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Abstract

The increasing market fluctuations and customized products demand have
dramatically changed the focus of industry towards organizational sustainabil-
ity and supply chain agility. Such critical changes in the strategic vision of
the companies inevitably have a direct impact on the shop-floor operational
requirements. In this sense, traditional shop-floor approaches are becom-
ing increasingly inadequate leading to the adoption of more pluggable and
reusable solutions.

The emergence o modern manufacturing paradigms translates the effort
undertaken by the academia in order to provide the required background to
support the implementation of such distributed mechatronic systems. Biolog-
ical systems, due to their similar distributed network-like structure, represent
naturally a common analogy and source of inspiration for such distributed
modular approaches. Hence, modern manufacturing paradigms usually rely
on complexity science biologically inspired concepts to attain distributed con-
trol, adaptability, evolution, flexibility and robustness as core concepts. This
originated the implementation of a number of different multi-agent based ar-
chitectures. Nevertheless, with time the majority of the these implementation
efforts left behind most of the bio-inspired concepts resulting in simple dis-
tributed approaches with considerable limitations regarding scalability, recon-
figurability and distributed problem resolution. Particularly under the scope
of Evolvable Production System (EPS) the implementation of self-organising
mechanisms based on negotiation interaction protocols and dynamic coalition-
based hierarchical complexity, have considerable hindered the system perfor-
mance and limited the full exploitation of the paradigm potential.

In this context, this licentiate thesis is focused on the development of
a self-organising manufacturing systems that holistically mimics the main
structural and regulatory principles followed by natural systems.

For this purpose, the present approach was designed as opposed to the
current tendency followed by modern productions approaches, in which the
product holds the production knowledge and is responsible for the manage-
ment of its own production. Instead, the production knowledge was reduced
to the minimum and distributed over the manufacturing components. Self-
organising principles heavily inspired on the regulatory mechanisms of bio-
logical systems, were then devised to regulate the critical control mechanisms
of the manufacturing system. Hence, similarly to the natural world the char-
acteristics and the system overall production emerge as consequence of the
micro-dynamics of the systems. In this way, it becomes therefore possible to
attain a system that is not only highly reconfigurable and scalable but also
able to distributively tackle the manufacturing processes.

Although the present work has been developed under the Evolvable Pro-
duction System context, the introduced approach can be easily adapted to a
wider range of modular networked-based systems.
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Sammanfattning

Den industriella fokus har de senaste åren förändrats dramatisk på grund
av instabila marknader och en allt ökande efterfrågan på skräddarsydda pro-
dukter, och behovet av organisatorisk stabilitet och flexibla supply chains har
blivit angelägen. Dessa drastiska strategiska förändringar på företagsnivå har
oundvikligen haft en direkt effekt på verkstadsgolvets operativa krav. Faktum
är att traditionella lösningar inom verkstadsteknik blir alltmer otillräckliga,
vilket i sin tur har ökat behövet av återanvändbara, ”kopplingsbara” lösning-
ar.

Uppkomsten av moderna produktionsparadigmer är en följd av akademins
ansträngningar att utveckla de nödvändiga stödfunktioner för en framgångs-
rik tillämpning av distribuerade mekatroniska system. Biologiska system har
varit en given analogi eftersom deras distribuerade, nätverksliknande system
kan lätt jämföras med modulära mekatroniska system. Därför är de flesta
moderna produktionsparadigmer inspirerade av den vetenskapliga komplex-
iteten i biologiska koncept för att kunna nå distribuerade styrsystem, adap-
tabilitet, utvecklingsbarhet, flexibilitet och tillförlitlighet. Dessa angreppsätt
blev förutsättningen för en rad tillämpningar av olika multi-agent arkitektu-
rer. Olyckligtvis, de flesta av dessa tillämpningar blev tvungna att lämna de
bio-inspirerade koncept och resulterade i mycket enkla distribuerade system
med stora begränsningar i omkonfigurerbarhet, ”scalability”, och distribuerad
problem lösningsförmåga. Inom Evolvable Production System (EPS; Utveck-
lingsbara Produktionssystem) har det visat sig vara oerhört problematisk att
nå acceptabel system prestanda med själv-organiserande mekanismer som är
baserade på förhandlings-interagerande protokoller. Dessa problem har skapat
hinder till en full utnyttjande av EPS paradigmen.

Licentiatavhandlingen fokuserar på detta, dvs utveckling av själv-org-
aniserande produktionssystem som härmar de strukturella och styrande prin-
ciper av naturliga system.

Angrepsättet som presenteras härvid är utvecklad i kontrast med den
vanliga trenden inom byggandet av nutida produktionssystem där produk-
ten innehåller all produktionsinformation och styr sin egen produktion. An-
greppssättet som presenteras i avhandlingen minimerar produktionsinforma-
tionen och fördelar den på flera tillverkande/monterande enheter. De vikti-
ga styrsystems egenskaper, som är avgörande för tillförlitligheten, är själv-
organiserande och baserade på de reglerande mekanismer man finner i na-
turen. Precis som i den naturliga världen, systemets produktionsegenskaper
våxer fram ur en följd av systemets mikrodynamik. Detta möjligör utvecklan-
det av system som är både väldigt omkonfigurerbara och ”scalable” genom
att styra produktionsprocesser som distribuerade delsystem.

Arbetet har utvecklats inom Utvecklingsbara Produktionssystem men kan
tillämpas på andra modulära system.
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Chapter 1

Introduction

This Chapter frames and contextualizes the proposed work. A general overview
of modern manufacturing paradigms, particularly Evolvable Production Systems
(EPS), and control approaches is presented. The research question and hypothe-
sis are detailed. Moreover, a brief description and summary of the organization of
the document are also provided.

1.1 Background

Enterprises are nowadays facing unprecedented socio-economical challenges. Not
only society has become evermore demanding in terms of high quality customized
products, as we are living the biggest financial crisis of the 21st century and one of
the biggest of modern history. All these factors put together result in unstable, un-
predictable markets in which a missing opportunity might be fatal for the majority
of the companies. Fostering organisational sustainability and supply chain agility
must, therefore, be perceived has the competitive edge necessary to survive and
thrive in such harsh and challenging conditions. This new reality has also big and
critical implications at the shop-floor level. The short life-cycle of products and the
need to be highly responsive and agile in reaction to product demand fluctuations
and short-term business opportunities, is forcing companies to shift from traditional
shop-floor approaches, towards more pluggable and reusable components.

In an attempt to provide the theoretical background necessary for the imple-
mentation of such distributed and decoupled systems, academia introduced the
so called modern manufacturing paradigms, such as Reconfigurable Manufacturing
System (RMS), Holonic Manufacturing Systems (HMS), Bionic Manufacturing Sys-
tems (BMS), Evolvable Production Systems (EPS), etc. Despite some conceptual
differences, all modern manufacturing paradigms advocate the use of bio-inspired
principles, with distributed control, adaptability, evolution, flexibility and robust-
ness as core concepts. These paradigms rely on many ’intelligent’ autonomous
entities with social capabilities, that dynamically establish interactions with each
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other, in order to achieve common objectives. Higher levels of functionality are
typically attained through the logical composition of more than one entity. The
system as a whole is, therefore, able to perform tasks and achieve goals that go be-
yond the capacities of each individual entity. In this sense, modern approaches try
to bring to the manufacturing field the properties that make the biological systems
so successful when dealing with highly dynamic and unpredictable environments.

Notwithstanding, modular distributed systems although more fault-tolerant, ro-
bust, reconfigurable and pluggable are also characterized by their less predictable
inner dynamics as result of an increase in their associated functional and network-
like structural complexity. Consequently, traditional control approaches are no
longer adequate to deal with the complexity and unpredictability of these systems.
The introduction of concepts from the complexity sciences, is then necessary not
only to manage the complex nature of the systems but also to support all the char-
acteristics inherent to modular systems. Hence, self-organisation is a fundamental
concept to attain the necessary responsiveness, by automating the reconfigura-
tion processes triggered whenever a modular component is added or removed from
the shop-floor. Self-organisation principles foster the emergence of a coherent and
meaningful global state, normally perceived by being more than the sum of the
parts.

The limitations of traditional control in supporting such concepts, led to the in-
troduction of Information Technology (IT) based approaches into the manufactur-
ing panorama. IT applies computational power over telecommunication networks
in order to manipulate data in the multiple points of the network. Service Oriented
Architectures (SOA) and Multi-Agent Systems (MAS) are two of the main IT-based
technologies typically used to enable the implementation of modern manufacturing
principles.

Throughout the years, since the development of the first modern manufacturing
paradigms, MAS have been the paradigm of choice for their implementation. MAS
provides a natural way of mapping the distributed characteristics of complex sys-
tems. This resulted in the development of a number of MAS-based architectures.
In particular, the EPS paradigm is considered in this work. CoBASA (Coalition
Based Approach for Shop-floor Agility) a MAS-based architecture which addresses
the problem of shop floor agility, presented in 2003 by Barata [1], has been used
as reference for the development of a number of architectures developed under the
scope of the EPS paradigm. The latest iteration of this development process, is the
state-of-the-art IADE architecture (IDEAS Agent Development Environment) [2],
which was conceived under the umbrella of the FP7 IDEAS project (Instantly De-
ployable Evolvable Assembly System). IADE was developed as a mechatronic ar-
chitecture from which different mechatronic systems could be instantiated on the fly
based on autonomous distributed mechatronic modules. These modules were also
developed within IDEAS project, and contain embedded controllers that support
agent-based technology. As most of its predecessor architectures, IADE follows a
dynamic coalition-based hierarchical approach to achieve a robust, adaptable and
evolvable environment. Although EPS provides strong bio-inspired background, the
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focus of IADE on biological system mechanisms is minimum. Nevertheless, IADE
is a highly self-organisable architecture. The self-organising mechanism not only
defines the principles that regulate the formation and management of coalitions in
order to provide robustness to failures (by finding an alternative solution, in case
there is sufficient redundancy in the system to) as it fosters the balancing of the
system and supports basic levels of pluggability.

Despite some very important breakthroughs achieved with the development of
the IADE architecture within the IDEAS project, such as the implementation of a
pluggable pre-industrial prototype, the implemented systems still present a number
of limitations. The negotiation based interaction protocols that support the ability
of the system to react to changes and the dynamic coalition-based hierarchical
complexity, considerably hinders the system computational performance and more
importantly the system scalability. Hence, in order to achieve a highly scalable,
decoupled, and reconfigurable approach the current self-organising principles are
simply not enough.

Self-organising biological systems, on the other hand, use efficient censorial
based interaction patterns to communicate between the numerous basic constructs
that compose the system. The simplicity of the individuals together with the effi-
cient interaction procedures result in highly scalable, adaptable and reconfigurable
systems. In this context, when compared to the regulatory mechanisms usually
followed by recent solutions such as IADE, biological systems may be the adequate
inspiration source to devise more computationally efficient regulatory principles,
which may ultimately prove fundamental to tackle the system’s scalability, recon-
figurability and pluggability.

1.2 Research Question and Hypothesis

In nature, there are a number of key concepts, such as adaptation, evolution,
self-organisation and emergence, which are fundamental for the biological system’s
agility and responsiveness towards uncertainties and environmental changes, both
in short and long term.

Biological collective phenomena usually leads to the emergence of functionalities
and structural configurations which greatly transcend the physical and cognitive
abilities of the individual components of the system. These emergent properties
are typically the outcome of a self-organising mechanism supported by semantic
interaction patterns established between the multiple system components. Every
individual is generally a relatively simple entity able to undertake meaningful in-
teractions with the neighbours, according to their internal and surrounding envi-
ronmental conditions, in order to attain their collective goal(s). The local interac-
tions, therefore, result in the emergence of a quickly adaptable collective coherent
behaviour, characterized by the existence of no centralization of the control mech-
anism or information flows. Furthermore, the decoupled nature of the individuals
and the efficiency of the interaction mechanisms justifies the reconfigurability and
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scalability of living systems. Individuals may be born or die, join or abandon the
system with minimal impact to the collective performance.

It is however very important to understand that a computationally distributed
system is something completely different from distributed resolution of problems.
A computationally distributed system does not necessarily perform distributed res-
olution of problems, as well as the distributed resolution of problems does not
necessarily need to be performed in a distributed system. Nevertheless, biological
collective systems tend to efficiently and successfully combine both features.

Even though current state-of-the-art architectures like IADE are essentially dis-
tributed, they still usually face the regulatory mechanisms and resolution of prob-
lems from a ’relatively’ centralized perspective. These approaches commonly rely
on products that hold the production knowledge and are responsible for the man-
agement of their own production. Furthermore, dynamic hierarchical coalitions
are dependent on a central node to coordinates the execution of certain processes.
In this sense, despite the distributed nature of the architecture the problem res-
olution is still fundamentally centralized. Additionally, the typically devised self-
organising mechanisms are usually based on negotiation procedures which tend to
be efficiently poor. As highlighted in [3] the increase of process and modular re-
dundancy, fundamental for the system robustness and adaptability, simultaneously
implies a larger number of competitors for the execution of the required produc-
tion processes. The consequent increase of the message traffic and time required
to attain an adequate logical structure, results in considerable performance reduc-
tion. Similarly, the higher the complexity abstraction level the more negotiation
is required. Consequently, current modern manufacturing systems architectures
performance and scalability is constrained by the architecture’s artificially devised
self-organising approaches and control structures. Despite the strong bio-inspired
background, EPS-based architectures and systems developed and implemented so
far, still remain unable to fully explore the potential enclosed particularly in bio-
inspired self-organising principles, as they are in nature. The EPS paradigm has
been applied following too conservative approaches.

Fundamentally, the problem of integrating bio-inspired self-organising principles
in modern manufacturing systems, has to be addressed from a more holistic perspec-
tive. The design of specific interaction patterns that support the self-organisation
of dynamic hierarchical logical structures, is simply insufficient to endow the sys-
tem with the capacity to properly deal with highly dynamic and unpredictable
environments, as it is nowadays the manufacturing reality.

Instead, modern manufacturing systems should follow bio-inspired principles
from a structural, control and problem solving perspective. MAS is the ideal
paradigm to support a highly reconfigurable and scalable manufacturing approach
that is not only computationally distributed, but also regulated and able to perform
distributed problem resolution following bio-inspired self-organising mechanisms.
In this way, the system is possibly able to handle situations with minimum prob-
lems specification, and facing considerably less computational restrictions. This
challenge raises the following question:
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Q.1 - What are the main engineering design process guidelines and
bio-inspired self-organising principles that should be considered to sup-
port EPS-like manufacturing systems architectures that foster the emer-
gence of properties characteristic of biological systems?

The previous research question can be addressed under the following hypothesis:

H.1 - The identification of the core biological system’s self-organising
principles and regulatory mechanisms is fundamental to devised an ade-
quate engineering design methodology and architectural structure that
result in more efficient EPS-like systems that closely follow the ways of
nature.

1.3 Outline of this Work

After a brief description of the background and the definition of both the research
question as well as the main hypothesis, the subsequent chapters are organized as
follows.

As a licentiate thesis, there is no formal obligation to define a rigorous scientific
methodology; however, Chapter 2 presents a brief overview of the general research
methodology adopted and proposes a validation procedure, that is thought to be
adequate to assess and verify the relevance and validity of the present and future
contributions.

Chapter 3 provides an interdisciplinary literature review, in which all the im-
portant topics for the development of this work are introduced. A brief summary
of the manufacturing historical background, contextualizes the relevance of the
present work from a manufacturing perspective. This is followed by an analyse of
the control solutions that support the modern manufacturing paradigms, namely
EPS. Then, the concepts of self-organisation and emergence are characterized, in
order to understand and establish how these complexity science concepts are faced
and approached by modern manufacturing paradigms. Furthermore, a number of
bio-inspired algorithms are presented and their application in the manufacturing
context are reviewed, in order to shed some light in possible bio-inspired principles
that might be explored as self-organising mechanisms. Finally, the resulting state-
of-the-art is used to provide an integrated view of the knowledge gaps affecting the
portrayed issues.

Some supporting concepts and terminology necessary for the contextualization
of the present work, are presented in Chapter 4. The EPS paradigm as well as
the main technological paradigm that supports the implementation of the proposed
bio-inspired self-organising approach, are thoroughly reviewed and analysed. The
mechatronic concept is also shortly presented, in an attempt to introduce a ’new’
methodology of developing modern manufacturing applications.
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Chapter 5, reports the initial research efforts to develop an innovative and ad-
equate EPS-based bio-inspired self-organising approach. A preliminary version of
the propose architecture is introduce, along with a new bio-inspired self-organising
methodology which faces manufacturing systems from a bottom-up perspective with
minimum specification of the production process.

In Chapter 6, some testing scenarios are presented and the results assessed
and properly analysed, in order to draw the initial conclusions of the introduced
approach.

Finally, Chapter 7 summarizes the most relevant points of this dissertation and
presents a critical review of the proposed approach. Some guidelines for future
research and open challenges will be also provided



Chapter 2

Research Methodology and
Envisioned Validation Procedure

This Chapter details the followed research methodology, along with the validation
procedure for the development of the present and future work

The development of a new scientific theory is a demanding process. Every new
theory must be tested and survive to a number of challenges and scepticism that
comes from experts of the same and related fields. Scientific methods are therefore
important, to consistently provide a logical systematic method of investigation in
order to arrive to a well supported and documented theory that adequately explain
the phenomena under investigation. With this in mind, the present work has been
developed by following the classical scientific methodology, as it is presented in
Figure 2.1.

One of the major steps in any scientific work is the formulation of the specific
problem or research question. As stated in the previous Chapter, the current work
deals with the problematic of devising engineering design process guidelines and
self-organising principles that support the implementation of highly reconfigurable,
scalable and pluggable bio-inspired manufacturing systems.

This research question resulted from the analysis of the recent work that has
been undertaken in the development and implementation of modern manufacturing
architectures. The first modern manufacturing paradigms were originally presented
in the beginning of the 90’s, more than two decades ago. With them a number
of concepts generally associated with the natural world were introduced into the
manufacturing context. Since then, numerous architectural implementations have
been developed. Although bio-inspired approaches have been recurrently used in
the manufacturing panorama, they are typically applied to tackle narrow and spe-
cific production optimization problems. Hence, with time the control bio-inspired
mechanism tended to be left behind and replaced by simpler designs and control
principles. Even though, these efforts have been very important, the present work
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VALIDATION PROCEDURE

1 Research question / Problem 

2 Background / Observation 

3 Formulate hypothesis 

4 Design experiment 

5 Test hypothesis / Collect data 

6 Interpret / Analyse results 

7 Publish findings 

Figure 2.1: Classical research method (adapted from handouts of the professor
Camarinha-Matos).

tries to bring a new perspective to this field, in an attempt to attain and explore
all the biological characteristics praised by modern manufacturing systems. In this
context the analysis of the literature review, as well as successive interactions with
several domain experts, suggest that a consistent hypothesis can be established to
further improve the application of bio-inspired self-organisation in modern automa-
tion paradigms.

As it shall be detailed in the following Chapters, the presented approach under
test, explicitly deals with the integration of bio-inspired self-organising principles as
the critical regulation mechanism of EPS-like automated systems. In this perspec-
tive, not only the manufacturing systems are computationally distributed, but also
capable to distributively tackle the execution of production workflows. In others
words, the system is also able to perform distributed problem resolution.

This renders steps four to six (Figure 2.1) specifically challenging. It Is not
always easy to define an hypothesis in such horizontal and multidisciplinary do-
main. However, the search for suitable results of quantitative character is critically
important in a field which has been characterized by the simple presentation of
architectures with weak validation results.

This has motivated the introduction of section 6.1, where all the testing condi-
tions were carefully explained. As detailed therein, the presented validation models
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were designed in order to draw the first conclusions of the proposed approach.
Finally, the last but still very important stage of a scientific work is the valida-

tion by peer acceptance. Before a new theory can be officially proposed, it must
be submitted to publication in important scientific journals. If the work is ac-
cepted, it means that the proposed work has enough merit to be closely analysed
by the scientific community experts of that particular field. In this context, the
following International Conferences and Journals (Figure 2.2) have been identified
as preferred dissemination and peer validation mechanisms as they are technically
sponsored and supported by established and recognized organizations and experts.
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Figure 2.2: Tree of selected international publications.





Chapter 3

Trends on Artificial Bio-Inspired
Computation and Manufacturing
Systems

This Chapter contains the literature review motivating the research proposed in this
document. The review is divided in five main parts. The manufacturing and au-
tomation in manufacturing trends are surveyed to better contextualize and clarify
the need for a new self-organising/bio-inspired approach. Then, the main complex-
ity science concepts used in this work are introduced, followed by a review of the
application of self-organisation in the manufacturing context. An extensive survey
and review of biologically inspired approaches is presented, as a mean to support and
clarify how bio-inspired techniques have been adapted to engineering problems and
how they would suit the EPS domain and could be architecturally formalized. Fi-
nally the adequacy of current applications of self-organising mechanisms in modern
manufacturing systems is discussed.

3.1 Manufacturing Trends

The primary meaning of the word manufacturing is ’making with the hand’ [4], in
this sense the manufacturing history began with the word itself. Since the devel-
opment of civilization and until the mid 1700s, skilled labourers were responsible
for the manufacturing of tools and goods required to the farm or household work.
Throughout the next 100 years, a series of innovations would slowly alter the way
people lived and worked. New kinds of machines powered by water, steam and coal
were developed in order to more efficiently harness energy from nature. Hand pow-
ered tools started to be slowly replaced by new mechanized machines, able to do
the same work much faster and cheaper. This led to the appearance of the first fac-
tories and the emergence of machine-based manufacturing. These historical events,
named Industrial Revolution took place in Britain from 1760 to approximately 1850,
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and consisted not only in a set of technological advances, but also in economical
and social changes that revolutionized the world [5]. The Industrial Revolution
led to the foundation of the ’modern’ economy, in which the technological progress
did not just happen occasionally, but became a sustained and continuous process
characterized by an unprecedented economic growth.

