Thus, the ’when’ and ’how many’ decisions of production are the
main focus of manufacturing scheduling. Subsequently, the schedule is transmit-
ted to the production department for execution. Figure 1.15 illustrates the relation-
ships in terms of inputs and outputs between these functions.

1.4.1 Lot-sizing

Lot-sizing is a problem that usually appears in MRP systems. It addresses the
fundamental trade-off between maintaining a high number of smaller jobs, which
often result in increased setup costs (including materials, tracking expenses, and
labour), and/or reduced capacity, versus the alternative of having a smaller num-
ber of larger jobs, which can lead to higher inventory levels. These jobs that sizes
need to be determined are called "Lots" (Hopp and Spearman 2011)
The problem in its simplest form can be defined as follows: a product is to be
manufactured on a given machine over a number of periods. In each period, a
demand for the product must be satisfied, and a production cost is incurred with
the production of each unit. Additionally, an inventory holding cost is incurred
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with the storage of each unit from one period to the next. The objective of the
planner is to determine the optimal number of units of the product in each lot to
manufacture in each period, with the objective of minimizing the total production
cost.
According to Haase, 2012 classifies lot-sizing problems according to:

• Time scale: lot-sizing can be carried out either over discrete periods of small
size (hours, shifts, days), large size (weeks, months) or very large size (years).
Otherwise, a continuous time scale is considered. In our work in chapter 6
we consider discrete large size periods.

• The planning horizon: it may be considered to be infinite, finite, or variable.
In general, discrete models are based on a finite horizon, while continuous
models are based on an infinite horizon. We will consider a problem with a
finite planning horizon.

• Number of products (items): it can consider the planning of only one
product named "Single-item problem", or Multiple products "Multi-item".
Lot-sizing problems with single-item are relevant in cases with multiple
products, when the products don’t share any common resources (Brahimi
et al. 2006). Our focus is mainly on problems with a single item.

• The number of levels (echelon): is determined by the parent-child relation-
ships between the products. In cases where no such relationship exists, the
problem is considered single-level. In contrast, multi-level problems arise
when there is a parent-child relationship. The Bill of Materials defines these
relationships (Vickery and Markland 1986). In chapter 6 the problem is
single-level.

• Costs: In addition to the unit production cost, the total cost can include :

– Setup costs: these are the costs incurred each time the preparation of
the resource takes place for the production of an item on that resource.
In particular, some problems consider setup costs that depend on the
sequence in which the products pass through the resource, these are
named "sequence-dependent setup costs", and are relevant in the Multi-
item case, where it represents the cost of switching the machine from an
item to another.

– Start-up costs: represent the cost of switching the machine on after it
was previously turned off. In the absence of such costs, they are con-
sidered to be embedded within the setup costs (Karmarkar et al. 1987;
Wolsey 1989).

– Reservation costs: Reservation costs are incurred if the resource is kept
in a given state (prepared for a product) even if it remains unused for
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a certain number of periods. These costs are usually considered along
with start-up costs (Karmarkar et al. 1987).

– Inventory holding costs: such costs comprise the expenses incurred in
maintaining a product in stock for a specified duration. These costs
primarily encompass the cost of locked capital, the risk of loss or obsol-
escence, taxes, insurance, and the costs associated with maintaining the
storage facility.

– Capacity-related costs: these are costs associated with the utilisation of
regular capacity and/or supplementary capacity (overtime costs, sub-
contracting costs or alterations in the workforce).

• Resource constrains: If the capacity constraints (e.g. machine capacity, lim-
ited number of employees, limits in storage capacity, transport capacity an-
d/or budget) are considered, the problem is defined as "Capacitated". In the
absence of such constraints, the problem is said to be "Uncapacitated". The
number of machines are also considered as resource-related constraints.

• Time-consuming tasks: These include transport time, lead time, preparation
time, processing time per unit and production speed. An infinite production
speed (or zero processing time per unit of product) is considered in Uncapa-
citated models. In the opposite case, the capacitated case, a limit is added
representing the total time of a period (length), transport, processing and/or
setup times are assumed to be zero. Setup times, just like setup costs, may
depend on the sequence in which the products pass through the machine.

The introduction of reconfigurable resources to the lot-sizing problem introduces a
new set of constraints, times and costs. The costs associated with reconfiguration,
which are incurred when changing the state (configuration) of the machine/sys-
tem to accommodate new capacities and/or functionalities, should be added to
the total cost objective function. Furthermore, the reconfigurability of machines
introduces an additional layer of complexity to the problem.

1.4.2 Integrated Process and production planning

As illustrated in the previous section in Figure 1.15, process planning output serves
as an input for multiple production planning activities. In practice, these separated
activities are typically conducted in a hierarchical manner, this approach is named
"Offline" approach, conversely an integrated approach is named "Online". Because
process planning is conducted without consideration of the status of the shop floor,
it will likely result in obtaining a local minimum solution. Furthermore, while the
quantity to be produced is of lesser importance to the process planner, it is a sig-
nificant factor in the selection of manufacturing processes. This is because the
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majority of processes and production equipment have an economic batch quantity
or a break-even quantity when compared to other processes (Larsen 1993; Scallan
2003).
Additionally, when the manufacturing system is reconfigurable, a notable propor-
tion of the total production cost and time may be attributed to the reconfiguration
of the system between successive products. Consequently, optimising the produc-
tion plan and the corresponding process plans is of paramount importance for
achieving meaningful cost and time reductions (Campos Sabioni et al. 2022).
In such a case, a non-optimal (local minimum) solution obtained through con-
ventional process and production planning methods does not meet the required
standards. For example, the estimation of reconfiguration costs and times based
on sequence-dependent parameters is not applicable in this case, as the reconfig-
uration effort is dependent on the specific process plans of the involved products.
Furthermore, even with fixed process plans, the complexity of setup costs and
times, which are influenced by multiple interdependent factors such as part load-
ing and unloading, fixture preparation, and tool changeover, makes precise estim-
ation challenging (Musharavati and Hamouda 2012; S. Zhang and Wong 2016).

It can be seen that the integration of these activities is particularly relevant in the
case of RMS, as any excessive reconfiguration or under-utilisation of reconfigura-
tion potential has a negative impact by lowering product quality, increasing costs
and extending production time (Khan et al. 2021). This evidence supports the con-
clusion of X. Gu and Koren, 2018 that intelligent process planning for RMS must
integrate production planning decisions.

As a result, the concept of developing an "ideal" process plan, representing the
best method for manufacturing the product in the conceptual phase and applying
it throughout the product’s lifecycle (Ishii et al. 1997), becomes inapplicable in a
volatile environment and with RMS. Therefore, given the pivotal role of process
planning across the product’s engineering and manufacturing stages, it should
no longer be regarded—and more importantly treated—as a static, independent
planning task (Larsen 1993; Phanden et al. 2011).

The integration of process planning and production planning within the context
of reconfigurability introduces a new set of challenges. In particular, the represent-
ation of interactions between different process plans in the RMS shop floor and the
assessment of the influence of these interconnections on the overall performance
of the production plan represent critical considerations. Overall, the complexity of
RMS introduces an additional layer of difficulty in the optimisation of the already
complex problem of integrated process and production planning.

As posited by X. Gu and Koren, 2018, the development of new algorithms is
essential to tackle these difficulties. These novel algorithms must be capable of ad-
dressing several operational challenges simultaneously, including: (a) the product
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requirements (such as the urgency and priority of the order); (b) the operations
precedence constraints for each product; (c) the machine/station availability and
capability; (d) the machine processing time and the travel time on both the for-
ward and return conveyors (See figure 1.5). The algorithms should use this data
to determine the usual process planning tasks (mentioned in section 1.3) as well
as the optimal order for producing the products, the optimal production routes,
taking into account the simultaneous production of multiple products.

1.4.2.1 Importance of integration

The tendency for many businesses to adopt a production strategy based on a "one
product at a time" approach, rather than considering their entire product portfo-
lio and developing flexible production processes capable of responding to future
products and market uncertainties, makes this integration a significant challenge
for these businesses (Andersen et al. 2023).
In order to understand the importance of integration, it is first necessary to con-
sider why these activities have traditionally been separated. Process planning and
production planning were treated as separate activities for three key reasons:

• Technological Limitations: Integration was not feasible due to constraints in
computation power and methods employed (ElMaraghy 1993).

• Market Stability: Markets were relatively stable, and product portfolios were
smaller, especially during the mass production era, making separate plan-
ning approaches sufficient.

• Long Product Life Cycles: Products had longer life cycles, reducing the fre-
quency of performing process planning (Bortolini et al. 2018).

Nevertheless, there is currently a stronger justification for opting for integrated
approaches. The advancement of Industry 4.0 technologies, operations research
methodologies and computational capabilities have enabled manufacturers to ad-
dress the first barrier. Thus, the capacity to better forecast future scenarios, process
vast datasets and make optimised decisions within a reasonable time has been en-
hanced.

As mentioned in section 1.1, market volatility has only grown with globaliza-
tion and the shift towards mass personalization has even increased this volatility.
Modern markets demand RMSs capable of adapting to rapidly changing customer
needs and diverse product portfolios. Thus demanding for integrated approaches
to plan production within these systems.
Lastly, the reduction in product lifecycles resulted in an increase in the frequency
of performing process planning, which consequently became a more of a tactical/-
operational activity (Bensmaine et al. 2014a). This facilitated the integration with
lower production planning activities.
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Furthermore, in the context of an RMS’s system design, decisions are inherently
embedded within the production and process planning activities, with varying de-
grees of integration. In the context of process planning with RMS, decisions related
to machine, configuration, tool and operation selection, as well as operations se-
quencing, directly determine the design of the system. The integrated approach to
production and process planning also impacts the system design. Finally, although
lot sizing is not primarily focused on system design, it specifies the configurations
to be used along with lot sizes, and thus has an impact on both the design and the
operational aspects of the system.

1.5 conclusion

This chapter has presented the fundamental concepts of RMS, process planning
and production planning. An RMS possesses six fundamental characteristics that
are integral to its design and functioning. These characteristics serve to distinguish
it from conventional manufacturing systems, namely DML and FMS. Furthermore,
the chapter concentrated on a specific category of reconfigurable machines, namely
RMTs. It also presented an array of classifications for process planning activities
and the diverse tasks that are embedded within this long-term planning decision.
Lastly, the chapter presented the activities involved in production planning, high-
lighting the key differences between this and process planning and linking them
to RMS. It demonstrated how RMS introduces a new set of challenges to classical
production planning activities, necessitating the development of new methods for
process planning within RMS and for production planning within RMS. The im-
portance of integrating these activities was also presented, as they are particularly
relevant in today’s dynamic markets, where RMS is designed to operate.
The following chapter will focus on the operational research aspect of the thesis,
presenting the various optimisation techniques employed throughout the sub-
sequent chapters of this thesis.
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O P T I M I Z AT I O N M E T H O D S

This chapter will introduce some fundamental concepts related to optimization
methods, both mono-objective and multi-objective, which will be employed later in
this thesis. First exact solution methods applicable for mono-objective optimization
and their counterparts, the approximate methods, are presented. Subsequently,
the chapter will present an overview of multi-objective optimization, including
techniques for utilising exact approaches, as well as approximate methods and
evaluation metrics for multi-objective problems.

2.1 introduction

Before discussing optimization methods, it is important to begin with an intro-
duction to complexity theory in operations research, since understanding how to
solve a problem requires knowing how hard this problem is, and thus what’s the
most appropriate technique to apply. The goal of complexity theory is to categor-
ise problems in order to predict their level of difficulty. Researchers consider that
a problem is "easy" if an algorithm can solve it, to optimality, and its computa-
tional complexity is bounded by a function that is polynomially dependent on the
amount of data to be treated.
To assign a problem to a complexity class, we examine the performance of the best
algorithm — which may or may not be known — able to solve it to optimality
rather than testing all possible algorithms (Taillard, 2023). The basic complexity
classes are:

• P (Polynomial): includes problems that can be solved to optimality within
a time that grows polynomially with the size of the input. Accordingly, a
problem is classified as belonging to difficulty class P if an algorithm exists
that can solve it in polynomial time, even if it is not the best one. This
category of problems is considered to be the easiest to solve compared to
other classes.

• NP (Non-Deterministic Polynomial): problems in this class may not be solv-
able to optimality in polynomial time, However, the correctness of a given
solution can be verified in a polynomial time.

29
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• NP-Hard (Non-Deterministic Polynomial Hard): these are harder problems
where no polynomial-time algorithm is known to solve them.

• NP-Complete (Non-Deterministic Polynomial Complete): these problems
belong to the class NP and are also NP-Hard. No NP-complete problem that
can be solved in polynomial time is known.

Other classes of complexity exist such as: P-SPACE which are problems that can
be solved by a computer whose memory is limited by a polynomial data size.
Class L are problems that can be solved by a computer whose working memory is
constrained by a polynomial in terms of amount of data, and ignoring the space
required for the storage of the problem. Class NC comprises problems that can be
solved in poly-logarithmic time on a computer that has a polynomial number of
processors. It follows that the time required to address these problems in parallel
is less than the time required to read the data sequentially. The sorting of the
elements of an array fall within this category (Taillard, 2023).

2.2 mono-objective optimization

Optimization is the process of finding the best values of a set of variables that cor-
respond to the maximum or minimum of one or more objective functions. Optim-
ization has many applications in engineering, science, business, economics, etc.,
using mathematical models and algorithmic methods. Without optimization of
design, operational, production and engineering activities will not be as efficient
as they are today (Bensmaine, 2013).

It is essential to formally express or model the fundamental aspects of the prob-
lem in order to ensure that it has been fully understood and will be correctly
solved. There are a number of ways in which a problem can be represented.
The two main elements that must be defined in order to solve a problem are the
objective function ( f (x)) and the set of constraints (gi(x) and hi(x)). An objective
function represents the goal of the optimisation process, which is a function that
has to be either maximised or minimised. Constraints, on the other hand, repres-
ent a set of conditions that must be satisfied. While x is the decision variable, and
m,p are the numbers of inequality and equality constraints, respectively.

Minimize (or Maximize): f (x)

Subject to: gi(x) ≤ 0, i = 1, . . . , m,

hj(x) = 0, j = 1, . . . , p,
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Figure 2.1: Classification of optimization methods with methods employed in this thesis
in blue.

Figure 2.1 illustrates a classification of optimization methods where the methods
in blue are the ones that will be used in the next chapters to solve presented
optimization problems. From the figure we can distinguish two main types of
optimization methods: Exact and approximate methods.

2.3 exact methods

The usage of exact methods is a common approach to solve polynomial problems1.
These methods are designed to guarantee the optimality of the solution obtained,
provided that sufficient time is allowed for the optimization process to complete.

2.3.1 Mathematical programming

In these approaches, a mathematical model for the problem is developed and then
employed in a solver2 for optimization. A mathematical model is defined as a
formal mathematical representation of a problem, constructed by translating the
real-world scenario into a set of mathematical expressions that capture the rela-

1 Exact solution approaches do not guarantee that P problems are solved in a polynomial time.
2 A solver is a software used to find the optimal solution to a mathematical model, example of such

software are CPLEX, Gurobi, GAMS,...
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tionships between different factors influencing the decision-making process.
The model is composed of variables representing various elements of the problem,
where the values of some of these variables needs to be determined through op-
timization.
Two main sets of variables constitute the core components of the model. The first
set is referred to as the decision variables, which represent the decisions to be made
within the problem. These variables directly influence the outcome of the solution
and are subject to constraints, for example, the number of units to be produced of
a given product or the amount of resources to be allocated to a particular task. The
second set is known as parameters, which are fixed quantities or constants within
the model that describe elements of the problem that do not change during the
optimization process. These parameters often include factors such as production
costs, resource availability, or time constraints. Together, decision variables and
parameters form the foundation of the mathematical model, enabling the solver
to explore different combinations of decisions while adhering to the problem’s
constraints and objective function.

2.3.1.1 Integer Linear Programming

In these models, all decision variables are integers and the objective function and
all constraints are linear. Conversely, Mixed-Integer linear programming (MILP)
contains continuos and integer decision variable and 0-1 Linear Program (01-LP)
contain boolean variables only.
01-LP, ILP, and MILP are widely used for modelling problems in production plan-
ning and process planning. These approaches are used in algorithmic design
paradigms for solving combinatorial optimization problems, particularly with
methods like Branch-and-Bound and Branch-and-Cut (Taillard, 2023).

2.3.1.2 Non-Linear Programming (NLP)

As their name indicates, these problems are characterised by the presence of a
non-linear objective function or constraints. A special case of this problem is quad-
ratic programming, which is defined by the a quadratic objective function and
linear constraints. Solving these problems is generally more challenging than lin-
ear problems due to the potential for multiple local minima or maxima and the
need for specialized algorithms. They arise in many real-world applications, such
as engineering design, economics, and machine learning, where the relationships
between decision variables are inherently non-linear.
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2.3.2 Brute Force

Brute Force is a straightforward problem-solving approach that systematically enu-
merates all possible solutions and evaluates all of them to find the optimal solu-
tion. While simple and easy to implement, it is computationally expensive for
large problems, as its time complexity grows exponentially with the problem size.
This method is often used for small sized problems or as a benchmark to compare
the performance of more sophisticated algorithms or as a last resort when other
approaches fail. Despite its inefficiency, brute force is an exact solution approach,
thus guarantees finding the optimal solution, making it valuable for small-scale
problems or scenarios where precision is critical.

2.3.3 Dynamic Programming

Dynamic programming is a solution method introduced by Bellman, 1954, com-
monly defined as breaking down a problem into smaller, easier-to-solve sub-
problems, each sub-problem is solved optimally in an iterative manner, then the
solution to the global problem is constructed (Taha and Taha, 2003).
While this definition is correct, it can be somehow misleading. Since the definition
might be understood as that dynamic programming is a decomposition heuristic
such as divide-and-Conquer, which is not.
An important aspect of dynamic programming, which is surprisingly overlooked
when discussing it, is that it is applicable only to problems that exhibit certain
structures. These problems are named by Bellman, 1954 "Multi-stage decision pro-
cesses", to understand what it means, one needs first to understand two terms:

• Stage: is a level at which a decision is made (for example a moment in time),
which is composed of states.

• States: are possible situations in which the system can exist.

In a multi-stage decision process, decisions are made in each stage which "trans-
form" the system from a state to another in the next stage. Thus the state at which
we exist in a certain stage is dependent on the previous decisions made in previ-
ous stages. This overlapping nature of subproblems (stages) can be represented
through a recursive function. It is easy to see that this structure is not always ex-
isting in an optimization problem.
This leads us to the main idea behind dynamic programming: is that instead of
looking for the optimal solution the decision maker looks for an optimal policy. Bell-
man defines a policy as: "a rule for telling what decision to make in terms of the current
position of the system" Bellman, 1966. Thus dynamic programming consists of a tool
to make a decision in each stage depending on the current and future states, to
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minimize a certain function.
What we try to highlight here is that the difficulty is not only in finding the optimal
policy but also on how to identify a problem’s stages and states and how apply
the optimal policy and store the results of these subproblems to avoid redundant
computation, and it should be mentioned that not every problem’s stages are clear
and easy to spot.

Dynamic programming have proved to be a very effective solution method, nev-
ertheless, as with any exact solution approach, the number of stages and states that
must be enumerated increases exponentially with the size of the problem. This
phenomenon, which Bellman has termed the "curse of dimensionality," renders dy-
namic programming very hard to apply for problems of considerable scale. Even
though the approach can be very effective when compared to other exact methods
such as Linear programming, as will be demonstrated in chapter 6.

2.4 approximate methods

Approximate approaches represent a natural extension to exact solution ap-
proaches, offering an improvement in computational efficiency. In some cases,
decision-makers are willing to accept a certain degree of compromise in terms of
solution quality, provided that the solution is obtained in a relatively short com-
putational time. Therefore, although approximate methods do not guarantee the
optimal solution, they allow for a certain degree of flexibility in balancing solution
quality and computational time.

2.4.1 Heuristics

Heuristics are problem-specific, these algorithms are designed to address a specific
problem or instance, and thus may not be applicable to other problems. They
can be categorized into construction and improvement heuristics. Construction
heuristics creates a solution from scratch without using an initial solution. On the
other hand, improvement heuristics are algorithms that use an initial solution and
through the iterations it improves the quality of the solution, if possible (Brahimi,
2004).

2.4.2 Metaheuristics

While heuristics are specific, metaheuristics are general-purpose algorithms that
can be designed to solve a large range of solutions approaches. They represent
high-level frameworks for guiding the development of heuristics for solving a
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problem (Talbi, 2009). One of the most widely employed metaheuristics is Genetic
Algorithm (GA), which belongs to the evolutionary algorithms family.

2.4.2.1 GA

Genetic algorithms were developed by Holland, 1973, who drew inspiration from
the natural process of evolution, particularly the operations on chromosomes and
genes. GA is population based, thus a group of solutions, named a generation
or population, is considered in an iteration instead of only one element. This
population represents a group of solutions, named chromosomes. The algorithm
is composed of three main genetic operators: selection, crossover, and mutation.

• Selection: Consists of selecting of parents for crossover and mutation where
these chromosomes will be used to generate the new population, also named
"offspring". Selection can be random or tournament based. The main focus
is on selecting high quality parents, since based on the elitism principle, high
quality parents tend to give high quality child chromosomes. The choice of
a selection strategy depend on the problem at hand.

• Crossover: Consists of combining the chromosomes from the two parents to
give offsprings, usually by cutting the parents’ chromosomes into two halves
and combining each parent’s part with the other one’s to generate two new
child solutions.

• Mutation: The smallest unit of a chromosome is known as a gene. Con-
sequently, the mutation operator modifies a gene of the child chromosome
randomly, thus preventing the replication of identical solutions present in
the parent population.

2.5 multi-objective optimization

In practical situations, a decision-maker is interested in optimising a number of
objectives simultaneously, rather than just one as in the mono-objective case. This
may, for example, involve minimising production time while minimising produc-
tion cost. In this case, mono-objective optimisation methods, when applied in their
mono-objective form, are not applicable since they are based on a comparison of
solutions evaluated according to a single criterion, resulting in the identification
of a single "best"—Or "optimal" if we are employing an exact solution approach—
(minimal or maximal) solution among the compared ones.
Thus a new class of optimization have emerged named Multi-objective Optimization.
Where the optimization problem with two objectives f1 and f2 takes the following
structure:
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Minimize (or maximize): f1(x), f2(x)

Subject to: gi(x) ≤ 0, i = 1, . . . , m,

hj(x) = 0, j = 1, . . . , p,

Thus multi-objective optimization methods return the "best"—Or "optimal"— (min-
imal or maximal) set of solutions instead of only one solution.

In the context of mono-objective optimisation, a solution A is said to be "better"
than a solution B if, in a minimisation problem, f (A) < f (B). However, in the
context of multi-objective optimisation, where multiple objectives are considered,
this is replaced with the concept of dominance. In this case, solution A is said to
"dominate" solution B if A improves at least one objective over B without deterior-
ating at least another objective.
It can be observed that multi-objective optimisation methods result in the gen-
eration of a set of non-dominated solutions, wherein none of the solutions are
dominated by any other known solution.
A solution that is not dominated by any other feasible solution is defined as a
"Pareto optimal solution". A set of Pareto optimal solutions for a given problem is
referred to as the Pareto front3.

Figure 2.2: Representation of Pareto front and dominated solutions for a case with two
objectves (Talbi 2009).

2.5.1 Harmony and Conflict

While multi-objective optimization deals with problems that have multiple object-
ive functions, not all problems with multiple objectives are considered as multi-
objective optimization. In certain cases the objectives are dependent where minim-

3 Sometimes referred to as the "True Pareto front".



2.5 multi-objective optimization 37

izing one would directly minimize the others. For example in a problem with the
objectives of minimizing the energy cost and minimizing energy consumed, since
energy cost is computed as energy consumed multiplied by the unit energy price,
minimizing one of these objectives will automatically minimize the other,thus this
problem can be converted into a mono-objective optimization problem.
In such a case, where only one optimal solution exists in the Pareto front, the ob-
jectives are said to be in "Total harmony" (Chugh et al., 2023), and mono-objective
optimization methods should be used.
Conversely, two objectives are said to be in "conflict", if there’s at least two different
solutions in the true Pareto front. There are multiple metrics used to quantify the
level of conflict between objectives (See Chugh et al., 2023).

2.5.2 Scalarization techniques

Once we have established that we have conflicting objectives in a problem. There
are multiple approaches for solving the problem. We are interested in two main
approaches relevant to our thesis. First consists of solving multiple sub-problems
where each one yield a non-dominated solution. Second, are population based
methods where a set of solutions are considered at a time and updated in every
iteration.
In the first type of approaches, the multi-objective problem is converted into mono-
objective problems using a "Scalarization technique" (Talbi 2009).

2.5.2.1 Weighted Sum

In the weighted sum technique, a weight wi is assigned to each objective4 and the
sum of all objectives is minimized. By varying the weights of objectives the user
can explore different zones of the Pareto front. Usually ∑i wi = 1. The problem
becomes:

Minimize (or maximize): w1 f1(x), w2 f2(x)

Subject to: gi(x) ≤ 0, i = 1, . . . , m,

hj(x) = 0, j = 1, . . . , p,

2.5.2.2 ε-Constraint

In the ε-constraint technique, the problem consists of minimizing only one object-
ive, subject to constraints on the other objectives. A constraint limit is defined to

4 Usually the weights are defined by decision maker.



38 optimization methods

limit the values of other objectives, and are set to control the zones of the objective
space searched. The problem structure becomes:

Minimize (or maximize): f1(x)

Subject to: gi(x) ≤ 0, i = 1, . . . , m,

hj(x) = 0, j = 1, . . . , p,

f2(x) ≤ ε

2.5.2.3 Normal-Boundary Intersection

Introduced by Das and Dennis, 1998 the Normal-Boundary Intersection method
demonstrated its independence from the relative scales of the objective functions,
and proved to be efficient in generating an evenly distributed set of points in the
Pareto set when provided with an evenly distributed set of parameters. This is a
notable advantage compared to the popular weighted sum method, which lacks
this property (Das and Dennis 1998). Furthermore, the NBI method allows for an
effective solution search control by adjusting the β vector, which is easier than ε-
constraint bounds especially when the Pareto front shape is not known. By varying
β values we can explore different regions of the search space. This attribute makes
it easy to implement and also to control the search process.

The method comprises three key phases: i) Initially, the ideal point is determ-
ined by minimizing each objective individually. ii) Subsequently, the ideal point
is utilized to construct the payoff matrix Φ. iii) Lastly, a new subproblem is for-
mulated and a new real variable t is introduced. The new objective becomes the
maximization of t.

This objective function and constraints represent the typical structure of NBI sub-
problems (for more details, see Vahidinasab and Jadid, 2010). These subproblems
are solved for various values of β1 and β2 with n̂ being the unit normal vector.

maximize: t

Subject to: gi(x) ≤ 0, i = 1, . . . , m,

hj(x) = 0, j = 1, . . . , p,

Φβ1 + tn̂1 = f1(x)

Φβ2 + tn̂2 = f2(x)

2.5.3 Multi-objective Metaheuristics

As with the mono-objective case, metaheuristics are employed as approximation
methods in multi-objective optimisation. The resulting solutions comprise a set of
non-dominated solutions, which is referred to as a "Pareto front approximation".
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2.5.3.1 NSGA-II

The most well-known extension of the GA for multi-objective optimisation is
NSGA-II, developed by Deb et al., 2002, which has been extensively employed
in the domain of multi-objective optimisation. It has demonstrated particular ef-
fectiveness in solving process planning with RMS problems(See chapter 3).
The method comprises a non-dominated sorting and crowding distance mechan-
ism, which produces a set of non-dominated solutions, starting from an initial
population. The specific steps and details of NSGA-II can be found in Algorithm
1, with the population size denoted by Populationsize, the crossover probability by
Pcrossover, and the mutation ratio by Rmutation.

Data: Populationsize, Pcrossover, Rmutation, limittime
Result: Non-dominated solutions
ParentPopulation← Initial population;
while CPUtime < limittime do

Generate childPopulation from ParentPopulation (Pcrossover, Rmutation) ;
population = ParentPopulation ∪ childPopulation;
F = fastNonDominatedSorting (population);
i = 0;
while |newPopulation| + |Fi| ≤ Populationsize do

Add Fi to newPopulation;
i = i + 1;

end
Fi = crowdingDistanceSorting(Fi);
while |newPopulation| < Populationsize do

Add an element from Fi to newPopulation;
end
ParentPopulation = newPopulation;
Update CPUtime;

end
Algorithm 1: NSGA-II

The two essential parts of NSGA-II are:

• Fast Non-dominated sorting: In this operation the solutions of a given pop-
ulation are grouped into "fronts". Between solutions belonging to the same
front, no solution is strictly better than any other solution of the same front.
This operation takes the majority of total computational time of NSGA-II
(Fang et al., 2008).

• Crowding distance: After solutions are ranked in fronts, solutions of a front
undergo another ranking which is named crowding distance. The crowding
distance is defined as the circumference of the rectangle defined by its left
and right neighbours, and infinity if there is no neighbour.
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2.5.3.2 MOEA/D

MOEA/D, introduced by Q. Zhang and Li, 2007, has emerged as a powerful
competitor to other evolutionary algorithms, such as NSGA-II (H. Li and Zhang,
2008; Q. Zhang and Li, 2007). This metaheuristic operates by decomposing the
multi-objective problem into single-objective subproblems, with different weights
assigned to the objectives for each solution in the population. The objective is
to simultaneously optimise multiple conflicting objectives, thereby generating a
diverse set of non-dominated solutions that capture the trade-offs between object-
ives.
A variety of decomposition approaches have been proposed, including the
weighted sum, Tchebycheff, and boundary intersection (for further details, please
refer to Q. Zhang and Li, 2007). The Tchebycheff decomposition is employed,
whereby solutions are compared based on the maximum normalised difference
relative to a reference point. The specific algorithmic details of MOEA/D are illus-
trated in Algorithm 2.

Data: Populationsize, Pcrossover, Rmutation, T, limittime
Result: Non-dominated solutions
ParentPopulation← Initialize population;
Determine the reference point

zi = min{ fi(x1), fi(x2), ..., fi(xN)}, i = 1, ..., m;
Generate the random weight vectors w1, ..., wN ;
Compute the Euclidean distances between every two weight vectors and

then determine the T closest weight vectors to each weight vector;
while CPUtime < limittime do

Generate childPopulation from ParentPopulation (Pcrossover, Rmutation, T) ;
Update the reference point zi;
Update ParentPopulation with the solutions from childPopulation for

neighbor subproblems based on the Tchebycheff approach;
Update non-dominated solutions F0 = NonDominatedSorting
(childPopulation);

Update CPUtime;
end

Algorithm 2: MOEA/D algorithm

2.6 performance indicators

When comparing two Pareto front approximations, identifying the best front might
not be an easy task, such as the example of two fronts presented in figure 2.3. Thus
performance indicators are used to evaluate the quality of the different obtained
Pareto fronts approximations. According to Audet et al., 2021 there are four cat-
egories of multi-objective performance indicators: Cardinality indicators, Conver-
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Figure 2.3: Representation of two Pareto front approximations for the case with two object-
ives (Talbi 2009).

gence indicators, Distribution and spread indicators, and indicators that combine
Convergence and distribution.

2.6.1 Cardinality indicators

Cardinality indicators are used to quantify the number of non-dominated points
generated by an algorithm.

• Number of Solutions (NS): represents the number of solutions found (|A|), a
higher value of NS means more solutions found, regardless of the quality or
the spread of these solutions.

• C-metric: denoted as C(A,B), is a measure used to assess the dominance
relationship between the two sets of solutions A and B (He et al. 2022; P. Li et
al. 2023). It calculates the proportion of solutions in set B that are dominated
by at least one element within set A. Its value ranges from 0 to 1 (inclusive)
where:

– A value of C(A, B) equal to 0 implies that no solution in B is dominated
by any solution in A (ideal scenario for set B meaning that B completely
dominates A).

– A value of 1 signifies that all solutions in B are dominated by solutions
in A (worst case for set B).

It should be noted that C(A, B) does not necessarily equal C(B, A). The C-
metric is calculated using the following formula:

C(A,B) =
|{X2 ∈ B|∃X1 ∈ A, X1dominatesX2}|

|B|
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2.6.2 Convergence indicators

These indicators measure how close a set of non-dominated points is from the true
Pareto front in the objective space.

• Generational distance (IGD): computes the average distance between the
points in the obtained Pareto front approximation and their nearest point
from a reference set. The reference set is generally represented by the true
Pareto front.

2.6.3 Distribution and spread indicators

These indicators quantify the distribution of a Pareto front approximation. Focus-
ing mainly on the aspect that points should be far away from each other, and that
they are uniformaly distributed.

• Spacing metric (SM): reflects the diversity of solutions within an obtained
front. A lower SM value indicates a more even distribution of solutions
across the front, suggesting good diversity (Khezri et al. 2021; P. Li et al.
2023). SM is calculated using the following formula:

SM =

√
∑|A|i=0 (di − d̄)2

|A|

Where di is the normalized rectilinear distance between the point i and the
closest point to it, and d̄ is the mean value of all distances.

2.6.4 Convergence and distribution indicators

Capture both the properties of convergence and distribution.

• Hypervolume (HV): represents the objective space covered between the solu-
tion points and a reference point Zre f . In our case, we set Zre f as Zmax

i ,
representing the maximum value of objective i from the reference set (Talbi
2009). Figure 2.4 illustrates the space represented by the HV indicator as well
as a reference point Zre f .
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Figure 2.4: Hypervolume indicator for Pareto front approximation. (Talbi 2009)

2.7 conclusion

This chapter presented an overview of the subject of optimisation methods. We
began by introducing the concept of optimization in general, with a particular
emphasis on mono-objective optimization, which consists of a single objective.
This field can be divided into two main categories of solution methods: exact
and approximate. Approaches that guarantee optimality of the solution generated
are classified as exact solution methods. In contrast, approximate methods are
faster but do not guarantee optimality. We have discussed some exact solution
approaches, placing particular focus on linear and dynamic programming. In the
case of approximate methods, we have introduced the concepts of both heuristics
and metaheuristics.
Conversely, multi-objective optimisation is concerned with cases where more than
one objective must be optimised. We have presented a number of Scalarization
techniques, with a particular focus on the NBI strategy. Subsequently, two evolu-
tionary multi-objective optimisation metaheuristics were presented: NSGA-II and
MOEA/D. Ultimately, the quality of the obtained solutions is evaluated through
the use of performance indicators. The four categories are introduced, namely car-
dinality, convergence, spread, and both convergence and spread-based indicators.
The section gives particular emphasis on those employed in this thesis.
The following chapter presents a review of the literature on production planning
problems for RMS, with a particular focus on the optimisation methods employed
to solve these problems.
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A N A D A P T E D L I T E R AT U R E R E V I E W O N
P R O D U C T I O N P L A N N I N G A N D R M S
L I T E R AT U R E

This chapter presents a literature review on production planning, with an em-
phasis on process planning and lot-sizing, it presents also the related production
planning literature on RMS. It begins with a broad overview of production plan-
ning and lot-sizing activities. It then explores the process planning function in
depth before moving on to RMS systems and RMS-related literature reviews. It
concludes the chapter by presenting RMS related papers for process planning, pro-
duction planning, and the integration of both.

3.1 production planning

As outlined in chapter 1, production planning is an umbrella term encompassing a
range of activities related to the planning of the execution of production processes.
Given the focus of this thesis on lot-sizing and, to a lesser extent, scheduling, we
will primarily focus on the first activity’s literature in this section.

3.1.1 Lot-sizing

As previously stated, lot-sizing can be classified into two categories: single-item
and multi-item. The problem addressed in chapter 6 is a single-item one.
Despite being a special case of the multi-item problem and "easy" to solve (polyno-
mial), the Single-item Lot-sizing problem (SILSP) has nevertheless attracted consid-
erable interest from researchers, with Brahimi et al., 2006 conducting a literature
review on the subject, which they updated later in Brahimi et al., 2017.
This interest is primarily due to the fact that SILSP models certain tactical pro-
duction and distribution problems. Furthermore, SILSP arises as a sub-problem
in a number of lot-sizing problems, including multi-item lot-sizing (Brahimi et al.
2017).

45
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The main focus in this thesis is on deterministic, finite planning horizon SILSP,
which are solved mostly in a Mono-objective context, focusing on minimizing the
total cost.
These problems consist of a finite number T of periods during which production
takes place, and in each period a known demand quantity of the item has to be
satisfied. The production plan (i.e., lot sizes) has to fulfil this demand while min-
imizing the total cost, usually composed of production costs pt, holding costs ht,
and setup costs st with t being the index of periods.

Lot-sizing problems can be further classified depending on the periods length
to, small and big-bucket problems. Small bucket problems have short production
periods, usually used to model multi-item problems, allowing only a production
of one item or setup of the machine in a given period. The extension to a more
generalized model of the problem is big bucket models, where periods are longer
so that a period can have production of multiple products and/or setups (Quadt
and Kuhn 2008).

The pioneering work in the field of SILSP was conducted by Wagner and Whitin,
1958. Their seminal paper studied the Uncapacitated SILSP proposing a DP al-
gorithm that runs in O(T2) and in O(T) in the case with no speculative motives1.
The DP is developed based on two key properties:

• Property 1: Production is only possible in a time period t in which the in-
ventory level entering that period is zero. Thus, the quantity produced in a
period (xt) is equal to zero if the inventory level (It−1) is non-zero.

• Property 2: When production occurs in a period t, the quantity manufactured
is equal to the demand of an integer number of future periods of t (i,e.,
xt = ∑t+n

i=t di with n ∈ Z).

Later on, the DP of W-W have been used to solve multiple extensions of SILSP.
Zangwill, 1966 generalized the DP to solve the problem with backlogging. When
backlogging is allowed in a problem the demand for a period can be satisfied from
inventory of a future period with a certain penalty cost named backlogging cost
bt.
On the contrary, another alternative is the case with lost sales, in this extension the
demand that isn’t satisfied in its period will be lost. Aksen et al., 2003 extended
W-WDP, using W-W properties to develop a O(T2) DP for the SILSP with lost sales.

When capacity constraints are considered, the problem is said to be "Capacit-
ated" (See chapter 1, section ??). Capacitated SILSPs are harder to solve than their
Uncapacitated counterparts. However some cases are proven to be polynomially
solvable depending on the structure of the production, setup, and holding costs as
well as the structure of the capacity limit (Brahimi et al. 2006).

1 no speculative motives is the case where pt−1 + ht−1 ≥ pt ∀t ∈ T.
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In some real world planning problems it is not sufficient to only consider capacity
limits on production, but also on inventory level, Love, 1973 was the first to model
this problem and solved it using an O(T3) DP which was later improved to O(T2)

by Toczylowski, 1995.
In contrast to the general case where xt can take any integer value, some pro-

duction systems manufacture products by batches, these problems are modelled
with constant batch sizes or step-wise production constraints on lot sizes. In such
a case, production is conducted in fixed-size batches, with the decision being on
the number of batches to produce in a given period.
Such a work can be found in Van Vyve, 2007 who proposed an O(T3) algorithm
for SILSP with batch sizes and backlogging.

As mentioned in chapter 1, the objective of a lot-sizing problem is to find an op-
timal balance between two contrasting approaches: a high number of setups with
low inventory carried, and a low number of setups with high inventory carried.
However, in certain cases, it is challenging to accurately determine the precise (or
best) setup cost. It is more practical to estimate a minimum batch size (referred to
in lot-sizing literature as Minimum Order Quantity (MOQ)) below which it would
not be cost-effective to produce (Anderson and Cheah, 1993).
This represents another class of lot-sizes related constraint, in such a case, if xt > 0
then production must surpass a certain minimum value Lt, (xt ≥ Lt).
Anderson and Cheah, 1993 was the first to model the problem, they developed a
pseudo polynomial DP for solving the Uncapacitated SILSP with fixed MOQ (not
time variant), they also employed the DP in a Lagrangian relaxation heuristic to
solve the multi-item version.
Later, Okhrin and Richter, 2011a developed an O(T2) DP for solving the prob-
lem with constant production and holding costs and fixed MOQ, whereas they
developed an O(T3) DP in Okhrin and Richter, 2011b for the extension of the prob-
lem, adding fixed capacity limit.
As an extension to the work of Okhrin and Richter, 2011b, Hellion et al., 2012 pro-
posed an O(T6) algorithm for the problem with concave production and storage
costs.
For the case with time-varying MOQ, Park and Klabjan, 2015 considered non-
increasing linear costs and non-increasing Lt, proving that it is a polynomial case,
and providing a polynomial algorithm.
Absi et al., 2016 studied the complexity of the Uncapacitated SILSP with MOQ and
proved that it is NP-Hard in the general case of MOQ (general time-variant).
Table 3.1 is retrieved from Park and Klabjan, 2015 which classifies MOQ related
lot-sizing papers.

Other works consider changes to cost function structures, with a particular fo-
cus on production and holding costs. In Wagner and Whitin, 1958, a fixed holding
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Table 3.1: Polynomial cases of lot-sizing with MOQ as classified by Park and Klabjan, 2015.

Constant capacity Uncapacitated

Fixed MOQ Hellion et al., 2012
Okhrin and Richter, 2011b

Okhrin and Richter, 2011a
Anderson and Cheah, 1993

Time varying MOQ Park and Klabjan, 2015 L. Li et al., 2011

cost (ht) is incurred with each unit stored. Thus, the holding cost function is linear,
taking the form ht It. Furthermore, the production cost is given by the expression
ptxt + stδ(xt), with δ(xt) = 1 if xt > 0 and zero otherwise. However, other cost
function structures exist, see Brahimi et al., 2017 for more details.
Additionally other costs can be added other than for production, setup and stor-
age, such as startup costs. In SILSP a startup cost is incurred in a period where
xt > 0 and xt−1 = 0. These costs represent the cost of restarting the machine after
it was turned off previously. Karmarkar et al., 1987 was among the first to study
this problem, they proposed a DP as an extension of W-W that runs in O(T2), and
a Lagrangian relaxation for the capacitated case.
Independently, Wolsey, 1989 proposed valid inequalities and a polynomial separa-
tion algorithm for solving the problem.
In the majority of lot-sizing works that consider startups, a reservation cost or a
setup cost is included in the objective function Karmarkar et al., 1987; Wolsey, 1989,
such costs can be used to minimise the number of setups or reservations, though
even without startup consideration setup costs serve the same purpose.

3.1.1.1 Changeability in lot-sizing

Since our main focus is on reconfigurability, we have a particular interest in invest-
igating changeability consideration in lot-sizing classical works.
A similar concept to that of changeability in lot-sizing can be found in manufac-
turing and remanufacturing-related works, whereby the system can be adjusted
from the manufacturing state to the remanufacturing state. While these works are
not entirely aligned with the RMS concept, they do exhibit certain similarities that
are worthy of examination. For example, Giglio et al., 2017 proposed a formula-
tion for the integrated lot sizing and energy-efficient job shop scheduling problem
in manufacturing and remanufacturing systems, where the processing speed to a
product can be adjusted, and the scheduling is mainly considered with sequencing
manufacturing and remanufacturing.
Another class of lot-sizing works that consider changeability in the system are
capacity adjustment works. In these problems the capacities of periods are ad-
justable from period to period. For example, Ou and Feng, 2019 developed a
model that optimizes production capacity decisions over multiple periods. Their
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model considers time-varying demand, capacity acquisition and adjustment costs,
demonstrating how flexible capacity adjustments can reduce overall costs.
Although numerous assumptions explored in the field of lot-sizing share similar-
ities with those of RMS, they nevertheless fail to adequately address the issue of
reconfigurability of machines and systems.

3.2 process planning

It is a commonly held view that the plans created by two human process plan-
ners for the same part will rarely, if ever, be identical. The variability observed
in manually generated plans, particularly when the objective is to achieve optimal
efficiency or specific criteria, underscores the significance of CAPP as a tool to ad-
dress these challenges (Chryssolouris 2013).
In their detailed review of CAPP, Xu et al., 2011 identified several key problems
types treated in CAPP literature, categorizing them as follows: tool selection, setup
planning, selection and sequencing of operations, decision-making models, integration
of process planning with production systems, and energy-conscious and energy-efficient
CAPP considerations.

As stated in chapter 1, CAPP can be categorized into generative and variant.
Generative CAPP systems are harder to develop. Still, some authors attempted to
develop generative CAPP models, such as Sadaiah et al., 2002 who developed a
CAPP for prismatic components. Variant CAPP, or retrieval process planning, on
the other hand, is relatively faster fore generating process plans however of lesser
quality.

One of the recent papers on process planning is Luo et al., 2022, who differs from
the normal process planning works, proposed a 0-1 mathematical programming
formulation to solve the flexible process planning problem where both sequencing
of operations and operations selection are performed. They considered tools and
TADs-related constraints as well as precedence constraints between operations.

3.2.1 Integrated Process and Production planning

As process planning is mainly focused on "how" and "how long" to manufac-
ture a product, it considers only one product at a time. Thus, when consider-
ing multiple products in process planning, we naturally integrate decisions from
production planning activities, mainly "when" and/or "how many" questions (see
Chapter 1). Integrated Process Planning and Scheduling (IPPS) is among the most
studied problems in this literature, where the "when" to perform different opera-
tions question is integrated with process planning decisions. IPPS has been con-
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sidered in S. Zhang and Wong, 2016, who studied the impact of varying different
sequence-dependent times, such as tool change and fixture preparation times, on
the makespan.

3.3 rms

This section presents an overview of the existing literature reviews on RMS, and
positions our thesis projects within their different classifications.

Multiple literature reviews have been carried out on RMS-related papers, cover-
ing various topics, including design methods for RMS, research and development
of RMTs, RMS design, management and industrial application, and sustainability
aspect in RMS. Andersen et al., 2015; Bortolini et al., 2018; Koren et al., 2018; Skärin
et al., 2022. The Yelles-Chaouche et al., 2021 review focused on optimization prob-
lems in RMS, with a sub-section dedicated to process planning problems.
The review by Andersen et al., 2015 begins by detailing their methodology, includ-
ing how they searched, retrieved, excluded, and categorized the reviewed papers.
Their classification framework is structured around six organizational levels pro-
posed in the literature. At the network level, strategic decisions, such as selecting
partners, are addressed. The factory level focuses on the factory layout aspects.
The segment level, closely related to the factory level, encompasses all activities re-
quired to manufacture and prepare products. Moving down, the system level con-
siders the manufacturing system, covering elements like process planning. Within
this system, the cell level focuses on subsystems, such as cell design, while the
workstation level addresses individual machines, including the design of RMTs.
The work presented in chapter 4 can be considered as system level, with the con-
sideration of factors that aren’t directly related to manufacturing (such as factory
layout), it can also reach the segment level, which makes it, according to the au-
thors, an interesting contribution since it differs from the classical "conceptual"
works in factory level to a more of a "functional" work.
In another study, Gadalla and Xue, 2017 explore the latest advancements and chal-
lenges in the development of RMTs, categorizing research into three main areas.
Architecture design often considers the choice between semi-open and open mod-
ular approaches, allowing for the addition or removal of machine modules. Con-
figuration design and optimization involves evaluating and optimizing configura-
tions and reconfiguration processes to identify the most effective designs. Lastly,
system integration and control focuses on designing interfaces and Open Archi-
tecture Controllers to enable the seamless transfer of motion, energy, and data
between different modules.
Koren et al., 2018 begin their discussion by introducing key concepts such as RMTs,
Reconfigurable Inspection machines, and RMS. Building on the six core character-
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istics of RMS, they outline six fundamental principles for designing such systems.
These principles emphasize the importance of cost-effective scalability to adapt
manufacturing system capacity to future market demands, as well as convertibility
to accommodate new products introduced by customers. They also highlight the
need for diagnosability through optimal integration of quality inspection within
manufacturing systems and stress the significance of customization by design-
ing systems around product families. Additionally, they advocate for maximiz-
ing productivity through the reconfiguration of operations and the reallocation
of tasks across machines, alongside implementing effective maintenance strategies
that balance machine reliability and overall system throughput. These principles
subsequently serve as a framework for classifying studies, the works presented in
this thesis falls under the principle 5 category.
A review that stands out for its thorough explanation and clarification of the RMS
paradigm, making it particularly insightful is that of Bortolini et al., 2018. Unlike
other literature reviews that often focus on a specific aspect of RMS, this study
takes a broader approach, covering multiple areas and topics. Additionally, in-
stead of rigidly categorizing or classifying studies, it introduces the concept of
research "streams," emphasizing that many works overlap across these streams or
subcategories. The authors identify five emerging and promising research streams,
spanning from conceptual models to empirical applications, offering a compre-
hensive perspective on RMS research.
Our work can be categorised as belonging to Stream 4, specifically within the plan-
ning and scheduling category. This encompasses the three sub-categories: schedul-
ing in RMS, process plan generation in RMS, and production planning for RMS.
However, with potential future extensions, it can be argued that our project has the
potential to be applicable across a wide range of contexts, particularly within the
Stream 3 sub-categories. Additionally, Stream 5 represents an interesting avenue
for further investigation, particularly given the dearth of research in this area, as
highlighted by the authors.
The papers discussed in Yelles-Chaouche et al., 2021 review are optimization prob-
lems in RMS. In the beginning, the authors give a brief explanation of the funda-
mentals of RMS. Next, as to objective functions are important in optimization prob-
lems, they state that there are two types of Objective Functions: Machine level and
systems level. The first considers machine-related functions (machine operating
cost, time, operational capability, etc.,). Meanwhile, the latter deals with system-
related ones (system purchase cost, time, reliability, modularity, etc.). For solution
approaches, we can find two main categories, exact methods such as Mathematical
modelling (ILP, MILP, etc.), DP, and constraint generation. The second consists of
heuristic methods, mainly meta-heuristics (Genetic Algorithms, Simulated Anneal-
ing, Ant Colony Optimization, etc.,). Then the authors explain their classification
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of optimization problems, with four categories: RMS design, Production planning
and scheduling, Layout design, Line balancing.
Chapter 4 can be classified as belonging to the category of RMS design, specifically
within the process planning subcategory. In the case of chapters 5 and 6, however,
it can be argued that the problems treated are more accurately described as ones
of production planning and scheduling optimisation.
Table 3.5 summarizes the discussed literature reviews with their relative classifica-
tions.
An additional Literature review that deserves to be mentioned is Skärin et al., 2022.
It considers sustainability with RMS, as this field has gained growing interest in the
recent years. The authors emphasize that a company’s success should be evaluated
not only on financial performance but also on social and environmental impacts,
aligning with the concept of sustainable manufacturing as a key component of
global sustainable development. The authors categorized the reviewed papers ac-
cording to the triple bottom line of sustainability: economic, environmental, and
social. The paper concludes that while RMS can enhance responsiveness and cost
efficiency, there is a significant gap in understanding how RMS contributes to sus-
tainable manufacturing. The authors call for further research to establish clearer
connections between RMS characteristics and sustainability outcomes. Which we
cite as a perspective in chapter 7.
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Table 3.2: Summary of classifications used in major RMS literature reviews.

Literature review Classification

Andersen et al., 2015 Five categories of reconfigurable-manufacturing related papers, since the authors decided to consider the factory and segment levels as one:
Network, Factory and segment, System, Cell, Workstation.

Gadalla and Xue, 2017 Four categories of RMT-related works:
Fundamentals on RMTs, Architecture design composed of three sub-categories: (Semi-open architecture, Open architecture, Integral architecture,)
Configuration design and optimization composed of two sub-categories: (Configuration design, Configuration optimization,)
System integration and control composed of two sub-categories: (System integration, System control.)

Koren et al., 2018 Six categories of works based on RMS design principles:
Capacity planning by utilizing Principle 1, Functionality planning by utilizing Principle 2, Maintaining product quality by utilizing Principle 3, Formu-
lating a product family by utilizing Principle 4, Process planning and line balancing by utilizing Principle 5, Optimizing maintenance operations by
utilizing Principle 6.

Bortolini et al., 2018 Five research streams:
Stream 1 Reconfigurability level assessment.
Stream 2 analysis of RMS features. Modularity. Integrability. Diagnosibility. Convertibility. Customisation. Scalability.
Stream 3 analysis of RMS performances. Strategic perspective. Operational perspective. (Responsiveness. System complexity. Quality. Availability and
reliability.) Sustainability perspective.
Stream 4 Applied research and field applications. Inbound reconfigurable transportation systems. Layout problem. Product family formation for RMSs.
Reconfigurable cellular manufacturing systems. RMS configuration selection. (Optimisation and sub-optimisation methods.) Planning & scheduling in RMSs.
(Scheduling in RMSs. Production planning in RMSs. Process plan generation in RMSs.)
Stream 5 reconfigurability toward industry 4.0.

Brahimi et al., 2019 Two classifications: Classification 1, Problem Type: composed of five categories:
Process planning, Layout design, Reconfigurability, (composed of three sub-categories: Configuration selection/generation, Reconfigurable cellular manufac-
turing systems, Optimal machine selection,) Planning, Scheduling,
Classification 2, Solution approaches: composed of four categories:
Mathematical programming, DP, Meta-heuristics, Heuristics,

Yelles-Chaouche et al., 2021 Four categories of RMS optimization problems:
RMS design, composed of four sub-categories: (Rotary machining system design, process planning, flow line configuration selection, RCMS/DCMS design.)
production planning and scheduling,
layout design,
line balancing and re-balancing.
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3.3.1 PP-RMS

The literature review Khan et al., 2022 address Process Planning for Reconfigurable
Manufacturing Systems (PP-RMS) related papers. Unlike traditional analyses, this
study introduces multiple classifications that consider both theoretical and prac-
tical aspects, enabling readers to position their work within the broader research
landscape and identify promising directions for future exploration. The theoret-
ical classification emphasizes research themes and RMS characteristics, while the
practical classification concentrates on problem types and solution methodologies.
This classification is summarized in Figure 3.1.
Furthermore, the paper’s discussion and future trends sections provide valuable
perspectives and propose potential avenues for further investigation, enhancing its
contribution to the field.

Figure 3.1: Classifications considered in the review of RMS process planning literature by
Khan et al., 2022

The works of chapters 4 and 5 can be classified according to the level of analysis
as production and machine level. The objective function is limited to time and
cost, however, future extensions may include quality and energy. In regard to the
model, we adhere to the linear model. With regard to the characteristics, we con-
sider modularity, given that the machines and tools represent modules. We also
consider the possibility of incorporating several other RMS characteristics. With
regard to the solution approach, an exact methods are proposed, and non-exact
methods for solving large instances. In considering evolutionary approaches, me-
taheuristics are also developed in chapter 5. In consideration of the nature of the
problem, our approaches are limited to deterministic problems, as the complexity
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of stochastic problems makes them difficult to address. With regard to the product
type, chapter 4 addresses single-type problems, while chapter 5 addresses a Mul-
tiple type products case. Chapter 6 is not a process planning work thus doesn’t
fall within this review’s classification.

Regarding TAD and as mentioned in chapter 1, eight TADs are considered in
the problems of chapters 4 and 5. It should be noted that we are not the first to
propose this set of TADs, several studies have employed it, with the specialized
TAD being designated as X in some papers, such as Y. Zhang et al., 2003, W. Li
and McMahon, 2007, S. Zhang and Wong, 2016, and Azab and ElMaraghy, 2007b.
However, these additional TADs were not considered in the majority of the PP-
RMS papers discussed in this section and Table3.3.

3.3.1.1 Constraints in PP-RMS

In PP-RMS problems, multiple constraints are considered, besides machines’ re-
configuration. Constraints related to operations precedence, production system
capability, and machine/turret/module position have been used more often (Khan
et al. 2022). Additionally, there are constraints related to demand satisfaction, in-
vestment budgets, and space and throughput.

The works discussed here primarily focus on research PP-RMS "classical works".
We mean by this term works published before 2020, that consider RMTs process
plan generation problem with precedence constraints between operations, and
tools and TADs related constraints. While each of the mentioned works contrib-
utes to the field, we do not delve into considerable detail, we will aim to provide
a concise summary. More recent works related to these studies can be found in
section 3.3.1.2.

One of the earliest contributions to the field is that of Gumasta et al., 2011. The
authors focus on evaluating different RMS configurations, proposing a reconfig-
urability index that incorporates key factors such as modularity, convertibility,
scalability, and diagnosability. This index is used to assess various configurations
through a Multi-Attribute Utility Theory-based approach.

In one of the earliest classical papers by Bensmaine et al., 2011, the authors ex-
plore the use of RMTs for machining a product with TADs and multiple available
tools. The study unfolds in two phases: the first phase involves process plan-
ning for a single unit containing three parts, while the second phase extends the
approach to multiple units. In this phase, non-dominated solutions are used to
develop a sequence of process plans. It’s worth noting that this approach was sim-
ilarly employed by Kazemisaboor et al., 2022.
In another classical work with RMTs and TADs, Bensmaine et al., 2012 employed
the Archived Multi-Objective Simulated Annealing (AMOSA) algorithm to solve
process planning problem, and used the Technique for Order of Preference by Sim-
ilarity to Ideal Solution (TOPSIS) method to rank the resulting solutions.
Chaube et al., 2012 expanded upon the original framework developed, where each
operation was assigned a single TAD, and the starting and completion times of
each task were calculated. This work laid the foundation for understanding the
integration of TADs in process planning.
An important advancement was introduced by Bensmaine et al., 2013c, by address-
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ing a problem involving a greater number of machines than in previous studies. In
this work, machine selection was treated as part of the process planning problem,
as only a subset of machines would be used. This paper was also significant for
being the first to incorporate a different mode of execution of operations and to
explore scenarios where an operation might require multiple TADs.

In another notable contribution, Bensmaine et al., 2013b shifted focus from pro-
cess planning to production planning, albeit still utilizing process planning as a
core component. Their approach addressed random client demand by generating
multiple process plans to meet these demands. The solution involved a combina-
tion of optimization to generate process plans for each period and simulation to
generate periods based on the demands received, thus integrating both planning
methods in a dynamic environment.
In a non-traditional approach focused on adaptive setup planning, which is a type
of process planning but incorporates more mechanical details than usual, and al-
though it touches upon scheduling, Mohapatra et al., 2013 work does so in a rather
unclear manner. The paper features three illustrative examples, which are insight-
ful, but it should be noted that the machines in question (3-axis, 4-axis, and 5-axis
machines) are not reconfigurable.
Building on their previous works Bensmaine et al., 2013a, introduce a unique com-
bination of process planning and load balancing, where process planning accounts
for the load balance of previously produced products within the RMS. It also in-
troduces a new execution mode with a "machine zero," functioning as an entrance
station for parts, marking a development in RMS design.
In another contribution, Bensmaine et al., 2014a focus on IPPS withi RMS, a
concept that had not been explored extensively in previous works. Their proposed
heuristic (online approach) for IPPS is compared to the traditional process plan-
ning followed by scheduling approach (also named offline approach) and demon-
strates superior performance. Two key parameters are calculated in the heuristic
which are machine availability and operation setup time. Despite its contributions,
the work had limited extension papers, even though the authors mention several
promising avenues for further research.
Bensmaine et al., 2014b present another noteworthy work in machine selection.
What sets this work apart is the inclusion of machine acquisition costs, adding a
financial consideration to the machine selection process that had been overlooked
in previous studies. However, it’s important to note that this work does not involve
machine changeover, which might be a limitation when considering the full scope
of machine reconfiguration in RMS.
Returning to the classical PP-RMS works with a focus on machine selection, Bend-
erbal et al., 2015 introduced a robustness index, which quantifies the time lost in
the event of machine unavailability. While the computation of this index is com-
plex and time-consuming, it remains a valuable contribution to the model, and the
authors successfully manage to solve the problem despite this challenge.
The same authors in Haddou-Benderbal et al., 2016 offered a different perspective
by addressing the real-time status of the shop floor. Their work involves a set of
available machines on which a pre-defined process plan is executed, though not
all machines are selected. The approach includes a heuristic that generates a new
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process plan each time a machine fails, and it also incorporates re-process plan-
ning when the machine is repaired. This paper builds on earlier work by the same
authors and introduces the robustness index, similar to previous studies, while
also incorporating real-time adjustments in process planning.
Dahane and Benyoucef, 2016 present a relatively traditional work, but with some
key differences. The work focuses on process planning with machine selection,
marking the first work where modular machines and maintenance considerations
are incorporated. Notably, this study excludes tools from the model and intro-
duces a machine reliability consideration along with a reconfiguration effort index,
both of which could serve as useful elements for future extensions of the work.
In another contribution to the field, Haddou Benderbal et al., 2017 focuses on ma-
chine selection integrated with process planning, and the authors explanation of
the flexibility index adds significant value. The flexibility index captures potential
alternative routes in the event of machine failure, although not in real-time process
planning.
A work that integrates process planning with layout design was presented in
Haddou-Benderbal et al., 2017, which deviates from traditional machine placement
considerations. Rather than focusing on the arrangement of machines, the study
concentrates on selecting which machines to use. The authors present three ob-
jectives: balancing machine usage, maximizing alternative process planning, and
minimizing layout evolution effort. This work leans more towards a machine se-
lection problem, rather than a traditional layout design problem.
An extension of the work was done in Benderbal et al., 2018, but this time dis-
tinct from traditional process planning problems, by focusing on layout design. In
this work, process plans are used as inputs to determine machine positions. The
authors first assign an importance index to each machine, which is then used to cal-
culate penalties for constraint violations. While this approach presents promising
possibilities for further development, the authors’ conclusion that the heuristic did
not perform well on medium-sized instances raises concerns, leaving room for ex-
pected future improvements or extensions.
Later Haddou Benderbal et al., 2018 return to a more familiar framework, combin-
ing machine selection and process planning with modularity considerations. Their
study focuses on minimizing time and cost, alongside maximizing a modularity
index composed of five aspects: module commonality, availability, suitability for a
product, diversification of machine usage, and fulfilment of common features by
modules. Additionally, they account for module change time and cost. The paper
is notable for its comprehensive literature review, citing 72 sources, and offers in-
triguing potential for extending the research to multi-unit problems. However, the
added complexity of modularity may render a mathematical model infeasible, as
the authors themselves suggest.
Touzout et al., 2018 contribute a typical process planning study, incorporating ob-
jectives related to time, cost, and the novel inclusion of Greenhouse Gas (GHG)
emissions. This is the first work to propose a mathematical model with an ex-
act solution approach for this problem. Notably, it is also the first study to test
multiple-sized instances. The authors combine an Iterative Multi-Objective Integer
linear programming (I-MOILP) model with AMOSA to enhance solution quality,
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however, the improvements achieved were modest, signalling the need for further
refinement in the approach. In a subsequent study, Touzout and Benyoucef, 2019b
introduce the concept of "triplets," where machine, configuration, and tool indices
are grouped together. The authors propose three approaches to solve the prob-
lem: I-MOILP, AMOSA, and NSGA-II, focusing on multi-objective optimization
with three objectives: time, cost, and GHG emissions. The study concludes that
NSGA-II outperforms AMOSA and highlights the importance of mutation percent-
age, noting that higher mutation rates lead to better solutions.
Khezri et al., 2020 focus on process planning. They propose an MILNP model that
addresses the process planning problem at two levels: the lower-level generates
process plans based on part requirements and energy loss objectives, while the
upper-level diagnoses the reliability of selected machines and tools. Despite the
slightly disorganized mathematical model, this work is valuable as a conference
paper offering insight into process planning and reliability diagnosis.
Massimi et al., 2020 tackle a process planning problem within the context of RMS
design, specifically focusing on the selection of machines. A distinctive feature of
their work is the modular structure of RMTs, which consists of basic and auxili-
ary modules, with the objective of minimizing energy consumption. They present
a non-linear mathematical formulation with six decision variables to model the
problem and utilize a heuristic to explore all feasible solutions, starting with the
definition of operation sequences. After solving four scenarios, the authors sug-
gest that metaheuristics are necessary for solving larger instances of the problem.
Further advancing this research area, Ameer and Dahane, 2023 proposed a method
that considers setup and process planning constraints, focusing on modular RMTs
and fixtures. Their two-stage approach begins with a heuristic for generating setup
plans and assigning fixtures for each setup. In the second stage, a GA is used to
optimize the process plan, aiming to minimize total costs associated with the re-
quired operations.
Table 3.3 provides a summary of the reviewed articles a classification based mostly
on considered constraints.
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Table 3.3: Summary of papers from PP-RMS (Process planning in reconfigurable manufacturing systems) literature.