With the new socio-economic conditions, mass production emerged as one of
the key characteristics of the industrial age. With a society increasingly demanding
evermore low cost and reliable goods, mass production provided the means to satisfy
such needs. However, it is the customer that must adapt to the product and not
vice-versa. One of the most important forerunners of this approach was Henry
Ford with the model T, which was designed for manufacture, and the model T
construction plant in Highland Park in Detroit. Despite the introduction of the
moving assembly line, the most important factor for the success of mass production
was the complete and consistent interchangeability of parts and their assembly
simplicity. Nevertheless, as society evolved, customers became more demanding
and sophisticated. Furthermore, the increasing pressure to reduce costs together
with the technological development, imposed the replacement of the mechanized
system by automatic systems [1]. However, with time, mass production paradigm
became less and less appropriate to cope with the turbulence introduced by the
technological and socio-economical changes.

Simultaneously, in Japan the first steps towards what is today commonly known
as lean manufacturing where being made by Taiichi Ohno in the Toyota Production
systems. Studies conducted by the Massachusetts Institute of Technology (MIT)
through the International Motor Vehicle Program (IMVP), to understand the suc-
cess of Japanese industry [6, 7], compared to the to the Western mass production
systems, revealed the Japanese organisational and production techniques to the
Western world. The lean manufacturing paradigm aims to achieve high through-
puts and service demands using as little inventory as possible and with minimal
waste. Furthermore, it was demonstrated that lean principles should be applied to
all aspects of the supply chain in order to achieve sustainability [8].

Meanwhile, the rapid expansion of information technologies and the increasing
society’s welfare and awareness towards health, safety and environmental aspects,
directed customers demands towards customized goods.

Following the footsteps of Japanese industry, sustainability is now globally
deemed as one of the main competitive edges. Although often connected only to
environmental aspects, sustainability concerns the careful use of economic, social
and environmental resources, in order to ensure a minimal social and environmen-
tal impact, while ensuring the economic benefits [9]. In this sense, organisational
sustainability implies the consideration of stakeholders requirements in the devel-
opment of systems, in order to foster a sustained competitive advantage and avoid
loss of future economic opportunities and adverse impacts on the social system.

Despite the introduction of lean principles, manufacturing companies were not
being able to cope with the social situation of the 1990s and with the market globali-
sation. Customers demands for good quality and lower priced customized products
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were increasing. In this context, the mass customization paradigm emerged to
face such exclusive and individualized demand. The term mass customization was
popularized by Joseph Pine, who defined it as [10]

”developing, producing, marketing and delivering affordable goods and services
with enough variety and customization that nearly everyone finds exactly what they
want.”

Mass customization is not about knowing exactly what each customer wants
and satisfying that demand. It is rather about moving towards those goals by the
establishment of organisational capabilities, that over time supplement and enrich
an existing business [11].

Markets are no longer characterized by predictability and stability of demand.
The main driving forces of modern manufacturing are now the changing markets,
highly customized demand and sustainability [12]. In such reality, manufacturing
management processes have to be very responsive to face uncertainties that come
from the markets, technological evolution or even from the supply chain [13]. How-
ever, in order to achieve desirable levels of market responsiveness, an high level of
manoeuvrability that endows companies the ability to rapidly respond to changes in
demand, both in terms of volume and variety, known as agility is fundamental. Fur-
thermore, in a more holistic perspective organisations need to decouple functional
activities into autonomous independent units aiming to increase both the respon-
siveness and flexibility of the company. These new forms of networked structural
organisations resulted in the emergence of extended or virtual enterprises [14,15].

In the 1980s, the Flexible Manufacturing Systems (FMS) paradigm was intro-
duced as an initial effort to incorporate at the shop-floor level the ability to deal with
mass customization and responsiveness to changes. FMSs were developed to address
mid-volume, mid-variety production needs [16]. An FMS consists of CNC machines
(Computer Numerical Control) connected by an automated material-handling sys-
tem and an overall control methodology that coordinates both machine tools and
the material-handling system [17]. Its flexibility derives from the automatic tool
exchanging mechanisms, the re-programmability of the CNC, and the flexibility of
the material handling system. Although in theory flexibility was defined as the abil-
ity of manufacturing systems to cope with changing circumstances or instabilities
cause by the environment [18,19]. In reality, FMSs only supported a priori built-in
flexibility that was bounded by the ability to anticipate possible future variations.
In this sense, the installation of a FMS entails high initial investment [20], often
unnecessary since the system capabilities are many times underused or the systems
had to be prematurely replaced due to the insufficient built-in flexibility.

In order to overcome the FMS limitations, new manufacturing paradigms emerg-
ed, focused on unpredictable changes and uncertainty: Bionic Manufacturing Sys-
tems (BMS) [21], Holonic Manufacturing Systems (HMS) [22–24], Reconfigurable
Manufacturing Systems (RMS) [25, 26] and more recently Evolvable Production
Systems (EPS) [27–29].
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Both BMS and HMS were developed under the premise that despite the in-
creased autonomy assigned to individual entities in the shop-floor, a manufacturing
system requires an hierarchical structure, in order to achieve true agility [30]. In
this sense, these paradigms present similar concepts, however with different origins.
BMS are inspired by nature, while HMS from social organisations.

BMS [21], were developed in analogy to the biological structure of animals. In
biological systems, cells are the building block through which the organs are formed.
In turn, organs grouped together form a body. Hence, biological systems follow an
hierarchical structure where the regulatory mechanisms are achieved through bot-
tom up and top down information exchange. Similarly, the basic modelling building
block in BMS is the modelon, which can directly abstract lower level functionalities
or originate different hierarchical control structures through combination. Thus,
the product, abstracted by a modelon, communicates with other modelons repre-
senting the required resources and cooperate in order to produce the final product.
Through a self-organised process, DNA-type information is propagated into the
lower layers of modelons and sub-modelons are gathered, establishing hierarchical
structures that are able to perform complex tasks.

The HMS paradigm, introduces in the manufacturing world the concept of holon,
developed by Arthur Koestler. Arthur Koestler observed that in social organisations
as well as in living organisms [31], no completely self-supporting non-interacting
entities exist [32]. Every individual unit of an organisation, for instance a cell in an
biological system or a family in a society, consists of more basic units (cytoplasm
and nucleus, parents and siblings), while simultaneously they form a part of a larger
unit of an organisation (a muscle tissue or community). In this sense, holon results
from the combination of the Greek word holos, meaning whole, and the suffix on,
meaning particle or part. In the manufacturing context, an holon abstracts an
autonomous cooperative building block, which can represent a logical or physical
activity (machine, order or a human operator). The holon is composed by an
information processing part and when abstracting a physical device, by a physical
processing part also [23]. An holon can also be part of one or more holarchies,
which consist of an hierarchically organised set of holons, that in order to achieve
the system’s goal cooperate and share knowledge [30].

While agility is more of a business philosophy that gives the notions on how
to respond to challenges posed by change and uncertainty, reconfigurability is only
focused towards the responsiveness of production systems to new markets conditions
[33]. Hence, RMS was developed with the focus on scalability and responsiveness,
through the addition or removal of functionalities [26]. This pluggable dimension is
of major importance in prolonging the lifetime of the manufacturing system, since it
renders them easily upgradable. Such reconfigurability is attained at the expense of
open control approach and modular tools. Furthermore, certain characteristics need
to be satisfied in order to achieve a readily configurable system [16,25]: modularity,
integrability, convertibility, diagnosability, customization and scalability.

More recently the EPS paradigm emerged [27–29]. Despite sharing many at-
tributes with BMS, HMS and RMS, the essence of EPS resides not only in the
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ability of the system’s components to adapt to the changing conditions of oper-
ation, but also to assist in its overall evolution in time such that processes may
become more robust (supported by an important IT/AI (Artificial Intelligence)
backbone). In this sense, both concepts of adaptation and evolution play a major
role in the EPS vision. Adaptation is translated in the system’s ability to sug-
gest alternative layout/configuration, in order to overcome disturbances. While,
evolution provides the system the capability of further explore alternative config-
uration through the plug or unplug of one or more modules. Such concepts are
supported by self-organisation and emergence mechanisms that ensure a coherent
and robust behaviour of the system. One of the major differences in relation to
the other approaches, is that EPS is focused on physical, control and productivity
layout changes, resulting from ramp-up, product change-over, or demand surges.
In this context, it is change that drives the evolutionary mechanisms supported by
EPS [34]. In order to facilitate the evolutionary process, different granularity levels
(level of complexity of the component that composes a manufacturing system) are
supported. On the one hand, thick granularity considers manufacturing cells as the
pluggable components, while on the other hand, fine granularity considers grippers,
actuators or sensors. Furthermore, EPS modules are envisioned as process specific
entities as opposed to function specific, as it happens in other approaches.

3.2 Automation Trends in Manufacturing

The set of principles introduced by the recent manufacturing paradigms heavily
influence the suitability of control solutions. From changing market demands, time-
to-market pressure, emerging technologies, to global competition; the current un-
predictable circumstances present new challenges and requirements that need to be
addressed by control approaches. Furthermore, a big part of the lifetime cost of
a manufacturing plant is imposed by installation and set-up operations. Another
important factor that highly contributes to the overall plant cost, more specifically
to the operations costs, is the downtime required for maintenance. In this context,
with current control mechanisms any change in the process flow or any equipment
addition or removal will only exacerbate the downtime and the installation costs.

Control architectures provide the main blueprint that regulates the control flow
and interactions of the manufacturing components. As such, they directly influence
the viability of the automated manufacturing system. In [35], four basic types of
control architectures are presented (Figure 3.1).

The centralized architecture is characterized by a single decision node where
the core management functions are performed. The main disadvantage of this
architecture is the reliance in a single main component, which might render the
system completely inoperable in case of failure. For large systems, the central node
requires a large computational power to handle all the individual tasks. In the
hierarchical architecture, functionalities are distributed among the different hier-
archical levels, however each activity of a lower level is dictated and supervised
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Figure 3.1: Control Architectures, adapted from [35].

by the hierarchically supervisor level. It presents better performance and slightly
better robustness, when compared to the centralized approach. The modified hi-
erarchical architecture, already introduces a certain level of self-sufficiency in the
different hierarchical levels, improving its response to disturbances. In the heter-
archical approach, each component is a distributed locally autonomous entity [35].
This architecture is highly robust, scalable and adequate to deal with disturbances.
Nevertheless each entity has a myopic vision of the system, which might hinder the
individuals decision capabilities.

Traditional manufacturing control systems were not developed to cope with re-
sponsiveness, flexibility, robustness, reconfigurability, adaptability, since they heav-
ily rely on centralized and hierarchical architectures. On the other hand, decentral-
ized solutions are naturally designed to efficiently support the current requirements
imposed by modern manufacturing systems.

Multi-Agent Systems (MAS) and Service Oriented Architectures (SOA) are the
two main modelling paradigms that have been deemed suitable and largely studied
to address distributed and intelligent manufacturing control [36,37].

Agents are adaptive to changes, exhibit intelligence and are naturally distributed,
rendering an agent-based approach ideal to tackle autonomy, complexity and unpre-
dictability. Consequently, MASs can be described as a loosely coupled network of
individual autonomous entities, that typically through social interactions are able
to tackle complex problems, otherwise difficult to solve. Following this approach,
agents can both abstract shop-floor resources as well as being just pure logical en-
tities such as schedulers, orders or entities designed to orchestrate other resource
agents [30]. Thus, different levels of complexity can be abstracted through the
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establishment of coalitions. Hence, coordination and cooperation between agents
not only becomes very important to efficiently manage these complex structures,
but also to overcome the individual limited awareness of the system. Furthermore,
MAS modular nature implies the use of self-organising and emergent behaviours to
maximize the system robustness and response.

A SOA can be defined as [38]

”a set of architectural tenets for building autonomous yet interoperable systems.”

SOA, is based on a comprehensive set of independent structurally decoupled
and network available services. Each individual service is autonomous and provides
self-contained functionalities that are exposed by user defined interfaces. Conse-
quently, any modification in the service implementation should be transparent for
the service’s users [38]. Similarly to the MAS approach, the sequencing and synchro-
nization of services (orchestration) provides the ability to encapsulate complexity
associated with manufacturing processes. Additionally, services are described using
text-based representation (XML, WSDL, etc), not linked to any programming lan-
guage, operating system or technology [39]. In this sense, the decoupled nature of
SOA opens the opportunity to seamlessly integrate software and equipment from
different suppliers. Nevertheless, service foundations, service composition, service
management, service design and development, are still open challenges that require
further investigation within the SOA field [39].

Despite the similarities between both paradigms, from a control perspective,
SOA suffers from its own strengths. SOA is highly focused in interoperability and
providing services, usually supported by web-based technologies, lacking a refer-
ence programming model. In turn, MAS follows a clear methodology to describe
the agent behaviour. Besides, the social dimension of MAS provides the right frame-
work to tackle collaboration, self-organisation, self-* capabilities and adaptability,
among others, which are fundamental concepts to achieve highly flexible and ag-
ile intelligent manufacturing systems. In this context, MAS and SOA should be
regarded has two complementing paradigms, rather than competing ones.

Fundamentally, these distributed approaches helped to accomplish a paradigm
shift in manufacturing. Traditionally, manufacturing systems were designed to
follow pre-defined action paths according to the different known scenarios. Whilst,
with distributed approaches the system can be designed to cope with the unknown
[36].

Although the advantage of using MAS and SOA in manufacturing control have
been clearly identified and recognized, mainly by academia, their integration and ac-
ceptance by the industrial counterparts has been rather slow. The lack of standard-
ize platforms/paradigms, is one of the main reasons for the reluctance demonstrated
by manufacturing companies towards these approaches. Also, current shop-floors
do not present the modular structure neither support the necessary state-of-the-
art technologies and infrastructure necessary to fully explore the potential of such
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modelling paradigms. Another aggravating factor is the introduction of concepts
from complexity sciences, such as unpredictability, self-organisation and emergence,
which are not well understood and therefore reluctantly accepted by industry.

3.3 Complexity Science

Complexity Science is a broad and multidisciplinary subject, focused on the study
of systems constituted by many parts that interact, in order to produce a global
behaviour that cannot be directly explained by the interactions between the several
individuals that compose the system,given the overwhelming complexity of the
causal matrix. In this context, complexity science provides a way to understand
and elucidate general characteristics and concepts common to the processes and
dynamics of change, characteristic of a wide range of biological phenomena.

Industrial applications are also starting to be perceived as complex systems.
The increasing size, distributiveness, modularity and connectivity are starting to
impose the need to introduce complex concepts, in order to understand how to
design, manage, build and control such systems. Self-organisation and emergence,
Figure 3.2, are two of the main concepts from complexity sciences that might play
a critical role in the exploration of the real capabilities and potential of modern
industrial systems.

3.3.1 Self-Organisation
Human beings are curious by nature. As such, we always tried to understand and
rationalize all the phenomena that happen around us. Such curiosity led to the
emergence of natural philosophy. Natural philosophy, is the philosophical study
of the physical universe and nature, that preceded the development of modern
science. In this period, most ideas were proposed by reasoning over the observation
of simple experimentations. Between the end of the middle age and the beginning
of the Industrial Revolution, quantitative methods that enabled the reduction of
those experiments into mathematical equations (laws of physics) were introduced,
originating the field of classical physics. Since then, most scientists have been
following a reductionist approach, trying to explain every macroscopic phenomena
through the regular deterministic behaviour of the microscopic components. With
the 20th century, and the emergence of many scientific fields, scientists realized that
such philosophy will never allow us to completely explain and model the complex
world that surround us. In this sense, the science of self-organisation and adaptation
was created to study phenomena that seemed to be controlled by inherent creativity.

Despite the notion of dynamically-produced organisation being quite old, the
denomination ’self-organisation’ only appeared after the work developed in the field
of cybernetics and computing machinery by W. Ross Ashby in 1947 [41]. Ashby de-
fined organisation as the functional dependence of a system future state in relation
to its present state and its external inputs. Following this principle, Ashby defined
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Figure 3.2: Organizational map of complex systems broken into seven sub-groups
adapted from [40].

a self-organising system as a system that changes its own organisation, rather be-
ing changed by any external entity. Few years later, Grassé presented his work
regarding the behaviour of insect societies [42], where he identified some mecha-
nisms closely related to self-organisation (ex. stigmergy), in biological systems.
Ilya Prigogine received a Nobel Prize for his work, that started in the 1950s, on
self-organisation applied to the area of thermodynamics [43], developed together
with his colleagues of the ’Brussels School’. Prigogine studied ’dissipative struc-
tures’, which consist on patterns such as Bénard Cells, characterized by dynamic
self-organisation. The system continuously generates entropy, which is actively dis-
sipated or exported out of the system. Thereafter, the notion of self-organisation
became popular in a variety of research fields, originating an equal amount of defi-
nitions. Nevertheless, some common characteristics can be identified between most
of the definitions [44,45]

• No explicit external control - Self-organising systems ought to be independent
of any external control input, in their autonomous organisation process. In
other words, the system needs to organise itself without any sort of outside
organisational interference.
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• Global order from local interactions - One of the most distinctive character-
istics of self-organising systems is the ability to achieve global order, through
simple local interactions. In self-organising systems, all the individual entities
composing the system are strongly correlated with each other. Consequently,
through local propagation, certain entities impose a re-configuration on their
neighbours, which in turn, also enforce the re-configuration of their neigh-
bours, so on and so forth. Resulting in the expansion of local alignments into
a global order.

• Distributed Control - In a self-organizing system, the control is distributed
throughout the whole system, with all parts contributing evenly to the system
organization. No central authority is present, neither there is a centralized
information flow in the system. Each individual entity is driven by simple
behaviours and has a restricted view of the system, limited by the local nature
of its interactions.

• Robustness - Self-organizing systems are robust, in the sense that the global
order of the system is relatively insensitive to perturbation and errors. Such
resiliency is due to the redundant, distributed organization of the system. The
fact that each individual entity represents only a very small part of the overall
system behaviour, implies that the system presents a graceful degradation in
face of failures. Moreover, self-organizing systems should thrive on random-
ness and fluctuations. A certain amount of perturbations should facilitate,
rather than hinder self-organisation.

• Adaptivity - A very important property of self-organisation is that it is a
dynamic process. Over time a self-organizing system presents an increase
in order. Therefore, the system needs to be dynamic, be able to cope with
rapidly changing conditions. In other words, the system needs to be far-from-
equilibrium, as condition to maintain a valid structure. Far-from-equilibrium
systems are more fragile and sensitive to environmental changes, however
they are also more dynamic and capable to react. This principle provides
the capability of producing a large variety of regulating actions, driving the
system towards multiple stable configurations. Typically, the equilibrium of
a self-organizing system results from the interaction between positive and
negative feedback.

• Non-linearity - In self-organising systems there is no direct relation between
the fluctuations in the environmental conditions and the overall system be-
haviour. Small fluctuations might imply significant variations in the overall
system behaviour, while large fluctuations might have insignificant repercus-
sions. This characteristic fosters the emergence of complexity, in which the
overall behaviour can not be understood by the simple examination of the
individual components separately.
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• Criticality - Non-linear systems, are typically characterized by having more
than one solution (organisation). Which means that from a self-organising
system perspective, there is a set of stable configurations (or attractors1)
towards which the system may converge. However, the evolution of the system
towards an ordered configuration, is usually triggered by a change in the
external situation, the boundary conditions of the system which are often
represented by a threshold or a phase transition.

For the purpose of this work it shall be considered the following definition of
self-organisation, introduced by Wolf and Holvoet [47].

”Self-organisation is a dynamical and adaptive process where systems acquire
and maintain structure themselves, without external control.

The structure can be a spatial, temporal or functional structure. No external
control refers to the absence of direction, manipulation, interference, pressures or
involvement from outside the system. This does not exclude data inputs from out-
side the system as long as these inputs are not control instructions. Note, the
identification of the boundary of the system is extremely important when deciding
if a system is self-organising or not. It is important to specify what we consider as
an external control and what not.”

Mechanisms of self-organisation can be identified both in biological and physical
systems. However, biological systems present greater complexity considering that
the subunits composing the system are living organisms, while in physical systems
the subunits are inanimate objects [48]. Furthermore, in the physical systems,
interactions between subunits are based solely on physical laws. On the other hand,
biological systems do not only obey to the laws of physics, but they also behave
according to acquired information regarding the local properties of the systems that
influence particular genetic programs subjected to natural selection.

In this context, biological collective phenomena are typically accomplished by
entities that present a certain amount of autonomy and ’intelligence’. However, it is
commonly the case that the resulting structure and functionality greatly exceeds in
complexity the perceptual, cognitive and physical abilities of the individual entities
that compose the system [49]. For that reason, self-organisation is a concept that
is recurrently connected to biological systems. It is also for that very same reason
and due to the increasing use of distributed architectures that, from an engineering
perspective, self-organisation have recently became so interesting (particularly for
the MAS field).

Hence, the application of self-organising principles in MAS has been the subject
of intense research in the last decade. In [50], several types of approaches (based
on different mechanisms), that when applied under the MAS context lead to self-
organisation were identified:

1”An attractor, in general, is a region of state space that ’attracts’ all nearby points as time
passes.” [46]
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• Based on direct interactions - Mainly consists in the direct broadcast, us-
ing local interactions, of the minimal amount of information collected and
required so that the computation performed by the local agents may lead
the system towards a coherent global state. This approach is appropriate and
typically used to ensure the system robustness, despite logical and topological
perturbations.

• Based on stigmergy - The environment is used as an indirect communication
mean, in which some traces are left and used to infer the next action to per-
form. This approach originates multiple solutions, however the desired global
system behaviour can not be ensured. The use of stigmergy is characteristic
of social insects, particularly ants and termites.