Paper
Objective functions

Product Machine
Planning

Units
Solution Approach

Size of largest instance solved
Time Cost Other Process

planning
Production
planning

Massimi et al., 2020 Energy Two products of 6 and
10 operations

RMT 4 Single Heuristic that solve a MINLP 4 scenarios the biggest one has 10
operations and 8 machines

Khezri et al., 2020 4 4 Sustainability two parts composed of
three operations each

RMT 4 Multi MINLP model 2 parts, 3 operations each, 3 stages,
3 machines.

Touzout and
Benyoucef, 2019b

4 4 GHG emissions Part composed of fea-
tures

RMT 4 Single I-MOILP & AMOSA &
NSGA-II

Multiple sizes that goes from three
operations and machines to 100 op-
erations 20 machines

Touzout and
Benyoucef, 2018

4 4 GHG emissions Machining of a part
composed of opera-
tions

RMT 4 4 but not really
mentioned

Single I-MOILP and AMOSA and
some three other heuristics

Multiple sizes (goes from 4 opera-
tions, 4 units to 20 operations, 10
units)

Touzout et al., 2018 4 4 GHG emissions Machining of a part
composed of opera-
tions

RMT 4 Single I-MOILP and AMOSA and
A hybrid heuristic combining
the two

Multiple sizes (goes from 3 ma-
chines, 4 operations to 10 machines,
20 operations)

Haddou Benderbal
et al., 2018

4 4 Modularity Machining of a part
composed of features

Modular
RMT

4 machines and
modules selec-
tion

Single AMOSA to find optimal pro-
cesses and TOPSIS to rank
them

Benderbal et al.,
2018

Penalty (to what extent
the layout obtained vi-
olates the constraints)

Machining of a product
composed of opera-
tions

RMT it’s con-
sidered as
an input

Layout design Single Heuristic 6 machines, 9 positions, 12 opera-
tions

Haddou-Benderbal
et al., 2017

Average machine usage
& Impact of machine
unavailability & Layout
evolution effort

Three parts of the same
product family com-
posed of operations

Modular
RMT

4 layout design Single of
each part

AMOSA 10 machines, 3 parts, 14 different
operation

Haddou Benderbal
et al., 2017

4 Flexibility Machining of a product
composed of features

Modular
RMT

4 machine selec-
tion

Single NSGA-II and TOPSIS 10 machines, 22 configurations, 4
features, 15 operations, 5 tools

Dahane and
Benyoucef, 2016

4 4 Reconfigurability Machining of a product
composed of features

Modular
RMT

4 Single NSGA-II 6 machines, 13 configurations, 3
features, 12 operations

Haddou-Benderbal
et al., 2016

4 Robustness Machining of a product
composed of features

RMT 4 (real
time)

Single NSGA-II 10 machines, 3 features, 12 opera-
tions, and at least 4 tools
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Paper
Objective functions

Product Machine
Planning

Units
Solution Approach

Size of largest instance solved
Time Cost Other Process

planning
Production
planning

Benderbal et al.,
2015

4 Robustness Machining of a product
composed of features

RMT 4 Single NSGA-II 10 machines, 23 configurations, 3
features, 12 operations, and 4 tools

Bensmaine et al.,
2014b

4 4 Machining of a part
composed of subparts

RMT 4 Embedded Single NSGA-II 10 machines, 3 subparts, 10 opera-
tions,

Bensmaine et al.,
2014a

4 machining one unit of
two products of differ-
ent type

RMT 4 4 Single
of each
product
type

Heuristic using discrete
event simulator and for the
offline approach compared
they used AMOSA and GA

3 machines, 8 configurations, 2
products, 20 operations, and 10
tools

Bensmaine et al.,
2013a

4 Machine Load Machining of a product
composed of features

RMT 4 Load Balancing Single but
with con-
sideration
of of other
units

AMOSA 3 machines, 3 configurations each,
3 features, 11 operations,

Mohapatra et al.,
2013

4 4 Machine utilisation 3 example parts com-
posed of features with
there mechanical draw-
ings and details

3-axis, 4
axis, and 5-
axis based
machine
tools

4 with
adaptive
setup plan-
ning

4 Single Artificial immune system
AIS and GA

Part 1 with 14 features, part 2 with
22 features, part 3 with 31 features
and 6 primary locating surfaces

Bensmaine et al.,
2013b

4 4 Machining of a product
composed of features

RMT 4 4 Single (re-
peated)

GA to generate process plans
and Discrete event simula-
tion to generate periods

3 machines, 3 configurations each,
3 features, 11 operations, and
maybe 4 tools

Bensmaine et al.,
2013c

4 4 machining of a part
composed of features

RMT 4 Single NSGA-II 10 machines, 22 configurations, 3
features, 12 operations, and 5 tools

Chaube et al., 2012 4 4 machining of a product
composed of three
parts

RMT 4 Embedded Single NSGA-II 3 machines, 9 configurations, 3
parts, 12 operations, and 7 tools

Bensmaine et al.,
2012

4 4 Reconfiguration effort RMT 4 Embedded Single AMOSA and TOPSIS

Bensmaine et al.,
2011

4 4 machining of a product
composed of three
parts

RMT 4 Embedded Single and
Multi

NSGA-II (twice) 3 machines, 3 configurations each,
3 parts, 11 operations, and for
multi-unit 8 units
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3.3.1.2 Solution methods for PP-RMS

In our view, process planning is not as closely aligned with operations research
as scheduling or lot-sizing. It appears to us that process planning literature is
less concerned with issues such as NP-hardness and integrity gaps, ... which are
more prevalent in the field of operations research. To illustrate, a search on Google
Scholar for the term "lot-sizing" in September 2024 returned 58,300 results, while
the same search for "process planning" gave 274,000 results. A search for "lot-
sizing" and "NP-hard" gives 7,800 results, whereas a search for "process planning"
and "NP-hard" returns only 4,610. The discrepancy between process planning and
operations research communities cannot be justified by the assumption that pro-
cess planning is straightforward and simple from an operations research perspect-
ive. In fact, the simplest lot-sizing problem, SILSP of Wagner and Whitin, is still
a topic of study in operations research today. we believe that this discrepancy is
the primary obstacle to the advancement of process planning in comparison with
other production planning-related fields.

PP-RMS is an NP-Hard problem , That’s why most authors have opted for heur-
istic approaches for solving the problem, where it was found by Khan et al., 2022
that up to 60 % of the articles reviewed in their paper have used only heuristic
solution approaches, including metaheuristics.

The GA and its multi-objective optimization variant, the NSGA-II (Deb et al.
2002), are widely employed metaheuristics for addressing PP-RMS. In a study Dou
et al., proposed a GA as a solution method to minimize the capital cost associated
with configuring a single-part flow line in an RMS context Dou et al. 2011. Sim-
ilarly, Chaube et al., 2012 employed NSGA-II to optimize process planning, with
the objective of minimizing total cost and time. These costs and times are de-
pendent on machine and tool usage, as well as machine, configuration, and tool
changeovers. Bensmaine et al., 2013c later extended the problem by incorporating
machine selection, where the available number of machines exceeds the required
amount. In this scenario, a process planner must determine which machines to
select. However, their analysis did not consider the cost associated with selecting
a machine, which could be considered a limitation.
In their study, Haddou Benderbal et al., 2018 used AMOSA to solve the PP-RMS,
with non-dominated solutions ranked via the TOPSIS method. Subsequently, Khet-
tabi et al., 2021 conducted a comparative analysis of NSGA-II with NSGA-III, a
WGA, and a RWGA, with the objective of minimizing time, cost, GHG emissions,
and hazardous liquid waste. The findings indicated that NSGA-III exhibited su-
perior performance.
Heuristics, particularly those based on mathematical programming, have been rel-
atively understudied in the context of solving PP-RMS problems. The most pertin-
ent studies are those of Yazdani et al., 2022 and Massimi et al., 2020. In their study,
Yazdani et al., 2022 compared a Lagrangian relaxation-based heuristic with a math-
ematical model. However, their focus was on integrated process and production
planning, which differs from the problems discussed here (it will be discussed in
the next section).
In addition to time and cost, the objective considered in the study of Massimi et al.,
2020 was the minimization of energy consumption through the implementation of
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an exhaustive search heuristic, which entails the exploration of all feasible oper-
ation sequences. However, the approach was only applicable to small instances
(10 operations and 8 machines), making it impractical for larger problems. This
may explain the limited use of mathematical-based heuristics for solving PP-RMS
problems, as they have not demonstrated effectiveness for larger instances.
This dearth of heuristic utilization is apparent in the domain of RMS optimization
in general, as observed by Yelles-Chaouche et al., 2021, no studies have employed
mathematical programming heuristics for tackling these problems. The lack of
interest in such heuristics can be attributed to two factors: the complexity of multi-
objective optimization in RMS and the challenge of designing heuristics that are
both general and specific enough to address diverse problems effectively.

A notable shortcoming of the previously mentioned studies is the absence of
effective performance indicators for heuristic solutions, which has resulted in the
inability to determine the optimal or Pareto front solutions for the tested instances,
and thus the quality of solutions generated by heuristics can not be precisely as-
sessed (Luo et al., 2022). As indicated by Khan et al., 2022, exact solution meth-
ods were employed in only 33% of the reviewed works, predominantly through
solvers, and only 7% utilising both exact and approximate techniques, with exact
approaches typically constrained to small PP-RMS problem instances (See the last
column of Table 3.3).

In their study, Touzout and Benyoucef, 2019b addressed a sustainable RMS-PP
problem through the application of an exact method (I-MOILP) and two metaheur-
istics (AMOSA and NSGA-II). The I-MOILP model, based on two main decision
variables (Two main decision variables model (2MDV)), was evaluated on small in-
stances (The model is presented with some changes in chapter 4 section ??), while
the metaheuristics were applied to instances of varying complexity.
Subsequently, Khezri et al., 2021, among other works, used the same model. They
employed it with the augmented e-constraint method, comparing it with SPEA-II
and NSGA-II. The evolutionary approaches were observed to perform better and
taking less computational time, however, the tests were limited to a single instance
due to the high computational demands of RMS-PP. Despite the fact that several
studies have employed the formulation proposed by Touzout and Benyoucef, no
comparison has been made with other models.

From this literature review and Table 3.3, we have identified four research gaps:

• There are no lower bounds for PP-RMS problem in the literature.

• There is a lack of use of mathematical-based heuristics.

• A comparison between an exact and an approximate solution method is a
crucial yet often overlooked aspect of solution methods evaluation.

• A comparison of the mathematical formulation from the literature with al-
ternative formulations was not undertaken, despite the possibility of further
improvements.

The studies discussed in this subsection focus mostly on single-product process
planning, aligning with the dominant trend in PP-RMS research. According to
Khan et al., 2022, approximately 70% of the reviewed articles address this type
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of problem. However, multi-product process planning provides a more realistic
representation of manufacturing environments and holds greater potential for im-
proving the efficiency of RMS.

3.3.2 Multi-Product Process Planning

With the growing demand for diversified products, there is more focus on optim-
izing multi-product production. Therefore, the category of "integration of process
planning with production systems" from Xu et al., 2011 classification (see section 3.2),
has gained increasing attention.

Researchers have explored various problems involving the integration of pro-
duction and process planning, including those closely related to Multi-Product
process planning (MPPP) problem discussed in Chapter 5. Similar problems arise
in studies focused on multi-product assembly lines. For instance, Kant et al., 2020
addressed the formation of reconfigurable machine cells and the sequencing of
products on an assembly line, with the objective of minimizing the total time and
effort required for reconfiguration.
In another study, Stief et al., 2023 investigated the simultaneous optimization of re-
source selection, operation and machine allocation, and product sequencing. They
proposed a MILP model to address this problem and employed the normalized
weighted sum method for efficient solution generation.

Table 3.4 summarizes key research contributions on MPPP within RMS, high-
lighting their classifications and distinguishing features, as well as our two works
presented in chapters 4 and 5. It details the types of decisions integrated with
process planning, such as product sequencing, and specifies whether the products
considered are identical or of varying types. The scope of reconfiguration is also
analysed, differentiating between system-wide and machine-specific adjustments,
with our study focusing on machine-level modifications for RMTs. Additionally,
the table categorizes the studies based on optimization objectives, solution meth-
odologies, and the types of approaches used (exact or approximate).

IPPS for RMS has been extensively studied, with researchers proposing innovat-
ive methods to address the complexity of this problem, which combines two NP-
hard subproblems. For instance, Gao et al., 2021 proposed an online approach that
integrates process planning, scheduling, and layout design decisions into a unified
framework. Similarly, Bensmaine et al., 2014a focused on minimizing makespan
in the IPPS problem, comparing the effectiveness of online and offline strategies.
Their results showed that the online heuristic consistently outperformed the off-
line method in solution quality. These findings have inspired the prioritization of
online approaches in this research to tackle the challenges of the MPPP problem.
In addition to integrating scheduling, numerous studies have explored the com-
bination of process planning and product sequencing. This domain is referred to
as Multi-Unit process planning (MUPP) or Multi-Part Process Planning, depend-
ing on whether multiple product types are considered. For example, Touzout and
Benyoucef, 2019a addressed a multi-unit, single-type process planning problem by
utilizing the NSGA-II metaheuristic within an offline framework. Their approach
involved independently conducting process planning for each product, followed
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Table 3.4: Classification of MPPP (Multi-Product process planning) related papers with
two chapters 4 and 5 and a classification based on both theoretical and practical
factors.
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Process planning
combined with

Sequencing 4 4 4 4 4 4

Scheduling 4 4

Production
planning 4 4

System
Design 4 4

Product type
Single 4 4 4 4 4

Multiple 4 4 4 4 4 4

Reconfiguration level
System 4 4 4 4

Machine 4 4 4 4 4 4 4

Optimization
Mono 4 4 4

Multi 4 4 4 4 4 4 4

Approach
Online 4 4 4 4 4 4

Offline 4 4 4 4 4

Solution Method
Exact 4 4 4 4 4

Approximate 4 4 4 4 4 4 4 4 4

by sequencing the resulting plans. As highlighted in Chapter 1, online approaches
aim to concurrently integrate these decisions, thereby offering potential for en-
hanced efficiency and streamlined operations.
In addition, researchers such as Kazemisaboor et al., 2022 and Bensmaine et al.,
2011 have investigated MUPP using an offline approach. Their methodology in-
volved a two-phase decomposition comprising optimisation and simulation. In
their study, Kazemisaboor et al., 2022 found that NSGA-II was the most effective
metaheuristic among those tested, including AMOSA and Multi-Objective Particle
Swarm Optimization. This finding reinforces the popularity of NSGA-II in PP-
RMS (Khan et al., 2022). However, MOEA/D has recently emerged as a promising
alternative. In contrast to NSGA-II, MOEA/D avoids the calculation of crowding
distances, thereby offering computational advantages (Q. Zhang and Li, 2007). The
work in chapter 5 builds on these findings by comparing these two metaheuristics
for MPPP in an RMS environment.
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Musharavati and Hamouda, 2012 investigated the multi-part flow line planning
problem using simulated annealing, focusing on a bi-objective optimization ap-
proach to minimize costs while maximizing throughput. Their model featured a
flow line with serial stages supported by parallel reconfigurable machines, though
the use of unidirectional material handling equipment restricted the system’s flex-
ibility. To overcome this limitation, X. Gu and Koren, 2024 suggested incorpor-
ating a return conveyor or gantry into traditional flow lines. This modification
significantly improved the flexibility of the system, aligning it more closely with
the versatile nature of true RMS configurations.

While substantial advancements have been made in MUPP, many studies focus
on identical products, overlooking the variation within a product family. This
emphasis underscores the scalability characteristic of RMS but often neglects con-
vertibilitythe capability to adapt to different product types within the same family.
Bridging this gap requires approaches that address both scalability and convertibil-
ity, enabling RMS to effectively handle diverse and evolving production demands.
From the presented literature review and table 3.4, we have identified four research
gaps:

• Research into MPPP as an extension of the MUPP problem remains unex-
plored.

• The MOEA/D metaheuristic has not been applied to PP-RMS problems, nor
has it been directly compared to NSGA-II within this domain.

• While effective exact solution methods for small-scale MUPP problems are
absent in the reviewed literature, there is also no precedent for employing
online solution approaches in this context.

• The utilisation of an online solution approach for PP-RMS in a multi-product
context, with consideration of tools and TADs-related constraints, is a novel
approach that has yet to be explored.

• The application of online methods to address PP-RMS for multiple products,
considering tool and TAD constraints, is an innovative direction that has not
been pursued.

3.3.3 Lot-sizing with RMS

This section presents the most relevant literature on lot-sizing problems with re-
configurable machines. In addition to including literature that explicitly mentions
the term "RMS", other relevant paper that consider the changeability of machines is
also considered.

One of the earliest works to consider RMS with batch sizing is that of Abbasi
and Houshmand, 2011, who developed a mathematical model for optimising lot-
sizing in RMS using a genetic algorithm. The model focuses on efficiently adjust-
ing production rates and configurations to respond to fluctuating market demands
while minimising costs associated with changeovers and inventory holding. How-
ever, the problem considered was not discrete but rather continuous and stochastic.
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Furthermore, the authors adjust production rates rather than quantities. For each
product family, they define a set of configurations for processing.
Table 3.5 summarizes the most pertinent articles along with a classification and a
comparison with the work proposed in this chapter.

Studying the integrated lot-sizing and job-shop scheduling problem with recon-
figurable machines, Rohaninejad et al., 2022 developed an MILP for solving the
problem with the objective of minimizing the total cost including Inventory and
setup costs (time varying), and production, configuration changeover costs (non
time varying). Later, the same authors proposed an MILP and a decomposition
heuristic in Rohaninejad et al., 2024 for solving a similar problem, however this
time the scheduling considered was "semi-flexible2" since even though operations
are eligible to be processed on different configurations, there’s only one configur-
ation capable of processing an operation. Another limitation in this work is that
there’s no reconfiguration cost incurred when a reconfiguration occurs.

The problem of lot-streaming is similar to that of lot-sizing, however only one
period is considered and the demands must be subdivided across multiple lots on
different machines. The lot-streaming problem with reconfigurable machines was
addressed by Fan et al., 2023 and Fan et al., 2024 through the development of a
MILP model coupled with a matheuristic and a variable neighbourhood search al-
gorithm. Although these studies successfully address the lot-splitting of demands
across multiple lots, they fail to address the other decisions inherent to lot-sizing
problems, namely to balance production and storage.

From the literature review and table provided compared to previous sections,
it can be seen that the field of lot-sizing problems is relatively less studied in
the context of reconfigurability compared to other areas of production planning.
Furthermore, no studies have been conducted on the SILSP problem with recon-
figurable machines, with total cost considered as the objective function and with
startup costs and MOQ.

2 We name it semi-flexible since it is not a simple job-shop nor a flexible one.
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Table 3.5: Summary of the relevant lot-sizing literature that considers RMS or multiple modes of jobs processing.

Papers Explicitly
mentions Item Periods

Costs and times considered Objective
function Model Bucket MOQ Reconfigura

-tion level Workshop Solution
method

Pro Inv Set Rec Other

Rohaninejad et al., 2022 RMS LS Multi Multi C/T C C C/T Sum of costs Deter. Big Machine Flexible
Job-shop MILP

Fan et al., 2023 RMS LS Multi Single T T Total weighted
tardiness Deter. Small Machine Flexible

Job-shop

MILP &
Matheuristic

& Metaheuristics

Roshani et al., 2023 LS Multi Multi C/T C C/T Sum of costs Deter. Big Machine Single
Machine

MILP &
Fix-relax &

Metaheuristic

Rohaninejad et al., 2024 RMS LS Multi Multi C/T C C T Sum of costs Deter. Small Machine Semi-Flexible
Job-shop

MILP &
Decomposition Hr

Furlan et al., 2024 LS Multi Multi T C C/T Sum of costs Deter. Small Machine Flexible
Flow shop

MILP &
Heuristics &

Metaheuristic

Fan et al., 2024 RMS LS Multi Single T T Total weighted
tardiness Stoch. Small Machine Flexible

Job-shop

MILP &
Matheuristic

& Metaheuristics

Jiang et al., 2024 RMS LS Multi Multi T C C/T Makespan Stoch. Big Machine Flow
shop

MILP &
column-and-constraint

generation Algo.

Chapter 6 RMS LS Single Multi C/T C C/T Str Sum of Costs Deter. Big 4 Machine Single
Machine

MILP &
DP

C: Cost, T: Time, LS: Lot-sizing,
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3.4 conclusion

This chapter presented an overview of the literature on production planning and
RMS. The three main research streams that were emphasised were PP-RMS, MPPP
with RMS, and lot-sizing with RMS.
Although the problem of lot-sizing has a substantial body of literature, there are
only a limited number of applications that consider reconfigurable machines. Not-
ably, even in the context of SILSP, there is a dearth of literature that considers
startup costs in conjunction with MOQ.
Additionally, regarding the literature on the integration of process and produc-
tion planning decisions, particularly with regard to product sequencing, there is
a dearth of studies that have considered the sequencing of products of different
types, especially in a multi-objective context. Moreover, a comparison of the exact
and approximate solution approaches is crucial in this field. As for approximate
methods, the most frequently employed approach in PP-RMS is NSGA-II. How-
ever, there are other potential contenders that warrant further investigation, such
as MOEA/D, which is notably absent from the existing literature.
Furthermore, an examination of the literature on Single-Unit Process Planning
(SUPP) reveals that heuristics are rarely employed as a method, despite their suit-
ability for process planning problems. Additionally, an analysis of the largest
instances typically solved indicates a dearth of rapid methods that could facilitate
a deeper understanding of larger problems, such as LBs. These literature gaps will
be tackled in the following chapters.



4
S I N G L E - U N I T P R O C E S S P L A N N I N G W I T H
R M S

This chapter presents the single-product single-unit process planning problem,
which was studied within a workshop composed of RMT. In order to address
this problem, a number of approaches are presented. The proposed methodology
comprises two O-1 LP mathematical models, two Lower Bound (LB), and two
mathematical-based heuristics that can be used as Upper Bound (UB). To eval-
uate the quality of the proposed approaches, we conducted extensive tests and
provided a comprehensive discussion of the results, offering insights that emerged
from this analysis.

The remainder of this chapter is organised as follows: Section 4.2 presents the
problem under consideration, followed by a description of the mathematical mod-
els in Section 4.3. Next, section 4.4 presents the lower bounds, while section 4.5
outlines the heuristic procedure with its two variants (Heuristic 1.0 (H1.0) and
Heuristic 1.1 (H1.1)). Section 4.6 provides numerical examples and a detailed ana-
lysis of the obtained results. Finally, section 4.7 offers concluding remarks and
outlines future work directions.

4.1 introduction

In a reconfigurable environment, process planning serves as a crucial "soft-type en-
abler" for changeable manufacturing systems Azab and ElMaraghy, 2007b. In fact,
effective process planning is essential for ensuring the smooth processing of oper-
ations in any manufacturing system Azab and ElMaraghy, 2007a. The importance
of process planning is also evident at both small and large scales.

As previously stated in chapter 1 and 3, there are two principal categories of
process planning: retrieval and generative. While generative process planning is
capable of providing optimal process plans, practitioners often opt for retrieval
planning due to the considerable computational time required for the generative
approach. Computational power has advanced considerably in recent years, yet
process planning remains a time-consuming task, even without consideration of
complex manufacturing setups. As a result, there is a clear need for effective
solution methods for generative process planning.
In our work, the focus will be on solving the process plan generation problem,
which can be considered as a subproblem in the generative approach (Sadaiah et
al. 2002).

69
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The varying problem sizes and levels of technical details incorporated into the
process plan, which depends on the type of manufacturing environment con-
sidered, introduce an additional layer of difficulty Rembold et al., 1993. As a
result, some problems become challenging to solve with exact solution methods.
For instance, in a mass production setting where operators are typically not highly
skilled and the factory layout is product-oriented, the process plan needs to be
comprehensive and include specific details about each individual operation Scal-
lan, 2003. In such a context, the number of possible combinations and their per-
mutations grows exponentially, making it more difficult to generate even a feasible
solution, let alone the optimal one ElMaraghy, 1993.

The single-product single-unit process planning problem has been shown to be
NP-hard. The well-known NP-hard Travelling Salesman Problem (TSP) can be
reduced to an instance of our problem, where for each operation, an optimal ma-
chine, configuration, and tool must be selected, with consideration of precedence
constraints. These operations, thus, represent the cities to be visited, and an op-
timal route has to be selected, with the changeover times representing the distance
between the cities (Khan et al. 2022; Khettabi et al. 2022; Khezri et al. 2021; Massimi
et al. 2020).

An additional challenge in process planning is the potential infeasibility of
certain part designs due to designers’ limited understanding of production con-
straints, particularly in complex systems like RMS. It is not always easy for manu-
facturing teams to provide timely feedback on production time, cost, and quality
of a product design, especially in dispersed environments (Toussaint and Cheng
2002). This highlights the necessity for rapid process planning solutions, where
the representation of process planning knowledge also impacts the model’s per-
formance (Sormaz and Khoshnevis 1997).

The preceding sentences underscore the necessity for a combination of tools,
techniques, and algorithms that guarantee the generation of effective process plans,
readily available to designers, to facilitate decision-making in a reconfigurable en-
vironment, and the generation of alternative process plans when needed, enabling
further enhancement of product design ElMaraghy, 1993. This is what we try to
address in this chapter.

To tackle the previously mentioned literature gaps in chapter 3 section 3.3.1.2,
and as it can be seen on figure 4.1. Our work consists of solving the process plan
generation problem with RMS using a mathematical model based on one main
decision variable (One main decision variable model (1MDV)). We compared it
to a model based on a different modelling approach, taken from the literature,
based on two main decision variables (1MDV). We also developed two LB based
on relaxing the problem First Lower Bound (LB1) and Second Lower Bound (LB2).
1MDV and the LB1 were used to develop a heuristic with two variants H1.0 and
H1.1 to generate near-optimal (or optimal) solutions.

4.2 single-unit process planning

In this section, we describe the process planning problem studied with its corres-
ponding specifications. In SUPP problem addressed, a process plan is needed to
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Process planning in a reconfigurable
manufacturing system problem

Exact
(Mathematical model)

Non-Exact
(Heuristic)

H1.1H1.0

Lower
Bound

LB1 LB2

1MDV2MDV

Figure 4.1: Summary of the methods proposed in this Chapter.

manufacture a part on a set of RMTs, which dictates the sequence of execution of
operations and machines to be used. The process planning problem and its corres-
ponding constraints are described in this section.
As summarized in Figure 4.4, the manufacturing of a part on a set of RMTs in the
SUPP problem, requires the generation of a process plan that specifies the order in
which activities must be completed and the machines that must be utilized.

Figure 4.2: Description of process planning problem considered with the main elements
and decisions taken.

The SUPP problem depicted in Figure 4.4 can be decomposed into three main
steps: i) Machine selection, ii) Assignment of operations, and iii) Sequencing of
operations.
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Figure 4.3: Machine selection subproblem Mechaacha et al., 2024.

4.2.1 Machine Selection

The operations that comprise the parts must be processed on RMTs. A preced-
ence graph is a graphical representation that links the operations, while TADs and
candidate tools are required for each operation. Conversely, there is a set of n
candidate RMTs, which vary in processing speed and functionality for handling
the operations. The objective is to select the most suitable RMT in order to reduce
the overall manufacturing time of the part. Given that each RMT has a unique
configuration, a set of TADs is available, and each RMT can only use tools from its
tool magazine, it is necessary to take the operations’ requirements and processing
times into account in order to select the most suitable machines from the available
RMTs.

Figure 4.3 illustrates a scenario comprising three RMTs, each with two distinct
configurations and available TADs. It should be noted that only M2 has the unique
TAD capability. Furthermore, M1 has the capacity to utilise all six tools, whereas
M2 is only equipped with T1 and T6, and M3 has access to T2, T3, and T4.
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4.2.2 Assignment of Operations

The assignment of operations to machines is a fundamental aspect of process plan-
ning. Figure 4.4 illustrates the assignment of operations, in which M1 and M3 were
selected for the processing of the part with a total of five operations. In the initial
stage, the machines that are capable of processing each operation are identified
based on the requirements of the operations themselves. The candidate machines
are represented as squares in Figure 4.4 for illustrative purposes. For instance,
given that there is only one candidate machine (M3 for OP2 and M1 for OP5), no
decision needs to be made for the two operations. To reduce processing times,
the remaining processes were assigned to machines. The red arrows represent the
final assignment.

Figure 4.4: Assignment of operations to selected RMTs Mechaacha et al., 2024.

4.2.3 Sequencing of operations

The objective is to identify the optimal sequence of operations, with the aim of min-
imizing machine, configuration, and tool changeovers, while ensuring the preced-
ence requirements of the processes are adhered to. A process plan representation
is presented in Table 4.5, which may be read from left to right, column by column.
The initial column indicates that OP1, executed on machine M1 configuration C2
with tool T1, is the first operation to be processed. Subsequently, M2 processes OP4
using tool T1, configuration C2, and so forth. The changeovers between machines,
configurations, and tools are indicated by the arrows on the table.

There are three types of changeovers considered:

• Machine changeover: refers to the tasks involved in transferring a workpiece
from one machine to another, including preparation, cleaning, transportation,
and workpiece installation and removal from machines.
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Figure 4.5: A process plan representation Mechaacha et al., 2024.

• Configuration changeover: is the process of transforming a machine’s state
from one configuration to another by modifying the components of the RMT
or by adding modules or removing them.

• Tool changeover: refers to the operations involved in taking out the previous
tool and setting up the new one.

4.2.4 Illustrative Example

In this example, we generate a process plan for a piece composed of three oper-
ations executed on RMTs 1 and 2 with two and three configurations respectively,
we will not consider tools in this example. The data is in Tables 4.1, 4.2 ,and 4.3,
and the process plan obtained is presented in Table 4.4.

Table 4.1: Processing time/possible machines

Operation M1 M2

OP1 2 2

OP2 4

OP3 4

Table 4.2: Machine-changing time (tu)

M1 M2

M1 0 2
M2 3 0

Table 4.3: Configuration changing time (tu)

M1 C1 C2

C1 0 1

C2 3 0

M2 C1 C2 C3

C1 0 4 4

C2 4 0 4

C3 4 4 0
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Table 4.4: The Process Plan obtained for the illustrative example.

Operation OP1 OP2 OP3

Machine M1 M1 M2
Configuration C1 C2 C2

Figure 4.6 represents the Gantt chart of the process plan shown in the table 4.4.
The process plan can be interpreted from left to right column by column. So first,
our workpiece will be positioned in machine M1 set on configuration C1 to execute
operation OP1. Next, we will execute OP2 on the same machine (M1), but this time
it will be in configuration C2; this means we must change M1’s configuration from
C1 to C2. The final operation (OP3) will necessitate a machine change where the
workpiece will be transported from M1 to M2.

Exemple process plan

1 2 3 4 5 6 7 8 9 10 11 12 13 14

Production time

Machine 1

Configuration 1 OP1

Configuration 2 OP2

Machine 2

Configuration 1

Configuration 2 OP3

Configuration 3

Figure 4.6: Gantt chart of the process plan obtained for the illustrative example presented.

It is important to note that the Gantt chart representation, as illustrated in Figure
4.6, is not a common method for depicting process plans in the academic process
planning literature. Gantt charts are not an appropriate representation of process
plans, as they are designed to illustrate the moments in time when operations are
executed and their respective start and completion dates. The utilization of a
Gantt chart in this context is justified by my belief that it offers a clearer visual
representation of the sequence of operations and changeovers. It should be noted
that Gantt charts are more employed in the context of scheduling, rather than in
the domain of process planning, where process plans are usually presented in
tables or routing sheets.

4.3 problem formulation (mathematical models)

This section presents two mathematical models for solving the SUPP. The first
model features a single main decision variable (1MDV), and an extension for over-
lapping changeover tasks is also presented. The second model includes two main
decision variables (2MDV). Before proceeding to the models, the common nota-
tions and parameters utilized in both are first presented.
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To formulate the problem, the following notations are used:

Indexes

j Index of machines
l Index of configurations
u Index of operations
q Index of tools
t Index of TADs
s Index of positions

Sets

J Set of all machines
L Set of all configurations
U Set of all operations
Q Set of all tools
TAD Set of all TADs
S Set of all positions
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Parameters

m Number of available machines
T Number of available tools
NCj Number of available configurations for machine j
NOP Total number of operations
MTjq Equals to 1 if tool q is available on machine j
CTADjlt Equals to 1 if TAD t is offered by machine j in configuration l
OPTADut Equals to 1 if TAD t is required for the operation u
OPTuq Equals to 1 if tool q is required to execute the operation u
OPPuu′ equals 1 if operation u′ has to be processed after operation u
CCTimejll′ Configuration change time for machine j from configuration l to l′

TCTimeqq′ Tool change time from tool q to q′

MCTimejj′ Machine change time from machine j to j′

PrTimeuj Processing time for operation u on machine j
M A big number

4.3.1 First Mathematical model (1MDV)

The 1MDV 0-1 linear programming (0-1LP) model is based on one main decision
variable with five dimensions Pu

sjlq.
A main decision variable (MDV) is a decision variable from which all other de-

cision variables may be derived. The remaining decision variables are therefore
auxiliary, used to preserve the linearity of the model or facilitate its interpretation.
In the following 1MDV model, MDV is Pu

sjlq, while the remaining variables are
auxiliary. These are Zjss′ , Wsjj′ , Xsjll′ , and Ysjqq′ . This is because we can determ-
ine all changeovers that occur once we know the order in which each operation is
performed and the machine, configuration, and tool used.

Decision variables

Pu
sjlq equals 1 if operation u is in position s executed by

machine j in configuration l using tool q, 0 otherwise

Zjss′ equals 1 if machine j is used in positions s and s′

Wsjj′ equals 1 if there is a changeover from machine j to j′

between positions s and s + 1

Xsjll′ equals 1 if there is a changeover for machine j from
configuration l to l′ in position s

Ysjqq′ equals 1 if there is a changeover for machine j from tool q
to q′ in position s
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Objective function

Minimize: ftime = PT + MCT + CCT + TCT (4.1)

Processing time: PT = ∑
s

∑
u

∑
j

∑
l

∑
q

Pu
sjlq × PrTimeuj (4.2)

Machine changeover time: MCT = ∑
s

∑
j

∑
j′

Wsjj′ ×MCTimejj′ (4.3)

Configuration changeover time: CCT = ∑
s

∑
j

∑
l

∑
l′

Xsjll′ × CCTimejll′ (4.4)

Tool changeover time: TCT = ∑
s

∑
j

∑
q

∑
q′

Ysjqq′ × TCTimeqq′ (4.5)

Constraints

Zjss′ ≥ (1− ∑
s′′=s+1

∑
u

∑
l

∑
q

Pu
s′′ jlq) + (∑

u
∑

l
∑

q
Pu

sjlq + Pu
s′ jlq)− 2

∀j=1,..,m, ∀s=1,..,NOP−1, ∀s′=s+1,..,NOP (4.6)

Wsjj′ ≥∑
u

∑
l

∑
q

Pu
sjlq + Pu

s+1j′ lq − 1 ∀s=1,..,NOP−1, ∀j,j′=1,...,m (4.7)

Xsjll′ ≥ Zjss′ + (∑
u

∑
q

Pu
sjlq + Pu

s′ jl′q)− 2 ∀s,s′=1,..,NOP, ∀j=1,...,m, ∀l,l′=1,...,NCj

(4.8)
Ysjqq′ ≥ Zjss′ + (∑

u
∑

l
Pu

sjlq + Pu
s′ jlq′)− 2 ∀s,s′=1,..,NOP, ∀j=1,...,m, ∀q,q′=1,..,T (4.9)

OPPuu′ + ∑
j

∑
l

∑
q

Pu
sjlq + Pu′

s′ jlq ≤ 2 ∀s=2,..,NOP, ∀s′=1,...,s ∀u,u′=1,...,NOP

(4.10)
Pu

sjlq ×OPTADut ≤ CTADjlt ∀s∈S,∀u∈U,∀l∈L,∀q∈Q,∀j∈J,∀t∈TAD

(4.11)
Pu

sjlq ≤ MTjq ×OPTuq ∀s∈S,∀u∈U,∀l∈L,∀q∈Q,∀j∈J,∀u∈U (4.12)

∑
s

∑
j

∑
l

∑
q

Pu
sjlq = 1 ∀u∈U, (4.13)

∑
u

∑
j

∑
l

∑
q

Pu
sjlq = 1 ∀s∈S, (4.14)

Pu
sjlq, Zjss′ , Wsjj′ , Xsjll′ , Ysjqq′ ∈ {0, 1} (4.15)

The objective function in our models is to minimize the total production time
of the part, which is composed of machining time, tool changeover time, and ma-
chine and configuration changeover times, as shown in equation (4.1), and the
equations from (4.2) to (4.5). Constraints (4.6) establish a link between the utiliz-
ation of each machine and its subsequent position where it has been used, using
the variable Z. When there is a machine changeover between positions s and s + 1,
constraints (4.7) specify that. The occurrence of configuration and tool changes
is also specified by constraints (4.8) and (4.9) respectively. An operation is only
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executed if all its predecessors have been processed according to the constraints
(4.10). Each machine configuration must have the TADs necessary to process the
operations assigned to it, thanks to constraints (4.11). The constraints defined in
(4.12) ensure that each machine has at least one of the necessary tools available in
its tool magazine to complete the assigned operation. Each operation is performed
exactly once, following the constraints defined in (4.13). The constraints defined
in (4.14) indicate that a single operation is carried out at a time. The integrality
constraints are represented by (4.15).

4.3.1.1 Overlapping changeover tasks

To illustrate the extensibility of the 1MDV model and the distinction between the
process planning and scheduling activities, we will consider the following scen-
ario. A process planner has observed that in scheduling the changeover tasks are
performed by two different operators. One operator is responsible for transferring
the part from one machine to the next, while the other is tasked with preparing
the next machine, which involves configuration and tool changeover tasks. In this
case, a potential solution to integrate scheduling considerations into the process
planning model is to consider only the maximum between the machine changeover
time and the configuration plus the tool changeover times, instead of the sum of the
three changeovers. This problem has been previously addressed in the literature
Chaube et al., 2012 (See chapter 3), however, no linear programming mathematical
model was proposed to address it. In this scenario, the machine changeover and
configuration/tool changeover tasks are performed simultaneously.

To the previously defined 1MDV model, we add the following decision variable:

Decision variables

CHTimes The time of change tasks done in position s

We replace the changeover times by the total changeover time in the objective
function. We replace equations (4.1) by (4.16), and equations (4.3), (4.4), and (4.5)
by (4.17).

ftime = PT + TotC (4.16)

Total change time (TotC):
TotC = ∑

s
CHTimes (4.17)

And we add the following constraints:

∑
j

∑
j′

Wsjj′ ×MCTimejj′ ≤ CHTimes ∀s=1,..,NOP−1, (4.18)

∑
j
(∑

l
∑
l′

Xsjll′ × CCTimejll′) + (∑
q

∑
q′

Ysjqq′ × TCTimeqq′) ≤ CHTimes

∀s=1,..,NOP−1, (4.19)
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Theoretically, the model was correct, however, when implemented in the solver,
the results were partially inconsistent. It has been observed that certain machine,
configuration, and tool changeovers were unnecessarily added. This was due to the
decision variable Zjss′ being equal to one in multiple cases where it was supposed
to be equal to zero (machine j was not used in positions s or s′), which had a
domino effect on the other decision variables.

In the previous model, all changeover tasks were computed within the objective
function, thus the problem didn’t arise then. Consequently, when presented with
the option, the solver would prefer to set Zjss′ to zero rather than one. To ensure
that the variable Zjss′ is fixed to zero when necessary, the following constraints
have been added:

Zjss′ ≤∑
u

∑
l

∑
q

Pu
sjlq ∀j∈J, s=1,..,TNOP−1, s′=s+1,..,TNOP, (4.20)

Zjss′ ≤∑
u

∑
l

∑
q

Pu
s′ jlq ∀j∈J, s=1,..,TNOP−1, s′=s+1,..,TNOP, (4.21)

4.3.2 Second Mathematical model (2MDV)

The modeling approach developed by Touzout and Benyoucef was used to con-
struct the 2MDV model, which is based on the two main decision variables, namely,
xk

ij and ym
jk. If the k-th triplet is used to process the i-th operation at the j-th posi-

tion, the variable xk
ij takes on a value of 1. Similarly, if the m-th machine processes

an operation in the j-th position using the k-th triplet, the variable ym
jk takes on a

value of 1. In this context, triplets represent feasible sets of tools, machines, and
configurations.

Generation of triplets requires processing of data to identify every possible
triplet for each machine and operation. In contrast, our approach involved direct
utilisation of raw data. Consequently, modifications were necessary to the original
model Touzout and Benyoucef, 2019b to facilitate the breakdown of triplets into
three distinct indices: machines, configurations, and tools.

Decision variables

xjlq
us 1 if the uth operation is processed at the sth position using

the jth machine in the lth configuration using the qth tool,
0 otherwise

yjlq
s 1 if the jth machine is set in the lth configuration using the

qth tool at the sth position, 0 otherwise

cmsjj′ 1 if between position s− 1 and s, there has been a change
between machines j and j′, 0 otherwise

cclql′q′

sj 1 if between position s− 1 and s, there has been a change
from configuration l or tool q to l′ or q′ of machine j, 0
otherwise
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Objective function

Minimize: ftime = PT + MCT + CCT + TCT (4.22)

Processing time: PT = ∑
s

∑
u

∑
j

∑
l

∑
q

xjlq
us × PrTimeuj (4.23)

Machine change time: MCT = ∑
s

∑
j

∑
j′

cmsjj′ ×MCTimejj′ (4.24)

Configuration change time: CCT = ∑
s

∑
j

∑
l

∑
l′

cclql′q′

sj × CCTimejll′ (4.25)

Tool change time: TCT = ∑
s

∑
j

∑
q

∑
q′

cclql′q′

sj × TCTimeqq′ (4.26)

Constraints

The constraints can be classified into two main categories: those that were taken
from the original model and been modified to a limited extent (From constraints
(4.27) to (4.34)), and those that have been added and do not appear in the original
formulation as a result of the removal of triplets (From constraints (4.35) to (4.37)).
We will begin by examining the constraints that fall into the first category. These
can be found in Touzout and Benyoucef, 2019b, but with the addition of triplets.

∑
j

∑
l

∑
q

∑
u

xjlq
us = 1 ∀s=1,..,NOP (4.27)

∑
j

∑
l

∑
q

∑
s

xjlq
us = 1 ∀u=1,..,NOP (4.28)

∑
j

∑
l

∑
q

xjlq
us ×OPPuu′ ≤∑

j
∑

l
∑

q
∑
s′

xjlq
u′s′ ∀u,u′=1,..,NOP, ∀s=1,..,NOP (4.29)

∑
l

∑
q

yjlq
s = 1 ∀j=1,..,m, ∀s=1,..,NOP (4.30)

yjlq
s ≥∑

u
xjlq

us ∀j=1,..,m, ∀s=1,..,NOP, ∀l=1,..,NCj, ∀q=1,..,T (4.31)

∑
u

∑
l

∑
q

xj′ lq
us + xjlq

us−1 ≤ cmsjj′ + 1 ∀s=2,..,NOP, ∀j,j′=1,..,m, (4.32)

yjl′q′
s + yjlq

s−1 ≤ cclql′q′

sj + 1 ∀s=2,..,NOP, ∀j=1,..,m, ∀l,l′=1,..,NCj, ∀q,q′=1,..,T

(4.33)

∑
l

∑
l′

∑
q

∑
t′

cclql′q′

sj = 1 ∀s=1,..,NOP, ∀j=1,..,m, (4.34)

The second group of constraints that we introduced:

xjlq
us ×OPTADut ≤ CTADjlt

∀u=1,..,NOP, ∀j=1,..,m, ∀s=1,..,NOP, ∀l=1,..,NCj, ∀q=1,..,T, ∀t=1,..,8 (4.35)
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xjlq
us ≤ MTjq ∀u=1,..,NOP, ∀j=1,..,m, ∀s=1,..,NOP, ∀l=1,..,NCj, ∀q=1,..,T (4.36)

xjlq
us = 0 ∀u=1,..,NOP, ∀j=1,..,m, ∀s=1,..,NOP, ∀l=1,..,NCj, ∀q=1,..,T, q 6=OPTu

(4.37)
Two shortcomings are evident in the 2MDV modelling approach. Firstly, addi-
tional constraints are required to establish the relationship between the two de-
cision variables x and y, despite the fact that all the necessary information is con-
tained in the xk

i,j values. 2MDV needs yjlq
s to follow the potential changeovers in

machine configuration and tooling between any two positions where the machine
is utilized. However, it is unlikely that a machine’s configuration or tooling would
be changed unnecessarily, particularly when the objective is to minimize total pro-
duction time. This results in the second disadvantage, the unnecessary tracking of
the machines’ state in each position, despite the fact that only one machine is util-
ized at a time, implying that only one machine’s state may change in each position.
Furthermore, 2MDV does not permit the utilisation of data sets with changeover
times that doesn’t support the triangle inequality.

4.3.2.1 Valid inequality for 2MDV

We propose the valid inequalities (4.38) which effectively reduce the computation
time for a tested instance on 2MDV from 70 seconds to 7 seconds. Additionally,
they rectify the issue of compatibility with changeover times that do not comply
with the triangle inequality. However, in the tests conducted in Section 4.6, we
did not include these constraints in 2MDV because we believe it would provide an
unfair advantage over 1MDV, where no valid inequalities were used, and would
prevent a fair comparison between the two modelling approaches.

yjlq
s ≤ yjlq

s−1 + ∑
u

∑
l′

∑
q′

xjl′q′
us ∀j=1,..,m, ∀s=2,..,NOP, ∀l=1,..,NCj, ∀q=1,..,T,

(4.38)

4.3.2.2 Preliminary comparison 1MDV vs 2MDV

Table 4.5 presents the comparative results for the smallest instance (M1OP5) in
terms of the number of binary variables and constraints for the two models. Fur-
ther details on the instances can be found in Section 4.6. As can be seen from the
table, 1MDV requires fewer variables and constraints than 2MDV. In Section 4.6.2,
we evaluate the computational performance of the models in solving 28 different
instances.

Table 4.5: Comparing the two models in number of variables and constraints

Model Binary
variables Constraints

2MDV 12 965 21 401

1MDV 2 162 9 639
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4.4 lower bounds

The lower bound presented in Mahmoodjanloo et al., 2020 provided useful in-
spiration for this lower bound model. As the sequencing decisions constitute the
primary source of the model’s complexity, relaxing these decisions can result in a
notable reduction in the overall complexity of the problem. Consequently, in this
lower bound model, only machines are assigned to operations with the objective
of reducing the total processing time, which results in LB1. Next, we expand this
model to LB2, where machines are arranged in a sequence to minimize the total
machine changeover time plus processing time, but similar to LB1, they both don’t
consider precedence constraints.

Therefore, the strategy is to assign each operation to the machine with the
highest processing efficiency for LB1 (Constraints 4.42-4.46). Subsequently, in LB2
the objective is to minimise the changeovers required to complete the sequence of
machines, as defined by constraints (4.47-4.53).

The TSP and our sequencing problem are similar in that machines are analogous
to cities that must be visited a specific number of times to complete the operations
assigned to them. In this formulation, each city (machine) j is a potential destin-
ation that can be visited from another city (machine) j′, in this case Mchj′ j ≥ 1.
Also a city may be visited from it (Mchj,j ≥ 1) implying that the same machine is
utilized for two subsequent operations. The objective of the process planner is to
determine the optimal sequence of cities (machines) in order to minimize the total
distance traveled, which is equivalent to the sum of machines changeover time.

It is important to note that the solution obtained by this method identifies the
machine sequence, rather than the exact positions of the machines in the process.
So, if Mch13 = 1 we know that machine 1 is used then immediately followed by
machine 3, however we do not know the position of Machine 1 or 3 in the sequence.

The LB2 mathematical model will be described in detail herein, along with the
relevant decision variables. The same notations for indices and parameters previ-
ously presented in 1MDV will be used. It should be noted that LB1 is a sub-part
of LB2 model.

The following decision variables are used in the lower bound models.



84 single-unit process planning with rms

Decision variables

chu The minimum value of processing time for operation u

mcuj Equals 1 if operation u is assigned to machine j, 0
otherwise

Mchjj′ Number of machine changeovers from j to j′, 0 otherwise

dj Equals 1 if machine j is in the first machine used, 0
otherwise

f j Equals 1 if machine j is in the last machine used, 0
otherwise

cjj′ Equals 1 if machines j and j′ are not used to process any
operation, 0 otherwise

The ILP formulation for LB2 calculation follows:
Objective function; (Minimize the processing time and machine changeover
time)

Minimize: ftime = PT + MCT (4.39)

Processing time: PT = ∑
u

chu (4.40)

Machine changeover time: MCT = ∑
jj′

Mchjj′ ×MCTimejj′ (4.41)

Constraints

chu = PrTimeuj + M× (1−mcuj) ∀u ∈ U, ∀j ∈ J, (4.42)

∑
j

mcuj = 1 ∀u ∈ U, (4.43)

∑
q
(OPTuq ×MTjq) ≥ mcuj ∀u ∈ U, ∀j ∈ J, (4.44)

mcuj ≤
1

∏l(−∑tad OPTADutad × (CTADjltad − 1)) + 1
∀u ∈ U, ∀j ∈ J,

(4.45)
mcuj ∈ {0, 1} ∀u ∈ U, ∀j ∈ J, (4.46)

∑
j′

Mchj′ j + dj = ∑
u

mcuj ∀j ∈ J, (4.47)

∑
j′

Mchjj′ + f j = ∑
u

mcuj ∀j ∈ J, (4.48)
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∑
j

dj = 1 (4.49)

∑
j

f j = 1 (4.50)

(dj + f j −
j 6=j′

∑
j′

Mchjj′ + Mchj′ j − 2)× TNOP ≤ Mchjj − TNOP + 1 ∀j ∈ J,

(4.51)

cjk ≤ 1− ∑u mcuj + mcuk

TNOP
∀j, k ∈ J, j 6= k (4.52)

(−cjk −
j′ 6=j,k

∑
j′

(Mchjj′ + Mchj′ j)−
j′ 6=j,k

∑
j′

(Mchkj′ + Mchj′k))× TNOP

≤ Mchjj + Mchkk + Mchjk + Mchkj − TNOP + 1 ∀j, k ∈ J, j 6= k (4.53)

The objective stated in equation (4.39) is to reduce the production time and ma-
chine changeover time, the machine changeover time is stated in equation (4.41)
and the processing times of the operations stated in equation (4.40). If operation
u is assigned to machine j, constraints (4.42) ensure that chu is precisely equal
to that processing time. Constraints (4.43) specify that only a single machine is
assigned to each operation. Constraints (4.44) and (4.45) guarantee that the neces-
sary resources (tools and TADs) for the operation are available on the specified
machine. As stated in Constraints (4.46), the variable xuj is binary. The number of
changeovers to a machine must be equal to the number of changeovers that exit the
machine. This value must also be equal to the number of operations assigned to
that machine, as per constraints (4.47) and (4.48). In order to satisfy the constraints
(4.49) and (4.50), one machine is designated as the first and another as the last.
Subtours involving a single machine are eliminated by constraints (4.51), whereas
subtours involving two machines are eliminated by constraints (4.52) and (4.53). It
is crucial to highlight that utilising the "=" symbol in the mathematical model to
implement constraints (4.42), (4.43), (4.47), (4.48), (4.49), and (4.50) is not a feasible
approach in practice. In order to maintain equivalence, it is necessary to replace
each of these constraints into two constraints, with one constraints having a sign
of “≤” and the other having a sign of “≥”.

As LB1 is a subproblem of LB2, it focuses solely on reducing the processing time
with Constraints (4.42)-(4.46), using just the chu and xu,j decision variables.

Tools and TAD constraints (Constraints (4.44) and (4.45)) are included into the
LB model. As a result, it can verify whether there’s a feasible process plan without
taking precedence constraints into consideration1. In simpler terms, the model
determines if at least one machine is able to process each operation. This fast
feasibility check is especially useful in large-scale cases or when computation time
is limited.

1 Feasibility here is only in terms TADs and tools constraints, since the model doesn’t consider pre-
cedence constraints.
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4.5 upper bound (a mathematical programming-based heuristic)

The 1MDV mathematical model and LB1, discussed in sections 4.3.1 and 4.4, are
combined in a hierarchical structure to form the heuristic framework proposed in
this section. As illustrated in Figure 4.7, the heuristic tackles the problem in three
successive hierarchical phases. In the initial phase, the LB1 model is employed to al-
locate operations to machines with the objective of minimizing the total processing
time. In the second stage, a sequencing problem with solely precedence-related
constraints is solved using the 1MDV relaxed model. The objective is to minimize
the machine changeover times. In the third phase, the 1MDV relaxed model is util-
ized to determine the best configurations and tools for the given operations and
machines sequence, while accounting for the constraints of the operational require-
ments (TADs and tools) and without the precedence constraints. As highlighted
in Figure 4.7, the values of the decision variable Pu

sjlq are gradually fixed by the
model at each step until they are all known. Furthermore, the objective function
is progressively refined by reducing the processing time, the machine changeover
time, and configurations and tools changeover times.

Figure 4.7: Illustration of the three phases of the mathematical based heuristic Mechaacha
et al., 2024

After carrying out the three stages illustrated in Figure 4.7, we get at the first
version of the heuristic, which we will designate Heuristic H1.0. After complet-
ing all three phases, we can obtain another variant of this heuristic by repeating
the second phase (operations sequencing), where we sequence the quadruplets
made up of operations, machines, configurations, and tools. We call this new vari-
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Figure 4.8: Flowchart explaining the two variants of the heuristic H1.0 and H1.1
Mechaacha et al., 2024.

ation Heuristic H1.1. Figure 4.8 illustrates the algorithmic representation of both
variants. By varying the value of parameter h, we can control the version that
is generated. The method produces an H1.0 solution when h = 2, and an H1.1
solution when h = 3.

It is noteworthy that an increase in the value of h will result in other heuristic
alternatives. However, while this may lead to a higher-quality solution, it will also
require a greater computing time.

4.5.1 Data Reuse for New Product Integration

The fact that RMS is constructed based on a product family, which is defined as a
set of products that share similar characteristics, is one of the primary attributes
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that differentiate it from other systems. In a situation where our heuristic is re-
quired to function in such a scenario, it is possible to retain the data produced
between stages for other products (Figure 4.7) rather than discarding it. Instead,
this data is stored in a knowledge repository along with the final solutions. The
repository thus serves as an invaluable tool for process planning during the devel-
opment of other or new items in the product family.

In order to take advantage of the potential of the heuristic framework, in a semi-
generative strategy, the planner has the option of selecting which phase of the
heuristic to incorporate the information about the new product. To illustrate, in
the case of a new product with additional operations, these will be incorporated
into the existing process plan at the lowest level (phase 3 of Figure 4.7) of the
heuristic and assigned to the relevant machines, configurations, and tools. In this
scenario, only the sequencing of all the operations will be repeated in phase 4 of
H1.1 (Figure 4.8), which will facilitate the implementation of rapid rectifications to
the old plan. An alternative strategy would be to incorporate the new product data
in phase 2, when the tools and configurations are selected before all operations are
sequenced, and so on, ultimately leading to a completely generative method where
the data is integrated from the beginning. The desired quality of the solution and
the amount of time available will determine the appropriate level of integration for
the new product data.

It is important to note that this proposed data reuse has not been subjected to
numerical experimentation within the context of this thesis. Consequently, further
testing and investigation are needed to assess its effectiveness, which remains an
open question in the research domain.

4.6 numerical experiments

This section presents the various data sets that were evaluated initially. It then
provides the computational results of applying the two models, two lower bound
computations, and the two heuristic variations. Finally, a discussion of the results
is provided, along with managerial insights.

4.6.1 Data sets

In the experimental tests, we generate process plans for seven parts to be manu-
factured on an RMS with m = 1, 5, 10, and 20 machines, resulting in 28 distinct
instance sizes (7 × 4). The aforementioned methods (Sections 4.3, 4.4, and 4.5)
are employed for this purpose. 5 instances were randomly generated for each
combination of m and parts using varying time-based data, resulting in a total of
140 instances (28× 5). It is noteworthy that a general-purpose machine with all
available functionalities (Tools and TADs) was considered in the case of a single
machine, which may not be the most realistic representation of an RMS. It should
be noted, however, that this case was taken only for experimental purposes.

The parameters used in this study can be categorized into two groups: those
derived from a distribution based on values extracted from existing literature and
those obtained directly from other research articles in the same field. The preced-
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ence graph, TADs for each operation, the number of operations, and the processing
tools required were among the data extracted from the literature. The majority of
these are derived from the study by S. Zhang and Wong, 2016. The time-related
data, notably the processing and changeover times, constitute the parameters that
have been generated, as the study by S. Zhang and Wong, 2016 did not propose an
RMS for processing the parts. The number of machines, machine configurations,
TADs of configurations, and tools available for each machine are the ones gener-
ated randomly. However, these were shaped by the example provided by Haddou
Benderbal et al., 2018.

The seven-part data set described in S. Zhang and Wong, 2016 was utilized,
which contains details on the requirements of each part in terms of TAD, tool,
and precedence graph. The first parts 1 and 2 were illustrated in Chapter 1. The
data and figures for the other parts are available in S. Zhang and Wong, 2016.
Moreover, the data from parts 5, 6, and 7, as well as the 12 tools, were obtained
from W. Li and McMahon, 2007. For further details on the seven parts and the 12
tools, please see the two cited works. It is noteworthy that parts 2 and 4 contain
alternative sets of operations that are not permitted in the present study. As a
result, the OR branches were removed from the precedence graph, which resulted
in the reduction of the number of operations from 13 to 8 for part 2 and from 15
to 13 for part 4, respectively.

In order to obtain time-related data for our research, we replicated the exper-
imental data suggested in Haddou Benderbal et al., 2018 in their instance with
10 machines and 15 operations. A uniform distribution with a range of 100 to
800 was employed to construct the processing time matrix. On the other hand, a
hybrid technique was employed to generate the changeover time matrices (config-
uration and tool) given that the 2MDV model does not support changeover times
that do not satisfy the triangle inequality (see Appendix A). Moreover, as the ma-
chine changeover times are not required to satisfy the triangle inequality, a uniform
distribution with a range between 5 and 64 was employed to generate them.

A square matrix of size n, representing the number of machines, configurations,
or tools, constitutes the changeover time matrix. The time required to transition
from machine, configuration, or tool i to j is represented by the entry aij. The con-
figuration changeover times have a mean of 30 and standard deviation of 22, while
for tool changeover times, they are 25, 11 for the mean and standard deviation,
respectively.

4.6.2 Experimental Results

The CPLEX solver, version 12.8.0, was used to run the tests, which were conducted
on a laptop equipped with an Intel Core i5 CPU at 1.20 GHz and 8GB of RAM.
There were two distinct sets of tests, the initial set of tests was to compare the
gaps between the generated lower bounds of LB1, LB2, 1MDV, and 2MDV and the
nearest lower bound to the ideal solution, designated as the "BestLB." The objective
of the second series of tests was to assess the capacity of the heuristics and models
to generate optimal or near-optimal solutions.
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4.6.2.1 Quality of lower bounds

The four models (LB1, LB2, 1MDV, and 2MDV) are examined with respect to their
capacity to provide lower bounds in terms of CPU times and closeness to the
optimal solution. It is easy to see, that 1MDV and 2MDV models are capable of
reducing the gap and identifying optimal solutions when provided with sufficient
time, while the two bounds run, in a short CPU time, until the lower is found
and stop. To ensure a fair comparison between these two types of models, we
conducted tests in which LB1, and LB2 were permitted to run freely, and the 1MDV
and 2MDV models were given sufficient time to reach the same lower bounds as
LB1. This approach allowed us to evaluate the time required for the models to
achieve results that were of the same quality as LB1.

It should be noted that the stopping criterion was set as a percentage of the
optimality gap. This was determined after preliminary tests were conducted to
obtain lower bounds that were close to LB1 values. This approach was necessary
because CPLEX does not directly support stopping criteria based on reaching a
specific lower bound value. For all instances, the optimality gap was set to 90%.
The only exception was the instance M1P1(OP5), where the gap was set at 50%.
The gaps to the BestLB were calculated using the following formula:

Gap of LB from BestLB =
BestLB− LB

BestLB
× 100

The results of the lower bounds test are presented in Table 4.6. In addition to
the CPU time, we also present the gap from BestLB for each method utilized to
generate lower bounds. The first column lists the instance codes, which represent
the number of machines, the component number, and the total number of opera-
tions of the part. To illustrate, instance M1P1(OP5), comprising a single machine
and five operations, with part number 1 as the manufactured part.

The lower bounds obtained by the LB1, 2MDV, and 1MDV models are approx-
imately 2% lower than the BestLB, indicating a similar performance. As previ-
ously stated, the decision to utilize the stopping criterion for the two models is
the primary reason for this proximity. Conversely, the LB1 model is considerably
more rapid than the 1MDV and 2MDV models (28 and 86 seconds, respectively,
in comparison to 0.03 seconds averages). In the majority of instances, LB2 is the
best lower bound. The mean distance between LB2 and bestLB is 0.08%, and in
93% of instances, LB2 is the better bound. Although LB2 has a computational time
of less than half a second in the most challenging instance and an average of 0.15
seconds, it is somewhat slower than LB1. This challenging instance is, as expected,
the largest with 20 machines and 20 Operations.

The results demonstrate that LB2 is the optimal choice for implementation in a
Branch and Bound framework or for assessing the quality of heuristics.
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Table 4.6: The CPU time (in seconds) and the gaps (in percent) between the obtained lower
bounds and the best known lower bounds (the 1MDV and 2MDV models were
stopped when their lower bounds approached LB1).