• Based on reinforcement - This approach is directly related with the agents
ability to learn. According to the current state of the agent, the perceived
local environment and the quality of previous adaptation decisions, agents
are able to adapt their behaviours. A scoring mechanism based on a reward-
ing/punishment system is used to assess previous adaptation decisions. This
approach is specially adequate when specialization of roles is desired.

• Based on cooperation - Explicit local cooperation mechanisms are imple-
mented in order to achieve the emergence of the desired collective behaviour.
Cooperation engagements do not have to be helpful or altruistic, however
cooperation failures are detected and properly handled by the local agents.
This approach fosters the dynamic change of the global system function.

Despite the large attention that self-organisation has raised in some important
scientific communities, mechanisms for the assessment of self-organisation have been
left relatively unattended. Nevertheless, according to [45] the following measures
are typically used to characterize self-organisation approaches:

• ”Capacity to reach an organization able to fulfil the goal of the system as a
whole, once the system is started (success/failure/time required, convergence).

• Capacity to reach a re-organization after a perturbing event (success/failure/time
required).

• Degree of decentralized control (central/totally decentralized/hybrid).

• Capacity to withstand perturbations : stability/adaptability.”

3.3.1.1 Self-Organisation in Manufacturing

With the increasing use of MAS and decentralised approaches, self-organising mech-
anisms have become a crucial concept regarding the implementation of the complex
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concepts introduced by modern manufacturing paradigms. In this sense, some ap-
plications of self-organisation mechanisms in the manufacturing context will be
briefly reviewed.

A decentralized approach to manufacturing control (named West), which relies
on self-organising principles to dynamically coordinate the manufacturing modular
components, is presented by Bussmann and Schild in [51]. The coordination is
achieved through a negotiation procedure that tackles the allocation of resources to
workpieces. This process is individually handled by each workpiece, which starts an
auction like negotiation, in order to dynamically decide which resource allocate for
the next operation. In this way, the system is able to dynamically self-organise the
material flow in the system. In [52], a self-organisation algorithm applied to Cellular
Manufacturing Systems (CMS) is introduced aiming at the optimization of the effi-
ciency and performance of the system. The self-organisation algorithm is based on
reinforcement learning and influences the computation of the resources allocation
and the scheduling of the manufacturing tasks, performed by the pallets. However,
in this case, unlike the previous approach, the resource allocation is done before the
start of the manufacturing process, through the creation of new a tactic (visiting
order of robot cells) or through the selection of an old tactic from a tactic list.
The reinforcement learning is achieved using a scoring mechanism, that at the end
of the manufacturing product rewards the pallet according to some performances
measurements. Sluga and Butala in [53], propose a self-organising mechanism to
overcome the rigidity of conventional hierarchical structures and achieve a dynamic
manufacturing structure able to dynamically adapt to changing environments. Sim-
ilarly to the last approaches, the self-organisation mechanisms is also focused on
the establishment of the appropriate structure of the system through dynamic re-
source allocation. For this purpose, task-oriented manufacturing structures are
dynamically established, also following a negotiation process which in this case is
executed by a mediator. Each dynamic manufacturing structure is maintained until
the fulfilment of specific manufacturing objectives.

Brezocnik in [54], presents a self-organization assembly system that uses the
integration of living cells into tissues, organs and organisms as the inspiration source
for modelling the assembly process. Basic components are gradually associated into
more organized, higher-level hierarchical units. A Genetic Programming algorithm
is used to simulate the self-organising assembly of the product, which is regulated
through genetic information (genetic content in cells is topological, geometrical,
material, technological, economical, ecological, etc) representing each individual
component of the product.

In [55], Leitão presents an holonic control architecture, that uses bio-inspired
concepts such as self-organization to attain reconfigurable and evolution capabilities
in dynamic environments. During the normal execution state (stationary state), su-
pervisory holons (SH - provide coordination and optimization services) define an
optimized schedule plan which is accepted by the task holons (TH - represents a
product that manages its own execution) and operational holons (OH - physical
resource). At this state OHs have low autonomy and therefore should accept the
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proposed schedule. The autonomy parameter establishes the levels of obedience of
OHs towards SHs. Afterwards, THs communicate directly with the OHs during
their production. In case any OH is unavailable, the SH reschedules the produc-
tion plan. However, in response to an irrecoverable failure the system enters in a
transient state, for a certain re-establishment time, and uses a pheromone mecha-
nism to trigger an increase in the autonomy factor parameter. When the autonomy
level is high, the hierarchies established by the SHs are disrupted, approaching the
system structure towards a heterarchical architecture. In this case, THs interact
directly with OHs to compute an alternative schedule plan. After the end of the
re-establishment time and if the pheromone is already dissipated, each OH individu-
ally reduces again its autonomy factor and the system evolves to a new structure or
returns previous one. Following the described self-organization mechanism adaptive
production control can be achieved.

A Self-Organising Assembly System (SOAS) is introduced by Frei in [56, 57],
with the objective of achieving an agile and user friendly environment. In this the-
oretical work, self-organisation is mainly associated with the autonomous creation
of the shop-floor layout. Whenever a specified product order is introduced in the
system, a configuration process is triggered resulting in the emergence of the ap-
propriate assembly system. However, in case of a failure in any of the shop-floor
modules (physical resources), the self-organising process may lead to the adaptation
of the module behaviour and parameters or triggering a reconfiguration process also
leading to a new adapted layout.

In [58], the authors present a multi-layer architecture, which introduces organic
computing principles to yield self-organising robotic manufacturing cells. The main
idea behind organic computing, is to foster the development of systems aiming to
attain self-* capabilities. One of the challenges faced by the authors is the con-
trol of the emergent behaviour of the proposed organic-system based architecture.
In this sense, an expected behaviour corridor was defined, which delineates the
system constraints inside which the emergent behaviour is controlled. Typically,
each agent is able to observe and respect the local constraints. If any constraint is
violated, the local component tries to restore the system. However, if this is not
possible, surrounding components are involved until the constraint is satisfied. By
having this autonomous cooperative behaviour the system is able to self-organise
and accomplish the manufacturing goal.

A self-organising Logistic Execution System (LES), based on the reference ar-
chitecture PROSA which uses principles of indirect communication as coordination
mechanism of the logistic activities, is presented in [59]. In logistic operations,
shipments have to encounter a suitable route from the source to the destination.
However, the routes generation environment is typically heterogeneous, complex
and dynamic. With this in mind, the authors propose an self-organising LES archi-
tecture based on two types of components, Intelligent Products (IPs) and Intelligent
Resources (IRs). Each IP abstracts a task or activity and creates exploring ants
to discover possible routings. After the searching process, the IP selects the ’ant’
(route) that best fit its requirements. Furthermore, intention ants are also periodi-
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cally generated by the IPs, to inform the IRs of the intentions of their owners. IRs
correspond to infrastructures elements, equipment or personnel which compose the
environment in which the previous ants travel. The IRs, in turn, creates feasibility
ants that travel through the network and leaving signals that indicate how their IR
can be reached and its capabilities. Following these principles the self-organising
solution emerges.

In [60], a self-organising MAS architecture following the principles of the Evolv-
able Assembly Systems (EAS) paradigm, is introduced. The proposed architecture
is based in four main architectural components. The Machine Resource Agent
(MRA) abstracts modular equipment, the Coalition Leader Agent (CLA) enables
the composition and execution of skills, the Transportation System Agent (TSA)
abstracts transport system components and finally the Agent to Machine Interface
(AMI) bridges legacy equipment with the MAS platform. The Product Agent (PA)
is a special case of the CLA, however conceptually the PA is the system response to
the emerging production requirements. The CLA is one of the main drivers of the
self-organising response, since it has the ability to react to changes that compromise
the composed functionalities. Any failure or removal of a participant agent in the
coalition, forces the CLA to find an adequate replacement.

A different manufacturing approach, that also aims to tackle the system adapt-
ability to disturbances is presented in [61]. In this case, the authors propose an
Autonomous Manufacturing System based on Swarm of Cognitive Agents (AMS-
SCA). The self-organisation behaviour is accomplished by matching machine capa-
bilities against product requirements. Every machine is abstracted by an ant and
each individual machine has a pheromone value, that indicates the machine ability
to execute the task. The machine that presents the highest pheromone value for
a certain task, is the selected one. In case of a failure, the machine in question
sends the task information to the remaining machines. Then, each of the remain-
ing machines compares the received information with their abilities and release a
pheromone that indicates the machine aptitude to execute the task. In this way,
the system is able to autonomously adapt itself to disturbances.

3.3.2 Emergence
The concept of emergence is intimately linked with the concept of self-organization,
in dynamic systems. Even though it is a fairly common combination, it is important
to stress that self-organisation and emergence are different concepts that highlight
different characteristics of a system [62].

The concept of emergence has been around since ancient Greek. Socrates, Aris-
totle, John Stuart Mill and Julian Huxley are just some of the historical scientists
that have studied the idea ”the whole before the parts” and ”the whole is bigger
than the sum of its parts”. Nevertheless, in the dynamic systems context the con-
cept of emergence only goes back to 1875 and is attributed to G. H. Lewes. Lewes
characterized the end effect of a process, according to its traceability, as ’resultant’
or ’emergent’ [63]:
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”although each effect is the resultant of its components, we cannot always trace
the steps of the process, so as to see in the product the mode of operation of each
factor. In the latter case, I propose to call the effect an emergent. It arises out of
the combined agencies, but in a form which does not display the agents in action
(...) Every resultant is either a sum or a difference of the cooperant forces (...) is
clearly traceable in its components (...) the emergent (...) cannot be reduced either
to their sum or their difference.”

Since then, two major schools of thought have emerged. The proto-emergentism
and more recently the neo-emergentism. The proto-emergentism, considers emer-
gence as a black-box (Figure 3.3), where there is no knowledge regarding the pro-
cess that originates the emergent behaviour [50]. On the other hand, the neo-
emergentism or complexity theory (Figure 3.3), tries to tackle the lack of under-
standing on the emergent process [62]. From a complexity systems perspective,
emergence has been studied in a diversity of scientific fields. According to Wolf and
Holvoet [62], ”there are actually four central schools of research that each influences
the way emergence in complex systems is studied:

• Complex adaptive systems theory, which became famous at the Santa
Fe Institute and which explicitly uses the term ’emergence’ to refer to the
macro-level patterns arising from interacting agents (...);

• Nonlinear dynamical systems theory and Chaos theory, which pro-
mulgates the central concept of attractors, i.e. a specific behaviour to which
the system evolves. One kind of attractor is the so called strange attractor that
the philosopher of science David Newman (...) classifies as an authentically
emergent phenomenon.

• The synergetics school, which initiated, among others, the study of emer-
gence in physical systems. They describe the idea of an order parameter that
influences which macro-level coherent phenomena a system exhibits (...).

• Far-from-equilibrium thermodynamics, which was introduced by Ilya
Prigogine and which refers to emergent phenomena as dissipative structures
arising at far-from-equilibrium conditions (...).”

In a few words, the two main distinct aspects of emergence are, the focus on the
global behaviour (macro-states) as result of local interaction of the parts (micro-
states) and the fact that the global behaviour is not linearly reducible to the indi-
vidual parts.

Traditional systems are designed following a predictive approach, in an attempt
to account with all known situations. Furthermore, they are typically top-down, in
the sense that the whole is linearly break down into parts. For these reasons, from
a traditional engineering angle, emergence is something to avoid completely. It is
directly associate with the occurrence of undesirable behaviours, such as component
failures. However, with the growing interest in modern manufacturing paradigms
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Figure 3.3: Proto-emergentism and Neo-emergentism, adapted from [50].

and consequently on modular platform, emergence is becoming an evermore crucial
modelling concept of modern systems. Hence, it is important to highlight the basic
properties that identify the systems as emergent [63]:

• ”Radical novelty: emergents have features that are not previously observed
in the complex system under observation. This novelty is the source of the
claim that features of emergents are neither predictable nor deducible from
lower or micro-level components. In other words, radically novel emergents
are not able to be anticipated in their full richness before they actually show
themselves.

• Coherence or correlation: emergents appear as integrated wholes that tend
to maintain some sense of identity over time. This coherence spans and
correlates the separate lower-level components into a higher-level unity.

• Global or macro level: since coherence represents a correlation that spans
separate components, the locus of emergent phenomena occurs at a global or
macro level, in contrast to the micro-level locus of their components. Obser-
vation of emergents, therefore, is of their behavior on this macro level.

• Dynamical: emergent phenomena are not pre-given wholes but arise as a
complex system evolves over time. As a dynamical construct, emergence is
associated with the arising of new attractors in dynamical systems (i.e., bi-
furcation).

• Ostensive: emergents are recognized by showing themselves, i.e., they are
ostensively recognized. (...) Because of the nature of complex systems, each
ostensive showing of emergent phenomena will be different to some degree
from previous ones.”

Another important aspect that, from an engineering point of view, usually dis-
courages the use of emergence is the spectre of getting something out of nothing.
It is disturbingly like magic. In this context, Bedau in [64] introduces the concept
of strong and weak emergence.
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An emergent phenomena fits the notion of strong emergence when the observ-
able phenomenon (global behaviour or macro-state), is completely not deducible
from the laws and behaviours presented by the low level domain. The concept of
strong emergence is closely related with the proto-emergentism, which has a more
philosophical perspective of emergence. One clear example of strong emergence
is consciousness. Despite the brain’s physical knowledge that modern science has
disclosed, scientists can still not deduce how consciousness emerges [65].

In order to dismiss the idea of getting something out of nothing, associated with
strong emergence, the concept of weak emergence is considered in the context of
this work. Weak emergence postulates that a causal relation can be established
between the parts and the behaviour of the whole, but only by simulation. The
simulation adds the dynamic dimension necessary to understand the causal relation
between the dynamics of the parts, and the global behaviour, since emergence is
not a pre-given but a dynamic phenomena arising over time [62].

In short, weak emergence refers to the arising of novel and coherent structures,
patterns, and properties during the process of self-organization in complex systems.

3.4 On the classification of Bio-Inspired Algorithms

The research on bio-inspered algorithms has been developed under several different
areas, in an effort that has been held throughout more than 60 years. In this
sense, not all the algorithms were developed for the same purpose or with the
same goal in mind. Nevertheless, computational methods inspired by evolution,
phenomena performed by collective living systems, neural and immune systems
are being increasingly used to solve complex problems in engineering, computer
science, robotics and artificial intelligence, among others. Manufacturing is also no
exception. Although, in this context most of these algorithms are generally used
simply for tackling very specific optimization problems. It is, however, the author’s
belief that these methods may play a very important role, when applied in the
manufacturing context in a more holistic perspective. In this sense, these methods
will be reviewed and analyse in order to understand how can they be recycled and
used to simultaneously regulate, and achieve both distributed computation and
distributed problem resolution.

Given the different types of biological systems behind the different sources of
biological inspiration, the classification presented in Figure 3.4 is the one considered
under the scope of this work. The presented sources of inspiration and respective
algorithms will be further detailed in the following subsections.

3.4.1 Evolutionary Systems
The origins of Life can be traced back to more than 3500 Millions years ago. From
a lifeless planet, earth became a biologically rich environment. Although there is
no consensual hypothesis regarding Abiogenesis (processes through which life may
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Figure 3.4: Bio-inspired algorithms classification.

have arisen) it is almost consensual that all living organisms on Earth share a last
common ancestor. This theory is supported by the fact that it is next to impossible
that so many complex biochemical mechanisms, common to all living organism,
have been developed from different ancestors [66,67].

The last common ancestor hypothesis might explain the similarities of biochem-
ical mechanism between different species, but at the same time it raises another
important question: What is the powerful mechanism that is behind the amazing
diversity of biological organisms that there is nowadays?

Around 1859, Charles Darwin started to answer this question by publishing an
abstract of his work called ’On the Origin of Species by Means of Natural Selec-
tion, or the Preservation of Favoured Races in the Struggle for Life’ [68], where he
introduced his theory of natural selection. This work is considered to be the foun-
dation of evolutionary biology. The theory of natural selection tries to explain that
the differences between individuals in a population are heritable. The occurrence of
changes in the environment fosters the reproductive success of individuals that pos-
sess a certain characteristic that provides them better adaptation. Thus the next
generation will be better adapted to the environment since more individuals will
have the desired characteristic. The repetition of natural selection throughout gen-
erations could then result in the evolution of simple organisms into complex ones.
However natural selection is the only known cause of adaptation, is not the only
cause of evolution. Mutation and genetic drift are other causes of evolution [69].

Biological systems are highly robust, agile and adaptable in relation to their
environment, which renders the processes of natural evolution and selection very
desirable to replicate in a number of different research areas.

Understanding how concepts of evolution and natural selection are envisioned
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from a biological perspective is of the utmost importance in order to correctly use
and profit from them. Usually artificial evolution is defined as an optimization pro-
cess that attempts to find solutions to otherwise intractable problems, typically NP
hard, arising in different domains [49]. However, natural evolution is the result of a
matching process between the available solutions and the functional requirements
imposed by nature. It is characterized to be essentially an open-ended process that
does not need to satisfy any predefined goal(s). Therefore, while in artificial sys-
tems the evolutionary measure of success is associated with the adequacy of the
solutions towards the problem in question, in nature the fitness of an individual
is represented by its reproductive success [49]. The consequence of this difference
is that artificial evolution, tends to close possibilities to rapid change, due to ex-
cessive specialization towards given conditions, while natural evolution leaves the
opportunity to change open leading to the emergence of a plethora of diversified
organisms.

In the engineering world, natural selection is commonly defined as the ’selection
of the fittest’. Which is often associated with the best, while selective reproduction
of the best is usually associated with progress [49]. However natural selection
has no comparative memory between generations. Nevertheless, natural selection
is one of most important pillars of natural evolution and also one of the most
misunderstood. Bio-inspired mechanisms are usually used in order to optimize the
structural characteristics of distributed artificial systems, or simply to singularly
optimize certain attributes.

Optimization, from a biological perspective, does not specifically imply perfec-
tion. Although, through evolution, highly functional and fitting solutions might
be achieved has consequence to changes in the organism’s habitat. Function is the
unique trait that it is exposed to natural selection, and functionality is what it is
optimized by iterative selection and mutation [49].

It is difficult to specify the first references to evolutionary computation, however
the major evidences of the use of evolutionary inspired process appeared in the
mid-1950s. Friedman [70,71] reasoned that through the simulation of mutation and
selection processes he would be able to design ’thinking machines’. Friedberg [72,73]
presented one of the first applications of an evolutionary process in the area of
automatic programming (machine learning). Around the same time Bremermann
[74] and Box [75] as well as other scientists and engineers started developing some
of the evolutionary algorithm (EA) theory.

Curiously in the 60s, three of the main forms of EA emerged. In Germany,
Berlin a group of three student Bienert, Rechenberg, and Schwefel introduced the
evolution strategies (ES) algorithm [76]. In San Diego, California Lawrence Fogel
proposed the evolutionary programming (EP) algorithm [77], while Holland in the
University of Michigan was developing the genetic algorithms (GAs) [78]. Around
the end of 1980s, genetic programming (GP) was introduced by Koza [79].

All four algorithms have in common some concepts such as reproduction, ran-
dom variation, competition and selection of individuals from a population. In this
sense and in order to unify the four research branches, in 1991 the field evolutionary
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computation (EC) was introduced. No longer the boundaries between all four ap-
proaches were distinct, and an holistic approach towards an EA framework started
to take place [80]. For more details regarding EC please refer to [81].

Within the numerous algorithms more recently developed under the scope of
EC, for example differential evolution, the majority mainly differs in the choice of
genetic representation and operators [82]. To better understand the principles of
artificial evolution, the common process used in EC will be further explained.

In order to apply natural evolution to the computational world, some concepts
had to be adapted. From biology we have that phenotype is a set of an organism’s
observable traits. When translated to the computational world, the phenotype of
an entities is one solution to a problem that undergoes the selection process [49].
The genotype which represents the genetic composition of an individual, is instead
the genetic representation of the solution, over which genetic operators are applied
in order to achieve the next generation of solutions.

Replace Evaluate 

Genetic 
Operators 

Select 

Best 
Solution 

Stopping 
Criteria? Evaluate Initialize 

Figure 3.5: Core cycle of an Evolutionary Algorithm

Although EAs are ideal to tackle hard problems (discontinuous, non-differentiable
and multimodal) which other optimization methods can not handle, the core struc-
ture of an evolutionary algorithm (Figure 3.5) involves a simple iterative procedure
over a genetically diversified population. Firstly, the initial population is gener-
ated, after which it is submitted to evaluation. Through the evaluation process the
phenotype of each entity of the population is evaluated against a problem specific
fitness function. The genotype that encodes the best performing phenotypes is then
replicated and modified by genetic operators. The next generation will then be the
resulting set of the selection process applied to the newly computed genotypes to-
gether with the old generation. This cycle is repeated until the stopping criteria is
verified.

Genetic Representation The applicability of EAs in any domain is tightly cou-
pled with the possibility to define a coherent genetic representation. The genetic
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representation should provide a high likelihood of generating better individuals
through the application of the genetic operators. Furthermore, it should be as-
sured that the genotype is able to appropriately cover the search space of the
problem in question. Suitable genetic representation, should present a number of
properties [49], such as:

• indirect mapping that provides genotype variability without necessarily re-
quiring genotype variability,

• redundant mapping that allows multiple representations of the same gene, in
order to avoid incremental complexity from genetic operators,

• variable-length genotype,

• genetic operators with higher probability of incremental small variations in
fitness,

• evolution of genetic representation and mapping.

With such a broad field of application, different types of genetic representation
were developed. Amongst the more common representation we have:

• Discrete representation - 0s and 1s are used to represent the population geno-
type.

• Real-valued representation - the genotype is represented typically by n real-
number values.