Instance
LB2 LB1 2MDV Model 1MDV Model

Gap from
Best LB (%)

CPU
(sec)

Gap from
Best LB (%)

CPU
(sec)

Gap from
Best LB (%)

CPU
(sec)

Gap from
Best LB (%)

CPU
(sec)

M1P1(OP5) 1.81 0.01 1.81 0.02 0 0.14 0 0.14

M1P2(OP8) 0 0.01 0 0.01 0 0.32 0 0.45

M1P3(OP6) 0 0.01 0 0.01 0 0.17 0 0.22

M1P4(OP13) 0 0.01 0 0.01 0 0.96 0 1.21

M1P5(OP20) 0 0.01 0 0.01 0 3.58 0 5.12

M1P6(OP16) 0 0.01 0 0.01 0 1.74 0 2.66

M1P7(OP14) 0 0.01 0 0.01 0 1.21 0 1.84

M5P1(OP5) 0 0.02 1.41 0.01 0.95 1.47 0.9 0.5

M5P2(OP8) 0 0.02 1.41 0.01 1.31 2.86 1.31 2.18

M5P3(OP6) 0 0.03 2.74 0.01 2.68 1.79 2.68 0.85

M5P4(OP13) 0 0.04 1.59 0.02 1.59 15.5 1.59 10.26

M5P5(OP20) 0 0.03 0.78 0.02 0.78 30.31 0.78 49.84

M5P6(OP16) 0 0.02 0.93 0.02 0.93 21.25 0.93 22.58

M5P7(OP14) 0.51 0.02 1.07 0.01 0 14.33 0.07 14.5

M10P1(OP5) 0 0.05 4.79 0.02 4.44 2.68 4.44 1.57

M10P2(OP8) 0 0.07 2.28 0.02 2.17 9.27 2.12 5.54

M10P3(OP6) 0 0.08 3.69 0.02 3.69 2.91 3.69 2.12

M10P4(OP13) 0 0.1 2.63 0.03 2.63 15.54 2.63 21.76

M10P5(OP20) 0 0.09 1.33 0.04 1.33 299 1.33 99.8

M10P6(OP16) 0 0.08 1.23 0.03 1.23 39.98 1.23 44.73

M10P7(OP14) 0 0.07 1.4 0.03 0.94 43.96 0.93 28.38

M20P1(OP5) 0 0.4 7.79 0.03 7.12 5.28 7.13 2.5

M20P2(OP8) 0 0.56 3.94 0.04 3.94 56.9 3.94 11.28

M20P3(OP6) 0 0.47 6.33 0.04 6.33 6.07 6.33 4.54

M20P4(OP13) 0 0.44 4.17 0.06 4.17 237 4.17 46.86

M20P5(OP20) 0 0.5 2.32 0.07 2.32 853 2.32 263

M20P6(OP16) 0 0.55 2.53 0.05 2.53 358 2.42 92.9

M20P7(OP14) 0 0.33 2.68 0.05 2.4 405 2.68 61.7

AVERAGE 0.08 0.15 2.11 0.03 1.91 86.89 1.92 28.57

The approach used to evaluate the lower bounds, which involved setting a stop-
ping criterion of matching LB1 values, may be viewed as an uncommon method-
ology for evaluation by the reader. Nevertheless, its necessity is evident, at least
from our perspective. To illustrate this necessity, Table 4.7 presents the averages
recorded from setting different stopping criteria, including three time limits (2,
100, and 900 seconds) and the previously presented criterion. As it can be seen
from Table 4.7, CPU time of LB1 and LB2 is never influenced by the time limit
for any criterion, as both lower bounds remain below the two-second threshold
for all instances. In the context of the 2 seconds limit, the models were unable
to generate a lower bound for the majority of instances. This prevents the calcu-
lation of averages and, consequently, a meaningful comparison. Upon increasing
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Table 4.7: Averages of CPU times (in Seconds) and gap (in %) of obtained lower bounds
from best known lower bounds for different stopping criteria.

Stop
criterion

LB2 LB1 2MDV Model 1MDV Model

Gap from
Best LB (%)

CPU
(sec)

Gap from
Best LB (%)

CPU
(sec)

Gap from
Best LB (%)

CPU
(sec)

Gap from
Best LB (%)

CPU
(sec)

2 sec
Limit 1.05 0.15 2.97 0.03 - - - -

100 sec
Limit 2.02 0.15 3.92 0.03 4.87* 60.67 3.90* 43.73

900 sec
Limit 2.34 0.15 4.31 0.03 1.13 451.21 0.17 328.69

Achieve
LB1 value 0.08 0.15 2.11 0.03 1.91 86.89 1.92 28.57

* The instances where the models couldn’t find any lower bound within 100 seconds were set as
100% gap.

the limit to 100 seconds, 1MDV and 2MDV generate lower bounds for the majority
of instances. However, in the case of 1MDV, one instance was unsolved, while in
the case of 2MDV, two instances displayed this behavior. In these instances, the
gaps were replaced with 100%. This value has affected the calculation of averages
in a way that is misleading. It has caused the averages to increase, which gives
the impression that the two models were generating poor-quality lower bounds.
However, the majority of the lower bounds generated by the models were of good
quality. Finally, as the tests of the following section on heuristics are conducted
with a time limit of 900 seconds, we tried setting the limit to 900 seconds. In this
case the mathematical model had an unfair advantage, with 1MDV having 0.17%
gap and LB2 being able to surpass it in only very few large instances.

4.6.2.2 Advanced analysis on Lower bounds

In the preceding subsection, it was shown that the choice of stopping criteria affects
the generation of Lower bounds. In this subsection, we conduct a comprehensive
analysis of the results obtained from the two stopping criteria: "achieve LB1 value"
and "900-second limit." In particular, we examine how the variation in the number
of machines and operations affects the variation in gaps and CPU time.

Table 4.8 depicts the gap between lower bounds and the best lower bound per
number of machines and operations, as well as the average computational time for
the "achieve LB1 value" case. Table 4.9 presents the results of the "900 sec limit," in
which the models were allowed 900 seconds of CPU.

As can be seen in Table 4.8, the CPU time taken to calculate the lower bounds is
relatively unaffected by an increase in the number of operations. In contrast, the
two models demonstrate an exponential increase in CPU time as the number of
operations and machines increase. Table 4.8 does not provide significant insight
into the gaps, as the 1MDV, 2MDV, and LB1 results are similar, whereas LB2 is
consistently the BestLB.

Table 4.9 reveals that the average gap between LB1 and LB2 and BestLB de-
creases as the number of operations increases. This suggests that the lower bound



4.6 numerical experiments 93

Table 4.8: Averages per number of machines and operations for lower bounds with the
stopping criterion: Achieve LB1 value

Number of
LB2 LB1 2MDV Model 1MDV Model

Gap from
Best LB (%)

CPU
(sec)

Gap from
Best LB (%)

CPU
(sec)

Gap from
Best LB (%)

CPU
(sec)

Gap from
Best LB (%)

CPU
(sec)Machines

1 0.26 0.01 0.26 0.01 0 1.17 0 1.67
5 0.07 0.03 1.42 0.02 1.18 12.51 1.18 14.39
10 0 0.08 2.48 0.03 2.35 59.06 2.34 29.15
20 0 0.47 4.26 0.05 4.12 274.51 4.15 69.10

Operations
5 0.45 0.13 3.95 0.03 3.13 2.40 3.12 1.18
6 0 0.15 3.19 0.02 3.18 2.74 3.18 1.94
8 0 0.17 1.91 0.03 1.86 17.36 1.85 4.87
13 0 0.15 2.10 0.03 2.10 67.46 2.10 20.03
14 0.13 0.11 1.29 0.03 0.84 116.35 0.92 26.63
16 0 0.17 1.18 0.03 1.18 105.45 1.15 40.74
20 0 0.16 1.11 0.04 1.11 295.92 1.11 104.64

Table 4.9: Averages per number of machines and operations for lower bounds with the
stopping criterion: 900 sec limit

Number of
LB2 LB1 2MDV Model 1MDV Model

Gap from
Best LB (%)

CPU
(sec)

Gap from
Best LB (%)

CPU
(sec)

Gap from
Best LB (%)

CPU
(sec)

Gap from
Best LB (%)

CPU
(sec)Machines

1 1.75 0.01 1.75 0.01 0.03 107.37 0 63.82
5 2.67 0.03 3.98 0.02 0.98 504.33 0.01 362.46
10 2.38 0.08 4.79 0.03 1.26 558.96 0.12 396.84
20 2.57 0.47 6.69 0.05 2.26 634.17 0.56 491.64

Operations
5 4.67 0.13 7.97 0.03 0 6.42 0 1.15
6 1.87 0.15 5.00 0.02 0 28.27 0 2.43
8 3.09 0.17 4.94 0.03 0.10 217.62 0 8.40
13 1.71 0.15 3.79 0.03 3.13 686.32 0.20 593.51
14 4.00 0.11 5.10 0.03 2.31 626.80 0 158.03
16 0.55 0.17 1.73 0.03 1.16 700.92 0.42 707.40
20 0.51 0.16 1.62 0.04 1.21 892.11 0.58 829.93

model exhibits enhanced performance when the number of operations is high.
Nevertheless, it could be argued that this convergence is due to a deterioration in
the quality of BestLB, which is often equal to the 1MDV LB, as the 1MDV model
frequently reaches the 900-second limit in 20 operation instances. To address this
concern, an analysis of the machine-related gap on the same table ( 4.9 ) reveals
an opposite behavior, with an increase in the lower bounds gap as the number
of machines increases, particularly for 20 machines, with LB2 exhibiting a lesser
increase. Based on these observations, it can be concluded that the lower bound
model exhibits superior performance when the number of operations is high. This
may be attributed to the fact that the proportion of processing time in the total
time increases as the number of operations rises, given that the lower bounds are
designed to optimise processing time primarily.
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4.6.2.3 Performance of heuristics

In order to assess the relative quality of the solutions produced by the two models
(1MDV and 2MDV) and the two heuristic variants (H1.0 and H1.1), the second set
of tests was conducted with a maximum CPU time of 900 seconds. The time limit
was set on the basis of the literature (see, for instance, Khezri et al. 2021; Touzout
et al. 2018). The evaluation is based on the gap obtained between the best lower
bound (among LB2 and the lower bounds of the 1MDV and 2MDV models), and
the best solution found using a particular method. Of course, for the instances
where the integrality gap of the mathematical models was closed, their best lower
bound is automatically equal to the optimal solution value. Table 4.10 presents the
full results of these tests, whereas the gaps are calculated as follows:

BestLB (%) =
Solution− BestLB

BestLB
× 100

BestSol (%) =
Solution− Best Found Solution

Best Found Solution
× 100

Table 4.10: Comparing CPU times (in Seconds) and gaps (in %) between the solutions
obtained and the best lower bounds, and between the the solutions obtained
and the best solution discovered.

Instance
2MDV Model 1MDV Model H1.0 H1.1

Opt. BestLB
(%)

BestSol
(%)

CPU
(sec) Opt. BestLB

(%)
BestSol

(%)
CPU
(sec) Opt. BestLB

(%)
BestSol

(%)
CPU
(sec) Opt. BestLB

(%)
BestSol

(%)
CPU
(sec)

M1P1(OP5) 5 0 0 0.18 5 0 0 0.35 5 0 0 0.21 5 0 0 0.42

M1P2(OP8) 5 0 0 0.51 5 0 0 0.51 0 2.16 2.16 0.26 3 1.08 1.08 0.59

M1P3(OP6) 5 0 0 0.37 5 0 0 0.32 0 0.57 0.57 0.14 4 0.06 0.06 0.30

M1P4(OP13) 5 0 0 8.18 5 0 0 4.86 0 1.33 1.33 0.98 3 0.18 0.18 4.18

M1P5(OP20) 3 0* 0* 691.71 5 0 0 401.16 0 1.58 1.58 3.07 2 0.15 0.15 99.86

M1P6(OP16) 5 0 0 42.98 5 0 0 33.95 0 1.44 1.43 1.54 0 0.18 0.17 7.22

M1P7(OP14) 5 0 0 7.68 5 0 0 5.59 0 1.24 1.24 1.08 0 0.52 0.52 3.63

M5P1(OP5) 5 0 0 5.26 5 0 0 0.67 3 0.08 0.08 0.50 5 0 0 1.03

M5P2(OP8) 5 0 0 89.60 5 0 0 5.26 1 0.37 0.37 1.65 3 0.06 0.06 3.52

M5P3(OP6) 5 0 0 16.08 5 0 0 1.38 3 0.23 0.23 0.84 4 0.13 0.13 1.62

M5P4(OP13) 0 2.98 1.68 900< 2 1.27 0 622.65 1 1.81 0.54 7.42 1 1.44 0.17 69.80

M5P5(OP20) 0 6.97 3.35 900< 0 4.01 0.49 900< 0 4.37 0.84 33.28 0 3.62 0.11 864.12

M5P6(OP16) 0 3.55 1.05 900< 0 2.48 0 900< 0 3.70 1.19 14.26 0 2.56 0.08 368.61

M5P7(OP14) 2 0.06 0.06 691.66 5 0 0 68.13 0 1.34 1.34 8.38 0 0.84 0.83 31.05

M10P1(OP5) 5 0 0 4.32 5 0 0 1.20 3 0.06 0.06 1.04 4 0.03 0.03 2.05

M10P2(OP8) 5 0 0 232.11 5 0 0 10.11 1 0.99 0.98 3.35 2 0.69 0.69 7.04

M10P3(OP6) 5 0 0 30.95 5 0 0 2.26 2 0.58 0.58 1.61 3 0.49 0.49 3.08

M10P4(OP13) 0 7.29 3.96 900< 2 3.39 0.17 820.91 2 3.43 0.21 15.30 2 3.32 0.10 86.59

M10P5(OP20) 0 19.32 11.18 900< 0 9.73 2.24 900< 0 7.82 0.45 111.02 0 7.34 0 900<

M10P6(OP16) 0 5.49 2.56 900< 0 2.94 0.07 900< 0 4.68 1.77 28.72 0 3.05 0.18 475.44

M10P7(OP14) 1 0.52 0.52 883.72 5 0 0 66.25 0 0.98 0.98 17.80 1 0.21 0.21 46.68

M20P1(OP5) 5 0 0 15.93 5 0 0 2.37 3 1.36 1.36 2.01 3 1.36 1.36 4.08

M20P2(OP8) 4 0 0 548.25 5 0 0 17.73 0 1.92 1.91 6.96 0 1.85 1.84 14.71

M20P3(OP6) 5 0 0 65.69 5 0 0 5.78 2 0.74 0.74 3.68 2 0.66 0.66 6.96

M20P4(OP13) 0 22.96 16.70 900< 0 5.50 0.20 900< 0 6.01 0.67 33.03 0 5.40 0.11 100.14

M20P5(OP20) 0 261.40 241.85 900< 0 8.20 1.98 900< 0 6.38 0.26 194.76 0 6.11 0.00 900<

M20P6(OP16) 0 14.49 9.28 900< 0 4.92 0.13 900< 0 6.28 1.43 61.55 0 5.26 0.46 799.91

M20P7(OP14) 0 8.55 8.55 900< 5 0 0.00 492.14 0 1.04 1.04 36.96 1 0.53 0.53 97.47

80 12.63 10.74 450.74 99 1.52 0.19 328.69 26 2.23 0.90 21.12 48 1.68 0.36 182.67
* The model does not close the integrality gap for two out of the five instances.
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Table 4.10 displays the average gap between the found solution and bestLB, and
the average gap to the best discovered solution, each instance size, the number of
instances out of the five tested that are solved to optimality, and the average CPU
time for each of the four solution approaches.

A detailed examination of the results presented in Table 4.10 allows for the
drawing of several observations. Firstly, the 1MDV model outperforms the 2MDV
model in all metrics in almost all instances, reaching optimality in 99 of the 140
solved instances, in comparison to the 2MDV model, which only discovered 80
optimal solutions. The mean computational time per instance was 328 seconds for
1MDV, with an average gap to the best LB of 1.52% and an average gap to the best
solution of 0.19%. With 1MDV solutions being the best ones, across 21 instance
size out of the 28 tested. On the other hand, for 16 instance sizes 2MDV matched
the best solution.

When reaching optimality, the 80 instances of both models exhibited notable dif-
ferences in computational time. The average time for 2MDV was 95 seconds, while
1MDV required just 20 seconds. This indicates an impressive 4.7-fold increase in
computational efficiency for 1MDV over 2MDV. However, it is noteworthy that for
the smallest instances of M1P1(OP5), 2MDV was able to find the optimal solution
in 0.18 seconds, which is faster than 1MDV (0.35 seconds) and H1.0 (0.21 seconds).

The two heuristic variants, H1.0 and H1.1, offer a good balance between CPU
time and solution quality. H1.0 demonstrates superior performance to 1MDV in
terms of solution quality within a shorter CPU time for the two largest instance
sizes. The average computational time for H1.0 is 21 seconds, with an average gap
of 0.9% to the best found solution and 2.23% to the best lower bound. Nevertheless,
H1.1 solutions demonstrate superior performance to it in terms of solution quality,
with an increased average CPU time of 183 seconds.

For the two heuristic variants H1.0 and H1.1, there are a total of 26 and 48
reported optimal solutions, respectively. It is difficult to verify whether optimal
solutions were found in cases where the integrality gap was not closed by the
1MDV or 2MDV, which leads us to the known characteristic of heuristics, the
inability to verify whether the obtained solutions are optimal.

The advantage of proposing multiple approaches-1MDV, H1.0, and H1.1-is in
the ability to adapt to different decision making scenarios, which is shown in
Figure 4.9. These methods can be used as a guide for a choice of the best strategy,
taking into account the tradeoff between CPU time and solution quality. In an
extreme scenario, the decision maker might choose to run the 1MDV model for
whatever required amount of time, to obtain a high quality solution. In another
scenario, where time is extremely limited, H1.0 might be chosen. Finally, H1.1
would be an intermediate option.
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Figure 4.9: CPU times (in seconds) and gaps from bestLB of the four approaches.

Figure 4.10 shows the computation times of the models for the 28 instance sizes,
ordered from smallest (M1OP5) to largest (M20OP20), within a the limit of 900
seconds. It is evident that as the instance size increases, the CPU time increases
dramatically. Furthermore, the 1MDV model takes less time than 2MDV in every
instance, and with the bound of 200 seconds, the heuristic model H1.0 solves all
instances.
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Figure 4.10: The CPU time of the four models for different sized instances ranked from the
smallest to biggest.

4.6.2.4 Advanced analysis on performance of heuristics

Table 4.11 presents the average CPU times and gaps for all instances of the same
number of machines in the first part and instances of the same number of oper-
ations in the second part. Figures 4.11, 4.12, 4.13, and 4.14 illustrate the same
data in plots, facilitating a deeper comprehension of the methods’ behaviour and
performance.

A comparison of the results of the two heuristics with 1MDV reveals that 1MDV
outperforms H1.0 in all cases, with the sole exception of a single case of 20 opera-
tions. In this instance, H1.1 emerges as the superior performer also. Given that the
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Table 4.11: Effect of the increased number of machines and operations on the CPU times
and solution gaps to best lower bounds for 2MDV, 1MDV, H1.0, and H1.1.

Number of
2MDV 1MDV H1.0 H1.1

Gap from
Best LB (%)

CPU
(sec)

Gap from
Best LB (%)

CPU
(sec)

Gap from
Best LB (%)

CPU
(sec)

Gap from
Best LB (%)

CPU
(sec)Machines

1 0 107.37 0 63.82 1.19 1.04 0.31 16.60
5 1.94 504.33 1.11 362.46 1.70 9.47 1.24 191.39
10 4.66 558.96 2.29 396.84 2.65 25.55 2.16 225.72
20 43.91 632.28 2.66 491.64 3.39 48.42 3.02 296.95

Operations
5 0 6.42 0 1.15 0.38 0.94 0.35 1.89
6 0 28.27 0 2.43 0.53 1.57 0.34 2.99
8 0 217.62 0 8.40 1.36 3.05 0.92 6.46
13 8.31 686.32 2.54 593.51 3.14 14.18 2.59 65.18
14 2.28 626.77 0 158.03 1.15 16.05 0.53 44.71
16 5.88 700.29 2.58 707.40 4.02 26.52 2.76 412.79
20 71.92 889.47 5.49 829.93 5.04 85.53 4.31 744.64
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Figure 4.11: Gap of best solutions found to
best lower bound per number
of machines
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Figure 4.12: Gap of best solutions found to
best lower bound per number
of operations
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Figure 4.13: CPU time per number of ma-
chines
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Figure 4.14: CPU time per number of oper-
ations

heuristic H1.1 performance tends to converge towards 1MDV’s as the number of
operations increasesnearly matching it for 16 operations, then surpassing it for the
largest configuration with 20 operationsit seems inconsistent that H1.1 performs
better than 1MDV for configurations with 10 machines but not in 20.

As can be seen from Table 4.10, there is a direct relationship between the com-
putational times of the four models and the size of the instances. Consequently,
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larger computational times are the result of adding more machines or operations.
Table 4.11 and Figures 4.13 and 4.14 offers further confirmation of this conclusion,
indicating also that the number of operations has a bigger impact on the problem’s
complexity, in comparison to the number of machines.

The results on Table 4.11 demonstrate that as the number of processes and ma-
chines increases, there is a clear reduction in the quality of the solutions for all
models and heuristics. This deterioration in quality can be attributed to the fact
that the models are more likely to exceed the 900-second time limit when dealing
with larger instances, resulting in the computing time approaching the limit of 900
seconds. It could be argued that the divergence of the best lower bound, which
is often obtained by the 1MDV model and tends to diminish when the model is
permitted just 900 seconds, is also responsible for the increase in gap. However,
as LB2 has superior lower bounds, it tends to reduce this discrepancy for large
instances, as evidenced by surpassing 1MDV bounds in 24 out of the 140 tested
instances, all of which were of a large size.

Moreover, H1.1 demonstrates superior performance compared to all H1.0 solu-
tions, and outperforming 1MDV in scenarios involving 10 or more machines and
a greater number of operations than 14.

4.6.3 Insights

4.6.3.1 Insights on the Structure of process plans

The figures presented in 4.15 to 4.20 illustrate the number of changeovers (ma-
chines, configurations, and tools) in the optimal solutions obtained by the models
per the number of operations and machines. The quality of the solutions is directly
influenced by the number of changeovers, with the 1MDV model demonstrating
the optimal results and the fewest number of changeovers. The two heuristic vari-
ants exhibit a comparable number of machine changeovers to that of the 1MDV,
however, the number of tool changeovers is significantly higher due to the priorit-
ization of minimizing machine changeovers. In contrast, the 2MDV model exhibits
a slow convergence to optimal solutions, resulting in a significant number of non-
optimal solutions, and thus a considerable number of changeovers. Furthermore,
as illustrated in Figure 4.20, the increase in the number of operations is associated
with a notable rise in the number of tool changeovers, whereas the increase in the
number of machines has an opposite effect.

As illustrated in Figures 4.21 and 4.22, the number of machines selected is found
to have a positive impact on the quality of the solutions, in contrast to the case
of changeovers. The average number of machines selected for 1MDV solutions
is 5.1, which represents the highest observed value. This finding suggests that
solutions with superior quality tend to have a greater number of machines selected.
This trend can be attributed to two factors. Firstly, the selection of machines does
not have a direct impact on the total time, as no time is assigned to machine
selection. Secondly, selecting more machines can lead to fewer configuration and
tool changeovers while still having more machine changeovers. It can also be
concluded that an increase in the number of machines or operations generally
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Figure 4.15: Sum of machine changeovers
per number of machines
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Figure 4.16: Sum of machine changeovers
per number of operations
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Figure 4.17: Sum of configuration
changeovers per number
of machines.
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Figure 4.18: Sum of configuration
changeovers per number
of operations
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Figure 4.19: Sum of tool changeovers per
number of machines
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Figure 4.20: sum of tool changeovers per
number of operations

results in a greater number of machines being selected in optimal or near-optimal
solutions.

An examination of the H1.0 performance as illustrated in Figures 4.21 and 4.22
reveals that H1.0 has a near-optimal selection of machines, although the sequen-
cing is suboptimal. This is evidenced by the numerous changeovers observed
between Figures 4.15 and 4.20. The mean absolute value of the difference between
the number of machines in the heuristic and the 1MDV model was 0.18, while the
value for the difference between the 1MDV and 2MDV models was 0.22. It was
thus evident that the sequencing phase should be repeated without alteration to
the quadruplets (operation, machine, configuration, tool), which was the motive
for us to develop the H1.1 variant.

In most of the figures illustrating the variation per number of operations, an
irregular pattern can be observed at 14 operations, which corresponds to part 7.
Specifically, there is an unexpected increase in the objective function (Figure 4.23),
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Figure 4.21: Average number of machines
selected in a process plan per
number of machines
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Figure 4.22: Average number of machines
selected in a process plan per
number of operations

a decrease in CPU time (Figure 4.14), a decrease in the gap to best lower bound
(Figure 4.12), and a decrease in the number of selected machines and machine
changeovers, along with an increase in the number of tool changeovers (Figures
4.21, 4.16, and 4.20). This suggests that the problem can be more easily solved with
fewer machines selected than is typical, and that prioritizing machine changeovers
results in a reduction in machine changes but an increase in tool changeovers.

To further investigate this observation, a comparison of the data from operations
13 and 14, corresponding to parts 4 and 7, respectively, was conducted. These
parts exhibit opposite behaviors, making them ideal for comparison. The analysis
demonstrates that part 7 has a highly constrained precedence graph, which results
in a reduction in feasible sequences. Furthermore, the operations necessitate a
greater number of TADs than those in part 4, which leads to a smaller number of
machines being capable of processing them. As a result, and due to the constraints
imposed by the precedence graph, a significant number of tool changeovers are
unavoidable. Therefore, it can be concluded that factors other than the instance
size play a significant role in determining the complexity of the problem, including
the number of relationships in the precedence constraints and the TADs required
for processing the operations.

4.6.3.2 Insights on Total Production Time Variation

Figures 4.23 and 4.24 illustrate the objective function (total production time) across
varying numbers of machines and operations. Figure 4.23 presents the data in
three-dimensional ribbons, whereas Figure 4.24 depicts the data from a slightly
different angle and displays only the points.

It is evident that the increase in the number of operations and machines gives op-
posite effects on the total production time. The addition of processing machines to
the production workshop results in a reduction in overall production time, primar-
ily due to the decrease in the number of changeovers required. This reduction in
production time persists even when the number of machines available exceeds the
number of operations. To illustrate, when processing part 1 with 10 machines, the
average production time is 1344 (t.u), and it reduces to 962 (t.u) when the number
of machines increases to 20, despite the number of operations of the part being
only 5. Therefore, increasing the number of machines increases the probability
of reducing the total production time by having more machines capable of pro-
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cessing the parts regardless of the number of operations. Conversely, an increase
in the number of operations has a more considerable impact on the extension of
the production time. This is due to the fact that complex parts require a greater
number of operations for processing, which consequently results in an augmented
production time.

Figure 4.23: The average value of total pro-
duction time vs. number of
machines and number of oper-
ations Mechaacha et al., 2024.

5
10

15
20 5

10

15

20

2,000

4,000

6,000

8,000

Machines
Operations

O
F

3D average objective function value

Figure 4.24: The average value of total pro-
duction time vs. number of
machines and number of oper-
ations

Figure 4.25: The best solutions found for instance 1 M10P2(OP8) by 1MDV and H1.0
Mechaacha et al., 2024.

Solutions (a) and (b) found for instance 1 of M10P2(OP8) using the 1MDV and
H1.0 models, respectively, are shown in Figure 4.25. Three machines (M1, M4, and
M10) are selected in solution (a), which is the best result produced by 1MDV. This
solution and H1.0’s reinforces the heuristic’s approach of grouping processes as-
signed to the same machine in a sequential order and then reducing configuration
and tool changeovers as much as possible. The machine, configuration, and tool in-
dices would be grouped and replaced by a single index if triplets were used, as in
some work in the literature (see, Haddou Benderbal et al. 2018; Khezri et al. 2021;
Touzout and Benyoucef 2019b). This would simplify the solution representation,
but would require reorganization of the data to track the changeovers.

Two machine changeoversfrom M4 to M10 and from M10 to M1occur in solution
(a). Furthermore, M10 is reconfigured twice. If OP2 had been replaced with OP6 or
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OP6 with OP7, one reconfiguration may have been avoided. However, these actions
had to be carried out in that sequence due to precedence constraints. Additionally,
there are two configuration changeovers.

The heuristic H1.0 generated solution (b), which further highlights the useful-
ness of H1.1 in enhancing H1.0 solutions. The total duration for solution (b) is
2150, whereas the 1MDV solution requires 2132. The H1.1 solution would address
the need to swap operations OP5 and OP8 in order to avoid making an additional
configuration change, although the solution represented by option (b) is nearly
optimal. While the H1.1 technique proved effective in reducing the overall time, it
may not be the best option if changeover periods constitute a larger portion of the
overall production time.
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Figure 4.26: The gap percentage between the Upper and Lower bounds to the optimal
solution for the 21 problem sizes solved to optimality.

The gaps between LB2 and H1.0 solutions from the optimal values of the 21
problem sizes where the 1MDV model solved at least one of the five instances
to optimality are illustrated in Figure 4.26. The results of LB2 and H1.0 can be
employed as a lower and upper bound, respectively, as the gaps for the two do
not exceed ± 6%. Nevertheless, LB2 does not exhibit the same performance as the
upper bound, with an average gap of -3%, in comparison to the UB’s average gap
of +1.19%. It is also noteworthy that the figure demonstrates that the UB-LB gaps
do not undergo a significant deterioration when the instances’ sizes increase, from
M1OP5 to M10OP14.

4.7 conclusion and future work

In this chapter we have presented two sets of methods for solving the single-unit
process plan generation problem with reconfigurable machines. The first meth-
ods are exact ones, comprising two mathematical models. The second method is
a heuristic one, comprising heuristics based on mathematical programming. Fur-
thermore, we have proposed methodologies for rapidly obtaining reasonable lower
bounds, which are employed to assess the quality of the solutions generated by the
other approaches. Our evaluation of the two mathematical modelling approaches
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indicates that the model with one main decision variable (1MDV) is more effective
than the one with two main decision variables (2MDV). The 1MDV model may
be employed as a generator of lower bounds or as a benchmark for small-sized
instances. However, its applicability is limited to small to medium-sized instances,
particularly those with a low number of operations.

As demonstrated by the results of the two approaches, the heuristic technique
proved to be an effective method for decision-makers, offering a rapid alternative,
and good quality solutions. This suggests that mathematical-based heuristics can
be employed to effectively address large-sized instances of the process plan gener-
ation problem. As a consequence of the effectiveness of the lower bound approach,
the distance from the optimum remained constant across all instances. Never-
theless, in order to reduce this distance from the optimal, further advancements
should be made in lower bound computations. Improved lower bounds can be gen-
erated in a shorter CPU time and subsequently employed in a Branch-and-Bound
algorithm or in conjunction with a heuristic based on Lagrangian relaxation.

The results of this chapter as a whole have demonstrated that the combination of
these methods can provide effective ways to solve the Single-Unit process planning
problem in a reconfigurable environment. In the next chapter, we will extend this
problem to the multi-product case, where a workshop consisting of reconfigurable
machines manufactures different components with different requirements.

The proposed approaches can function in an e-Computer-Aided Process Plan-
ning (e-CAPP) environment. The Lower bounds can be combined with feature
recognition systems to check the feasibility2 of the production of the proposed
product designs on the existing machines. It is possible to extend the lower bounds
to include production cost and energy consumption lower bounds.

2 The lower bound only considers precedence constraints, so feasibility in this case is limited to TADs
and tool constraints.





5
M U LT I - P R O D U C T P R O C E S S P L A N N I N G W I T H
R M S

This chapter1 aims at addressing the MPPP in a multi-objective framework, us-
ing exact and metaheuristic approaches. The exact approach is based on the
NBI scalarization strategy, while the metaheuristics consist of two evolutionary
algorithms, specifically, NSGA-II, known for its effectiveness in solving process
planning problems (Khan et al. 2022), and MOEA/D. This algorithm is particu-
larly noteworthy for its ability to operate without the computationally expensive
calculation of crowding distance, a potential that warrants further investigation.

The rest of this chapter is organised as follows: The first section provides a brief
introduction. Following that, we elaborate on the problem under consideration
and present the mathematical model. Section 5.3 outlines the three proposed ap-
proaches for tackling the problem, with Section 5.4 being dedicated to describing
the conducted experiments and interpreting the obtained results. Finally, in the
last section, we provide some conclusions.

5.1 introduction

The MPPP problem arises in several contexts:

• In environments with high variety and low volume production, where pro-
cess plans are typically executed as they are.

• In situations where minimizing reconfiguration efforts is a priority (Kant et al.
2020), particularly during transitions between different process plansa factor
often overlooked in single-product, single-unit process planning.

• In cases with resource constraints that require products to be processed se-
quentially (Kant et al. 2020). This is the case when there are limitations on
operators, such as in single-manned workstations, or on fixtures, which ne-
cessitate the processing of one product at a time.