• Tree-based representation - the genotype is a composition of a finite set of
functions and terminal.

Initial Population Another important aspect that plays a very important role in
the efficiency of the algorithm is the initial population. According the diversification
of the initial population the algorithm might present a premature convergence or
not. Therefore is very important to assure a diversified initial population. Strategies
dealing with the generation of the initial population may be divided into four main
groups [83]:

1. Random generation, in which the initialization of the population is generated
randomly.

2. Sequential diversification, where the initial population is uniformly sampled
from the search space.

3. Parallel diversification, consists on the transformation of the initialization of
the population in a optimization problem of a defined diversification criteria.

4. Heuristic Initialization, in which any heuristic might be used to initialize the
population
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Fitness Function Each specific problem presents its own features, the fitness
functions is the mean through which it is possible to evaluate the adequacy of the
population in relation to the problem characteristics. It associates a numerical score
to each individual phenotype in the population. In order to define a proper fitness
function/s one or more performance criteria, that express the correct direction and
correct evaluation of the genotype, needs to be devised.

However, if the problem features or the fitness function are dynamic, changing
over generation, extra care needs to be taken in order to maintain population di-
versity. Once the fitness values obtained in passed generations might be no longer
comparable. Unless a stopping criteria has been satisfied, the EA will continue to
run. In some cases, it is difficult to tell if the algorithm is stuck in a global or local
maximum. In this sense, keeping track of the population diversity might help to
understand the performance of the algorithm in a dynamic environment.

Real-world problems usually involve the consideration of several and sometimes
conflicting performances criteria. Furthermore, in many cases the solutions in order
to be accepted needs to be compliant with some problem constraints. Infeasible
solutions are the genotypes that do not comply with at least one constraint. These
solutions should not appear in the solutions provided by the algorithm. In this
sense the algorithms must be designed with accounting some constraint handling
methods in order to generate only feasible solutions.

Selection In nature, the survival chances of an individual cannot be quantified
and translated into a rank. In this sense, the individual survivability is directly
connected with the present environment, the individual traits and the chances that
the individual encounters. As pointed out by Ernst Mayr [84], natural selection is
best viewed as a process of elimination of individuals that are non-viable or only
marginally viable, rather than as a process of selection.

A selection process, which tends to lead to the reproduction of only a few best
individuals of the population is adequate to an optimization problem. However,
an elimination process tends to foster the population diversity eliminating only the
individuals that are nonviable. The consequence is that through a selection process
the population is highly directed towards a goal, while in the elimination process
there is more room for creativity that might result from the evolutionary process.
Although the former case is ideal (is the commonly used one) to tackle optimization
problems, elimination is more suitable to handle dynamic problems and therefore
is closer to the concept of natural evolution.

Selection always attempts to put more emphasis on the solutions in the popu-
lation that have higher quality, and consequently less emphasis on those that are
of lower quality. Selection pressure translate the percentage of individuals that will
be chosen to create offspring for the next generation. A high selection pressure
might cause a rapid loss of diversity and cause premature convergence. A balance
between selection pressure and other genetic operators is then required in order to
avoid this scenario.
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Some of the more common selection strategies are the following:

• Proportionate Selection - the probability of an individual making a copy of
its own genome is given by the ratio between its own fitness value and the
sum of the fitness values of all individuals in the population. This selection
process is identical to a roulette wheel where each slot corresponds to one
individual in the population and the size of the slot is directly proportional
to the reproduction probability of the individual.

• Rank-Based Selection - it consist on ranking to all the individuals in the
population and attributing a reproduction probabilities proportional to the
ranking of the individual.

• Truncated Rank-Based Selection - it represents a variation of the previous
one. However, only the top ranked individuals are selected and the same
number of offspring is generated from them. It is useful when the individuals
have not been fully evaluated, assuring that even individuals not properly
evaluated have the same chance as the others.

• Tournament Selection - it emulates a tournament among a small subset of
individuals in the population for every offspring to be generated. A defined
number of individuals is randomly selected from the population, to participate
in the tournament. The resultant champions then generate the new offspring.

• Generational Replacement - Is one of the most commonly used selection pro-
cess. The new generation succeeds the entire old generation. This approach
might result in the loss of very good individuals. In this case a strategy that
maintains always the best individual might be applied. This strategy is known
as elitism. In order to maintain some population diversity, a strategy that
also maintains some of the less performing individuals can be applied.

Genetic Operators In nature evolution occurs due to three factors, natural se-
lection, mutation and genetic drift. To this end genetic operators were develop in
order to introduce diversity in the population, creating variations and allowing the
exploration of the full search space. Due to the variety of genetic representations de-
veloped, many tailored genetic operators had to be designed. Specialized operators
incorporate problem specific knowledge. The purpose of integrating domain-based
heuristics into operators [85], is to assure that the resultant genotype is a feasi-
ble solution. These types of solutions imply that the developed operator can only
be applied to the reference problem and it is very difficult to provide any formal
analysis.

Despite the variety of genetic operators there are some genetic operators that
are undoubtedly important and that are used as reference to the development of
more specific ones. Hence, some of those operators will be further detailed.
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Crossover Crossover is a way of exchange portions of genetic code from two
different ’parent’ individuals. The main idea is to combine (inherit) the best fea-
tures of those different individuals in a single one. Since the features that are behind
the good performance of the individual are unknown, a random process takes place.
A typical example of a crossover method (one-point crossover), consists in selecting
a random position in each parent chromosomes. Then the first part of one chromo-
some is recombined with the first or second of the other and vice-versa [86]. This
operator is also commonly referred to as recombination. Mechanisms that ensure
the feasibility of the solutions need to be put in place, due to the randomized nature
of the process.

According to the genetic representation used, different crossover methods are
required [49,83]:

• Binary crossover

– One-Point crossover
– Multi-Point crossover
– Uniform crossover
– ...

• Real-Valued crossover

– ... all the previous ones
– Mean-Centric recombination

∗ Intermediate crossover
∗ Geometrical crossover
∗ Unimodal normal distribution crossover
∗ Simple crossover
∗ ...

– Parent-Centric recombination
∗ Simulated Binary Crossover
∗ Parent-centric crossover
∗ ...

• Permutation crossover

– Order crossover
– Partially mapped crossover
– Two-point crossover
– Cycle crossover
– ...
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• Tree-Based crossover

– Standard Subtree crossover
– ...

For further details regarding the crossover methods refer to [49,83].

Mutation Mutations are transformations to which individual genotypes are
submitted in order to typically explore the search space around existing solutions.
Mutations are performed through the addition of normally distributed random
numbers to the parent’s genotype. In this way the next generation of children will
explore the area around the search space of their parents [87]. In some applications,
mutation is used as a background operator which simply ensures the diversity of
the population, for the purpose of exploitation by crossover [88]. However, it has
been proven that EAs using only mutation can be very effective [89]. In this sense,
mutation is a very important genetic operator to take into account.

As it happens in crossover, the mutation operator should ensure the validity of
the results. Furthermore, it should ensure that every solution of the search space
can be reached.

Typically, each position of the genotype is subjected to mutation with proba-
bility pm. A very commonly used value for mutation probability is 0.01 for each
position [49]. This value represents a much higher value than the one verified in the
natural world. However, it is important to stress that both the mutation probabil-
ity and mutation amplitude should be controllable. In this way a meaningful search
can be carried out in the search space of the problem. Otherwise the problem may
converge too fast or towards a random search [83].

Also in mutation, different methods are required according to the used genetic
representation [83]:

• Mutation in binary representation

• Mutation in discrete representation

• Mutation in permutations

• Mutations for parse trees:

– Grow
– Shrink
– Switch
– Cycle

• Mutations for real-valued vectors:

– Uniform random mutation
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– Normally distributed mutation
– Polynomial mutation
– ...

For further details regarding the mutation methods refer to [83].

Stopping Criteria The stopping criteria establishes the necessary condition to
stop the algorithm. In a static procedure, the condition may be known a priori.
For instance it can be a fixed number of iterations or a maximum number of fitness
evaluations. Instead in a dynamic procedure, the end of the search is dependent
on a dynamic criteria. Therefore it is not known when the algorithm will stop.
One possible example is to use a fixed number of generation without any fitness
improvement. Other possibility is to stop the algorithm when a certain population
diversity falls below a pre-defined threshold [83].

EAs in Manufacturing Real world problems are commonly characterized by
chaotic disturbances, randomness and complex non-linear dynamics [90]. This de-
rives from the fact that most real world manufacturing systems are usually large
scale, highly dimensional, non-linear and highly uncertain [91]. These features sup-
port the adequacy of the use of EA in engineering problems.

Despite its generic nature, EAs face serious challenges regarding on-line appli-
cations. These challenges come from the necessity to ensure a proper control signal
at each sample instant. The convergence to the optimal solution is only proved
in some special problems, plus the time constraints might be simply impossible to
meet. This is unacceptable in many applications, especially in the case of a safety-
or mission-critical system [80].

A detailed review of application of EAs in the manufacturing world will be
presented in the following topics. For a detailed review on the general application
of EAs in the manufacturing world please refer to [80,91,92].

3.4.1.1 Genetic Algorithms

Main Characteristics Genetic Algorithms are a class of algorithms belonging
to the EAs. It was introduced and first proposed by John Holland [78,93,94]. This
class of EAs in its canonical form is characterized by three main features.

The utilization of a binary representation was grounded through the schemata
concept. A schemata can be defined as a string with fixed and variable symbols
from an alphabet A = [0, 1], where a wild card symbol ∗ < A is allowed to assume
any symbol from A (ex. [01∗]). Holland considered that every evaluated string
may provide information regarding all possible schemata related to the string [93].
To this end, binary strings were suggested as the preferable representation. The
introduction of the schemata concept was also the base of the Schema Theory,
through which Holland intended to formally show how GA efficiently explore the
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search space for increasingly better solutions [93]. Through time and practical
experiences new forms of genetic representation revealed more adequate to certain
class of problems [86,95–99].

Another aspect that characterizes the canonical form of GAs is the use of pro-
portional selection, as selection method. Proportional selection consists on the
attribution of a reproduction probability, in a way that the likelihood of a popula-
tion member being selected is proportional to its fitness relatively to the rest of the
population. This is traditionally accomplished using roulette wheel selection [86].
This type of selection can be problematic. The addition of a large constant, to the
fitness function, would probability transform the algorithm into a simple random
walk algorithm. It would also constrain the algorithm to the use of only positive
values. Furthermore, the parent selection according to the proportion to their rela-
tive fitness cannot ensure asymptotic convergence [100]. Due to all these limitations
several different methods have been proposed [86].

In order to address the fact that selective reproduction could not explain by
itself the generation of individuals with higher fitness over generations, Holland
suggested the building block hypothesis. The building block hypothesis states that
schema substructures that give a positive contribution to the fitness can be com-
bined with other also positive substructures in order to produce better schemas.
These substructures would be the building blocks to achieve schemas with better
performance [93].

Finally the emphasis on crossover is also one of the most relevant character-
istic of GA. In its canonical form Holland suggested the one-point crossover as
main method to achieve variation in the population. The one-point crossover, as
previously introduced, consists on selecting a random position along two different
genotypes, and divide both in two section. The first section of one chromosome will
be joined with the second of the other and vice-versa. The combination of schema
theory, the building block hypothesis together with the one-point crossover reveals
Holland intention of exploit the genetic material present in the population to achieve
better structures by gradually combining building blocks. Improved and more com-
plex crossover methods were also further developed and proposed [101–104].

One of the main concerns with GAs in its initial form is premature convergence.
The exponential reproduction along with the focus on crossover may lead the pop-
ulation to a homogeneous state byond which no further optimization is possible.
This behaviour was largely observed in the first implementations of genetic algo-
rithms [49]. After reaching such a stagnation point, further improvement have to be
supported by a mutation operator. Other alternatives were also suggested by Gold-
berg and Smith [105], Schraudolph and Belew [106] or Cobb and Grefenstette [107]
among others.

Despite the efforts made by Holland to introduce an analytical framework
through the schema theory, further attempts have been done to provide more ro-
bust mathematical understanding [108]. Vose and Liepins [109] introduced a work
based in Markov chains. Considering the GA as a finite state Markov chain they
proved the asymptotical convergence of GA.
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Genetic Algorithms in Dynamic Environments Traditionally, the focus of
GAs research have been on stationary optimization problems [93, 110]. However,
many of the problems faced in the real world are dynamic. This fact increased
the interest of GAs community in the research of performance of GAs in dynamic
environments. One of the main obstacles to the application of traditional GAs
in dynamic environments is in fact convergence [111]. The low diversification of
the population makes any fitness improvement very hard to achieve through the
traditional GA operators.

The increasing interest from the GAs community towards dynamic environ-
ments led to the development of several new approaches [111], such as maintaining
the diversity through increasing diversity after a change [107, 112], using random
immigrants [113, 114], using memory schemes to benefit from from useful stored
information [115–118] or through multi-populations approaches [119].

Genetic Algorithms Focused on Open-Ended Evolution Some effort was
also spent by Harvey and Mattiussi addressing open-ended evolution [120, 121].
Harvey, proposed the Species Adaptation Genetic Algorithm (SAGA). SAGA is
focused on the incremental evolution of fairly converged populations [49]. Unlike
the traditional GAs the main factor that moves the population in the search space
is mutation. The population is represented through redundant and variable-length
genotype which is submitted to small mutations. Neutral walks (accumulation of
mutations that do not affect the fitness of the individual) through the search space,
may lead individuals from the population to fitter solutions.

On the other hand, Viability Evolution consist in reproducing individuals ac-
cording to ’viability constraints’ [121]. This is closer to what happens in nature
where biological organisms must satisfy certain constraints in order to survive (vi-
able). Each constraint establishes a range within a specific dimension. The intersec-
tion of several ranges, defines the viability space that the population must satisfy.
The individuals that fall outside the viability space are eliminated. Selection pres-
sure may be introduced establishing a higher reproduction rate to individuals that
satisfy a certain fitness criteria. This positions the evolutionary process between
reproduction of the viable and selection of the fittest [49]. The selection of the
reproduction probability of individuals that satisfy fitness criteria can shift the
algorithm towards both extremes.

Applications of Genetic Algorithms in Manufacturing GAs often allow
achieving solutions that cannot be easily solved by other techniques. In this sense,
many application have been developed using GAs in manufacturing.

Kumar [122] addressed the issue of how real time scheduling control can be
achieved in FMS in the presence of uncertainties. First a GA is introduced in which
surrogate crossover and adaptive mutations operators are used. The surrogate
crossover ensures the viability of the resultant schedule, while adaptive mutation
fosters the population diversity by increasing individual probability of a mutation



44
CHAPTER 3. TRENDS ON ARTIFICIAL BIO-INSPIRED COMPUTATION

AND MANUFACTURING SYSTEMS

according to the similarity between the two parents. Furthermore, a rescheduling
algorithm is also presented which is invoked once abnormalities are identified by
the control system. The re-scheduling process is developed in order to generate a
schedule without requiring the re-evaluation of all the tasks in the old schedule. This
becomes particularly important, due to the real-time and dynamic characteristics of
modern manufacturing systems. The proposed algorithm can be used together with
computerised scheduling systems. Another author that focused on the development
of a solution for distributed scheduling in FMS was De Giovanni. In [123] an
Improved Genetic Algorithm (IGA) is presented. The algorithm introduces a new
decoding mechanism which is able to handle alternative job routings. A mutation
operator is also presented in order to refine just a restricted number of the most
fitted individuals. Results showed robustness and a reduced computational time to
find optimal or near-optimal solutions. In [124] a method exploiting the variable
and value ordering heuristics introduced by Sadeh and Fox in [125] is proposed
to improve GA performance in solving job shop scheduling (JSS) problems, by
incorporating heuristic information in the initial population. A comparison between
a mathematical programming model and a GA approach focused on scheduling
problems is presented by Lee [126]. The author concluded that an GA approach
is more suitable if a relatively large number of jobs needs to be sequenced or if
achieving a ’good’ result is enough. Mathematical programming models are rather
complex or even unmanageable when applied to a scheduling problems with a large
number of jobs. However, mathematical programming models can ensure optimal
solutions which might not be true with a GA. A GA scheduling approach with
the makespan as criterion is presented in [127]. Historical data resultant from the
application of GA to trial examples was used to define the GA parameters.

A GA-based approach used to solve a process planning job shop machining
problem is presented in [128]. The proposed method was developed to support
concurrent process planning problems. The solution space is generated taking into
account multiple decision activities simultaneously. Genetic operators and a flex-
ible representation scheme were devised in order to be able to explore the entire
solution space while maintaining viable solutions. F. Musharavati [129] presents
a modified GA (MGA), and compares the results regarding the optimization of a
manufacturing process plan against canonical GA and simulated annealing. Special
attention was applied in modelling the problem rigorously through the adoption of
a decision-making perspective influenced by production information. A neighbour-
hood search based mutation combined with threshold operator were implemented
to foster diversity and avoid premature convergence, while cyclic crossover opera-
tion was used to create new individuals from the population ensuring their viability
at the same time. The MGA proved to achieve better manufacturing process plans,
compared to GA and simulated annealing.

In [130] an integer program 1 solved using a GA to assist in the design of cellular

1An integer program is a linear program in which additional requirements constraint variables
to assume integer values [131]
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manufacturing systems is presented. A new GA based solution was developed to
overcome nonlinear and linear integer programming problems. The proposed solu-
tion relies in a new representation scheme for individuals (part/machine partitions)
in an attempt to reduce the cell formation problem size and increase the scale of
the problem that can be solved. Constraints where also introduced to assure the
correct assignment of machines. The algorithm proved to be efficient in explor-
ing the search space. The GA ability to group parts and machines into families
and cells simultaneously differentiates this method from other available techniques.
An adaptive GA approach to tackle the manufacturing cell formation problem is
presented by Mak [132]. The developed methods is characterized by the adaptive
scheme which adjusts the crossover and mutation rates during the search process
to balance the exploration and the exploitation of the solution space. A searching
pattern was identified which ensures the convergence of on an optimal manufac-
turing cell formation. A manufacturing cell design methodology which handles
demand changes and product mixes without relocation is proposed in [133]. The
method aims to minimize the total cost of the system maintaining the cell compo-
sition over time and through the forecast of the product mix and demand changes
within periods of the planning horizon. Fixed machine cells are achieved, however,
part families are formed according to the parts present in the considered period.
The method presented better results compared to adaptive design, as well as less
computational time. Although most of the times cell formation, group layout and
scheduling are treated separately or sequentially, they are highly interrelated. In
this sense Xiaodan Wu [134], introduced a conceptual framework and mathemati-
cal model that integrates these three important areas of cellular manufacturing. In
order to solve the integrated problems an hierarchical GA was devised. A chromo-
some representation that support cell formation, group layout and scheduling was
introduced. A dynamic objective selection and a mutation operator that integrates
schedule specific heuristic were also proposed.

In [135] a multidepot vehicle routing problem is presented. However, not di-
rectly related to manufacturing the similarities between the presented problem and
the ones faced by a modern Automated Guided Vehicle (AGV) systems in manu-
facturing are in all similar. GAs allow the computation of optimal or acceptable
sub-optimal solutions for a large-sized problem in a reasonable amount of time.
The fuzzy logic guided genetic algorithm (FLGA) is presented with a new par-
tial uniform and partial swap mutation operator. A fitness penalty is added to
the fitness function according to the constraint violation in order to regulate the
generated solutions. Furthermore, the fuzzy logic is used to adjust both crossover
an mutation rate. In order to prevent premature convergence population diversity
serves as input to the fuzzy controllers which regulate the crossover and mutation
rates. Results showed that the FLGA method outperformed other techniques in
the presented scenarios.

For a review on line balancing problems using GAs please refer to [136]
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3.4.1.2 Evolutionary Strategies

Original Evolutionary Strategies Evolutionary Strategy was initially devel-
oped by Rechenberg, Schwefel and Bienert at the Technical University of Berlin
[76, 137]. The initial idea was to replicate the organic evolutionary principals and
apply them in experimental parameter optimization [108]. Since their development,
ESs have been specializing in numerical optimization problems [138].

The original ES is typically characterized by the use of real-valued representation
and the use of a normally (Gaussian) distributed mutation operators to generate
new solutions. The initial effort was focused on a single parent single offspring
search, denominated two membered ES or (1 + 1)− ES. In this initial ES scheme
a child is generated from its parent through a mutation operator, which consists
on the addition of a Gaussian random variable with zero mean and preselected
standard deviation. After the generation of the offspring, both parent and offspring
are competing for survival. A selection process then determines which of the two
solution should survive according to their fitness. The iterative process stops, when
the termination criteria holds.

The (1 + 1) − ES approach presents two main drawbacks. The constant stan-
dard deviation causes slow convergence towards the optimal solution, and the weak
nature of point-to-point search makes the procedure susceptible to stagnation at a
local minima [86].

Rechenberg and Schwefel further improved their initial ES. In his Ph.D. thesis
[139] Rechenberg proposed a convergence rate theory for n � 1 variables. Based
on the achieved results Rechenberg formulated the 1

5 success rule for adapting the
standard deviation of mutation [140]:

”The ratio of successful mutations to all mutations should be 1
5 . If it is greater,

increase; if it is less, decrease the standard deviation.”

Multimembered Evolutionary Strategies The introduction of the population
concept along with the introduction of recombination were motivated by the hope
to arrive at an even closer strategy to organic evolution. First Rechenberg proposed
the (µ+1)−ES [139]. With the introduction of µ parents rather then just one, the
imitation of sexual reproduction was possible. Although (µ + 1) − ES was never
widely used it led to further enhancements proposed by Schwefel [141,142].

The emergence of parallel computing together with the enabling of self-adaptation
of strategic parameters (n parameters), like standard deviation of the mutations,
motivated the extension by Schwefel of the (µ + 1) − ES to a (µ + λ) − ES and
(µ, λ) − ES [143, 144]. In the former approach µ parent individuals can originate
λ offspring and all compete for survival, from which µ will survive. While in the
later, only λ compete for survival and the µ are completely replaced in every gen-
eration [86]. In both approaches Schwefel represented each individual by a vector
of object variables with an additional vector of strategy parameters [140]. In this
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case, the mutation standard deviation is also subject to mutation and recombina-
tion. The individuals which present the best evolved strategy parameters are then
expected to outperform the others. This will lead to a incremental emergence of in-
dividuals with better parameter settings by means of self-adaptation [143], instead
of the initially proposed meta-level algorithms like 1

5 success rule.
Despite the similarities between the (µ+λ)−ES and (µ, λ)−ES approaches, the

possibly unlimited life time of individuals in (µ+λ)−ES might originate completely
different solutions. In (µ+λ)−ES parents survive until they are replaced by fitter
offspring, in some cases it can even happen that a very fitted individual survives
through all the search process. This feature, when facing a dynamic problem, might
cause this approach to get stuck in an out-dated local optima in case the strategy
parameters become unsuitable to jump to an improved search space location. The
same happens if the fitness function or the adjustment of the object variables are
subject to noise [143]. In (µ, λ) − ES these effects are not verified since only the
offspring participate in the selection process and consequently the life time of every
individuals is limited to one generation. The limited life span allows to forget
inadequate strategy parameters settings that might have evolved. Consequently,
this may result in short recession phases, but it avoids stagnation phases caused by
inadequate strategy parameter settings [143].

Good parametrization can vary drastically from problem to problem. In some
cases, it even changes during the search process. Therefore, self-adaptation of the
mutation distribution that dynamically adapts the strategy parameters during the
search process is one of the most essential and distinct features of ES [145].

Applications of Evolutionary Strategies in Manufacturing Several appli-
cations of ES in manufacturing can be found in the literature. Despite the generic
nature of ES, the rationale behind its application differs according to the nature of
the underlying problem.

In [146] a manufacturing cell formation problem is presented, in which the au-
thors propose a simple, non-specialized, and non-hybrid ES. The implemented ES
was originally developed for a flow-shop problem and follows the (1, λ) − ES ap-
proach. It introduces new encoding/decoding mechanism for permutation with
separators representation, along with the separators movement during mutation
concept. The proposed algorithm was tested against 34 common data sets, and
in all cases (with one exception) was able to achieve the best solution with some
number of cells as well as a grouping efficacy at least equal or greater than any
previous result.

A different application of ES, in this case applied to scheduling is reported
in [147]. A class of fault tolerant distributed systems is considered, in which there
is no redundancy of hardware to replace faulty resources. In this sense the tasks
must be redistributed to the remaining processors. An adaptive mutation operator
was implemented to handle the upper an lower bounds of the tasks to be moved
since they depend on the total number of tasks currently assigned to the losing
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processor. The results show that the technique is successful on identifying suitable
task reassignments that support any logical task distribution requirements. In
[148] a methodology to analyse a pull production system by integrating ES with a
simulation model of the target facility is presented. The main goal is to determine
the number of kanbans1 and corresponding trigger values, necessary to meet the
production objectives minimizing work-in-progress (WIP). The implemented ES
approach was the multimembered (µ, λ) − ES. The authors concluded that ES
coupled with simulation is a useful technique for kanban sizing and trigger selection
problems, as well as to solve large size problems, since good solutions could be even
found with small population sizes.

The Vehicle Routing Problem (VRP) is one of the core problems in industrial
distribution management. In a VRP a route must be computed with the lowest
cost for the involved resources in order to optimize the productivity of the system.
In [150] a two phase solution method is proposed. In the first phase a new hybrid
cheapest insertion heuristic is utilized to construct an initial solution. In the second
phase a new (1 + 1) − ES approach with multi-parametric mutation, based on
the ruin and recreation principal is used in an attempt to improve the quality
of the initial solution. The experimental results demonstrated that the suggested
implementation of ES is efficient and competitive against state-of-the-art solutions.

Another important aspect in industrial automation is the synthesis of optimal
control policies for manufacturing systems. This optimization problem is highly
constrained by both control variables and state variables which makes it a suitable
application for ES. Although a GA have already been developed by Porter and
Allaoui [151], the method proved to be very slow. ES, due to the omission of the
crossover operator, can be computationally less demanding. In this sense, Porter
and Merzougui [152] present a (µ + λ) − ES strategy without recombination, to
synthesise optimal control policies for a manufacturing system. The comparison
between the ES and the GA approach, indicated that the presented approach is
much faster.

In the automotive industry, sheet metal forming simulations are applied to assess
the feasibility of part geometries during the product design phase. Usually chang-
ing the parameters and geometries is done manually, which can be a very time-
consuming process. Therefore a reliable computer-based optimization approach to
find the geometry and process parameters optimal combination is needed. In [153]
an floating-point encoded ES algorithm, with arithmetic crossover and mutation
operations is presented for this purpose. The objective cost function is defined by
computer simulations of the sheet metal forming process. Although a ES with self-
adaptation mutation operators does not guarantee a global optimum, near optimal
solutions are found easily and they tend not to get stuck in local optima even in

1Kanban (literally signboard or billboard) is a scheduling system for lean and just-in-time
(JIT) production. Kanban is a system to control the logistical chain from a production point of
view, and is not an inventory control system. Kanban was developed by Taiichi Ohno, at Toyota,
to find a system to improve and maintain a high level of production. Kanban is one method
through which JIT is achieved [149].
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noisy functions. Results show that evolutionary automatic design of optimized ge-
ometry and process parameters for industrial sheet metal forming processes can be
a very efficient approach.

In [154] an intelligent manufacturing process diagnosis system is presented. This
diagnosis system is based in an hybrid learning which infers the cause-and-effect
rules through an hybrid decision tree/evolution strategies learning model. If any
rule is diagnosed, a maintenance action is then recommended. The proposed learn-
ing model is composed by two main parts. First the cause-and-effect rules are
computed by the decision tree. Then a (µ+ λ)−ES approach is used to compen-
sate the accuracy rate of the decision tree. The ES learning process is done using
the dataset belonging to the leaf node which presents an accuracy rate lower than
the threshold. The developed approach used a generalized panmictic recombina-
tion operator, and the optimization of the convergence rate was handled by the
adjustment of the mutation operator variance through the 1

5 success rule. Results
from the evaluation of the suggested approach concluded that the hybrid learning
decision tree/evolution strategies approach showed better accuracy than decision
tree learning algorithm (C4.5) and hybrid decision tree/genetic algorithm in the
majority of the testing datasets.

3.4.1.3 Evolutionary Programming

Main Characteristics and Principles Evolutionary Programming emerged in
an attempt by Fogel [155] to create an alternative to artificial intelligence. Fogel
used the evolutionary process as means to generate organisms of increasing intellect
over time [88]. Fogel perceived intelligent behaviour as the ability of an entity
to generate the correct predictions regarding the surrounding environment and
translate those predictions into a proper action according to a given goal [77,156].

EP and ES share many common features, such as real-valued representation of
the search-space, emphasis on the utilization of normally distributed random mu-
tations as the main evolutionary operator and most importantly the use of online
self-adaptation of mutation strategy parameters [140]. Regardless of the similari-
ties, the non-utilization of the recombination operator and the softer probabilistic
selection approaches used in EP renders the EP performance less efficient, as some
experimental results indicate [140]. The presented similarities together with the
worst performance, are the main reasons for the less utilization of the EP frame-
work, when compared to the other forms of EAs [83,140].

Despite the already presented commonalities with other EAs, Fogel claims that
EP philosophically differs from the other approaches [157]:

”The procedure abstracts evolution as a top-down process of adaptive behaviour,
rather than a bottom-up process of adaptive genetics. It is argued that this approach
is more appropriate because natural selection does not act on individual components
in isolation, but rather on the complete set of expressed behaviours of an organism
in light of its interaction with its environment.”
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EP is an entirely global approach to optimization. Any solution in EP is only
evaluated according to the given environment. There is no focus on genetic compo-
nents that might foster a certain characteristic. The behaviour presented by each
population member is the sole evaluated performance indicator. In this perspective
each individual in the population represents a different species, in which different
species compete to fill environmental niches [87]. Fogel defines EP as the implemen-
tation of ’survival of the most skilful’ rather than ’survival of the fittest’ emphasize
other EA forms.

Evolutionary Programming Approaches EP was first introduced aiming the
evolution of graph structures, more specifically finite-state automata. Hence the
name ’programming’ [158]. Therefore the initial versions of EP were defined as
an algorithm that would evolve a set of finite-state machines over characteristics
thus far perceived in the environment, in order to produce an output that would
maximize the algorithm performance in light of a payoff function in the current
environment [86]. The proposed method relies solely on the mutation of each parent
(asexual reproduction) to produce the offspring. Mutations are usually chosen
according to uniform probability distribution. The number of mutations per entity
are also regulated according to a probability distribution (e.g., Poisson) or may
be fixed a priori. Each one of the current machines of the population are then
further evaluated over the current environment. Those individuals that provided
the greatest payoff are then maintained to be the parents of the next generation.
The process is halted when the stopping criteria is met [86,88].

Since the introduction of EP by Fogel, several extensions to address continuous
optimization problems along with several approaches of parametric self-adaptation
have been offered [86,159,160]. The closer extension to the original EP, is a simple
translation of the algorithm from a finite-state machine formulation into a con-
tinuous function optimization problem, without any self-adaptation mechanisms.
Continuous EP [161], is an extension, where the introduction of new individu-
als in the population does not follow the generational segmentation. Meaning that
asynchronous methods are used in order to insert new population members. In self-
adaptive EP, the solution vector is augmented (similarly to ES) with mutation re-
lated parameters (e.g. variances, covariances) in order to foster their self-adaptation
through their exposure to the evolutionary process. This approach successfully over-
comes the need to user-tuning the parameters associated with mutation. Global
convergence is therefore possible even with suboptimal parametrization [88].

Further developments were introduced by Fogel [159, 160] to extend the pro-
cedure to alter the correlation coefficients between components of the object vec-
tor [88]. To this purpose a symmetric correlation matrix is incorporated in the
evolutionary process in addition to the self-adaptation of the standard deviations.
The matrix is subject to a mutation operator, through the addition of independent
realizations of a Gaussian random distribution [88]. This self-adaptation mecha-
nism promotes the convergence rate of EP.
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Applications of Evolutionary Programming in Manufacturing Although
EP is the least used EA, some application have been developed in the manufacturing
domain.

Lai [162], introduces an operation scheduling method for an industrial cogener-
ation system with several kinds of auxiliary devices. The main goal of the proposed
EP method is to minimize the total operational cost while system constraints are
satisfied. Two different techniques are presented by the authors to adapt the EP
method into real-life systems. The adaptive mutation scale is used to change the
mutation probability throughout generations in order to avoid premature conver-
gence. On the other hand, the relative fitness values technique adjusts the fitness
and maximum fitness values used in both mutation and competition procedures.
This technique is used to differentiate the population individuals, since for the prob-
abilistic transitions used by mutation and competition processes the usual difference
between individual fitnesses might be inadequate due to uncertainties. High appli-
cation potential of the presented method to industrial multi-cogeneration system
is showed by the simulation results. In [163] a modified EP (MEP) is developed in
order to investigate the performance of an EP approach for flow-shop scheduling.
The proposed approach was design to balance the exploration and exploitation abil-
ities and improve the search efficiency and solution quality avoiding local optima.
In order to ensure a diversified population the solution space is divided in several
parts. The individuals are then spread, so that the search region can be extended
in its initial phase. Multiple mutation operator, are also applied on the basis of
combining several different search mechanisms and foster both exploration and ex-
ploitation capabilities. The used selection mechanism is implemented through a
probabilistic updating strategy. After the evolutionary process a re-assignment
strategy is performed to exchange search information of all the populations in
order to avoid premature convergence. Through the simulation results was pos-
sible to conclude that the MEP is superior to other methods such as simple EP
and the Nawaz/Enscore/Ham (NEH) method. Another scheduling problem is pre-
sented in [164]. Süer proposes a EP methods to handle deterministic single machine
scheduling with non-zero ready times. This paper focus on the ’preemption-not-
allowed’ case in which the average flow time is computed by taking the average of
the flow times of individual jobs. A mutation operator is independently applied
to each gene and a single cut point crossover operator is also used. The results of
using a EP in the case of non-zero ready times in single machine scheduling are en-
couraging regarding speed and quality. In many case near optimal or even optimal
solutions were found.

In [165] the suitability of applying the EP approach to a pull production sys-
tem is also examined. More precisely the study evaluates the usefulness of the
combination of EP with the classical kanban sizing Toyota equation to determine
the required number of kanbans and trigger values to meet production demands.
The Toyota equation provides some problem specific knowledge aiming to improve
the EP’s search. The implemented heuristic is composed by two steps. In the
first step, after setting the trigger values as the expected number of containers
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consumed each day a search procedure using the Toyota equation is performed to
find the required number of kanbans by varying the safety coefficient. The best
solution according to the fitness function is selected. In the second step, a new
EP search procedure takes place, where the previously selected solution is mixed
together with a randomly generated population. Results showed that EP coupled
with simulation is useful for solving relatively large problems with multi-modal and
noisy response surfaces. Furthermore, coupling EP with Toyota equation provides
a good technique to solve kanban sizing and trigger selection problems.

Another area of application of EP in manufacturing is presented by Jeon in [166].
Jeon introduces a tuning method of the fuzzy rule-base by experimental EP (EEP).
In this article the author proposes a high-precision controller for a point-to-point
positioning system under the influence of friction, deadzone, saturation, etc. A
PD controller and a fuzzy pre-compensator to improve the performance of the PD
controller compose the implemented scheme. The EEP, which is a multi-point
stochastic optimization method, is then used to obtain the fuzzy rules to tune
the fuzzy pre-compensator aiming to minimize the output error and eliminate the
steady-state error. These rules are usually obtained from a very time-consuming
and difficult task even when executed by an expert. The effectiveness of the method
was demonstrated by the presented experiments. Although not directly applied to
manufacturing, the use of EP in optimal control problems is discussed in [167].

3.4.1.4 Genetic Programming

Main Characteristics and Principles Genetic Programming is the most re-
cently developed EA. It was introduced by Koza [168] as a method that extends the
evolution concept to the space of programs, in the sense that the data structures
that undergo the evolutionary search are executable computer programs. Con-
sequently GP implies the use of specific genetic operators and fitness evaluation
methods [83]. Although considered by many authors as a different EA approach,
many times EP is viewed as a specialization of GA [88,169]. This might be founded
on the fact that taken in isolation the unique characteristics of EP do not capture
the full scope and implications of the approach. The most important aspect on
EP is that it presents a conceptual shift when compared to other EA. EP shifts
the search from a parameter discovery, towards a search of a program that solves
the problem directly [88]. This new perspective implies that it is not only possible
to evolve programs built from human created functions and terminals, but also
the functions from which the programs were created. The automatically defined
functions (ADFs) are one example of this realization [88].

Genetic representation is one of the most unique characteristic of GP. Popula-
tion individuals are represented by variable length program structures which are
assembled from GP primitives called functions and terminals. Despite being both
commonly referred as nodes, functions and terminals play different roles [170]. A
function may represent a simple arithmetic function as well as other more complex
functions available to the GP system. The group of supported functions by the GP
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system, which might be application or problem domain specific, is denominated of
function set [168]. On the other hand, a terminal may represent an independent
variable or numerical constant. Similarly, the terminal set holds the application or
problem specific values that a terminal might possibly assume. Although this ter-
minology is more associated with tree representation of programs, its use is spread
to the most common structure used in GP. The use of simple functions is a com-
mon practice in GP in order to benefit from their combinations through the creative
evolutionary process. Often, complex functions are ignored in favour of the simple
ones [170]. Nevertheless, the used program structure affects the programs execu-
tion as well as the supported genetic operators. In this sense, the choice should be
made according to the problem at hand. Tree structure, linear structure and graph
structure are some of the most common program structures used in GP.

Similarly to other EAs, GP relies on genetic operators to undertake the evolu-
tionary process. Crossover was initially deemed by Koza as the central operator
in GP, while mutation was declared unnecessary [171, 172]. However, more recent
studies demonstrate that crossover presents a relative performance advantage over
mutation possibly due to the fact that crossover is a locally biased search operator
unable to search properly the solution space of programs [173, 174]. In this sense
both of the operators assume a relevant role, with mutation performing a global
search that leads to the exploration of the solution space as well the ability to escape
from local optima. While crossover foster the local refinement of inaccurate solu-
tions [175,176]. Specific crossover operators where developed for the different types
of GP structures, such as: Tree-Based, Linear and Graph crossover [170]. Mutation
is usually applied to a single parent individual after crossover. The typical muta-
tion operator selects an instruction from the individual. It then performs one or
more changes in the selected instruction, where the type of the change is randomly
selected from a set of possible mutations supported by the specific problem.

Finally, the last main distinction between GP and other EAs is the fitness eval-
uation. Due to its characteristics, GP fitness evaluation is performed by the execu-
tion of the populations individuals after which the execution results are evaluated.
Evaluation measures can be computed through the amount of error between the the
input and desired output, program recognizing and classifying pattern capabilities,
the compliance of a complex structure, the amount of time to bring a program to
the desired state, among others [88].

Applications of Genetic Programming in Manufacturing The idea of hav-
ing computers automatically solving complex problems is the central topic of arti-
ficial intelligence and one of the key technologies in many of today’s novel applica-
tions. Manufacturing is no exception, and the capability of GP to solve problems
without requiring problem specific information of the problems solution in advance
is only one of the GP competitive advantages and potential for solving a very broad
range of manufacturing problems [177].

In order to thrive in today’s competitive market tight control of the manufactur-
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ing lines is required. The development of appropriate physical or empirical models
to represent the manufacturing process endows manufacturers with the ability to
control the variability of several processing steps in a manufacturing line, as well
as they help understand and optimize the variables that control the desired process
output. In this context a GP based fuzzy regression (GP-FR) approach is pre-
sented for modelling manufacturing processes [178]. The developed method uses
the general outcome of GP to construct structures of a model based on a tree repre-
sentation. Afterwards a fuzzy regression algorithm determines the fuzzy parameter
of each term of the model. The fitness evaluation is based on the mean absolute
error, which reflects the difference between the model predicted values against the
actual data set. Both crossover and mutation operators were used. An application
of the developed approach is presented and compared against other modelling tech-
niques. Results are promising, showing that GP-FR presents the smallest training
error of all modelling techniques; In [179] the GP-FR was further developed in
which the FR generator is also proposed to detect the outliers from experimental
data sets such that models with better capability of prediction can be developed.

The steel machinability test is a demanding and time consuming test. How-
ever, it is of major importance, in the sense that the steel cannot be included in
the further technological process unless data on machinability is known. In [180]
Brezocnik introduces a GP method for steel machinability prediction in order to
avoid time-consuming and expensive testing. The prediction of steel machinabil-
ity allows the establishment of efficient planning and optimization of production.
In the developed approach a population individual represents a steel machinabil-
ity prediction mathematical model. The fitness evaluation is performed using the
share of correct predictions. Crossover and mutation were used as genetic opera-
tors, while the selection mechanism was achieved through a tournament approach.
The obtained results show a reliability of 97.26%.

The emergence of modern manufacturing paradigms highlights evermore the
importance of autonomous robots in future dynamic manufacturing environments.
Autonomous robots need to be flexible to cope with not completely known and
noisy environments. In [181,182] a GP system denominated compiling genetic pro-
gramming system (CGPS) is introduced to create robust behaviour through the
division of complex actions into action primitives which are then combined again
for the creation of higher levels of competence. Different fitness functions are used
for the different tasks. This approach ensured the learning of the robust behaviours
while each individual was tested against different real-time fitness cases sampled
probabilistically from the environment. Despite the probable execution of some
unfair comparisons, the over-time experiments showed that the fluctuations of the
environment cancelled out and a robust state is achieved. In this implementa-
tion the control program is evolved through the continuous interaction with the
environment, however there were no memories of past experience rather than the
genetically stored information. In order to overcome this problem an extension of
this approach, called automatic induction of machine code by genetic programming
(AIMGP), is devised so that it supports learning from past experiences that are
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stored in memory [183]. A generalising world model should be derived from the
memorized experiences, to support the decision on future action while remembering
past experiences. The GP uses a linear structure, in which each individual is com-
posed by 32-bit machine instructions. The AIMGP uses two-point string crossover
to generate variants, while the mutation operator flips bits inside the 32-bit instruc-
tions. Demonstrations have concluded that memory-based GP control systems can
evolve much smoother and less chaotic than non-memory GP.

Robot calibration techniques are used to improve the software models according
to the real behaviour of the robot. Used methods of robot calibration are typically
classical mathematical regression techniques. A completely different approach is
presented in [184], where the model relating the system input with output is not
pre-specified but it is developed in symbolic form by the application of a GP. The
fact that the model is not limited to a pre-defined structure empowers the system
with the capability to produce more accurate calibrations models than other tech-
niques. The crossover and mutation operators are applied to the tree structure to
create future generations. Experimental results demonstrated that, through the
combination of processes that automatically generate and evaluate correction mod-
els in a direct evolutionary search, it is possible to achieve a significant reduction
in the tool point error.