5.1.1 Illustrative example

The core idea of this work can be summarized as follows: when you replicate the
optimal process plan of a single unit (optimized independently) for n units, it does

1 This chapter was submitted for publication in an international journal and is currently under review.
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not necessarily result in the optimal process plan for manufacturing all n units.
This concept is further illustrated through an illustrative example. Consider the
scenario where the process plans are generated for manufacturing two units of
the same product on 2 RMTs. The processing times for operations, machine
changeover time, and configuration changeover time are presented in Tables 5.1,
5.2, and 5.3, respectively.

Operation M1 M2

OP1 2 2

OP2 4

OP3 4

Table 5.1: Processing time/possible machines

M1 M2

M1 0 1
M2 3 0

Table 5.2: Machine changeover time (tu)

M1 C1 C2

C1 0 1

C2 3 0

M2 C1 C2 C3

C1 0 4 4

C2 4 0 4

C3 4 4 0

Table 5.3: Configuration changeover time (tu)

A brief examination of Table 5.1 reveals that there are only two possible opera-
tions assignments: one in which OP1 is assigned to M1 and another in which it is
assigned to M2. These are presented in Tables 5.4 and 5.5.

Operation OP1 OP2 OP3

Machine M1 M1 M2
Configuration C1 C2 C2

Table 5.4: Process Plan A

Operation OP1 OP2 OP3

Machine M2 M1 M2
Configuration C2 C2 C2

Table 5.5: Process Plan B

If we compute the total time of each process, we can see that process A is op-
timal with 12 tu. Meanwhile, for process B it’s 14 tu, since it contains a machine
changeover from 2 to 1 with 3 tu.
Even though A is the optimal process plan but when repeated it gives worse res-
ults (TT=27) than the process A and B combined (TT=26). The figures 5.1 and 5.2
represent the process plans.

That’s due to the fact that when combining A and B we eliminate the change of
configuration from 2 to 1 in machine 1. This change is present when process A is
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Case 1: Identical processes (SUPP)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30

Units
Unit 1 (Process plan A) Unit 2 (Process plan A)

Machine 1

Configuration 1 U1 OP1 U2 OP1

Configuration 2 U1 OP2 U2 OP2

Machine 2

Configuration 1

Configuration 2 U1 OP3 U2 OP3

Configuration 3

TT=27Change of configuration

Figure 5.1: Gantt chart of the process plan A repeated twice.

Case 2: Different processes (MUPP)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30

Units
Unit 1 (Process plan A) Unit 2 (Process plan B)

Machine 1

Configuration 1 U1 OP1

Configuration 2 U1 OP2 U2 OP2

Machine 2

Configuration 1

Configuration 2 U1 OP3 U2 OP3U2 OP1

Configuration 3

No change of configuration TT=26

Figure 5.2: Gantt chart of Process plan A and B combined.

repeated, but it’s not considered in the mathematical model when the process is
optimized (independently) as in the problem treated in chapter 4.

Another example from the literature that can be cited is in the case study pro-
posed in Azab and ElMaraghy, 2007b, the authors generate a process plan for an
engine front cover part. Operations 17 and 8 require a particular setup where they
add a rotational motion axis to a three-axis RMT. This reconfiguration requires sig-
nificant time, given the nature of the task. It is clear from the results that the best
process plans are those where operations 17 and 8 are in direct succession, as their
setup time is large.
If the obtained process plan is used to machine two units, it would be preferable
to delay operations that require special setup to the end of the first unit’s plan and
advance them to the beginning of the second plan. By this, we will set up the
machine once every two parts, this is not possible if we had a single process plan
repeated.
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It should be noted that product sequencing is a scheduling decision, thus MPPP
can be considered as a special case of the IPPS problem.

5.2 problem description and formulation

In this section we describe the problem studied, then we present the mathematical
model.

5.2.1 Problem description

This study tackles MPPP problem in the context of RMTs. The problem involves
manufacturing a set of similar products—from the same product family—on a
predetermined shop floor. Each product requires a set of operations, which has
precedence constraints between them. These constraints, dictate the specific opera-
tions that must be completed before others can start. Furthermore, each operation
requires a defined set of alternative tools and TADs for execution.

The RMTs are prepositioned in the shop floor, each equipped with a tool
magazine containing a selection of usable tools. Each configuration of an RMT
provides one or more TADs, enabling the machining of workpieces. The feasibility
of an operation on a given machine-configuration depends on the availability of
both the required TAD and tool. Consequently, if a machine has at least one of
the alternative tools and TADs needed for a specific operation, it can perform that
operation.

Figure 5.3: Description of the multi-Product process planning problem with the main ele-
ments and decisions taken.

As illustrated in Figure 5.3, MPPP problem is divided into two interconnected
subproblems: single-product process planning and product sequencing.
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The first subproblem, focuses on determining two key aspects: (i) the sequence
of operations while respecting precedence constraints, and (ii) the assignment of
machine configurations and tools required for each operation.

The second subproblem, product sequencing, involves arranging the process
plans of all products in a sequence that optimizes the overall manufacturing effi-
ciency.

The problem has two minimization objectives: total production time and total
production cost. Total production time includes the operational processing times
on machines, machine changeover times, configuration changeover times, and tool
changeover times. Similarly, total production cost accounts for processing costs
and machine, configuration, and tool changeover costs. Together, these two object-
ives aim to balance efficiency and cost-effectiveness in a reconfigurable manufac-
turing environment.

Table 5.6 provides an illustrative example of a solution to MPPP, presenting both
the process plans for individual products and their production sequence (P2 -> P1).
The information in the table can be read column by column from left to right. For
instance, the first column specifies that operation OP1 of product P2 is executed
first on machine M2, using configuration C3 and tool T1. Following this, operation
OP4 is performed on machine M1, and the sequence continues accordingly.
The table also highlights changeovers between operations. For example, a ma-
chine changeover occurs between the first and second operations, switching from
machine M2 to M1. Furthermore, machine M2 undergoes both a configuration
change and a tool change between the first and third positions, transitioning from
configuration C3 to C2 and from tool T1 to T5. This detailed breakdown illustrates
the complexities and dynamic nature of process planning and sequencing in RMSs.

Table 5.6: An example of a MPPP Solution representation.

Product P2 P2 P2 P2 P1 P1 P1

Operation OP1 OP4 OP3 OP2 OP2 OP1 OP3

Machine M2 M1 M2 M1 M2 M2 M1
Configuration C3 C2 C2 C1 C2 C1 C1

Tool T1 T1 T5 T3 T1 T2 T1

It is important to highlight that the system does not start from a predefined
initial state. As a result, when a machine is used for the first time, no configuration
or tool changeover is required. Likewise, no machine changeover is considered for
the initial operation of the first product in the sequence.

5.2.2 Mathematical model

In this section, we present the problem formulation and the 0-1LP mathematical
model.

In addition to the classical indices usually found in SUPP, we introduce the
product index, employing a six-dimensional decision variable denoted as Pv,u

s,j,l,q.
This variable is set to one if operation u of product v is processed in position s
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by machine j, configuration l, and using tool q. The first column of the previous
example presented in Table 5.6 can be represented by P2,1

1,2,3,1 = 1.

Notation

To formulate the problem, the following notations are used:

Indices

v Index of products
j Index of machines
l Index of configurations
u Index of operations
q Index of tools
t Index of TADs
s Index of positions

Sets

V Set of all products
J Set of all machines
L Set of all configurations
U Set of all operations
Q Set of all tools
TAD Set of all TADs
S Set of all positions



5.2 problem description and formulation 111

Parameters

N Number of products to manufacture
M Number of available machines
T Number of tools
NCj Number of available configurations for machine j
NOPv Number of operations of product v
TNOP Total number of all operations of all products
MTjq equals 1 if machine j can use tool q, 0 otherwise
CTADjlt equals 1 if machine j in configuration l can machine the

workpiece from TAD t, 0 otherwise
OPTADvut equals 1 if operation u of product v can be executed from TAD t,

0 otherwise
OPTvuq equals 1 if operation u of product v can be executed with tool q, 0

otherwise
OPPvuu′ equals 1 if operation u′ has to be processed after operation u of

product v
CCTimejll′ Configuration change time for machine j from configuration l to l′

TCTimeqq′ Tool change time from tool q to q′

MCTimejj′ Machine change time from machine j to j′

PrTimevujl Processing time for operation u of product v on machine j with
configuration l

CCCostjll′ Configuration change cost per unit time for machine j from
configuration l to l′

TCCostqq′ Tool change cost per unit time from tool q to q′

MCCostjj′ Machine change cost per unit time from machine j to j′

PrCostvuj Processing cost per unit time for operation u of product v on
machine j

B A big number
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Decision variables

Pvu
sjlq equals 1 if operation u of product v is in position s

executed by machine j in the configuration l using tool q, 0
otherwise

Zjss′ equals 1 if machine j is used in positions s and s′, 0
otherwise

Wsjj′ equals 1 if there is a change from machine j to j′ between
positions s and s + 1, 0 otherwise

Xsjll′ equals 1 if there is a change for machine j from
configuration l to l′ in position s, 0 otherwise

Ysjqq′ equals 1 if there is a change for machine j from tool q to q′

in position s, 0 otherwise
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Objective functions

f t and f c are respectively the total time and total cost, where:

Minimize f t = ∑
s

∑
v

∑
u

∑
j

∑
l

∑
q

Pvu
sjlq× PrTimevuj +∑

s
∑
v

∑
j

∑
j′

Wsjj′ ×MCTimejj′+

∑
s

∑
v

∑
j

∑
l

∑
l′

Xsjll′ × CCTimejll′ + ∑
s

∑
v

∑
j

∑
q

∑
q′

Ysjqq′ × TCTimeqq′ (5.1)

Minimize f c = ∑
s

∑
v

∑
u

∑
j

∑
l

∑
q

Pvu
sjlq× PrTimevujl× PrCostvuj +∑

s
∑
v

∑
j

∑
j′

Wsjj′×

MCTimejj′ ×MCCostjj′ + ∑
s

∑
v

∑
j

∑
l

∑
l′

Xsjll′ × CCTimejll′ × CCCostjll′+

∑
s

∑
v

∑
j

∑
q

∑
q′

Ysjqq′ × TCTimeqq′ × TCCostqq′ (5.2)

Constraints

Zjss′ ≥ (1− ∑
s′′=s+1

∑
v

∑
u

∑
l

∑
q

Pvu
s′′ jlq) + (∑

v
∑
u

∑
l

∑
q

Pvu
sjlq + Pvu

s′ jlq)− 2

∀j = 1, ..., M, ∀s = 1, ..., TNOP− 1, ∀s′ = s + 1, ..., TNOP (5.3)

Wsjj′ ≥∑
v

∑
u

∑
l

∑
q

Pvu
sjlq + Pvu

s+1j′ lq − 1

∀s = 1, ..., TNOP− 1, ∀j, j′ = 1, ..., M (5.4)

Xsjll′ ≥ Zjss′ + (∑
v

∑
u

∑
q

Pvu
sjlq + Pvu

s′ jl′q)− 2

∀s, s′ = 1, ..., TNOP, ∀j = 1, ..., M, ∀l, l′ = 1, ..., NCj (5.5)

Ysjqq′ ≥ Zjss′ + (∑
v

∑
u

∑
l

Pvu
sjlq + Pvu

s′ jlq′)− 2

∀s, s′ = 1, ..., TNOP, ∀j = 1, ..., M, ∀q, q′ = 1, ..., T (5.6)

OPPvuu′ + ∑
j

∑
l

∑
q

Pvu
sjlq + Pvu′

s′ jlq ≤ 2

∀s = 2, ..., TNOP, ∀s′ = 1, ..., s ∀u, u′ = 1, ..., NOPv ∀v = 1, ..., N (5.7)

Pvu
sjlq ≤∑

t
CTADjlt ×OPTADvut

∀s ∈ S, ∀u ∈ U, ∀v ∈ V, ∀l ∈ L, ∀q ∈ Q, ∀j ∈ J (5.8)

Pvu
sjlq ≤ MTjq ×OPTvuq

∀s ∈ S, ∀v ∈ V, ∀u ∈ U, ∀l ∈ L, ∀q ∈ Q, ∀j ∈ J, ∀u ∈ U (5.9)
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∑
j

∑
l

∑
u

∑
q
(Pvu

s−1jlq − Pvu
sjlq + 1)× B ≥∑

j
∑

l
∑
u

∑
q

s−2

∑
s′=1

Pvu
s′ jlq ∀s = 2, ..., TNOP

(5.10)

∑
s

∑
j

∑
l

∑
q

Pvu
sjlq = 1 ∀u ∈ U, ∀v ∈ V, (5.11)

∑
v

∑
u

∑
j

∑
l

∑
q

Pvu
sjlq = 1 ∀s ∈ S, (5.12)

Pvu
sjlq, Zjss′ , Wsjj′ , Xsjll′ , Ysjqq′ ∈ {0, 1}

∀s ∈ S, ∀v ∈ V, ∀u ∈ U, ∀l ∈ L, ∀q ∈ Q, ∀j ∈ J, ∀u ∈ U (5.13)

The first objective function (5.1) minimizes the total production time for all
products, encompassing the processing times of operations as well as the
changeover times for machines, configurations, and tools. The second objective
function (5.2) focuses on minimizing the total production cost, calculated as the
sum of time-related costs. This includes the processing costs of operations and the
costs associated with machine, configuration, and tool changeovers.

Constraints (5.3) link the use of each machine to its subsequent usage position
s′ through the variable Z. Constraints (5.4) determine when a machine changeover
occurs between two consecutive positions s and s + 1. Constraints (5.5) and (5.6)
identify configuration and tool changeovers, respectively. Constraints (5.7) rep-
resent precedence constraintss, ensuring that operations are processed only after
their predecessors have been completed. Constraints (5.8) ensure that each ma-
chine configuration includes at least one TAD required for the assigned operations.
Constraints (5.9) verify that the necessary tool is available on the machine for ma-
chining the assigned operations. Constraints (5.10) sequence products in a way
that keeps the operations of each product grouped together, so that no operation
of a different product could be scheduled inside another product’s operations se-
quence. Constraints (5.11) ensure that every operation of every product is executed
exactly once. Constraints (5.12) mandate that only one operation can be performed
at a given time of a given product. Constraints (5.13) are integrality constraints.

Additionally, equations (5.14) and (5.15) compute the parameters TNOP and B,
respectively.

TNOP = ∑
v

NOPv (5.14)

B = max
v∈{1,...,N}

(NOPv) + 1 (5.15)

5.2.3 Illustrative example

As a practical illustration, we adapted an example from Youssef and ElMaraghy,
2006. The scenario involves two components: ANC-101 and its variant ANC-90,
comprising 20 and 12 operations, respectively. These operations are processed us-
ing three reconfigurable machines: a horizontal milling machine (M1) with five
configurations, a drilling press (M2) with two configurations, and a boring ma-
chine (M3) with a single configuration. Additionally, ten tools are available for
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machining tasks. Figure 5.4 provides a visual representation of the two parts,
while Table 5.7 outlines the capabilities of the three machines.

Machine M1, equipped with five configurations, demonstrates significant flexib-
ility as it can accommodate any of the ten available tools. In the first four config-
urations, its functionality is restricted to using +z and −z TADs, with the primary
distinction among these configurations being the operational speed, determined
by the number of spindles.
It is important to note that a machine can only operate in one configuration at a
time. Additionally, for an operation to be performed, the selected machine con-
figuration must have access to the required tool and at least one of the necessary
TADs. For further details about this example, refer to Youssef and ElMaraghy
2006.

(a): Part ANC-101 (b): Part ANC-90

Figure 5.4: The two example parts ANC-101 and its variant ANC-90 (Youssef and El-
Maraghy 2006).

Table 5.7: Candidate machine specifications of the example.

Machines Configurations
TADs

Tools
+x +y +z −x −y −z +a −a

M1
Reconfigurable horizontal

milling machine

C1 5 5 ALL
Tools

C2 5 5

C3 5 5

C4 5 5

C5 5 5 5 5 5 5 5 5

M2
Reconfigurable drilling

press

C1 5 5 T2,T3,
T4,T5

C2 5 5

C3 5 5

C4 5

M3
Reconfigurable boring

machine
C1 5 T10
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Table 5.8: Results obtained for solving the illustrative example.

N Selected machines
configurations (Total time; Total cost) Machine

changeover
Configuration

changeover
Tool

changeover
Total

changeovers

1 M1C2 M1C4 M1C5 (1647.5; 898.92) 0 4 17 21
2 M1C2 M1C4 M1C5 M2C4 (1657; 892.43) 1 4 16 21
3 M1C2 M1C4 M1C5 M2C4 (1672; 884.83) 1 4 17 22
4 M1C2 M1C4 M1C5 M2C4 (1674; 722.98) 1 3 16 20
5 M1C2 M1C4 M1C5 M2C4 (1686; 714.39) 1 3 17 21
6 M1C2 M1C4 M1C5 M2C4 (1706; 693.56) 1 4 17 22
7 M1C2 M1C4 M1C5 M2C4 M3C1 (1738; 679.14) 3 4 16 23

Table 5.8 summarizes the seven non-dominated solutions obtained for the illus-
trative example. For instance, solution 1 achieves a total time of 1647.5 (time units)
and a total cost of 898.92 (cost units). In this solution, only machine M1 is utilized,
operating in configurations 2, 4, and 5. While this solution minimizes total pro-
duction time, other solutions prioritize cost efficiency. Since only one machine is
used in this case, no machine changeovers occur. However, configuration changes
on M1 happen four times, and tools are switched 17 times.
Across all seven solutions, part ANC-101 is consistently processed before part
ANC-90. The operation sequences for both parts exhibit minimal variation
between solutions, indicating that sequencing decisions remain relatively stable.
The trade-off between minimizing time and cost is achieved primarily through
variations in machine, configuration, and tool assignments.
The second column of Table 5.8 provides details on the machines and configura-
tions employed. Notably, using machine M1 in configuration C5 is unavoidable, as
it is the only setup capable of machining features F11 and F12 of ANC-101. How-
ever, this configuration operates at a slower speed. Conversely, configuration C4
offers the fastest processing speed but incurs higher costs due to its reliance on
four spindles.

5.3 solution approaches

This section describes the exact and approximate solution approaches proposed to
solve the described MPPP. In the first subsection, we present the Normal Boundary
intersection algorithm. Next, we present the coding procedure.

5.3.1 NBI strategy

NBI scalarization strategy generates non-dominated solutions for multi-objective
problems by solving a series of single-objective subproblems (See Chapter 2 for
more detail). To optimize its performance, a dynamic function is added which
adjusts parameters in each iteration, taking into account the available CPU time
and the time required to solve the previous subproblems. This strategy aims to
ensure that NBI method explores uniformly distributed regions of the objective
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space while making efficient use of the computational resources.
Unlike other methods, the proposed NBI algorithm does not focus on enumerat-
ing the entire Pareto front or defining a fixed number of non-dominated solutions
beforehand. Instead, its objective is to maximize the number of non-dominated
solutions obtained while maintaining their even distribution in the objective space.
Furthermore, the algorithm seeks to allocate the computational budget (CPU time)
as equitably as possible across all iterations.
This approach offers two key advantages: it enables efficient exploration of the
Pareto front within the constraints of the available CPU time, yielding a more
representative distribution of solutions. Additionally, it provides a framework
for comparing approximate and exact solution methods under identical compu-
tational time constraints.

Figure 5.5 depicts the NBI approach. First, the two anchor points (extremes)
are determined by solving the two single objective sub-problems (minimizing total
time and minimizing total cost). Then, we formulate the sub-problem and calculate
the parameters β1,i and β2,i using equations (5.16) and (5.17), with the initial values
for the first iteration set to β1,0 = 0 and β2,0 = 1. i is the index of iteration (for the
first iteration i = 0).

β1,i = β1,i−1 +
β2,i−1

d time_le f t×(i+2)
total_time−time_le f te+ 1

(5.16)

β2,i = 1− β1,i (5.17)

This approach seeks to achieve a uniform search along the span between the two
anchor points by leveraging the average time required to solve the subproblems.
However, due to the variability in computational times across individual subprob-
lems and the uneven distribution of points along the Pareto front, the resulting
solutions may not be perfectly uniform in their distribution.

5.3.1.1 Execution mode

The two steps highlighted in blue in Figure 5.5 represent the implementation of
the mathematical model within a solver to solve the subproblems. Two distinct
methods can be utilized for this purpose:

• Direct Approach (referred to as NBI): This method involves directly solving
the mathematical model using the solver.

• Enumerate-and-Solve Approach (we name Normal Boundary Intersection
with enumerate and solve strategy (NBI-es)): In this approach, the process
is divided into two stages: enumeration of possible products sequences fol-
lowed by solving and selecting the optimal ones.

1. Enumerate: This step involves generating all possible m! product se-
quences, where m represents the total number of products to be sched-
uled. Each sequence corresponds to a unique ordering of the products.

2. Solve-and-Select: For each generated sequence, the product sequence
variables are fixed in the model by setting ∑jlqu Pvu

1jlq = 1 for the product
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START

Input model parameters

Determine the anchor points
(i = 0)

Update time left and
calculate β1 and β2

Solve the NBIβ subproblem

time left
> 0 ?

Pareto optimal solutions

i = i+ 1

No

Yes

Figure 5.5: The Normal-Boundary Intersection algorithm

v in the first position, a different product v′ in the second, and so forth.
The solver is then executed to determine the optimal process plans for
the specific fixed sequence. This procedure is repeated for all m! se-
quences. Given the multi-objective nature of the problem, the algorithm
compares the resulting solutions and extracts the set of non-dominated
solutions, potentially including multiple points for the same sequence
(subproblem) on the Pareto front.

This method is feasible only for scenarios involving a small number of products,
as the factorial growth of m! with increasing m leads to an exponential increase
in computational complexity. Consequently, enumerating and solving for every
possible sequence becomes impractical for larger values of m.

5.3.2 Evolutionary metaheuristics for the MPPP

In this subsection we present the encoding procedure used to code solutions for
the two metaheuristics NSGA-II, MOEA/D as well as the crossover and mutation
operators employed.
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5.3.2.1 Chromosome encoding

The representation of a solution plays a pivotal role in determining both the quality
of the final results and the methods used to achieve them. In the context of meta-
heuristics, this choice is particularly critical, as it directly influences the algorithm’s
efficiency and effectiveness (Gendreau, Potvin et al. 2010). This challenge becomes
even more pronounced in our case, given the vast number of potential solutions
and the difficulty of ensuring feasibility while adhering to constraints. For instance,
simply swapping two operations can result in an infeasible solution by violating
precedence constraints. Moreover, implementing repair mechanisms for infeasible
solutions is computationally expensive, and designing genetic operators that con-
sistently produce feasible neighboring solutions is inherently complex (Shabaka
and ElMaraghy 2008).

In response to these challenges, Shabaka and ElMaraghy, 2008 introduced a con-
tinuous domain variable representation designed to decode into feasible solutions.
This encoding method has since been utilized in various studies, including Bens-
maine et al., 2013c and Haddou Benderbal et al., 2018. However, the original
encoding system does not include product indices, as it was initially developed for
SUPP problems. To address this limitation, we extend their approach by incorpor-
ating the product index, adding a new row to the matrix representation.
Table 5.9 represents a coded representation of a solution in the form of a 5× TNOP
matrix, where TNOP represents the total number of operations across all products.
Each cell in the matrix contains a real number between 0 and 1. Through a decod-
ing process, this coded matrix is transformed into a feasible process plan, similar
to the one shown in Table 5.6.
The decoding follows a systematic approach, processing the matrix from left to
right, row by row. For each cell, a vector is constructed to enumerate all possible
alternatives corresponding to the value could be put in the cell. The value within
the cell is then multiplied by the length of this vector, resulting in a number that
is rounded up to the nearest integer. This integer serves as an index to select the
appropriate alternative from the vector. The process is repeated for every cell in
the matrix until a complete and feasible process plan is generated.

Table 5.9: A MPPP Solution representation with P2 processed before P1.

Product 0.71 0.28 0.38 0.89 0.25 0.11 0.46

Operation 0.16 0.92 0.66 0.28 0.47 0.42 0.23

Machine 0.65 0.52 0.17 0.51 0.92 0.10 0.42
Configuration 0.81 0.36 0.56 0.11 0.80 0.26 0.73

Tool 0.03 0.25 0.52 0.31 0.29 0.17 0.62

Figure 5.6 demonstrates the decoding process for the first row of the example
provided in Table 5.9. The procedure begins by listing all possible alternatives in
a vector. In this case, the first cell can contain either product 1 or product 2. Given
two alternatives, the value in the cell (0.71) is multiplied by the total number of
alternatives (2). The result is then rounded up to the largest nearest integer, which
serves as the index for selecting the corresponding product from the vector. Here,
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the rounded value is 2, indicating that product 2 is assigned to the first cell.
Since product 2 consists of four operations, the next four cells are automatically
filled with the value 2. This ensures that all operations of product 2 are completed
before moving on to operations from any other product. This process is repeated

Selected 
element index

1.42 ≈ 2×

2

Product 0.71 0.28 0.38 0.89 0.25 0.11 0.46 Product 2 2 2 2 0.25 0.11 0.46

Possible
alternatives

2

1
Possible
alternatives

1Possible
alternatives

2

1

Figure 5.6: Example of the decoding procedure for the vector of products.

across all rows of the matrix to determine the operations, machines, configura-
tions, and tools. While decoding the operations, precedence constraints are taken
into account. For machines, the TADs and tool requirements are considered, in
addition to the operations listed in the previous row. When selecting configura-
tions, TAD constraints are also considered, along with the machine assignments
from the previous row. Finally, when assigning tools, the operations and machines
from previous rows are considered, along with the available tools for the selected
machine and the tools required for the corresponding operation.

5.3.2.2 Genetic operators

Crossover and mutation operators are essential components of evolutionary al-
gorithms, enabling both the exploration and exploitation of the search space. As
shown in Figure 5.7, we use a one-point crossover method, where a random index
is chosen as the crossover point. The chromosome is then split vertically at this
point, and offspring are created by combining segments from both parents. Muta-
tion involves randomly modifying selected genes from the parent to generate a
new child, with the number of genes to be altered determined by a pre-defined
mutation rate.
For selection, we apply tournament selection. In this method, four chromosomes
are randomly chosen and paired for a tournament. They are compared, and the
best-performing chromosome is selected as the winner. This process is repeated to
select the second parent.

As explained in the encoding procedure in section 5.3.2.1 and the mutation oper-
ator in Figure 5.7, the mutation operator may occasionally fail to produce a differ-
ent child solution from the mutated parent. This occurs when the selected cell for
mutation has only one possible alternative (e.g., the last operation in the sequence)
or when the mutation does not alter the chosen element from the alternatives vec-
tor. To address this issue, a filter function, referred to as Filter() in Algorithms 1
and 2, is used to eliminate duplicate solutions from the child population.
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Figure 5.7: Crossover and Mutation operators.

5.4 numerical experiments

This section begins by describing the generation of experimental tests and the
parameter calibration for the two proposed evolutionary metaheuristics. It then
evaluates the ability of NBI and NBI-es to generate non-dominated solutions across
different CPU time scenarios for small-sized instances. Following this, the perform-
ance of MOEA/D and NSGA-II is compared within the same scenarios. Lastly, a
comparative analysis between these two metaheuristics is conducted for larger-
sized instances.
All algorithms in this section were implemented in Java, with NBI models solved
using CPLEX 12.6. The experiments were run on a PC equipped with a 2.9 GHz
Intel Pentium processor and 2GB of RAM.

5.4.1 Experimental setup

Due to the absence of benchmark instances in the literature for the process plan
generation problem with RMS, we conducted experiments using randomly gen-
erated instances. Each configuration instance is defined by the total number of
products (N), the number of machines (M), and the total number of operations
(TNOP), represented as (N_TNOP_M).

For each configuration instance, the total number of operations (TNOP) is ran-
domly distributed across the N products. For example, in an instance denoted as
(2_20_3), there are two products (N = 2), 20 operations (TNOP = 20), and three
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machines (M = 3). A possible distribution could be 8 operations for product 1
(NOP1 = 8) and 12 operations for product 2 (NOP2 = 12).

To ensure consistency with instances in other works (Haddou Benderbal et al.
2018; Mahmoodjanloo et al. 2020; Shabaka and ElMaraghy 2008; Vahedi-Nouri et
al. 2022; Youssef and ElMaraghy 2006), we generated the following parameters in
a uniform distribution : PrTime ∈ [100, 800]; TCTime ∈ [15, 50]; CCTime ∈ [10, 50];
MCTime ∈ [5, 64]; PrCost ∈ [0.1, 0.8]; TCCost ∈ [0.01, 0.04]; CCCost ∈ [0.01, 0.04];
MCCost ∈ [0.05, 0.1]; NCj ∈ [1, 5]; T = 10; Moreover, we set the average machine-
configuration combinations capable of processing an operation as 20%.

5.4.2 Parameter tuning

The performance of metaheuristics is highly dependent on the proper configura-
tion of their parameters. Even a well-crafted metaheuristic can underperform if its
parameters are not correctly set. Therefore, in this subsection, we focus on calib-
rating the parameters of the two evolutionary metaheuristics.
To begin, we identified the parameters that need calibration for each metaheuristic,
as shown in Table 5.10. Both metaheuristics share common parameters, such as
population size, crossover probability, and mutation ratio. However, MOEA/D in-
troduces an additional key parameter, T, which represents the number of solutions
in a neighbourhood group from which parents are selected for crossover to pro-
duce offspring. Each of these parameters is has three distinct levels, as outlined in
Table 5.10.

Table 5.10: Table of parameters and their levels.

Criteria Crossover
Probability

Mutation
Ratio

Population
size T

Level 1 0.9 0.5 100 20
Level 2 0.5 0.2 40 10
Level 3 0.1 0.05 20 5

For NSGA-II, the total number of possible parameter combinations is 27 (33),
while for MOEA/D, it is 81. Since testing all these combinations would be compu-
tationally prohibitive, we employ the Taguchi method (Phadke 1995) to efficiently
explore the parameter space in a feasible time. An orthogonal array L9 is utilized
to select 9 distinct parameter combinations for each metaheuristic.
These experiments were conducted on three generated instances (2_10_3, 2_15_2,
and 3_15_5), and each test was repeated 10 times to ensure reliability. To assess
the effect of parameter variations on HV, we calculate the Signal-to-Noise Ratio
(SNR) (Phadke 1995), defined as follows, where yi represents the HV obtained
from experiment i and n is the number of experiments:

SNR = −10× log

∑n
i=1

(
1
y2

i

)
n


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The effect of parameter variation on SNR for the NSGA-II tests is shown in
Figure 5.8. The parameter settings that result in higher SNR values are considered
the most effective. As illustrated in Figure 5.8, a crossover probability of 0.5 yielded
the highest SNR for the second and third instances, while ranking second for the
first instance. As a result, we selected this value (0.5) for the crossover probability.
Similarly, a mutation ratio of 0.5 also performed well, and a population size of 40
exhibited strong SNR results.

The results from the MOEA/D tests are shown in Figure 5.9. The optimal para-
meter values for MOEA/D were found to be a population size of 20, a crossover
probability of 0.1, a mutation ratio of 0.2, and a value of 5 for T, which yielded the
best performance.
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Figure 5.8: Plot of SNR variation as function of different parameters of NSGA-II.