In [185], Dimopoulos investigates the potential use of genetic programming as
basis for evolving a formula of a dispatching rule that will act as general scheduling
policy for the solution of the one machine total tardiness problem. The proposed
algorithm aims to evolve a dispatching rule that, will perform at least as good as
the dispatching rules produced by human intuition, through the use of problem
specific information and training over tardiness problem sets. The procedure for
the generation of job schedules is the same used by dispatching rules design by
human intuition. The resulting evolved dispatching rules comprise combinations of
variable and constants that provide scheduling information and allow them to act as
independent scheduling policies for the considered problem. Through the resulting
data it was possible to conclude that a number of rules were able to produce tardi-
ness levels at least as good as the ones produced by man-made dispatching rules.
In [186], a different methodology using GP for evolving scheduling heuristics is
introduced. In this approach the scheduling algorithm is structured in two compo-
nents: a meta-algorithm to perform scheduling using priority values and a priority
functions that defines values for different elements of the system. In other words,
GP is used to synthesize the priority function which coupled with the appropriate
meta-algorithm for a given environment, provides the priority scheduling heuristic.
The GP solution is represented in a tree structure that embodies the priority func-
tion. This priority function yields the best results considering the given algorithm
and the user requirements. The results are encouraging, since in some cases the
evolved solutions exhibit better performance on unseen scheduling instances than
existing scheduling methods.

Condition monitoring in manufacturing is an application area where usually
available techniques require much expertise for their successful application. Its
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increasing importance demands the development of new methods that allow rel-
atively unskilled operators to make reliable decisions. In [187], a GP applied to
fault detection in rotating machinery to perform automatic monitoring on rolling
element bearings is presented. The developed approach relies on a tree structure.
Fitness evaluation is computed through the number of wrong classifications over a
training data set to which a penalty value is subtracted according to the program
size. Both crossover and mutation operators are used and the resulting offspring is
compared against the parents by their fitness values. The individuals with higher
fitness survive for the next generation. The presented results demonstrate that
the GP-based classification approach produces equal or better performance than
all other approaches considered in this study. Further developments are presented
by the author in [188], where three GP-based approaches are proposed to tackle
multi-class classification problems in roller bearing fault detection. Single-GP maps
all the classes into a one-dimensional GP output, Independent-GP handles each
class separately by evolving independently a binary GP for each class while the
Bundled-GP also has a binary GP per class, however they evolve together in order
to select as few features as possible. Results show that both binary approaches
present better solutions then Single-GP. The highest accuracy has been obtained
by the Independent-GPs, although Bundled-GPs manage to select fewer features
with only slightly poorer accuracy.

3.4.1.5 Differential Evolution

Main Characteristics and Principles Differential evolution (DE) is a floating-
point parallel direct search method for optimizing continuous non-linear functions
proposed by Storn and Price [189–191] in 1995. It is one the most recent variants of
EAs. DE borrows the concept of large and parallel populations from GA, while the
self-adapting mutation concept is inspired in ES. Similarly to other EAs, DE aspires
to be a general-purpose optimization algorithm that autonomously optimizes an
arbitrary function. Although, according to the no-free-lunch (NFL) theorem1 [192],
DE will not be able to achieve this goal. However, it is a step in the right direction
in the sense that possibly only three operational parameters need to be defined by
the user, such as population size NP , scaling constant F and crossover constant
CR. Nevertheless, for many problems not much more than the population size
needs to be specified [193].

DE resorts to a user defined number of parameter vectorsNP in each generation.
This number is kept constant throughout the evolutionary process. Usually in DE,
the population initialization process can be conducted in two different ways [190]. In
case a preliminary solution is available, the initial population is usually generated by

1The NFL theorem states that ”algorithms that search for an extremum of a cost function
perform exactly the same, according to any performance measure, when averaged over all pos-
sible cost functions.” [192]. In other words, a generic purpose universal optimization strategy is
unattainable. Specialization is the only way in which an optimization strategy can outperform
another.
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adding normally distributed random deviations to the normal solution. Otherwise,
the initial population is randomly generated in an attempt to uniformly cover the
search space. Once all the individuals of the initial population are initialized, a
fitness evaluation takes place, and the best solution B is stored as a separated
vector. The best solution is updated whenever an equal or better solution is found.

The distinctive characteristic of DE is the utilization of a difference vector in
the mutation process. The mutation process starts with the initial selection of four
population members (vectors), Xa, Xb, Xc, Xd. These four individuals are then
combined in pairs of two, such as (Xa, Xb) and (Xc, Xd), in order to being used to
generate the difference vector D. D is calculated through the sum of the difference
of the two previously grouped pairs.

D = Dab +Dcd = (Xa −Xb) + (Xc −Xd) (3.1)

The biggest advantage of this mutation operator is that the difference between the
paired individuals remains scaled to a size that is appropriate for the population as
it evolves [193]. Initials versions of DE [194], employed a single pair of individuals
to calculate the difference vector instead of two as it was presented. However, the
use of two pairs in the calculation of the difference vector seems to facilitate finding
a more effective scaling factor F [193]. The difference vector is then multiplied by
the scaling factor to ensure the fastest possible convergence. The scaling factor is
a real and constant factor determined empirically to be F ∈ [0, 1.2], since function
requiring a scaling factor were never encountered [194], which is responsible for the
control of the amplification of the differential variation. Results from conducted
studies concluded that a scaling factor of F = 0.5 can be use to solve quickly, if not
optimally several problems [193]. Once the difference vector has been computed
and scaled, it is added to the best so far solution. The resulting vector beta, is a
noisy replica of the best solution found so far.

β = B + F · (3.2)

Sometimes it is possible to consider the use of a random vector instead of B, in
case the use of B results in premature convergence. With the computation of β the
mutation process is finished and takes place the creation of the trial vector T that
will compete against a randomly selected individual Xi from the population.

The trial solution T is then constructed through a crossover operation, which
consists of randomly selecting parameters from both β andXi. Typically a binomial
distribution is used to produce a uniform distribution of numbers between 0 and
1, which are then compared with a user defined crossover threshold CR. In case
the random generated value is smaller than CR then the next parameter is loaded
from β, otherwise from Xi. It is necessary to ensure that at least one parameter
in originated from β, so that T differs from Xi [193]. In DE, T only replaces Xi in
case T is at least as fitted has Xi. This crossover operation enhances the potential
diversity of the population.

DE has been proving to be one of the most efficient and robust approach among
the EAs [195]. It is simple, requires a reduced number of operational parameters
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and standard recommended values of these parameters usually present near, if not
optimal results [190]. For a thorough revision of the basic concepts and major
variants of DE please refer to [194].

Alternative variants of Differential Evolution As stated previously, since
its introduction, some variants of DE been developed [196,197].

The typically used convention is as follows: DE/x/y/z. DE stands for differen-
tial evolution algorithm, x represents a string denoting the vector to be perturbed,
y is the number of difference vectors considered for perturbation of x, and z is the
type of crossover being used (exp: exponential; bin: binomial).

Some of the most common variants are:
Scheme DE/rand/1/z Basically, scheme DE/rand/l generates the vector β,

adding the scaled D vector to a randomly generate one R:

β = R+ F · (Xa −Xb) (3.3)

Scheme DE/best/1/z Basically, scheme DE/best/l works the same way as
DE/rand/l except that it generates the vector β according to:

β = B + F · (Xa −Xb) (3.4)

Scheme DE/hand-to best/1/z Scheme DE/rand-to-best/1 places the per-
turbation at a location between a randomly chosen population member and the
best population member:

β = Xr + λ · (Best+Xr) + F · ((Xa −Xb)) (3.5)

λ controls the greediness of the scheme. To reduce the number of control variables
λ is usually set equal to F .

Scheme DE/best/2/z Scheme DE/best/2 uses the best vector as the one to
be perturbed and two difference vectors as a perturbation:

β = B + F · ((Xa −Xb) + (Xc −Xd)) (3.6)

Due to the central limit theorem the random variation is shifted slightly into Gaus-
sian direction which seems to be beneficial for many functions.

Scheme DE/rand/2/z Scheme DE/rand/2 is identical to the previous one,
however, uses the rand vector as the one to be perturbed:

β = R+ F · ((Xa −Xb) + (Xc −Xd)) (3.7)

All these variants can be use with both exponential or binomial crossover (z=exp
or z=bin).
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Applications of Differential Evolution in Manufacturing Although DE is
regarded as one of the most promising EA, its recent development justifies the
limited number of publications of DE in the manufacturing research area, when
compared with the other EAs approaches. Nevertheless, some of the application of
DE in the manufacturing research area will be further reviewed.

In [198] a new solution approach for the machine-part cell formation problem
of cellular manufacturing systems is tackled by a grouping version of DE. Since,
in its canonical form DE was developed to optimize continuous real number based
problems, the notion of grouping operators and representation had to be introduced
in the structure of the grouping version of differential evolution (GDE). The DE
variant used in this approach is a DE/rand/1/bin, and resorts to the grouping
encoding strategy developed by Falkenaeur [199] for the grouping GA. It is therefore
important to notice that all the employed operators should work with groups of cells,
in this case, rather than with individual items. In this sense a mutation equation
yielding grouping features was developed by the authors, while the implemented
crossover is consistent with the implementation described by Falkenaeur in [200]. In
order to fix infeasible solutions, a repair heuristic given by Brown and Sumichrast
is used [201]. The results obtained demonstrate the competitiveness of GDE when
compared against recently proposed algorithms.

Onwubolu and Davendra introduce in [202] a DE discrete based approach to
minimize makespan, flowtime and tardiness in a flow-shop manufacturing system.
Some adjustments were introduced by the authors, in order to support discrete
environments. In this sense, two strategies known as forward and backward trans-
formation were developed. The forward transformation method transforms inte-
ger variables into continuous variables, while the backward transformation method
transforms continuous variables into integer variables. Hence, the algorithm can be
initialized and provide solutions according to the scheduling data structure, while
the DE itself still works internally with continuous variables. A technique to han-
dle boundary constraints, that replaces parameter values that violate boundary
constraints with values randomly generated within the feasible range, was also pre-
sented. The particular DE variant used by the authors is the DE/rand/1/bin. The
obtained results prove that DE was successfully applied, since better performance
than GA in small size problems was achieved. For medium to large size problems
the results were also competitive. Another DE algorithm for discrete values is pre-
sented in [203]. A discrete DE (DDE) is developed for the permutation flow-shop
scheduling problem with makespan and total flowtime as objective. A new refer-
enced local search (RLS) procedure resulting from the hybridization of DDE with a
iterated greedy algorithm is presented. The local search exploits the space based on
reference positions taken from a reference solution aiming to find better positions
for jobs during insertion operation. DDE solutions are based on discrete job per-
mutations, and the algorithm basically relies on perturbations of the best solution
of the previous generation, denominated mutant population, to be recombined by
each of the target population individuals to generate the trial population. A selec-
tion operator then takes place create the next generation. DDE was tested against
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recently developed optimization algorithms, both with and without the RLS pro-
cedure. Without the RLS, DDE was either competitive or better than the other
approaches. With the RLS, DDE algorithm was able to generate relative lower
percent deviations with much lower CPU times than the alternative algorithms.
Similarly Tasgetiren [204] presents a DE algorithm to solve the permutation flow-
shop sequencing problem, however in this case with only the makespan criteria. To
compensate the continuous nature of DE, the authors present the smallest position
value (SPV) [205] rule borrowed from random key representation of Bean [206] and
applied on particle swarm optimization [207], to convert a continuous position vec-
tor into a job permutation. This rule can still be used in DE, in the sense that the
smallest position value can be replaced by the smallest parameter value to convert
the continuous parameter values to a job permutation. The results are also very
encouraging regarding the application of DE to permutation flow-shop sequencing
problems. An hybrid differential evolution method to tackle the same problem is
presented in [208].

A different topic of application of DE within the manufacturing research area
is supply chain management (SCM). A supply chain is a dynamic, stochastic and
complex system, which can be composed by a network of suppliers, manufacturers,
distributors and retailers which cooperate towards the conversion of raw material
into customer desired goods. In this context a DE algorithm has been used in [209]
to minimize the total system wide cost of a mathematical model developed for
inventory planning of a serial supply chain composed by a retailer, a warehouse
and a manufacturer.

3.4.1.6 Simulated Annealing

Main Characteristics and Principles In 1983 Kirkpatrick and his co-workers
[210] introduced a new optimization method denominated simulated annealing
(SA). This method is inspired by the process of shaping metals into a crystalline
pattern through a gradual cooling process, in which the delicate cooling procedure
promotes the transition from unstable high energy states into a low energy stable
state. Despite its appearance in 1983, SA is closely related to the metropolis al-
gorithm developed by the ex-Manhattan project scientist Nicholas Metropolis and
colleagues [158,211].

A hill-climbing algorithm never makes moves towards lower values, which makes
it incomplete since no global optima can be assured. On the other hand, purely
random walk algorithms, which consist on randomly and uniformly choosing a suc-
cessor within the search space, is complete but extremely inefficient. In this sense,
simulated annealing tries to combine hill climbing with random walk, in order to
achieve both efficiency and completeness. Simulated annealing uses the basic idea of
hill-climbing to which it introduces a stochastic decision and a cooling schedule [87].
The candidate solutions can be interpreted as the material, and is usually randomly
initialized. The material is then submitted to a process similar to mutation, which
results in the generation of a new candidate solution (neighbour) through the alter-
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ing of the current candidate solution. In case the energy (which is equivalent to the
inverse of the fitness) is lower than in the previous stage, the old solution is replaced
by the new one. Otherwise, if the energy is higher, the mutated solution replaces
the old one according to a probability [49]. The acceptance probability threshold
is a function that simulates the system’s ’temperature’. Therefore, the probability
of accepting an inferior solution decreases as the system cools. The consequence is
that in earlier iterations the algorithm wanders over wide areas, which provides the
capability to avoid local optima, and becomes more focused as the system tends to
a stable low energy state [87]. The process of decreasing the acceptance probability
is called cooling schedule. The cooling schedule defines the range of values of the
’temperature’ of the system as well as the function that controls the decrease of
the temperature during the cooling procedure [212]. It is important to defined an
adequate cooling schedule to allow the algorithm to find the optimal region. Po-
tential cooling schedules are linearly decreasing, geometrically decreasing or hayjek
optimal [169].

Even though simulated annealing does not share the same source of inspiration
then EAs, the differences can be only identified in the fact that SA operates on a
single individual, while EAs typically operate in a population of solutions that ex-
change genetic material and compete for reproduction [213]. The cooling procedure
is conceptually identical to the evolutionary process in EAs.

Applications of Simulated Annealing in Manufacturing Simulated anneal-
ing can be considered as one of the most flexible and applicable algorithms available.
It is a conceptually simple algorithm and easy to implement [212]. Hence, manu-
facturing is a natural area of application for SA.

A cell formation problem is tackled in [214], in an attempt to determine a rear-
rangement where the inter-cellular movements are minimized and the utilization of
the machines within a cell is maximized. In the presented approach the number of
cells to be formed can be both manually or automatically defined. In the automatic
mode, the number of cells is initially defined as two and is iteratively incremented
by one as long as solution improvement is observed. Two types of moves are inter-
actively used to guide the solution searching. The single move is used as primary
tool to find better neighbourhood solutions, while the exchange-move adds some
disturbance to current solutions to increase the probability of finding unexplored
solution space. Once the neighbourhood solutions become stagnant, a comparison
of the grouping efficiency of the current cell size with the best solution found so
far takes place. According to the result the procedure halts or resumes. Compu-
tational results show that the presented method improves the best values in 72%
of problems. Another cell formation problem is tackled in [215]. Arkat follows the
approach developed by Luong et al. [216], in which the cell formation problem is
divided in three stages: finding the best routing for each part, grouping machines
into cells and grouping parts into part families. Three different SA algorithms are
applied to solve the three different problems. The accomplished final solution is
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equal to the one obtained by Luong, through GA, however results show that the
SA version requires less computational and programming efforts. In [217] a mixed
integer programming model to design also a cellular manufacturing systems under
dynamic conditions is introduced. The proposed objectives are defined as the mini-
mization of the sum of the machine constant and variable costs, inter- and inter-cell
material handling and reconfiguration costs. In order to solve the proposed model
an hybrid meta-heuristic based on mean field annealing and SA is used. The mean
field technique is used to feed a good initial solution for the SA. The generation of
the neighbourhood solutions are handle by four problem specific heuristic opera-
tors. Through the obtained results it is possible to conclude that the quality of the
solutions obtained by the developed method is better than classical SA, especially
in large scale problems.

Chae in [218] addresses an extension of the machine layout problem to a Flexible
Manufacturing Systems layout problem. The presented SA approach is used to
handle a closed loop layout problem aiming to find a good layout solution with
the closed loop structure and minimize the total handling cost. The generation
of a new solution is achieved through the random selection and swapping of two
manufacturing cells, which is then compared with the previous fitness value. In
case a reduction in cost is verified the swap takes place and the configuration
is consequently updated. However, if the cost is increased, the change becomes
effective only if it meets the acceptance criteria. The temperature is decremented
through a cooling ratio initially defined. The performance analyses concluded that
encouraging results are obtained both in terms of quality and execution time.

Similarly to EAs, scheduling is a major area of application to SA due to its
NP-hard characteristics. Van Laarhoven investigates in [219] an application of
a potentially more general approach to the job shop scheduling problem, when
compared to tailored optimization algorithms, based on SA. The work improves
a similar approach introduced by Matsuo [220], in the sense that a more general
neighbourhood is used. The employed cooling schedule is derived from the work
developed in [221] which typically ensures a final result within 2% of the global
optima. Although tailored approaches are typically more efficient and more effec-
tive than SA, the results show that this does not seem to be entirely true for the
case of job shop scheduling. In [222] a scheduling problem in agile manufacturing
is introduced. The addressed system is composed by a single flexible machine fol-
lowed by multiple identical assembly stations. With the objective to minimize the
makespan, four new algorithms are developed. Two of the algorithms are based on
GA and other two in SA. Both GAs and SAs begin with random solutions and with
solutions generated from the heuristic developed by He and Babayan [223]. The SA
approach computes the neighbourhood through the six permutation scheme [224],
in order to minimize the influence of the cooling schedule on the performance.
Furthermore, the utilized cooling schedule is inspired in the one presented by Ne-
genman in [225]. Results, show that the SA based algorithms outperform the one
based on GA in both response and robustness. In the work presented by Li [226]
the unification of planning and scheduling in complex manufacturing situations is
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investigated in order to achieve optimum performance and increase both flexibility
and responsiveness. In this context a SA approach has been developed to optimize
the integration problem. The structural design of SA is affected by the chosen
performance criteria. Therefore, two options are supported. In the first case a
single criteria is chosen, or in the second case, a multi-criteria approach is available
through the sum of weighted criteria values. An efficient exploration of the search
space is ensured by three neighbourhood strategies (shift, adjacent swapping and
mutation). The results presented from the case studies show that SA manages to
find a global optimum in a complex search space efficiently. A SA multi-objective
approach to deal with a production scheduling problem in a flexible job shop with
particular constraints is presented in [227]. The performance evaluation is achieved
through a simultaneous (or pareto) approach with objectives such as, makespan,
mean completion time, maximal tardiness and mean tardiness. A simple approach
based on the exchange of two jobs randomly chosen from the solution is used to
generate a new neighbour. Results demonstrate that the presented approach is a
very simple, flexible and efficient tool to tackle multi-objective scheduling prob-
lems. Another scheduling problem is tackled in [228]. The authors investigate a
parallel version of a modular SA [229] for multi-agent systems, in order to improve
the modular SA performance in job shop scheduling problems. The idea behind
modular SA is to achieve a more uniform distribution of randomized moves along
the SA procedure. Due to its short execution time, in the context of evolution-
ary processes, modular SA can be considered an operator which can be iteratively
applied in an evolutionary process. The parallel implementation of modular SA is
based on the partitioning of the whole data set into sub-parts and running different
instances of the same algorithm on each of those sub-parts on multiple machines or
processes. In other words a big size population is distributed over an island model
to create more opportunities for letting modular SAs manipulate a bigger number
of solutions in a shorter period. Solutions migrate in between islands as well as
an island is maintained to hold all the best solutions of every period. This might
create some uncertainties regarding the population size, however results show that
the proposed method achieves a better performance when compared to modular
SAs and other approaches presented in literature.

3.4.2 Collective Systems
The biological world abounds in collective biological systems, composed by many
simple interacting entities that originate very complex and adaptive behaviours. In
this sense, the interactions of individual members of the same specie, have been
used as source of inspiration to develop several biologically inspired algorithms.

3.4.2.1 Ant Colony Optimization

Ants in Nature Ant colony optimization (ACO) is a meta-heuristic for solv-
ing hard combinatorial optimization problems initially proposed by Marco Dorigo
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[230, 231]. ACO is inspired in the foraging behaviour of some ant species, which
rely on pheromone trails to mark the most efficient paths that lead to the food
source [232]. ACO exploits a similar mechanism to solve optimization problems
by implementing a randomized construction heuristic which makes probabilistic
decisions according to artificial pheromone trails and available heuristic informa-
tion [233]. The core mechanism that propels the search process of ACO is called
stigmergy [234]. Stigmergy is a mechanism of indirect communication mediated by
modifications of the environment, in this case, by depositing pheromones. Strig-
mergy is a local communication mechanism which implies that only, in this case,
ants in the neighbourhood can access the information. Ants can find the shortest
path to the food by laying a pheromone trail as they walk. As depicted in Figure
3.6, after an ant finding the food source it starts deploying pheromones in the way
back to the colony nest (1). When other ants detect the pheromone trail they will
tend to follow it, more or less directly. In this sense, pheromone concentration will
increase faster in the shortest path than in the other alternatives (2), since in the
same amount of time the shortest path can be traversed more times. Furthermore,
the attraction that the pheromones cause in the ants positively reinforces the short-
est trail and the best path emerges (3). The evaporation of the pheromones ensures
that the ants are able to adapt to changing conditions, since the pheromone trail
only holds if the trail is continuously used. Different trial update variants can be
used, nevertheless the working principle of ACO is the same [235].
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Figure 3.6: Shortest path find by an ant colony, adapted from [236]
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Main Characteristics and Principles The first proposed ACO algorithm was
named ant system (AS) [237] and provides the foundation for the several variants
developed until today. The AS is naturally applied to the travel salesman problem
which can be directly used to derive a generic pheromone model that is exploited
by ACO algorithms [233]. In this sense, M ants (M is usually equal to the number
of nodes N) are randomly distributed over a number of nodes N that compose the
graph. Commonly, in the beginning of the search, a small amount of pheromones
is deposited in all edges of the graph. According to the probability pkij the ant k
chooses the edge from node i to node j. The transition rule pkij is given by [49]

pkij =
τaijη

b
ij∑H

h∈Jk τaihη
b
ih

(3.8)

where τij is the amount of virtual pheromones on that edge and ηih is the visibility
of the node computed as the inverse of the edge length 1/lij . Through the constants
a, b it is possible to control the weight of the two factor in the calculation of the edge
selection probability. In case a = 0, ants select the edge only based on the shortest
distance, thus making the algorithm close to a probabilistic greedy algorithm. On
the other hand, if b = 0 ants choose only based on the pheromone concentration.
The denominator sums up the pheromone and visibility values for all edges H, that
are available from the node where the ant sits, as long as they belong to the set Jk
of nodes that the ant k has not yet visited. The nodes are deleted from Jk upon
visit.

After the completion of a tour around the graph, each ant k retraces its own
steps and deposits an ∆τkij amount of pheromones according to ∆τkij = Q/Lk. Lk
is the total path length found by ant k and Q is set to be the length of the shortest
path estimated with a simple heuristic method. Each edge, after all M ants have
retraced their own path, have an amount of pheromones equal to [49]

∆Tij =
M∑
k

∆τkij (3.9)

Before sending all ants again in a new search, pheromone levels evaporate according
to [49]

τ t+1
ij = (1− ρ)τ tij∆Tij (3.10)

where 0 ≤ ρ ≤ 1 is the evaporation pheromone coefficient.
After the conclusion of one iteration, the process is repeated until a satisfactory

path has been found.
ACO is a very powerful method for finding the shortest path in dynamic en-

vironments. However, its application to other problems is not straightforward. In
these cases, a suitable representation of the problem needs to be developed, so that
the ants can properly perform their search process. Examples of applications of
ACO with different representations can be found in [238].
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Alternative variants of Ant Colony Optimization The superior perfor-
mance results achieved by variants of AS, mean that nowadays AS was relegated
to a merely historically interesting algorithm. Therefore, the relevant modifications
introduced by the most important variants of ACO will be briefly reviewed.

• The Ant Colony System (ACS) [239] is one of the first successor of AS. In
ACS Dorigo introduced three major changes compared to AS. A new tran-
sition rule, called pseudo-random proportional rule is used. With this rule
a trade-off between the exploration of new connections and the exploitation
of the information currently available is established. In order to improve ef-
ficiency and efficacy an offline trail update is also performed. In this case,
only the global best solution is used. Additionally, local search algorithm to
improve the ants solutions before updating the pheromone trails can be used.
Finally, an online step-by-step pheromone trail update is performed by the
ants, which foster the emergence of solutions different to those yet found [235].

• The Max-Min Ant System (MMAS) [240–242] was developed by Stützle
and Hoos and is one of the best variants of AS. In MMAS, similarly to the
ACS an offline pheromone trail update is applied. Local search is also typ-
ically applied to improve ants solutions before the pheromone update. In
MMAS, premature convergence is avoided with the implementation of a limit
range [τmin, τmax],to the possible values of the pheromone trails. In this
sense, all connections will have a at least a limited lower possibility of be-
ing chosen. In order to increase the exploration capabilities of the method
the re-initialization of the pheromones trail is occasionally performed. The
last major difference between MMAS and AS is the initialization process. In
MMAS the pheromone trails are initialized to an estimate of the maximum
value allowed for a pheromone trail. Consequently, this implies an additional
diversification component, since in the initial phase the relative difference
between the pheromone trails will be very subtle [235].

• Bullnheimer, Hartl and Strauss, instead proposed the rank-based Ant Sys-
tem (ASrank) [243]. ASrank incorporates the idea of ranking in an offline
pheromone update mechanism [235].

1. The M ants are ranked according to the decreasing quality of their so-
lutions. (S′

1, ..., S
′

m), in which S
′

1 is the best solution of the current
generation.

2. A pheromone amount dependent on the ant’s rank is deposited offline
on the connections passed by the σ − 1 best ants.

3. The connections that cross the global-best solution receive and additional
amount of pheromone which depends on the quality of that solution.
This represents the most important pheromone deposit, since it receives
an weight of σ.
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Applications of Ant Colony Optimization in Manufacturing Similarly to
Evolutionary Systems, ACO has proved to be very competitive in solving NP-hard
discrete combinatorial optimization problems [244]. Therefore is also a very good
alternative to tackle the variety of problems faced in manufacturing. In this sense,
some application of ACO in manufacturing will be reviewed.

A manufacturing cell creation and production schedule problems are addressed
in [245]. To this end, a mathematical model that describes the characteristics of
the virtual cellular manufacturing system is presented together with the developed
ACO based technique to solve the cell creation and production scheduling problems.
The objective of the ACO, is to minimize the total travelling distance of materials
and components incurred in manufacturing the product. To tackle this problem,
each node represents a job operation and a tour covering all the nodes represents
a processing sequence for all job operations. Upon completion of a feasible tour, a
viable processing sequence has been generated for all job operations. In order to
prevent premature convergence, local updates of pheromone trails are implemented.
Whenever an ant completes a tour, the pheromone trail on the visited paths will
be reduced, so that the path becomes less attractive for the ants still searching, in-
creasing diversity in the search process. After all ants have completed their tours,
a global update of the pheromone trails is performed. The global update process,
increases the pheromone trails of the paths on the tour with the best performance
so far. Two simple heuristics were also implemented to assign workstations to op-
erations and to generate the final production schedule, since the ACO algorithm
cannot show the production schedule explicitly. Comparative results regarding the
performance of the algorithm have shown that the ACO algorithm outperforms
a GA in terms of jobs completion times, utilization rate and computational time.
In [246] a bottleneck station scheduling in semiconductor ATM (Assembly and Test-
ing Manufacturing) is formulated into an optimization problem. The objective is to
minimize the total unsupported costumer demands and machine conversion time.
In order to solve the bottleneck scheduling problem, the ACO algorithm is mapped
into a graph in which the ants will perform the search. The created graph is a
uni-directed multi-partite network in which nodes represent machines statuses in
different time intervals, while the edges are weighted based upon the problem con-
straints. All the business rules are categorized into ’hard constraint rules’ and ’soft
constraints rules’. An hard rule must be always satisfied, otherwise the transition
probability for the edge will be zero. In the other hand, a soft rule does not need
to be strictly enforced, however, its violation implies a penalty which decreases
the heuristic value to a certain degree that is predefined empirically. The ACO
based scheduling system was successfully implemented and verified in an industrial
environment. A different ACO implementation approach is presented by Xiang
in [247]. The presented work integrates a ACO algorithm into agent coordination,
to solve both task allocation and sequencing problems. In the job agent case, the
algorithm helps finding an appropriate machine agent to execute the process, while
in the machine agent, it helps defining the next job to be processed in the current
queue. The machine with more jobs in the queue presents a smaller amount of
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pheromone and consequently attracts fewer job agents. To calculate the transition
rule the amount of pheromones, that each machine has, and the heuristic informa-
tion associated with the operations, are taken into account. The integration of the
ACO algorithm in the job agent also assists in solving the task sequencing prob-
lem. The pheromone amount is also directly related with the due date proximity
of each job. The tightest the due date is, the highest will be the pheromone value.
The results demonstrate that the combination of intelligent agents and ant-inspired
coordination can achieve efficient global performance and, most importantly, adapt
to changing circumstances of the dynamic shop floor.

The application of an ACO algorithm to a train maintenance facility to solve
a facility layout problem is presented in [248]. The goal is to find a layout of the
resources in order to optimize the production flow between resources. To this end,
the problem is modelled considering that each node is a resource and each edge
is weighted according to the cost associated with the flow and distance. In the
solution construction process, each ant assigns tasks to a specific location until the
solution is obtained. A tabu list is used to keep track of the task assigned in order
to ensure the allocation of all the tasks. A local search method 2-opt [249] is applied
to try all possible permutations to a given solution until no further improvement is
observed. Local search does not necessarily find a global optima, therefore a guided
local search method is used to penalize the computed local optima in favour of a
better optimization value. Furthermore, in order to diversify the solutions in case
no improvement to the best generated layout is verified during a specific number of
iterations, a random initialization of all the pheromone trails except the one that
provides the best solution is implemented. Results show improvement in perfor-
mance when compared to other algorithms in literature. In [249], Solimanpur, Vrat
and Shankar investigate the application of an ACO algorithm in the inter-cell layout
problem in cellular manufacturing systems. Similarly to the previous applications,
the inter-cell layout problem consists in attempting to organise the manufacturing
cells in order to minimize the total material handling. The design approach is also
similar to [248], however, a method for calculating heuristic information through
the combination of the efficiency of calculation and the quality of information is
proposed. The heuristic information method is implemented a posteriori meaning
that the information is dynamic and depends upon the current state of the ant. The
authors further introduced a modified version of the method proposed by Maniezzo
in [250], to update the trail levels. In this case, the trail levels are updated at the
end of iterations rather than after completion of each solution. A modification of
the selection probability proposed in [250] is also proposed and two policies to tackle
negative trail levels are tested. A simple deterministic 2-opt algorithm is adopted,
to carry the solutions obtained by ants into their local optimum. The presented
algorithm obtains optimum solutions for all the problems selected from [251].

Although not directly linked to manufacturing, the concept behind the proposed
improved ACO in [252], to tackle a vehicle routing problem (VRP), could be easily
translated into a manufacturing automated guiding vehicle (AGV) routing problem.
Considering that a central depot is considered the nest, and the customer the food
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source, the VRP is identical to the ants behaviour in their natural environment.
In the presented implementation each ant simulates a vehicle which incrementally
selects a customer until all customers have been visited. A mutation operator is
introduced to increase the exploration of the search space, through the random
exchange of customers in already computed routes. In order to attempt a fitness
improvement on the solution a 2-opt local search is used. Furthermore, a new
pheromone updating rule that can integrate the global feature and the local feature
is proposed. The computational results regarding a number of benchmark problem
reveal the efficiency and effectiveness of the algorithm.

3.4.2.2 Particle Swarm Optimization

Main Characteristics and Principles Particle swarm optimization (PSO) em-
erged from the initial idea of Kennedy and Eberhart of generating computational
intelligence by exploiting simple analogies of social interactions, rather than purely
individual cognitive skills. The first attempts of PSO implementation [253], were
highly influenced by the work developed by Heppner, Grenander and Reynolds
[254]. These scientists believed that local processes, similar to the ones modelled
by cellular automata might regulate the unpredictable group dynamics of birds
social behaviour. The proposed models heavily relied in distance manipulation
between individuals. Meaning that the synchronous behaviour of the flock was
thought to be the result of the effort of the birds to maintain an optimal distance
between individuals. In this context, the socio-biologist Wilson hypothesized the
main idea behind the development of PSO, suggesting that social sharing of infor-
mation among elements of the same species offers an evolutionary advantage [255]:

”In theory at least, individual members of the school can profit from the dis-
coveries and previous experiences of all other members of the school during the
search for food. This advantage can become decisive, outweighing the disadvantages
of competition for food items, whenever the resource is unpredictably distributed in
patches.”

These concepts soon developed into a powerful optimization method PSO [207,
253]. In PSO a number of simple entities, called particles, are spread over the
problem search space according to which they are evaluated as a problem solution.
Each particle determines its next move in the search space through the combination
of historical aspects of its own current and best location, with those of one or more
members of the swarm and considering some random perturbations. After the
execution of the move by all particles, the next iteration takes place. Eventually
the swarm of particles is likely to move close to an optimum of the search space,
similarly to a flock of birds collectively foraging for food [256].

Each individual particle is a composition of three D-dimensional vectors (−→xi ,−→vi , −→pi ), in which D is the dimension of the search space. The current position −→xi
holds the coordinates that define a point in the search space. In every iteration,
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the current position of each particle is evaluated as a problem solution. In case the
current position presents any improvement regarding the previously visited search
space positions, then the location is stored in the vector −→pi . The value of the best
function so far is store in the ’previous best’ variable pbesti, for comparison on
later iterations. The next position of each particle is individually calculated by
adding the velocity −→vi coordinates to −→xi . The −→vi can effectively be seen as a step
size, which can be adjusted by the algorithm. Through the iterative process the
algorithm continues the search for better solutions and consequently updating −→pi
and pbesti.

It is important to notice, that the problem solving capabilities of PSO, emerge
from the collective behaviour of the particles. In this sense, populations can be
organised as a social network, in which the topology consists on bidirectional edges
connecting pairs of particles. This implies that each particle can communicate
and be affected by the best position found by any other member of its topological
neighbourhood −→pg [256]. A huge variety of population topologies can be used [257].

The canonical form of the PSO have only a small number of parameters that
need to be defined. The population parameter size is often empirically defined and
usually assume values comprehended between [20 − 50]. The parameters φ1 and
φ2 determine the magnitude of the random forces in the direction of personal best
−→pi and neighbourhood best −→pg , for the calculation of the velocity which instead is
used to update the position in the next iteration. The move in the search space of
a particle from one iteration to the other is typically called change rule:{−→vi ← −→vi +−→U (0, φ1)

⊗
(−→pi −−→xi) +−→U (0, φ2)

⊗
(−→pg −−→xi),

−→xi ← −→xi +−→vi
(3.11)

It is also possible to bound velocity within a defined range [−Vmax,+Vmax], in
order to avoid the algorithm to enter into unstable states, due to uncontrollable
increasing speeds.

Despite the number of variants and specific applications of PSO, there are a
number of common characteristics that can be identified [87].

1. Every version employs a population of particles.

2. Every particle follows a topology that describes the interactions among neigh-
bours.

3. The existence of a change rule is also common to all PSO.

4. Finally, every PSO follows an interaction rule, in which the particle consid-
ers its successes and some other particles’ successes in determining the next
position.

One of the major weaknesses of PSO is its dependence on passed approaches as
an indicator of the location for possible future successes, since it renders the PSO
not so adequate to dynamic problems.
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Applications of Particle Swarm Optimization in Manufacturing PSO is
a powerful optimization approach, simple to implement and with few adjustable
parameters. In this sense, it is an adequate technique to tackle the variety of
complex problems faced in manufacturing. Some applications of PSO will be further
reviewed.

In [258], four different algorithms, particularly a canonical PSO, are proposed
to solve a multi-objective scheduling problem in FMS. The goal to is to minimize
both the machine idle time and the the total penalty cost. For this purposed the
evaluation function is defined as the weighted sum of both the objectives. The re-
sults obtained demonstrated the superiority of the PSO, as the approach that gives
the minimum combined objective function, compared to GA, SA and memetic al-
gorithms. An extended discrete PSO is developed in [259] to solve the flow-shop
scheduling problem. To handle discrete problems, Kennedy and Eberhart [260]
have developed a discrete version of the PSO which differs from the canonical form
of PSO in two characteristics. The particles structure, and the velocity definition.
The particle structure is composed by a ’job-to-position’ binary matrix, which en-
codes the sequence of jobs to be executed assuming 1 if a job j of particle i is placed
in the kth position of the sequence and 0 otherwise. The velocity of particle i at
iteration t is defined through a matrix, where each position is the velocity value for
job j of particle i placed in kth position at iteration t. This called velocity trail is
inspired by the frequency-based memory [261], and uses a similar concept to tabu
long term memory to provide useful information that facilitates choosing preferred
moves. An higher value of velocity, indicates that job j is more likely to be placed
in kth position. In the proposed algorithm, each particle constructs a new sequence
according to its changes of probabilities from the velocity trail. An attempt is also
performed to incorporate a local search scheme, called PSO-LS, to improve the
PSO performance. The results show that the PSO algorithm attain a very compet-
itive performance, when applied to discrete problems. Lian, Gu and Jiao in [262],
propose a novel PSO, combined with GA operators, to tackle another flow-shop
scheduling problem however in this case the goal is to minimize the makespan. Due
to the discrete characteristic of the problem, an effective problem mapping and a
mechanism to generate solutions, was developed. Crossover operators are used by
the novel PSO to calculate a new velocity value, which will be then submitted to
mutation operator and used to compute the new position of a particle [263]. The
genetic operators introduced, aim to improve the novel PSO performance in mini-
mizing the makespan. The obtained results demonstrated that when compared to a
GA, the novel PSO obtains better results solving the flow-shop problem. An appli-
cation of a PSO based algorithm to handle the integration of process planning and
scheduling (IPPS) is presented in [264]. Each PSO particle encodes the operation
sequencing and the IPPS problems, in order to efficiently and intelligently search
for the best sequence of operations through leveraging the optimization strategies
of the PSO algorithm. New mutation, crossover and shift operators were developed
to improve the performance of traditional PSO and to overcome the loss of diver-
sity in the population during the iterative process. In this sense, the introduced
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operators have a positive influence in the exploration of the entire search space,
since mathematical operators have difficulties in adequately consider the different
arrangements of machines, tools and tool approach direction. Regarding computa-
tion efficiency, optimality and robustness, the presented approach can outperform
the GA and SA used for comparison. In [265] a PSO is introduced to optimize the
job-shop scheduling problem. A suitable representation of the particles which allows
to simulate an operation permutation schedule of a job-shop scheduling problem
is achieve through the combination of the continuous PSO with a random-key en-
coding scheme. In order to improve the PSO local search capabilities, a multi-type
individual enhancement scheme based on SA is introduced in the PSO iterative pro-
cess. Each particle is represented by a real vector which moves its position in the
random-key virtual space. The objective function of a particle which corresponds
to the solution space of the problem, can be then evaluated through the transfor-
mation from the random-key space to a solution space of the job-shop scheduling
problem. Despite the discrete nature of the problem, random-key encoding scheme
provides a search space for the continuous PSO and an easy way to encode its rep-
resentation. The authors concluded through the achieved results that the proposed
approach can reach the optimal area in the search space with smaller population
and less iterations than other existing algorithm.

Virtual cellular manufacturing (VCM) systems, have been in the recent years
introduced in an attempt to harness the potential benefit of both cellular manu-
facturing and functional layout [266, 267]. The VCM concept is grounded in the
concept of dynamic manufacturing cells, were machines are mobile enabling the
system to adapt to turbulent environments. Within this context, an optimization
methodology based on the quantum PSO (QPSO) is proposed in [268] for the design
of virtual manufacturing cells within which machines and jobs are assigned to cells
with the objective of maximize productive output and the inter-cell movements.
The QPSO is based on the concept of quantum computing such as quantum bit
(qubit) and superposition of states [269]. The results obtained from the application
of the suggested QPSO for the VSM problem were compared with the results ob-
tained from a GA. It was concluded that QPSO is very efficient and needs much less
iterations than the compared GA. Another application of PSO in manufacturing
cell design is presented in [270]. The main goal, is to group the machines in order
to minimize the number of inter-cell moves and the within-cell load variation. The
presented algorithm is based in the discrete PSO algorithm for attribute selection
in data mining applications, introduced by Correa, Freitas and Johnson [271]. Each
particle is composed by a vector in which each component assumes a value between
1 and k that represents the cell to which the machine is assigned. The main differ-
ence between the canonical form of PSO and the proposed approach is that instead
of using velocity vectors, it works with a mechanism inspired by the proportional
likelihoods concept. Additionally, a perturbation subset inspired by a mutation
operator is used to escape from local optima. The results obtained showed that the
presented algorithm is stable and presents low variability.

Manufacturing layer-by-layer is a very important characteristic in reentrant pro-
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duction systems (reentrant production systems, consider production processes in
which products visit the same set of workstations in different processing steps [272]).
Due to this characteristic, the inspection for defects is very difficult to perform, since
they might be covered by other layers. In [273], Rau and Cho used a PSO approach
to solve the inspection allocation problem in reentrant production systems, follow-
ing the work previously done in [274, 275]. A mutation scheme was introduced for
searching the optimal position of each particle, and avoid premature convergence.
The proposed method was compared with a GA method discussed in the literature
and optimal solutions were almost find with less computation time.

In [276], an approach based on PSO is used to minimize the operating path of
automated or computer numerical controlled drilling operation. The path of the
automated CNC drilling machine is modelled as the travelling salesman problem,
over which an adaptive PSO formulated by Clerc [277] is applied. Performance
results were competitive when benchmarked against other emerging optimization
techniques.

3.4.2.3 Bees Algorithm

Bees Natural Behaviour The bee colony behaviour has been a source of inspi-
ration for the development of intelligent tools to solve computational and complex
problems in a variety of areas.

Bees are a social insect native to Europe and Africa. They rely on nectar as
source of their energy, relegating the pollen as source of protein for the development
of the larvae. The majority of the colony is composed by female workers. However,
typically in each colony there is also a queen, which is the single breeding female,
a few thousand of males called Drones and many bee larvae called Broods [278].

Similarly to other swarms, bee colonies rely on the interactions between simple
individual entities to perform high complex behaviours. In the bee society such
interactions are carried out through a communication language used by the ’scouts’
worker bees, based on dances. There are two types of dances [279], the round
dance, performed when the food is relatively close, and the waggle dance [280].
The waggle dance is essential for the colony foraging behaviour. It encodes three
pieces of information regarding the food source, the direction, its distance from
the hive and its quality rating [48]. The distance to the food source is interpreted
according to the speed of the dance (if dance is faster the distance to the food is
smaller). The direction (angle between the food source and the sun relative to the
hive), is encoded in the inclination of the dance to the vertical of the comb and
the quality of the food source depends on the wriggling of the bee (the more is the
wriggling the more is the food).