5.4 numerical experiments 125

0.1 0.5 0.9 0.05 0.2 0.5 20 40 100 5 10 20
27.2

27.4

27.6

27.8

Si
gn

al
to

N
oi

se
R

at
io

Crossover Probability Mutation Ratio Population size T

(a): Instance 2_10_3

0.1 0.5 0.9 0.05 0.2 0.5 20 40 100 5 10 20
36

36.2

36.4

36.6

36.8

Si
gn

al
to

N
oi

se
R

at
io

Crossover Probability Mutation Ratio Population size T

(b): Instance 2_15_2

0.1 0.5 0.9 0.05 0.2 0.5 20 40 100 5 10 20

50.2

50.4

50.6

Si
gn

al
to

N
oi

se
R

at
io

Crossover Probability Mutation Ratio Population size T

(c): Instance 3_15_5

Figure 5.9: Plot of SNR variation as function of different parameters of MOEA/D.
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5.4.3 Comparing the solution approaches for small size instances with different CPU
times

In this subsection, we assess the performance of the two evolutionary metaheur-
istics using their optimal parameter values, as well as the NBI approaches, under
varying computational times for small-sized instances.
Through initial tests and existing research (Khezri et al. 2021; Touzout and
Benyoucef 2019a), we observed that no standard method for setting CPU time
exists, and applying a fixed CPU limit would not be suitable, as the minimum re-
quired computational time varies significantly across instances. Additionally, the
problem’s complexity is highly influenced by parameters such as TNOP and M.
To address this, we propose a formula to calculate CPU time that ensures a fair
comparison across different instance sizes and solution methods. The computa-
tional time is given by the formula: TNOP×M× Ccpu (in seconds), where Ccpu is
a constant integer. By adjusting the value of Ccpu, we generate various scenarios
with different computational budgets.

We conducted tests on small instances across five different scenarios for the
values of Ccpu: 1, 2, 3, 6, and 12. The instance configurations tested (N‘_TNOP_M)
include 2_8_2, 2_10_2, 2_10_3, and 2_15_2. For each configuration, we generated 5
random instances.
In contrast to the deterministic nature of the NBI approaches, the metaheuristics
exhibit stochastic behaviour. Therefore, we performed 10 runs for each instance
and each metaheuristic, and the average result was recorded.
To assess the quality of the results, we combined all the obtained fronts into one
reference front, representing the Pareto front approximation. After calculating the
HV for the reference front and each obtained front, we computed the gaps between
the HVs (HVi) and the reference front HV (Ref. HV) using the following formula:

Gap for solution i =
Ref. HV − HVi

Ref. HV
× 100

In addition to HV gaps, the results were compared on two other metrics: SM
and the number of points in the front (NS). See chapter 2 for more detail about
performance metrics.

When the obtained front consists of only one non-dominated solution, calculat-
ing SM becomes problematic, as the formula yields an undefined value (SM = ∞).
To resolve this, we assign a fixed value of 2 SM = 2 in such cases. However, an-
other issue arises in instances where the two objectives are in harmony, resulting
in a single Pareto-optimal solution. This situation affects the average SM values,
particularly for methods like NBI, which often identify the single Pareto-optimal
solution. To address this, instances with only one Pareto-optimal solution are ex-
cluded from the average SM calculation. The results are presented in Figure 5.12.
It is worth mentioning that only 4 out of the 20 instances in the small-size config-
uration category exhibit this characteristic.

Table 5.11 summarizes the average gap to Ref. HV across the five instances for
each configuration, considering various Ccpu values. Since the metaheuristics were
run 10 times per instance, the table also reports the average Coefficient of variation
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(CV) across the five instances. The best (i.e., smallest) gap for each configuration
and each Ccpu value is highlighted in bold.

Table 5.11: HV results for the four approaches (HV gap percentages to the reference front).

Configuration Ccpu NBI Gap NBI-es Gap
NSGA-II MOEA/D
Gap CV Gap CV

2_8_2

1 2.46 7.80 15.43 0.15 14.71 0.18
2 1.73 2.16 8.47 0.12 15.37 0.22
3 1.71 1.42 7.64 0.08 14.52 0.17
6 0.11 0.04 4.70 0.06 11.54 0.14

12 0.02 0.03 3.98 0.06 10.47 0.16

2_10_2

1 34.65 22.99 14.82 0.15 13.11 0.11
2 11.06 0.69 7.81 0.08 9.93 0.08
3 1.83 0.14 9.09 0.09 9.76 0.09
6 0.73 0.10 7.74 0.08 8.31 0.07

12 0.05 0.04 5.94 0.07 6.64 0.08

2_10_3

1 19.41 19.33 1.87 0.03 5.83 0.10
2 18.26 19.34 2.52 0.06 6.10 0.09
3 0.46 0.17 2.04 0.06 6.56 0.10
6 0.03 0.17 1.96 0.06 3.14 0.07

12 0.00 0.15 0.18 0.00 1.67 0.04

2_15_2

1 73.16 63.47 31.63 0.15 16.07 0.07
2 67.54 60.19 25.60 0.11 13.57 0.08
3 62.78 58.70 23.15 0.14 13.01 0.07
6 62.21 58.52 20.72 0.13 11.29 0.07

12 61.74 57.64 16.26 0.08 8.97 0.07

When comparing the two exact solution approaches, NBI and NBI-es, it is evid-
ent that NBI-es generally outperforms NBI, indicating that the Enumerate-and-
Solve strategy enhances solver performance. However, it is worth noting that NBI
shows better results for certain configurations when CPU time is limited (Ccpu = 1
or 2).

For the 2_10_3 instances with small CPU time (Ccpu = 1, 2), NSGA-II achieves
the best performance among all solution methods. On the other hand, for the
largest instances (2_15_2), MOEA/D significantly surpasses all other approaches,
regardless of the allocated CPU time. For these large instances, the average gaps
to the reference HV for NBI and NBI-es are 61.74% and 57.64%, respectively, even
with the highest CPU time (Ccpu = 12) these gaps are notably larger than those
observed for the metaheuristics under the smallest CPU time (Ccpu = 1), where
NSGA-II achieves a gap of 31.63% and MOEA/D achieves an impressive 16.07%.

Both NSGA-II and MOEA/D demonstrate improved stability, as indicated by
lower CVs, with increased computational time. Notably, NSGA-II shows a steeper
reduction in CV, suggesting more consistent convergence. This trend is reinforced
by its superior performance in the three smallest configurations, achieving an av-
erage gap of 0.18% with a CV of 0 for 2_10_3, compared to MOEA/D’s 1.67% gap
and 0.04 CV. Interestingly, this trend reverses for the largest configuration (2_15_2),
where MOEA/D handles the complexity more effectively, achieving a 16.07% av-
erage gap at the minimum Ccpu, outperforming NSGA-II even at the maximum



128 multi-product process planning with rms

Ccpu (16.26% gap). This indicates that MOEA/D may be better suited for larger
configurations, a hypothesis that will be further explored in the next subsection.

The 2_10_3 configuration presents a unique case where both metaheuristics
achieve near-optimal Pareto fronts at Ccpu = 12. This contrasts with the results
for the other smaller configurations, where NBI approaches generally outperform
the metaheuristics. The resulting gaps for NBI, NBI-es, NSGA-II, and MOEA/D
are 0%, 0.15%, 0.18%, and 1.67%, respectively.
Examining individual instances within the 2_10_3 configuration reveals that 2 out
of 5 instances exhibit no conflict between objectives. For these instances, metaheur-
istics effectively close the gap to the true Pareto front HV at large CPU times, as no
additional points are discoverable by NBI approaches beyond the single optimal
solution.

For instances with conflicting objectives, metaheuristics tend to perform better.
However, in non-conflicting cases, both NSGA-II and MOEA/D struggle to de-
liver high-quality solutions at lower Ccpu values, with notable improvements only
observed at Ccpu = 12. NSGA-II’s performance, for example, stagnates or even
deteriorates for Ccpu values between 1 and 6. Meanwhile, MOEA/D shows worse
HV gaps than NSGA-II and experiences a decline in performance between Ccpu = 1
and Ccpu = 3.
These findings highlight the importance of considering the level of conflict between
objectives when selecting optimization algorithms. NSGA-II’s superior handling
of conflicting objectives suggests a stronger exploitation capability compared to
MOEA/D.

Across all methods, increased computational time leads to reduced average gaps
(greater closeness to Pareto fronts) and lower CVs for metaheuristics. This is in-
tuitive, as more processing time allows for more refined searches and greater res-
ult consistency. However, there remains a trade-off between exact and approxim-
ate methods. Exact approaches perform poorly with limited computational time,
while metaheuristics often outperform exact methods in such scenarios but cannot
guarantee optimal solutions even with extended computational time. This high-
lights the classic challenge of balancing solution quality against computational
time, as visually depicted in Figure 5.10.

Figures 5.10, 5.11, and 5.12 presents the average results for the three smallest
configurations, since for the instances of configuration 2_15_2, the NBI approaches
couldn’t solve more than one subproblem within the computational time limits, in-
dicating a significant increase in problem complexity for this configuration. Figure
5.10 presents the average HV gap percentage to the reference front per different
Ccpu values, whereas 5.11 and 5.12 present SM and NS averages, respectively.

Figure 5.10 shows that the two NBI approaches tend to perform worse than
the two metaheuristics for low computational budgets (Ccpu = 1). However, it
surpasses them for larger budgets, achieving almost 0% gap for Ccpu larger than
6. For the two metaheuristics a similar behaviour can be observed, with NSGA-II
consistently outperforming MOEA/D. At the largest computational time (Ccpu =

12) NSGA-II achieves an average gap of 4.79%, while MOEA/D reaches 7.65%.
Interestingly, NBI and NBI-es experience a sharper decline in the HV gap

between Ccpu = 1 and Ccpu = 3, dropping from 18.83% to 1.31% for NBI and
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Figure 5.10: Comparing average HV gap of NSGA-II, MOEA/D, NBI, and NBI-es for the
three smallest configurations 2_8_2, 2_10_2, and 2_10_3 (N_TNOP_M).
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Figure 5.11: Comparing average SM of NSGA-II, MOEA/D, NBI, and NBI-es for the three
smallest configurations 2_8_2, 2_10_2, and 2_10_3 (N_TNOP_M).

from 16.70% to 0.56% for NBI-es. This is due to the NBI method procedure with
initial generation of the two extreme (anchor) points that significantly contribute
to the HV value. Subsequent points are iteratively generated, prioritizing those
furthest from existing points. This suggests that the prioritization results in points
generated in later iterations being closer to existing points, thus contributing less
to the overall HV. This is evident in the minimal decrease in the HV gasp for NBI
and NBI-es when Ccpu doubles from 6 to 12.

Figure 5.10 also reveals that NBI-es consistently outperforms NBI in terms of
HV for computational budgets of 1, 2, and 3. This superiority is further evidenced
by Figure 5.12, which demonstrates that NBI-es generates a larger number of non-
dominated solutions than NBI across all Ccpu values. The better performance of
NBI-es can be attributed to its ability to identify more than one non-dominated
solution within each subproblem. This suggests that NBI-es is more effective in
exploring the solution space compared to NBI.
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Figure 5.12: Comparing average NS of NSGA-II, MOEA/D, NBI, and NBI-es for the three
smallest configurations 2_8_2, 2_10_2, and 2_10_3 (N_TNOP_M).

Figure 5.11 reveals that the NBI approaches, particularly NBI-es, generate Pareto
fronts with a more evenly distributed spread of solutions compared to the meta-
heuristics. This is most evident for the highest computational budget (Ccpu = 12)
where NBI-es achieves the lowest SM value of 0.66.

As mentioned earlier, for Ccpu of 6 and 12, the two NBI methods has almost 0 HV
gaps. This is despite the increase in the number of non-dominated solutions for
these Ccpu values, especially for NBI-es, as evident in Figure 5.12. This suggests
that the additional solutions discovered by NBI-es are located in regions of the
Pareto front with minimal impact on the overall HV, for example near the already
discovered non-dominated points. However, Figure 5.11 reveals a different trend.
The SM remains relatively stable for NBI-es between Ccpu 6 and 12, suggesting that
the additional solutions are distributed uniformly in the existing Pareto front, with
minimal impact on the overall solution spread.

This phenomenon is likely due to the staircase structure of the Pareto front,
this is further confirmed by the Pareto front described in Figure 5.13, where the
additional points found for Ccpu ≥ 3 align with the HV space (see Chapter 2,
Figure ??) and thus contributing marginally to the overall HV.

Figure 5.13 depicts the Pareto fronts obtained by the NBI algorithm for various
Ccpu values for instance 5 of configuration 2_8_2, and the best overall solutions
found by the metaheuristics. This figure emphasizes the importance of having a
good representation of the true pareto front for solution evaluation. As the NBI
algorithm progressively reveals the true Pareto front, the quality of obtained solu-
tions can be better evaluated, allowing for easier identification of poor solutions or
fronts.

Figure 5.13 illustrates how the NBI method generates distinct Pareto fronts as
the computational budget (Ccpu) increases. A larger computational budget enables
the identification of more non-dominated solutions with improved distribution.
In subfigure 5.13a (Ccpu = 1), the NBI method discovers the two anchor points
and one additional intermediate solution. As the computational time increases
(Subfigures 5.13b and 5.13c), a fourth Pareto point emerges. Notably, while the
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three solutions from 5.13a reappear in 5.13b and 5.13c, the fourth point differs
between these two subfigures. This demonstrates the NBI methods ability to ad-
apt to varying computational budgets by exploring different regions of the search
space, enhancing solution diversity.
With Ccpu = 6 (Subfigure 5.13d), the NBI method identifies 8 non-dominated solu-
tions. Finally, in Subfigure 5.13e, the most diverse Pareto front is achieved with
13 non-dominated solutions generated under the maximum computational time
(Ccpu = 12).

The variability in CPU time required for solving each iteration is a notable chal-
lenge that the NBI method effectively manages. For instance, generating the an-
chor points in this example involves solving two optimization problems: minimiz-
ing total production time (solved in 9 seconds) and minimizing total production
cost (solved in 5 seconds). Despite the unpredictable nature of the solver’s com-
putational time across iterations, the NBI approach consistently achieves relatively
uniform spacing among the solutions across all Ccpu scenarios, ensuring balanced
Pareto fronts.

Figure 5.13 highlights the capability of both NSGA-II and MOEA/D to generate
solutions close to the true Pareto front. The red and blue points represent the best
solutions achieved by each metaheuristic, based on HV metric averaged over 10
runs. HV values for NSGA-II and MOEA/D are 11,449 and 11,206, respectively.
In comparison, NBI solution in subfigure 5.13a achieves an HV of 8,715. How-
ever, NBI solution in subfigure 5.13e, obtained with the maximum computational
budget (Ccpu = 12), surpasses the metaheuristics, achieving an HV of 11,644.
The staircase structure of the Pareto front provides further insights into the
decision-making process. Solutions on the same plateau share identical operation-
to-machine assignments, indicating that variations in product and operation se-
quences, as well as tool and configuration selections, minimally impact total
cost. In contrast, altering operation-to-machine assignments results in transitions
between plateaus, significantly influencing total cost.
This observation suggests that, within a hierarchical planning framework, prioritiz-
ing operation-to-machine assignments could effectively minimize total costs. Such
an approach aligns with the heuristic framework proposed in Mechaacha et al.,
2024 and presents a promising area for further exploration.

From the results in this section, three key conclusions emerge:

1. NBI-based methods exhibit strong performance on smaller instances, with
the enumerate-and-solve strategy further enhancing their effectiveness.

2. When larger computational budgets are available (Ccpu ≥ 3), NBI and NBI-es
achieve higher HVs than the metaheuristics for the smallest instances.

3. The metaheuristics demonstrate good performance, achieving HV gaps of
approximately 4% and 7% from the reference front for the three smallest
configurations, validating their ability to approach exact solution quality.

Given that NBI is not feasible for medium or large problem instances, the next
subsection will exclusively evaluate the performance of NSGA-II and MOEA/D
on these larger problem sizes.
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(a) Ccpu = 1 (b) Ccpu = 2

(c) Ccpu = 3 (d) Ccpu = 6

(e) Ccpu = 12

Figure 5.13: The non-dominated solutions generated by the three approaches under
different computational budgets for the instance 5 of configuration 2_8_2
(N_TNOP_M).
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5.4.4 Comparing two metaheuristics

The behaviour and performance of MOEAs are predominantly explored through
experimentation, given the complexities of theoretical analysis (H. Li and Zhang
2008). This subsection presents the results of testing NSGA-II and MOEA/D on
medium to large-sized instances. Based on the performances shown in Figures 5.10,
5.11, and 5.12, the computational budget (Ccpu) is set to 2. This choice strikes a
balance between solution quality and computational efficiency, as increasing Ccpu

beyond 2 offers negligible improvements in solution quality while significantly
increasing computation time.

In addition to evaluating performance using HV, SM, and NS, the C-metric is
introduced as an additional metric for comprehensive assessment.
The evaluation involved 5 randomly generated instances for each of the 10 con-
figurations. Each instance was run 10 times for both metaheuristics. Table 5.12
presents the average values of the four metrics (HV, C-metric, SM, and NS) across
all runs for each instance. Furthermore, it includes the average values for each
configuration across all instances.
To determine the statistical significance of the differences observed between the
two metaheuristics, the Wilcoxon signed-rank test (Wilcoxon 1947) was conducted
at a significance level of 0.05. Instances where one metaheuristic achieved a statist-
ically significant difference are highlighted in bold in the table. Additionally, the
number of instances within a configuration where a specific metaheuristic demon-
strated significant superiority is indicated in parentheses next to the configurations
average value in the "AVG" row.

Table 5.12 highlights MOEA/D’s superior performance over NSGA-II across
most metrics and configurations.

• HV: MOEA/D consistently achieves higher average HV values across all
configurations. This superiority is statistically significant in 45 out of 50
instances. For the largest configuration (10_100_20), MOEA/Ds average
HV is 15,913—more than double NSGA-IIs 6,823—indicating that MOE-
A/D’s Pareto front approximations span a substantially larger area relative
to NSGA-II points.

• C-metric: MOEA/D generally outperforms NSGA-II in terms of dominance
relationships, as reflected by its higher C-metric values. This advantage is
statistically significant in 46 out of 50 instances, with no significant difference
observed in the remaining four.

• SM: While the differences in SM are less pronounced compared to HV and C-
metric, MOEA/D still achieves better average SM values in all configurations
except one (4_20_5). Statistically significant differences favour MOEA/D in
8 instances, while NSGA-II demonstrates a significant difference in just 1
instance. This indicates a generally better distribution of solutions within
MOEA/Ds Pareto fronts, however the difference is not as pronounced as it
was in previous metrics.

• NS: The trend for NS differs from the other metrics. MOEA/D generates
more non-dominated solutions for smaller instances, whereas NSGA-II out-
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performs for larger instances. This divergence could stem from the increas-
ing quality gap between the two metaheuristics for larger instances. As this
gap widens, MOEA/D struggles to maintain both high quality and diversity,
potentially reducing its NS count. In contrast, NSGA-II may more easily
produce a larger number of non-dominated solutions, albeit of lower overall
quality, in these scenarios.
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Table 5.12: Comparing the performance of the two metaheuristics NSGA-II and MOEA/D
for different metrics.

Confi- Inst- HV C-metric SM NS
gura-
tion

ance NSGA-II MOEA/D C(NSG,MOE) C(MOE,NSG) NSGA-II MOEA/D NSGA-II MOEA/D

3_15_5 1 116.21 151.95 0.03 0.69 0.74 0.63 4.00 6.40
2 157.77 157.49 0.42 0.40 0.69 0.70 23.90 24.10
3 306.96 302.95 0.48 0.42 0.66 0.63 9.10 10.20
4 470.51 483.23 0.16 0.60 0.57 0.59 12.70 14.00
5 167.99 172.42 0.37 0.45 0.61 0.67 9.60 15.90
AVG 243.89(0) 253.61(1) 0.29(0) 0.51(2) 0.65(0) 0.64(0) 11.86(0) 14.12(1)

3_20_3 1 372.69 457.32 0.05 0.90 0.76 0.69 5.90 7.30
2 92.28 114.78 0.05 0.87 0.56 0.73 5.70 8.40
3 186.59 423.72 0.02 0.95 0.69 0.50 4.70 8.70
4 218.73 233.77 0.11 0.78 0.67 0.51 9.30 13.20
5 346.15 475.60 0.03 0.91 0.65 0.56 9.10 12.90
AVG 243.29(0) 341.04(5) 0.05(0) 0.88(5) 0.67(0) 0.60(0) 6.94(0) 10.10(3)

4_20_5 1 600.57 657.41 0.06 0.87 0.51 0.52 7.50 11.60
2 153.07 167.48 0.03 0.82 0.64 0.57 6.60 8.80
3 244.37 382.88 0.02 0.93 0.46 0.61 5.60 11.00
4 87.06 168.04 0.00 0.98 0.55 0.54 4.60 7.00
5 126.32 198.26 0.03 0.89 0.54 0.67 8.60 16.90
AVG 242.28(0) 314.81(5) 0.03(0) 0.90(5) 0.54(1) 0.58(0) 6.58(0) 11.06(3)

4_25_3 1 202.42 562.74 0.00 0.97 0.57 0.45 5.70 6.30
2 642.36 731.16 0.13 0.74 0.61 0.60 13.70 21.60
3 497.43 735.44 0.02 0.97 0.57 0.52 8.80 10.90
4 281.78 832.49 0.00 1.00 0.51 0.44 5.30 6.50
5 268.26 462.07 0.01 0.85 0.59 0.59 7.20 12.70
AVG 378.45(0) 664.78(5) 0.03(0) 0.91(5) 0.57(0) 0.52(0) 8.14(0) 11.60(1)

5_25_5 1 575.90 1056.22 0.00 1.00 0.53 0.56 11.00 8.10
2 731.52 1091.33 0.01 0.93 0.51 0.56 7.00 12.60
3 539.08 713.85 0.04 0.89 0.57 0.56 14.70 24.10
4 460.04 826.71 0.00 1.00 0.65 0.52 8.60 11.60
5 580.55 929.70 0.02 0.92 0.66 0.58 11.20 16.90
AVG 577.42(0) 923.56(5) 0.01(0) 0.95(5) 0.59(0) 0.56(0) 10.50(0) 14.66(3)

5_50_5 1 3133.21 4312.63 0.11 0.63 0.50 0.50 10.40 7.70
2 3768.06 7187.13 0.07 0.89 0.64 0.41 6.10 5.20
3 2824.73 4614.75 0.16 0.62 0.50 0.43 6.00 6.50
4 3116.53 5557.79 0.12 0.82 0.68 0.44 9.20 4.70
5 3962.53 6236.05 0.14 0.73 0.67 0.35 8.20 5.10
AVG 3361.01(0) 5581.67(5) 0.12(0) 0.74(5) 0.60(0) 0.43(3) 7.98(0) 5.84(0)

5_30_10 1 1871.69 4103.78 0.02 0.96 0.59 0.48 9.10 9.00
2 3018.08 4805.60 0.01 0.95 0.54 0.52 12.00 11.30
3 708.29 1788.87 0.01 0.83 0.51 0.49 8.40 9.50
4 1660.07 2419.13 0.01 0.90 0.56 0.51 15.10 11.30
5 1934.23 3864.12 0.00 1.00 0.54 0.44 8.90 8.50
AVG 1838.47(0) 3396.30(5) 0.01(0) 0.93(5) 0.55(0) 0.49(0) 10.70(0) 9.92(0)

10_50_10 1 1129.80 4682.76 0.00 1.00 0.69 0.41 10.10 6.30
2 2653.88 6843.16 0.01 0.91 0.49 0.45 11.10 6.70
3 1847.56 5498.60 0.02 0.91 0.63 0.45 9.20 5.80
4 1933.32 5735.10 0.00 1.00 0.47 0.46 8.00 4.80
5 3601.35 6518.65 0.11 0.72 0.65 0.48 15.40 8.60
AVG 2233.18(0) 5855.65(5) 0.03(0) 0.91(5) 0.59(0) 0.45(3) 10.76(0) 6.44(0)

10_75_10 1 1988.48 6341.96 0.00 0.98 0.58 0.57 5.30 3.90
2 3697.34 8278.20 0.06 0.82 0.53 0.52 10.80 5.10
3 8244.42 14911.64 0.11 0.70 0.53 0.45 11.40 7.00
4 3912.10 9256.89 0.05 0.83 0.63 0.44 7.30 5.60
5 2389.80 6040.72 0.10 0.82 0.68 0.36 4.70 4.60
AVG 4046.43(0) 8965.88(5) 0.06(0) 0.83(5) 0.59(0) 0.47(1) 7.90(2) 5.24(0)

10_100_20 1 11711.30 27542.27 0.03 0.85 0.42 0.42 6.90 6.20
2 5074.48 15313.34 0.02 0.89 0.57 0.47 8.30 7.10
3 4993.16 10735.35 0.11 0.66 0.55 0.40 8.80 5.10
4 5411.58 16727.14 0.02 0.90 0.52 0.43 9.30 7.40
5 6928.70 9251.29 0.25 0.48 0.55 0.31 9.30 4.90
AVG 6823.85(0) 15913.88(4) 0.09(0) 0.76(4) 0.52(0) 0.41(1) 8.52(0) 6.14(0)

NSG=NSGA-II; MOE=MOEA/D;
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Figure 5.14: Plot of NSGA-II and MOEA/D solutions for instance 1 of 5_25_5
(N_TNOP_M).

Figure 5.14 illustrates the solutions obtained by NSGA-II and MOEA/D across
ten runs for instance 1 of configuration 5_25_5. The visual comparison underscores
MOEA/Ds dominance for this instance, with its solutions (red points) positioned
closer to the ideal point than NSGA-IIs (green points). This superiority is quan-
tified by MOEA/Ds significantly higher HV (1056) compared to NSGA-IIs (575).
Moreover, the C-metric values further highlight nsga-ii’s dominance, with a value
of 1 for MOEA/D (indicating none of its solutions are dominated by NSGA-II) and
0 for NSGA-II (indicating all its solutions are dominated by at least one MOEA/D
solution).
The figure also reveals MOEA/Ds superior stability. Its solutions are tightly
clustered, suggesting better convergence. In contrast, NSGA-II’s solutions are
more dispersed, indicative of inconsistency in solution quality.
This divergence in performance can be traced to the distinct exploration-
exploitation strategies employed by the two algorithms. NSGA-II’s larger popu-
lation size (40), combined with a higher crossover probability (0.5) and mutation
ratio (0.5), favours broad exploration of the search space. Conversely, MOEA/Ds
smaller population size (20) and lower crossover (0.1) and mutation probabilities
(0.2) focus on exploiting promising regions of the solution space.
The computational requirements explain their differing performance. NSGA-II’s
computationally intensive crowding distance calculation and large population size
limit the number of generations it can complete. MOEA/D, with its simpler mech-
anisms and smaller population, allows for more generations, enabling deeper ex-
ploitation of the search space.
This aligns with the observed trend: NSGA-II tends to perform better on smal-
ler problem instances or instances with non-conflicting objectives. In these cases,
the search space is relatively constrained, and MOEA/Ds minor modifications to
genes during mutation may have little to no impact due to the encoding mechan-
ism. This can result in redundant solutions within the child population, which are
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subsequently filtered out. However, as problem size grows, NSGA-IIs performance
declines due to its restricted number of iterations. Thus, MOEA/Ds advantage in
larger instances may be attributed not only to its effective strategies but also to
NSGA-IIs inherent limitations.

5.5 conclusion

In this chapter, we address MPPP problem in the context of a RMS. The problem
encompasses two subproblems:

• Process Planning: Assigning operations to machines, configurations, and
tools while considering tool and TAD requirements, as well as sequencing
the operations of each product.

• Product Sequencing: Determining the sequence of process plans for different
products to minimize changeover time and cost between products.

The MPPP is formulated in a multi-objective framework with two objectives: min-
imizing the total production time and the total production cost.
To address this problem, we propose four solution approaches:

• Exact Methods: Two variations of NBI Scalarization technique are developed,
each incorporating an iterative update function for the β parameter values.
The first approach directly implements the NBI model in a solver, while the
second employs an "enumerate-and-solve" strategy to enhance solution di-
versity and quality.

• Approximate Methods: Two evolutionary metaheuristics are utilized: NSGA-
II and MOEA/D, both tailored to effectively handle the complexity of the
problem.

The experimental findings reveal the strengths and limitations of the proposed
approaches:

• Small Instances: All four methods effectively solve small-sized instances. Me-
taheuristics, however, outperform exact methods in limited computational
time, producing high-quality solutions quickly.

• Medium to Large Instances: MOEA/D consistently outperforms NSGA-II
across most evaluation metrics, demonstrating its efficiency in handling lar-
ger problem sizes.

• Computational Efficiency: Exact methods, NBI approaches, exhibit superior
performance when provided with sufficient computational time, achieving
better convergence to the true Pareto front.

The results further highlight that total cost is more sensitive to operation assign-
ment decisions than to sequencing decisions. This finding suggests the potential
for a hierarchical decision-making heuristic, where operation assignments are pri-
oritized before sequencing. Such an approach could extend the heuristic frame-
work proposed in Mechaacha et al., 2024, offering a practical means to achieve
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high-quality solutions for complex MPPP problems.
This study underscores the applicability of both exact and approximate methods
in process planning optimization and sets the stage for future exploration into
hybrid or hierarchical frameworks to address the challenges posed by larger and
more intricate RMS related problems.



6
L O T- S I Z I N G W I T H R M S

This chapter1 presents the lot-sizing production planning problem with the consid-
eration of reconfigurable machines. Firstly, the considered problem is described,
along with the mathematical model for the uncapacitated case and its extension
for the capacitated case. Next, a DP is proposed to solve the uncapacitated version.
Finally, the results of the numerical experiments are presented and conclusions are
drawn.

6.1 introduction

The problem treated in this chapter considers lot-sizing problem in a shop floor
composed of reconfigurable machines. As mentioned in chapter 1 these machines
are different to traditional ones in that they can operate in alternative configura-
tions, each with varying capacities or functionalities.
The objective is to determine the quantities to manufacture in a reconfigurable
machine on a set of periods. In each period, a demand has to be satisfied, and a
minimum batch size is imposed, thus for the manufacturer if production occurs in
a period, it has to surpass a certain limit. The objective is to minimize the total cost
comprised of production cost, inventory holding cost, startup costs, and reconfig-
uration cost of the machine, which represents the cost of changing the state of the
machine—or the facility— from a current configuration to the next one.
For example, consider an assembly workstation with three configurations (Figure
6.1): C1 (fully manual), C2 (semi-manual), and C3 (fully automatic). Each config-
uration offers different throughputs and functionalities—C1 is good with high pre-
cision products but has low throughput and can assemble certain products, while
C3 has a higher throughput but lower precision and can assemble some products
that may or may not be manufacturable by the other two configurations.

The production costs also differ across configurations. For instance, C1’s costs
are largely driven by operator salaries, while C3’s costs are influenced by factors
like robot availability and maintenance. Setup costs vary as well, fluctuating over
time based on factors such as labour costs, quality requirements, and energy prices.
Consequently, different periods may favour different configurations—C1 for low
labour costs and high-quality requirements, C2 or C3 for low energy costs and
repetitive tasks.

In addition to the costs usually found in lot-sizing problems, we have recon-
figuration cost or "configuration changeover cost", which depends on the sequence

1 Parts of this chapter will be submitted soon for possible publication in an international journal.
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Figure 6.1: An imaginary illustration of a reconfigurable assembly workstation with three
configurations C1 Manual, C2 Semi-manual, and C3 Automatic (Generated
with AI).

of configurations being switched. A reader can detect directly the resemblance
between this cost and sequence dependant cost which is employed in multi-item
case. However, reconfiguration cost is configuration dependant and can be found
in Single-item case.
The classical lot-sizing problem can be seen as a special case of the problem with re-
configurable machines, where the machine has only one fixed configuration. From
this, we can derive a new class of lot-sizing problems with reconfigurable ma-
chines, which can be single or multi-item, capacitated or Uncapacitated, and single
or multi-level.

Figure 6.2 illustrates a solution for the Uncapacitated SILSP with a single-level
single-machine that ahas two possible configurations, across the two configura-
tions the machine proposes two different processing speeds for processing the
item. A configuration changeover time is incurred whenever the configuration
changes between successive batches. Instead of setup carryover2, we have—what
we prefer to name—configuration carryover, which occurs from one period to the
next.

Thus, when a machine uses the same configuration at the end of a period and the
beginning of the next period, no configuration changeover cost or time is required.
In the contrary, if two different configurations are used a reconfiguration cost is
incurred.

2 Setup carryover refers to the condition where the setup state of a machine is maintained across
consecutive periods, eliminating the need for a new setup at the start of the next period.
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Configuration
changeover

C2→C1 C1→C2 C2→C1 C1→C2 C2→C1

Machine 1

Configuration 1 60 30 30

Configuration 2 30 50 10

Period 1 Period 2 Period 3

Figure 6.2: The Gantt chart corresponding to an Uncapacitated Single-item Single-level lot-
sizing solution.

6.1.1 Minimum batch size

In the Uncapacitated SILSP presented in Karmarkar et al., 1987, they impose that
in the absence of production, a setup (or reservation) can occur and thus the star-
tup can be avoided in the immediate subsequent period with production.
We believe this constraint should be relaxed as for multiple industries this case
would not be possible, and such a solution wouldn’t be applicable in real-life scen-
arios.
However, when running the model with the relaxed constraint, the solution may
(in certain instances) contain periods of production where the production quantity
is minimal but not zero. In such cases, the solver prefers to avoid a startup by
setting up the machine for the production of a single unit, which can represent
a very small value to the usual demand (for example 1 compared to 100). It is
evident that this solution is not applicable in real-life scenarios either. Therefore, it
is necessary to introduce a minimum batch size.
The minimum batch size can be defined as the minimum demand for all the peri-
ods. However, if the minimum demand is small compared to the usual demand
(highly volatile demand), the model will exhibit the same behaviour previously
described.

6.2 problem description

We consider a SILSP with start-up costs and minimum batch sizes, referred to
as MOQ. The production system is reconfigurable, which can be considered as
a single machine, capable of operating in different configurations, each offering
distinct processing times and costs for manufacturing the product. The MOQ is
assumed to be equal to the demand in the given period (MOQt = dt).
The company faces varying product demands across periods and incurs start-up,
inventory holding, production, and reconfiguration costs. The manufacturer must
determine the production quantity in each period to meet the demand while min-
imizing the total cost.
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6.2.1 Mathematical Models

6.2.1.1 Single-Item Uncapacitated Lot-sizing problem (P0)

To formulate the problem, the following notations are used:

Indexes
t Index of periods
c, e Index of configurations

Parameters
T Number of Periods
C Number of available configurations on the machine
dt demand of period t
ht Inventory cost for holding one unit of inventory in period t
rcce Configuration changeover cost from configuration c to

configuration e
pcct Production cost on configuration c in period t
Kt Startup cost in period t
Mct Upper bound on the quantity produced on configuration c in

period t

Decision variables
xct Quantity produced on configuration c in period t
yt equals 1 if the machine is used in period t
zt equals 1 if a startup occurs on the machine in period t
wcet equals 1 if there’s a configuration changeover from

configuration c to configuration e in period t
It Inventory level at the end of period t
Vct Auxiliary variables that assign configuration c in period t
Uct equals 1 if the machine is set up for configuration c at the

beginning of period t

Objective function

Minimize: fcost = PC + SC + CCC + IHC (6.1)

Processing cost: PC = ∑
c

∑
t

pcct × xct (6.2)

Startup cost: SC = ∑
t

Kt × zt (6.3)

Configuration changeover cost: CCC = ∑
c

∑
e

∑
t

rcce × wcet (6.4)
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Inventory Holding cost: IHC = ∑
t

ht × It (6.5)

Constraints

It = It−1 + ∑
c

xct − dt ∀t = 1, ..., T, with: I0 = 0 (6.6)

xct ≤ Mct × (Uct + ∑
e

wect) ∀t = 1, ..., T, ∀c = 1, .., C (6.7)

xct ≤ Mct × yt ∀t = 1, ..., T, ∀c = 1, .., C (6.8)

zt ≥ yt − yt−1 ∀t = 1, ..., T, with: y0 = 0 (6.9)

∑
c

xct ≥ yt ∀t = 1, ..., T (6.10)

∑
c

Uct = 1 ∀t = 1, .., T (6.11)

Uct + ∑
e

wect = Uct+1 + ∑
e

wcet ∀t = 1, .., T ∀c = 1, .., C (6.12)

Vct + C× wcet − (C− 1)− C×Uct ≤ Vet ∀t = 1, .., T, ∀c, e = 1, .., C, &e 6= c
(6.13)

wcct = 0 ∀t = 1, .., T, ∀c = 1, .., C (6.14)

∑
c

xct ≥ yt × dt ∀t = 1, .., T (6.15)

yt, zt, wcet, Ucet ∈ {0, 1} ∀t = 1, .., T (6.16)

xct, It, Vct ∈ {0, 1} ∀t = 1, .., T (6.17)

In addition, let:

Mct =
T

∑
u=t

du ∀c = 1, .., C (6.18)

The objective function (6.1) minimizes the sum of the four costs. Production cost
is presented in equation (6.2) and is computed based on the decision variable xct.
Startup costs are computed in (6.3) and are dependent on variable zt. Reconfigura-
tion costs in equation (6.4) are for computing the configuration changeovers, while
(6.5) compute the inventory holding costs.
Equations (6.6) are the inventory balance equations, they enforce that the quantity
produced in a period will be added to the inventory carried from the previous
period and are used to satisfy the demand of that period while what’s left is kept
as inventory in the end of the period.
Constraints (6.7) indicates that when a machine is used in a configuration in a
period, either that configuration was the start configuration or the machine has
been reconfigured to that configuration.
Constraints (6.8) and (6.10) ensures that every period with a positive production is
recorded through the yt variable.
Constraints (6.9) implies that whenever the machine is used in a period without
being used in the period that was before it a startup cost is added to the objective
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function.
Constraints (6.11) state that only one configuration can be the first configuration
to start a period.
Constraints (6.12) tracks the occurrence of configuration changeovers on the ma-
chine. Constraints (6.13) are used to eliminate subtours between configurations.
Constraints (6.14) states that there are no configuration changeovers from a given
configuration to that exact same configuration.
Constraints (6.15) are MOQ constraints, which state that if production is positive
in a period it has to be at least equal to the demand in that period. Constraints
(6.16) and (6.17) are integrality constraints. Equations (6.18) are used to calculate
the M parameters.
This problem from (6.1) to (6.18) will be refereed to in the remaining of this chapter
as P0.

6.2.1.2 Single-Item Capacitated Lot-sizing problem

We add the following parameters in the capacitated version:

Additional parameters
rce Configuration changeover time from configuration c

to configuration e
pct Production time on configuration c in period t
Lt Length of period t

We keep the same indices, decision variables, and constraints, and we add the
capacity constraints:

∑
c

pct × xct + ∑
c

∑
e

rce × wcet ≤ Lt ∀t = 1, .., T (6.19)

In addition, let:

Mct = min(
T

∑
u=t

du,
Lt

pct
) ∀c = 1, .., C (6.20)

Constraints (6.19) represent capacity constraints on length of a period. While
equations (6.20) replaces (6.18) from the P0 model.

6.2.1.3 Special case when dt = 0

Constraints (6.15) imply that if in a given period, dt = 0, then no startup cost will
be incurred in the subsequent period, even if xt = 0, yt would still equal to 1.
We believe that this hypothesis remains consistent with reality. If the demand in a
period is zero, it follows that the startup cost in the subsequent period is inevitable.
In such a case, it would be reasonable to consider the startup cost as a fixed cost,
which should not be included in the objective function. Furthermore, in certain
industries, such as the production of frozen dairy products during winter months,
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periods of low demand are often used for essential cleaning and maintenance of
machinery. In such cases, the shutdowns can be beneficial.

6.3 dp for solving the problem

This section introduces the DP approach developed to solve the problem P0. It be-
gins by establishing that the Wagner-Whitin (W-W) property, a key characteristic
in lot-sizing problems, holds for the specific formulation of our problem. Follow-
ing this foundational result, additional theorems and properties relevant to the
problem are derived and discussed. These theoretical insights set the stage for the
subsequent presentation of the dynamic programming model.

For developing a DP on the basis of DP of Wagner and Whitin, 1958 for P0,
one of the major necessities is to verify whether the problem does preserves the
zero-inventory W-W property (Property 1 in Chapter 3 section 3.1.1).

6.3.1 Zero inventory W-W Property for the Uncapacitated case

The W-W property in the Uncapacitated case: ∑c xct × It = 0 needs to be verified,
we propose the following theorem:

Theorem 1. In P0 there exists an optimal solution that satisfies the zero-inventory W-W
property, i.e. ∑c xct × It = 0

Proof. Let us consider the case where an optimal lot-sizing suggests both the car-
rying of inventory up to period j and the production in the same period. Con-
sequently, there are two feasible scenarios that satisfy constraints (6.15). The first
scenario is that the inventory carried is for satisfying demand in either the current
period (j) or a subsequent period, which is equivalent to the original W-W case
(Wagner and Whitin, 1958). The second scenario is that the demand for a period u
(j < u) is divided between periods j and a preceding period i (i < j). In this case,
at least one of the following programs wouldn’t be more costly:

• To produce both parts of du in period i and thus ∑c xci = ∑u
k=i dk

• To produce both parts in period j thus having ∑c xcj = ∑u
k=j dk

• To produce both parts in period u which would result in ∑c xcu = du

6.3.2 Lot-splitting

Lot-splitting in lot-sizing problems refers to producing the same demand for an
item in two different periods. We extend this definition for our case, where it
refers to producing the same item in two different configurations within the same
period.
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6.3.2.1 Lot-splitting for the Single-item Capacitated case

Let’s take the following example with 1 period and 2 configurations. The first
configuration C1 is slow but cheap, C2 is fast but expensive. and the data is
as follows: demand d1 = 10, Capacity Lt = 14, production times pct = [3 1],
production costs pcct = [1 10]. All reconfiguration times are equal to 2, and
reconfiguration costs are equal to 3.

Figure 6.3 represent the Gantt chart of the optimal solution with the objective
function calculation at the top (94 $). As it can be seen from the Figure the op-

Sum of Costs = 9× 10 + 3 + 1× 1 = 94

1 2 3 4 5 6 7 8 9 10 11 12 13 14

Configuration
changeover

C2→C1

Machine 1

Configuration 1 1

Configuration 2 9

Figure 6.3: The Gantt chart corresponding to the optimal solution for the Capacitated
Single-item case with Lot-splitting.

timal solution for this particular instance contains lot-splitting. Thus in the case of
capacitated case the optimal solution can contain lot-splitting.

6.3.2.2 Lot-splitting for the Single-item Uncapacitated (P0 case)

Theorem 2. There exists an optimal solution in P0, where no lot-splitting occurs, i.e.
∑c yct = 1 ∀t = 1, .., T with:

yct =

1 if xct > 0

0 if xct = 0.
(6.21)

Proof. Suppose an optimal program suggests both to produce in configurations c
and e in the same period t. Then, in the case where pcct ≤ pcet it wouldn’t be
more costly to add xet into xct, since this would eliminate the reconfiguration cost
rccet (or rcect), and reduce the production cost if pcct < pcet. In the opposite case
(pcct ≥ pcet), it wouldn’t be more costly to add xct into xet either.

6.3.3 Reconfiguration

For the configuration changeover on the machine, we propose the following the-
orem:
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Theorem 3. In P0 with constant reconfiguration costs (rcce doesn’t vary from a period to
the other), there exists an optimal solution where configuration changeovers occur only in
periods with production (where ∑c xct > 0).

Proof. Suppose an optimal plan suggests to not to produce and change the config-
uration in the same period t. If there’s no period q with production (∑c xcq > 0)
after t (q > t) that would mean that the configuration changeover is unnecessary
and thus can be eliminated. If not, that would mean that the directly successive
period with production after t (name it q) will use the changed configuration c
from period t, thus we have—as a result of theorem 2— xcq > 0. As the recon-
figuration costs satisfy the triangle inequality, are not time varying, and as the
problem is Uncapacitated, it wouldn’t be more costly to move the reconfiguration
from period t to the beginning of period q.

6.3.4 DP

Theorem 4. There is an O(T2 · C) algorithm that solves P0 (Uncapacitated SILSP with
minimum batch size and constant reconfiguration costs).

A dynamic programming approach, similar to the W-W algorithm and employ-
ing Karmarkar et al., 1987 theorems, can be employed to efficiently solve the Unca-
pacitated problem, with the additional consideration of the optimal configuration
of the machine in each period.
Starting from the first period the problem is solved just as the W-W case but with
consideration of all the cases of the configurations and verifying as in Karmarkar et
al., 1987 DP that the startup cost is added to the next period’s subproblem. That’s
why the computational complexity of DP is O(T2 · C).

6.4 numerical experiments

This section outlines first the data generation details, next the results are presented
for the Uncapacitated problem. The DP algorithm was coded in Java programming
language and the ILP model is solved using CPLEX 22.1 version, the tests are
conducted on a PC with a 1.20GHz GHz Intel i5 processor and 8GB RAM.

We defined 14 instance configurations and generated 10 random instances per
configuration (140 instances in total) with a uniform distribution: d ∈ {0, 300}, h ∈
{0, 5}, pc ∈ {0.5, 20}, K ∈ {30, 500}, and for rc parameter we used the generation
procedure proposed in Appendix A with the following values rc ∈ 20; 200, 200.
And we set the CPU limit to 1800 seconds for the ILP.

The gaps from DP solution to best solution (UB) of the solver were calculated
using the formula:

Gap UB to DP =
Solver UB−DP solution

DP solution
× 100
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The integrality gap3 (Int Gap) obtained by the solver was also recorded. The
integrality gap is computed as

Int Gap =
UB− LB

UB
× 100

Table 6.1 presents the results obtained across the 14 instance configurations (in-

Table 6.1: Results obtained for comparing the DP with ILP mathematical model implemen-
ted in CPLEX solver.

Instance
Gaps CPU Time

Int Gap
(%)

Gap UB
to DP (%) DP (sec) CPLEX (sec)

T5C3 0.000 0.000 0.006 0.122
T5C5 0.000 0.000 0.002 0.095
T10C3 0.000 0.000 0.002 0.087
T10C5 0.001 0.000 0.002 0.245
T10C10 0.002 0.000 0.004 1.807
T10C20 0.005 0.000 0.007 16.830
T50C10 0.150 0.000 0.048 253.961
T50C30 5.296 0.129 0.047 1806.715
T50C50 8.510 1.693 0.083 1803.870
T50C100 91.165 817.008 0.264 1803.678
T100C30 6.590 0.600 0.251 1811.468
T100C50 30.545 99.970 0.609 1809.857
T100C100 93.606 841.257 1.488 1810.103
T200C200 NO Sol NO Sol 47.300 NO Sol

Average 18.144 135.435 0.216 855.295

stance sizes). An instance configuration is characterised by two parameters: the
number of periods (T) and the number of configurations of the reconfigurable ma-
chine (C). As previously mentioned, the DP CPU depends on these two parameters.
For example, instance T10C3 represents a facility with 3 possible configurations
and the planning horizon is composed of 10 periods.

As can be observed from Table 6.1 results, the DP significantly outperforms the
solver. The DP provides the optimal solution in a remarkable average time of less
than a quarter of a second (0.21 second) across all configurations. In the case of
the seven smallest configurations, the solver is able to identify the optimal solu-
tion that is consistent with those produced by the DP. However, for only the three
smallest configurations that the solver closes the integrality gap to 0%, while the
solver does reach the optimal solution, it is unable to guarantee that this is the
optimal solution. For example for T50C10 in 3 out of the 10 generated instances

3 The integrality gap is the ratio between the best value and best lower bound.
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the integrality gap was not close. Consequently, it can be seen that the average
integrality gap for T50C10 is 0.150.
Once the instances sizes exceeds T50C30, the solver is unable to find the optimal
solution within the 1800 seconds limit, not even without guaranteeing its optim-
ality. As the configuration sizes increase, the solver’s performance deteriorates
significantly, resulting in UB that are 8 times distant from the optimal solution
within 1800 seconds for T100C100.
The mathematical model appears to encounter difficulties, particularly in instances
with a high number of configurations. Nevertheless, the increase in the number of
periods still affects the ILP model, but the increase in C has a more pronounced
impact as can be seen between T50C100 and T100C50 results.

6.5 conclusion

In conclusion this chapter have presented the problem of single-item lot-sizing
problem with startup costs and time variant MOQ with a RMS. The problem has
been mathematically modelled in its two variants capacitated and Uncapacitated
by ILP models. Our main focus was on the Uncapacitated problem (P0) where
we developed a DP for solving the problem. The proposed ILP model for PO was
implemented in a solver (Cplex) and solved 140 random generated instances and
compared to DP performance.
The DP largely outperformed the mathematical model especially for large size
instances, thereby showcasing its applicability in different lot-sizing parameter val-
ues. This provides a solid foundation for further investigation of more complex
scenarios, by integrating the DP within a Lagrangian relaxation approach or a
branch-and-bound algorithm. Although less effective than DP, the two ILPs are
indispensable for validating solution approaches and solving multiple configura-
tions that are inherently challenging. In particular, those the model for the capacit-
ated variant, which was not tested in this chapter but will be included as a part in
the future work which will be soon submitted for publication.





7
C O N C L U S I O N S A N D F U T U R E W O R K

The contributions of this thesis can be summarized in three major points:

• Introduction of product sequencing into the process planning problem with
RMS.

• Study of the lot-sizing problem with reconfigurable machines.

• The deployment of diverse methods for resolving the proposed problems,
encompassing both mono-objective (DP, lower bounds, mathematical-based
heuristics, mathematical models) and multi-objective (NSGA-II, MOEA/D,
NBI with β updated values) optimisation.

In this concluding chapter, we present a summary of our contributions and provide
a list of research perspectives, both short-term and long-term, which we intend to
develop following the completion of this thesis. These perspectives may also be
considered by other researchers.

This thesis addresses three major research topics, each of which represents a
production planning problem with RMS:

• Motivated by the extensive body of literature addressing process planning
problems with RMS, We adopted an alternative standpoint to the classical
process planning works in addressing the problem, focusing on methodolo-
gical aspects while maintaining an understanding of the technical elements.
This approach has yielded the development of an effective mathematical
model, which reduces the computational time, and a mathematical-based
heuristic with two variants, which can be used as a framework for solving
other variants of the problem. Furthermore, our work has resulted in the
development of two lower bounds for the total time objective function.

• Once the fundamentals had been established, we proceeded to integrate
product sequencing, which is a scheduling decision, into the process plan-
ning problem, which we termed "Multi-product process planning." This prob-
lem was studied in a multi-objective context, with the formulation of a math-
ematical model that was employed in a normal-boundary intersection ap-
proach and an enumerative approach, in addition to two evolutionary meta-
heuristics, namely MOEA/D and NSGA-II. In order to evaluate the aforemen-
tioned methods, a number of multi-objective performance indicators were
employed, including HV and C-metric.
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• Ultimately, as our comprehension of the reconfigurability paradigm and RMS
was enhanced, We focused our attention on a relatively unexplored area
within the realm of RMS: lot sizing with RMS. This relatively novel prob-
lem was studied in a single-item context, with a particular focus on defining
the problem constraints and ensuring coherence with existing literature on
both RMS and lot-sizing. We employed a highly regarded methodology in lot
sizing, namely dynamic programming. The work yielded the development
of mathematical models for lot-sizing with a reconfigurable machine and a
single item for both capacitated and Uncapacitated variants, as well as the
development of a DP for the Uncapacitated case.

The proposed approaches are applicable within an e-CAPP framework. The LBs
can verify the existence of a feasible1 process plan and estimate its total production
time, and has the potential to be extended for estimating energy consumption and
production cost. Timely access to such production process insights can signific-
antly enhance product design effectiveness and facilitate web-based collaboration,
ultimately improving manufacturing responsiveness. The heuristics are also well-
suited for collaborative environments where a cloud-based knowledge repository
would enable knowledge sharing between different entities of the company and
between companies. This fosters mutual benefit by accessing each other’s accumu-
lated expertise. However, a standardized format for representing process plans,
especially for RMTs with diverse module combinations, is crucial for successful
implementation. The knowledge repository can also be used by AI techniques in
a knowledge-based process planning. This represent an interesting perspective
where the heuristic proposed in chapter 4 is used for solving the MPPP problem
proposed in chapter 5.

Process planning problem within a hybrid system composed of DML, FMS, and
RMS combination can be also an interesting problem related perspective. It is
possible to introduce further constraints into the process planning and the produc-
tion planning problems studied, such as machine temperature. In such cases, the
quality of the part produced is dependent on the temperature of the machine (for
further details on this, please see Khan et al., 2021, which provides an example of
quality in process planning).

One limitation with our proposed approaches (especially for chapter 4 and 5) is
that our models cannot handle alternative operation selection, where a part can
be processed by multiple operation combinations. In such a case, a planner has
to choose which operations to execute before assigning them to machines and per-
forming the sequencing. Such a constraint can improve the realism of the process
planning problem considered and further explore the potential of RMTs.

Another potential future work is to extend the methods proposed for SUPP to
handle multi-objective problems, other objectives such as cost, quality and flexibil-
ity can be included and optimized. Moreover, it would be interesting to compare
the performance of the proposed methods against other popular evolutionary al-
gorithms such as GA (for the mono-objective case), and NSGA-III (for the multi-
objective case). Also, to demonstrate the applicability and robustness of the pro-

1 Feasibility here is only in terms TADs and tools constraints, since the model doesn’t consider pre-
cedence constraints.
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posed methods, an empirical evaluation into real-world manufacturing settings or
more complex scenarios should be performed, however , to the best of our know-
ledge no databases for such instances on RMS process planning or RMS lot-sizing
exist in the literature.

As already demonstrated in chapter 5, the disruptive nature of the encoding pro-
cedure and genetic operators provided MOEA/D with an advantage over NSGA-II.
Therefore, to enhance the performance of NSGA-II and other evolutionary meta-
heuristics, alternative encoding schemes and genetic operators tailored to the spe-
cific characteristics of the MPPP problem could be investigated.

The proposed approaches for integration between process and production plan-
ning, can be integrated into an RMS model (See André and Cardin 2023), where a
dedicated software module is designed for process and production planning. This
package considers various factors related to machine configurations and opera-
tional requirements. The availability of multiple approaches allows for the selec-
tion of the most suitable model, taking into account factors such as available CPU
time and the weight of each objective, providing decision makers with multiple
trade-off solutions for optimal decision-making in RMS operations.

As RMS has been recognized as a facilitator of sustainable manufacturing
(Skärin et al. 2022), incorporating environmental objectives, such as minimizing
greenhouse gas emissions and energy consumption, and social sustainability ones
into the the studied optimization problems can be a promising direction, which is
currently receiving an increasing attention.

To explore the potential of other metaheuristic paradigms, swarm intelligence-
based approaches such as Multi-Objective Ant Colony Optimization could be in-
vestigated. Additionally, a comparative study between the proposed operation
position-based decision variables model (1MDV) and a sequence-based mathemat-
ical model would provide valuable insights into the efficiency of different problem
representations, for SUPP and MPPP problems.

The results also indicate that the total cost is more sensible to operations assign-
ment decisions than sequencing decisions. Suggesting that a hierarchical decision-
making heuristic can provide good quality solutions. Such an approach could be
developed as an extension of the heuristic framework we proposed in Mechaacha
et al., 2024 and chapter 4.

With the emergence of human worker considerations, workforce planning with
RMS have gained increased attention (Dolgui et al. 2019). Thus, another future
extension can incorporate these aspects, introducing worker assignment to opera-
tions. The operation-worker assignment would depend on different factors such
as operation difficulty and worker proficiency. This can take use of the results of
the data-driven analysis presented in Lee et al., 2023. Which represents also an
interesting extension to all our three projects (SUPP, MPPP, and SILSP).

Furthermore, a sensitivity analysis studying the impact of varying the pro-
cessing and changeover times/costs on solution structure and objective function
values, similar to S. Zhang and Wong, 2016, but considering MPPP, would be an
interesting work and provide valuable insights into the problem’s behaviour.
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Finally, an interesting extension would be to consider Distributed Multi-Product
Process Planning (D-MPPP), where products are not only sequenced but also alloc-
ated to different production sites (Mahmoodjanloo et al. 2022). This would intro-
duce an additional decision layer (site assignment) that could enhance a company’s
ability to adapt to volatile market demands by leveraging the reconfigurability of
different

It is important to recognise that chapter 6 work represents only the initial stage
of an ongoing process, as the introduction of RMS to lot-sizing has opened up a
new area of lot-sizing problems. A natural extension to this work is the consider-
ation of multi-item cases in the short term. While DP is an effective approach, it
would be beneficial to explore alternative methods for NP-hard problems, such as
Lagrangian relaxation and branch-and-bound.
As the problem under consideration is a special case of the MOQ, namely where
the MOQ is equal to the demand, a natural extension would be to consider a more
general case with a fixed MOQ as in Hellion et al., 2012. Subsequently, the more
complex problem of general time-varying MOQs can be addressed. While the de-
velopment of DPs may present a challenge in these cases, our DP can serve as
a foundation for that process or, combined with a correction heuristics in a Lag-
rangian relaxation method, facilitate the generation of good-quality solutions.
Additionally, investigating multi-level lot-sizing with reconfigurable machines is a
natural extension for the single level case. The integration of process planning and
lot-sizing represents a long-term yet promising research avenue for the future.



A
A P P E N D I X 1 : C H A N G E O V E R M AT R I C E S
G E N E R AT I O N P R O C E D U R E ( T R I A N G L E
I N E Q U A L I T Y )

To obtain an asymmetric matrix that satisfies the conditions of having zero di-
agonal entries and approximates the ranges, means, and standard deviations of
the matrices in Haddou Benderbal et al., 2018 (which do not satisfy the triangle
inequality), two matrices are generated and their sum is calculated.

Matrix A is generated through a uniform map-based approach that is implemen-
ted based on the method described in Pickardt and Branke, 2012. This method in-
volves the distribution of a set of points uniformly in a predefined space, followed
by the computation of the Euclidean distance between every pair of points x1 and
x2, where the distance corresponds to the changeover time from x1 to x2.

Matrix A satisfies the triangle inequality as a consequence of the Pythagorean
theorem. However, the matrix generated is symmetric, which fails to represent
situations where the setup time depends on the direction of the changeover, as in
the problems treated in chapters: 4, 5, and 6. Additionally, some distances might
have a value of zero if the coordinates of x1 and x2 are the same.

Hence, a second matrix B is generated using the uniform distribution U(min,
max) where max = (min × 2) − 1. Matrix B satisfies the triangle inequality as
the following equation holds: min × n ≥ max for all n > 1. Additionally, B is
asymmetric.

It should be noted that matrix B alone cannot be used, as the range of its entries

is fixed with a ratio of max(bi,j)

min(bi,j)
≤ 2, while in Haddou Benderbal et al., 2018, this

ratio can reach up to 10 in some cases. Therefore, the obtained matrix C is the sum
of matrices A and B, i.e., A + B = C.

proof that C satisfies the triangle inequality:
Let A and B be two matrices that satisfy the triangle inequality. where:

A =


a1,1 a1,2 · · · a1,n

...
... · · ·

...

an,1 an,2 · · · an,n

 B =


b1,1 b1,2 · · · b1,n

...
... · · ·

...

bn,1 bn,2 · · · bn,n

 (A.1)

Since A and B satisfy the triangle inequality then:

ai,k + ak,j ≥ ai,j ∀i, j, k ∈ 1, · · · , n (A.2)

bi,k + bk,j ≥ bi,j ∀i, j, k ∈ 1, · · · , n (A.3)
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Let matrix C be the sum of A and B. where:

C =


c1,1 c1,2 · · · c1,n

...
... · · ·

...

cn,1 cn,2 · · · cn,n

 (A.4)

For C to satisfy the triangle inequality, we must have:

ci,k + ck,j ≥ ci,j ∀i, j, k ∈ 1, · · · , n (A.5)

which means:

ai,k + bi,k + ak,j + bk,j ≥ ai,j + bi,j ∀i, j, k ∈ 1, · · · , n (A.6)

condition (A.6) is already satisfied since A and B satisfy the triangle inequality.
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Abstract .The dynamic nature of modern markets has rendered it imperative for
manufacturing enterprises to evolve their practices in order to remain competitive.
This has led to the development of reconfigurable manufacturing systems (RMS),
which offer a solution to the aforementioned challenge. RMS is capable of adapt-
ing to fluctuations in demand in terms of both quantity and product type. This
makes classical design and planning methods obsolete and necessitates the de-
velopment of new tools that can effectively facilitate the implementation of RMS.
This thesis focuses on process and production planning. The following problems
are discussed: (i) process plan generation in a mono-objective context; (ii) process
planning integrated with product sequencing in a multi-objective context; and (iii)
lot sizing with a focus on exact solution approaches. All proposed approaches,
whether exact or approximate, have demonstrated good solution quality through
numerical experiments.
Keywords Production planning, Process planning, Reconfigurable manufacturing
system, Lot-sizing, Mathematical Modeling, Metaheuristics

نماهتاسراممريوطتعينصتلاتاسسؤمليرورضلانمةثيدحلاقاوسأللةيكيمانيدلاةعيبطلاتلعجدقلصخلملا

يتلاو،(SMR)بيترتلاةداعإلةلباقلاعينصتلاةمظنأريوطتىلإكلذىدأدقو.ةيسفانتلااهتردقىلعظافحلالجأ

يفتابلقتلاعمفيكتلاىلعةرداقبيترتلاةداعإلةلباقلاعينصتلاةرادإةمظنأنإ.هالعأروكذملايدحتللًالحمدقت

ريوطتمزلتسيوةيدجمريغةيكيسالكلاطيطختلاوميمصتلابيلاسألعجياذهو.جتنملاعونوةيمكلاثيحنمبلطلا

ىلعةحورطألاهذهزكرت.ةيلاعفببيترتلاةداعالةلباقلامظنلاةرادإماظنمادختساليهستىلعةرداقةديدجتاودأ

تالكشملاةشقانممتت.جاتنإلاططخوتايلمعلاططخءاشنإلةلاعفبيلاسأحرتقتو،جاتنإلاوتايلمعلاطيطخت

تاجتنملالسلستعملماكتملاتايلمعلاطيطخت(2)؛فدهلايداحأقايسيفتايلمعلاططخديلوت(1):ةيلاتلا

جهُنلاعيمجترهظأدقو.ةقيقدلالحلابيلاسأىلعزيكرتلاعمتاعفدلامجحديدحت(3)؛فادهألاددعتمقايسيف

.ةيددعلابراجتلالالخنمةديجلحةدوج،ةيبيرقتوأةقيقدتناكءاوس،ةحرتقملا

،تاعفدلامجحطيطخت،بيترتلاةداعإللباقلاعينصتلاماظن،تايلمعلاطيطخت،جاتنإلاطيطختةيحاتفملاتاملكلا

.ةيقوفلاتالالدتسالاتايمزراوخ،ةيضايرلاةجذمنلا

Résumé En raison de la nature dynamique des marchés modernes, les entre-
prises manufacturières doivent impérativement évoluer dans leurs pratiques afin
de maintenir leur compétitivité. Cela a conduit au développement de systèmes
de production reconfigurables (RMS), qui offrent une solution à ces défis. Les sys-
tèmes de production reconfigurables sont capables de s’adapter aux fluctuations
de la demande en termes de quantité et de type de produit. Cela rend les méthodes
classiques de conception et de planification obsolètes et nécessite le développement
de nouveaux outils qui peuvent faciliter efficacement la mise en uvre des RMS.
Cette thèse se concentre sur la planification des processus et de la production. Les
problèmes suivants sont abordés : (i) la génération de plans de processus dans
un contexte mono-objectif ; (ii) la planification de processus intégrée au séquence-
ment des produits dans un contexte multi-objectif ; et (iii) le dimensionnement
des lots, en mettant l’accent sur les approches de résolution exactes. Toutes les
approches proposées, qu’elles soient exactes ou approximatives, ont démontré une
bonne qualité de solution par des expériences numériques.
Mots-clés Planification de la production, Planification de processus, Système
de production reconfigurable, Dimensionnement des lots, Modélisation math-
ématique, Métaheuristique.
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