Therefore, the waggle dance plays a major role in the food source searching.
The food source searching is initiated with some scouts that navigate and explore
the surroundings of the nest. In case a food source is found, the scout bee returns to
the hive and, in the dance floor, performs the waggle dance to exchange the details
with the colony. Some bees are then recruited, becoming foragers. The number



74
CHAPTER 3. TRENDS ON ARTIFICIAL BIO-INSPIRED COMPUTATION

AND MANUFACTURING SYSTEMS

of foragers is proportional to the food quantity information. At the food source
the bees collect the food and recalculate the remaining food quantity, in order to
decide upon the next waggle dance when they return to the hive [48]. If the source
is still good, then it will be advertised in the waggle dance and more bees will be
recruited.

The reproduction phenomena in a bee colony (marriage behaviour), is performed
by the queen. After its birth the queen engages in nuptial flights in order to mate
with a number of drones, until the spermatheca is full. After some days, the queen
bee will start laying eggs. The unfertilized ones will originate drones, the fertilized
ones workers and queens according to the food quality given to the larvae [279].

Swarming is another natural part of the development of a bee colony. In the
spring time, the queen produces some larvae to originate a new queen and leaves
the nest with half of the colony in search for a new nest site. During this transition,
some scout bees are sent for search for new sites (nest site searching). Once they
have found a good nest site, they return and report to the colony through the
waggle dance. According to the best dance the nest site will be chosen.

Bee Colony Algorithms The dynamics of the bee colonies are a direct result of
the interactions between simple individuals and the environment. Such dynamics
make the bee colony a very flexible and adaptable system. Furthermore, flexibility
allows the colony to be robust and maintain its structure despite any disturbance.
These characteristics render the bee colony a very interesting model for many com-
plex and engineering problems [281, 282]. In this sense, during the last decade,
most of the previously presented natural bee colony behaviours have been used as
an inspiration for the development of computational algorithms (Bee System, Bee
Colony Optimization (BCO), Artificial Bee Colony (ABC), Marriage in honey Bees
Optimization (MBO), Bees Algorithm, Honey-Bee Mating Optimization (HBMO),
BeeHive, Virtual Bee Algorithm).

Only one of the numerous bee colony inspired algorithm will be described, since
the focus of this thesis is mainly on investigating bio-inspired techniques that can
be used as inspiration for distributed control mechanisms, rather than exhaustively
survey all the bee colony techniques. In this sense, the BCO will be presented since
it was one of the first developed ant colony inspired algorithm [283].

BCO is an agent based (artificial bees) algorithm proposed by Lucic and Teodor-
ovic to solve difficult combinatorial optimization problems [284–287]. BCO is in-
spired in the bee foraging behaviour. At the beginning all the artificial bees are
located in the hive. During the search process, each bee performs a series of local
moves, incrementally constructing a problem solution. Solution components are
added to the partial solution until one or more feasible solutions are created. At
this stage the first iteration of the process is finished. The best solution found
during the first iterative process is then saved and afterwards the second iteration
begins. In the second iteration, bees again incrementally construct solutions of the
problem. At the end of each iteration one or more partial solutions are generated.
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The total number of iterations is pre-defined. When flying through the search space
bees can perform a forward pass or a backward pass. The forward pass consists
on the creation of several partial solutions, through the combination of individual
exploration and collective experience from the past. After that, they perform the
backward pass, meaning that the bees return to the hive. Within the hive all the
bees participate in the decision-making process. Scout bees perform the waggle
dance in front of all the colony, exchanging information regarding the quality of
the partial solutions created. Based on the quality of the partial solutions gener-
ated, each bee decides whether to abandon the created partial solution and become
again an uncommitted follower, continuing the construction of the same partial
solution without recruiting the nest-mates or dance and consequently recruit other
bees before returning to the created partial solution. Depending on the quality of
the generated partial solution, every bee possess a certain level of loyalty to the
path leading to the previously discovered partial solution. A second forward pass
is executed, followed by a backward pass. In the hive a new decision process takes
place and the iterative process continues until one or more feasible solutions are
created or another stopping criteria is satisfied.

Applications of Bees Algorithm in Manufacturing As stressed before, thr-
ough the cooperation between individuals and group self-organisation, a bee colony
can achieve near optimal efficiency in fundamental tasks such as foraging. Fur-
thermore, flexibility, adaptability and robustness are highly desirable features in a
manufacturing system. However, due to the relatively recent introduction of bee
inspired algorithms, not many applications, when compared to other approaches,
in manufacturing could be found. A review of some application of bee inspired
algorithms in manufacturing will follow.

In [288], Chong, Low, Sivakumar and Gay, adapted an honey bee colony algo-
rithm to tackle a job shop scheduling problem, aiming to minimize the makespan.
The solution representation is modelled through a disjunctive graph, in which each
node represents an operation. Two additional nodes, known as source and sink,
represent the initial and final operation respectively. Each node is characterized by
a positive weight that translates the processing time of the corresponding operation.
The precedence constraints for each job, are defined as a set of directed conjunctive
arcs, while disjunctive arcs are used to represent the capacity constraints that en-
sure that two operations can not be processed by the same machine simultaneously.
The presented bee forager behaviour is regulated through a profitability rating. In
case the forager profitability rating is low, when compared to the colony, then the
bee is more likely to follow a waggle dance on the dance floor. The profitability
rating is closely related with the objective function. If the forager chooses to follow
a selected dance, it will use the path taken by the forager performing the dance.
A specific state transition rule is used by forager bees, to choose the next node to
visit. The attained results concluded that the algorithm performs worst than an
efficient tabu search heuristics, but at the same level as an ACO. An application
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of the bees algorithm to scheduling jobs with a common due date for a machine
to minimize the penalties associated with early or late completion is presented
in [289]. The bees algorithm is inspired by the foraging behaviour of honey bees
and requires a number of parameters to be set. The goal is to find a sequence of
jobs that minimize the total of the earliness and tardiness penalties. In order to
create an optimal schedule, the foraging process was adapted to find an appropriate
idle time before processing the first job and a sequence of jobs. Furthermore, the
V-shape property [290] which consists in jobs finished before the due date are or-
dered according to non-increasing ratios, while jobs finished after the due date are
ordered according to non-decreasing ratios is also considered in the proposed algo-
rithm. Results were encouraging and in terms of standard deviation the proposed
approach also proved to be stable and robust. In [291], an improved ABC (IABC)
is introduced to solve a job shop problem. The objective of the algorithm is to min-
imize the time to complete all the jobs while satisfying some constraints, such as:
the processing order on machine of each job is defined, only one job at a time can
be processed by each machine and no job has priority and must be subjected to a
predefined machine order. A mutation operator is introduced to improve the ABC
search performance by exploring the search space and prevent the convergence to
a local optima. The operator is designed to randomly exchange operations. The
results indicate that compared with GA and a simple ABC, the IABC is an effective
and efficient method to solve job shop problems. Banharnsakun, Sirinaovakul and
Achalakul proposed in [292] an effective scheduling method, aiming to find a global
optimization of the makespan, based on the best-so-far ABC for solving the job
shop scheduling problem. The best-so-far ABC is a modified version of the ABC
algorithm which was proposed in [293] to enhance the exploitation and exploration
processes. In the best-so-far ABC method the bees, waiting on the dance area for
making the decision of which source food to choose, have access to the information
gathered by all bees committed to a food source. In this sense, the bees can select
the best-so-far location, rather than selecting the food source based on a probability
that varies according to the fitness function, has it happens in the normal ABC.
Set theory is also used to describe the mapping of the proposed best-so-far ABC
into the job shop scheduling problem. Through the presented comparisons, it was
possible to conclude that the best-so-far ABC is effective in terms of both quality
and robustness.

The use of bees algorithm to solve the printed circuit board (PCB) assem-
bly planning problem, is discussed in [294]. The objective is to optimize both
the feeder arrangement and component placement sequencing in order to minimize
the total assembly time. Every bee, which abstracts a potential feeder arrange-
ment/placement sequence for a PCB, is comprised of two parts, one related to the
feeder arrangement and the other related to the placement sequence. Scout bees,
are normally created through the random generation of feeder arrangements and
placement sequences. They are also responsible for checking the validity of the
solutions. Additionally follower bees are created to explore the neighbourhood of
locations visited by scout bees, using the 2-opt and insertion operators. Reductions
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in the assembly time were achieved by the bees algorithm, but at the expense of a
high number of candidate solutions which had to be generated and evaluated.

A new bee colony-inspired algorithm (BCiA), applied to the vehicle routing
problem expanded by time window, is presented in [295]. Although the problem
is not directly connected to manufacturing, it could be easily translated into a
manufacturing vehicle routing problem. Normally the objective of a vehicle rout-
ing problem is to efficiently group in routes, the delivery or pick-up orders from
geographically distributed customers. However, in the case of the vehicle routing
problem with time windows (VRPTW), the objective is not only the minimization
of the tour length, but mainly the minimization of the total number of vehicles
needed. In this context, and in order to be able to apply the BCiA, the problem is
mapped into a directed graph, where the set of nodes represents the customers and
the depot, while the set of directed edges consists of all sorted pairs of customers.
All edges are weighted with both a spacious and temporal distance. The BCiA is
based in a two-stage approach. In the first stage the algorithm tries to continuously
reduce the number of vehicles needed to construct feasible solutions. In case any
improvement is no longer possible, then the second stage starts. In the second stage
the CROSS-operator [296] is applied to minimize the tour length. Although the
results have shown that the proposed BCiA was very efficient for the smaller test
entities of the SOLOMON benchmark, a reasonable gap between the BCiA and the
most successful heuristics was found to increase with the size of the problem.

3.4.2.4 Bacterial Foraging Optimization

Bacteria in Nature The E. coli bacterium is one of the best understood micro-
organisms, and it is commoly found in the lower intestine of warm-blooded organ-
isms. The E. coli bacterium is characterized by eight to ten flagella placed randomly
on the cell body, which provides locomotion capabilities [297]. Two different move-
ments can be performed according to the rotation direction of the flagella [298].
When the flagella rotate clockwise, they all pull on the cell in different directions
assuming a random path (tumble). If, on the other hand, the flagella rotate coun-
terclockwise, they propel the cell in an approximately straight line trajectory (run).
Therefore, bacteria use these two types of movements to perform a search for nu-
trients aiming to maximize the energy obtained per unit time, through chemotaxis
behaviour [298]. Chemotaxis is the optimization foraging behaviour through which
bacteria climb up nutrient concentrations, avoid noxious substances and search for
ways out of neutral media [299]. When bacteria arrange enough food and the re-
quired environment conditions are met, the bacteria undergoes the reproduction
process, splitting itself in two exact replicas. In order to improve the group for-
aging efficiency, the bacterium that has found the best so far food source attracts
other bacteria so they converge to the desire place more rapidly in a swarming
like behaviour [300]. In this sense, bacteria release an attractant which fosters the
congregation of bacteria into groups moving in concentric patterns.

Similarly to all biological organisms in their natural environment, bacteria may



78
CHAPTER 3. TRENDS ON ARTIFICIAL BIO-INSPIRED COMPUTATION

AND MANUFACTURING SYSTEMS

be subjected to attacks or sudden environmental changes. These events may imply
the destruction of bacteria in certain regions, however, at the same time they may
have the effect of assisting in chemotaxis with the dispersal of the bacteria group
to possibly richer areas.

Main Characteristics and Principles Bacterial foraging optimization algo-
rithm (BFO), proposed by Passino [299], is an algorithm inspired in the four main
mechanisms (chemotaxis, swarming, reproduction and elimination-dispersal), ob-
served in a real bacterial system (particularly E. coli). In this context, a virtual
bacterium abstracts one possible solution that moves on the search space, in order
to find the global optimum.

Considering j the index of the chemotactic step, k the index for the reproduction
step and l the index of the elimination-dispersal event, the position of each member
of the S bacteria at the jth chemotactic, kth reproduction step and lth elimination
dispersal event is represented by P (j, k, l) = {θi(j, k, l)|i = 1, 2, ..., S}. Where
J(i, j, k, l) denotes the cost of bacterium i at location θi(j, k, l) ∈ Rp (sometimes
the indices are dropped and position of bacteria i can be represented as θi) [299].
Although, for real bacteria population the dimension of the search p is p = 3, BFO
allows p > 3.

After the initialization, the virtual bacteria goes through the chemotactic pro-
cess. Let Nc be the lifetime span of the bacteria as measure of the number of
chemotactic steps. Similarly to the natural bacteria, BFO simulates this process
through the alternation between tumbles and runs. Suppose θi(j, k, l) represents
the ith bacterium at jth chemotactic, kth reproductive and lth elimination-dispersal
step. C(i) (run length unit), is the size of the step taken in the random direction
specified by the tumble. The chemotactic movement of the bacteria is represented
by

θi(j + 1, k, l) = θi(j, k, l) + C(i) ∆(i)√
∆T (i)∆(i)

(3.12)

where ∆ represents a vector in the random direction, whose elements lie within
[−1, 1] [298]. If at θi(j + 1, k, l) the cost J(i, j + 1, k, l) is lower than at J(i, j, k, l),
then another step of size C(i) in this same direction will be taken [301]. The run
continues, during a specified number of steps Ns, as long as the bacteria improves
the previous step.

The cell-to-cell signalling is accomplished by the bacteria via an attractant,
in order to promote the swarming behaviour. This behaviour is represented by
J icc(θ, θi(j, k, l)), i = 1, 2, ..., S, for the ith bacterium [299]. Consider dattract the
depth of the attractant released by the cell and wattract a measure of the width
of the attractant signal. Furthermore, not only the cells repeal each other due to
the consume of nearby nutrients, but also they cannot assume the same position
at the same time. This properties are modelled considering the height (magnitude)
hrepellent = dattract and the width wrepellent of the repellent effect. The selection
of these parameters aims only to illustrate bacterial generic behaviour, rather than
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a particular signalling scheme [299]. In this sense,

Jcc(θ, P (j, k, l)) =
S∑
i=1

J icc(θ, θi(j, k, l))

=
S∑
i=1

[
−dattractexp

(
−wattract

P∑
m=1

(θm − θim)2

)]

+
[
hrepellentexp

(
−wrepellent

P∑
m=1

(θm − θim)2

)] (3.13)

denotes the combined cell-to-cell attraction and repelling effect, where θ = [θ1, ..., θp]T
is a point in the optimization domain and θim is the mth component of the ith bac-
terium position θi. It is important to notice that as each cell moves, so does its
J icc(θ, θi(j, k, l)) function, which means that the bacterium will release attractant
as it moves. As bacteria come close together there will be an increase in the attrac-
tant which will lead other bacteria towards the group, mimicking the E. coli swarm
behaviour.

After Nc chemotactic steps reproduction takes place, considering Nre the total
number of reproduction steps. The healthier bacteria asexually reproduces (split-
ting in two) generating two newly born bacteria that will be placed in the same
location as the parent bacterium, while the rest of the population will eventually
die [298].

For each elimination-dispersal event, considering Ned the total number of elimi-
nation-dispersal events, every bacteria in the population is subject to elimination-
dispersal with probability ped.

While the chemotaxis provides a basis for local search, and the reproduction
process speeds up the convergence, the elimination dispersal event is the mechanism
that creates diversity and prevents the system to be trapped in a local optima [297].
In order to better mirror the bacteria foraging behaviour it is assumed that the
frequency of the chemotactic steps is greater than the frequency of the reproduction
steps, which is in turn greater than the frequency of the elimination-dispersal events.

Applications of Bacterial Foraging Algorithm in Manufacturing BFO has
been successfully applied to a variety of engineering problems [302]. As such, some
applications of BFO in manufacturing will be reviewed in order to understand how
the manufacturing area has come to benefit from the application of this algorithm.

In [303], a BFO application to tackle the cell formation problem considering the
operation sequence, is presented. The goal was to develop a simple and efficient
BFO methodology, capable of producing quick solutions with minimal computa-
tional effort. To this end, a reproduction strategy that rewards bacteria that have
encountered more nutrients significantly faster, was used. In order to apply the
BFO algorithm, a cell membership matrix X = [xik] was chosen instead of the
bacteria position (θ(i, j, k, l)) and accordingly group technology efficiency or bond
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efficiency was defined as (1− J(i, j, k, l)). Additionally the Norm(Xm −Xim) was
adopted rather than (θm−θmi), for the calculation of Jcc(θ, P (j, k, l)). Thus, in the
cell membership matrix, each row represents a machine cell membership while the
column represents a cell number (1 one means the machine belongs to a cell and 0
zero means otherwise). Therefore, a global and local mutation was used to apply
the tumbling and running mechanism. In global mutation a column is exchanged
while in the local mutation a row is exchanged instead, according to probability
conditions. In order to provide better convergence behaviour, a frequency of two
chemotactic steps was assumed. Results showed that the BFO-based algorithm
outperforms the existing methods in terms of minimizing both the number of inter-
cell travels and the number of voids in cells. Further developments of the previous
work are presented in [304], where the cell formation problem was solved by a
matrix-based bacteria foraging optimization algorithm traced constraints handling
(MBATCH), considering cell load variations and a number of exceptional elements
(inter-cell movements). Tang, Nouri and Motlagh in [305] introduced a BFO to
minimize the sum of the machine’s constant and variable costs, inter-cell and intra-
cell material handling cost, reconstruction cost, inventory cost, back order cost and
subtracting costs, in dynamic machine cell formation problems. Swarming was not
considered in the implemented BFO, since it increases the computational cost, with
only minor improvements to the BFO performance. To model the problem, two ma-
trices were used. X matrix denotes the allocation of operation-part to machine,
while the Y matrix denotes the allocation of operation-part to cell. In order to per-
form the tumbles and runs of the bacteria, four different heuristics were used, such
as local mutation and global mutation over both matrices. The results showed that
the BFO provides better solutions in a considerable shorter time, when compared
to the branch and bound method.

An improved BFO algorithm applied to the job shop scheduling problem is pre-
sented in [306]. An encoding scheme was designed, considering the target problem.
Furthermore, an improved search scheme for chemotactic events called individual-
based searching scheme, was developed. In the proposed chemotactic scheme,
individual-based search implies that each bacteria adjust the search direction ac-
cording to its own historical information accumulated during the food searching
process. The implemented approach presented competitive results for the test data
generated by Lawrence in 1984. Ge and Tan, in [307], proposed an effective coop-
erative intelligent algorithm (CIA) based on a BFO and a PSO to minimize the
makespan in job shop scheduling problems. An operation-based representation was
adopted to properly represent a solution for the problem. A scheduling initializa-
tion algorithm to produce active schedules, was also developed by Ge and Tan, to
reduce the computation time of the algorithm as well as to increase the probability
of achieving an optimal solution. Improvements in the BFO such as the design of
a novel chemotactic model and the development of a mechanism of quorum sens-
ing and communication to improve the foraging performance, were addressed in
order to properly tackle the job shop scheduling problem. The CIA implements the
bacteria foraging behaviour as the main search mechanism however, in the end of
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each chemotactic steps, the PSO is used as local search mechanism. Computational
results were compared with those obtained by other approaches, and it was pos-
sible to conclude that the proposed approach provides a significant improvement
in the quality of the solution. Another hybrid application of a BFO to the job
shop scheduling problem is presented in [308]. The developed approach is called
harmony bacterial swarming approach (HBSA) and incorporates features of the
harmony search algorithm in the BFO, in order to achieve an improved swarming
behaviour. The chemotactic event is the most influential process in the convergence
of a BFO algorithm, and swarming takes part on it as a key phenomena to decide
the next location in the search space. In this sense, the harmonic search algorithm
was used to optimize the collective behaviour of the bacteria. The results obtained
by the proposed HBSA for job shop scheduling are comparable to the best-so-far
results obtained for the used benchmark instances.

Assembly lines are a very important constituent of mass production systems.
Typically the productivity level of these systems is highly dependent on the bal-
ancing performance. In this sense, a BFO approach for straight assembly line bal-
ancing and u-shaped assembly line balancing problems is presented in [309]. The
proposed approach follows the canonical form of the BFO, however, in order to cor-
rectly model the assembly line balancing problem an adequate representation had
to be devised. Hence, each bacteria represents a solution which consists of tasks of
the problem and assignment information of those tasks. The proposed algorithm
presented competitive performances when evaluated using a data set taken from
literature [310].

A bio-inspired approach for autonomous decision-making on the basis of the ba-
sic principles of bacterial chemotaxis movement is presented in [311]. Autonomous
controlled logistic processes are characterized by the distribution of qualified capa-
bilities through all elements. Meaning that objects are able to decide and route
themselves through a logistic network according to their own objectives. In this
context, the authors developed an autonomous control method in which each en-
tity in the system is able to take decisions according to the principals of chemotaxis.
The performance results of the developed method are provided together with an
analysis of the influence of some parameters in the dynamics of the system.

3.4.2.5 Firefly Algorithm

Fireflies in Nature Summer brings not only warmth and good weather, but also
some special and amazing natural sights, in particular the flashing lights of fireflies.
There are about 2000 different species of fireflies and most of them can be found
in marshes, or in wet wooded areas where they can prosper. Fireflies emit ’cold
light’, which is the most efficient light in the world (100% of the energy is emitted
as light), as the result of a bio-luminescence process. The light is emitted in short
and rhythmic flashes creating particular patterns associated to specific species. It is
mostly used to attract mates, although it can also be used to attract potential prey,
to defend the territory or even warn predators away. Nevertheless, in the mating
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process the rate of flashes and the amount of time, defines the signal pattern that
females respond to. In some species, female fireflies can also mimic the mating
flashing pattern in order to lure and eat the misguided male fireflies.

Main Characteristics and Principles The firefly algorithm (FA) was devel-
oped by Yang [312, 313], and it is based on the flashing characteristics of fire-
flies [314]. The algorithm is a population-based iterative procedure with numer-
ous fireflies (agents) concurrently solving a considered optimization problem. The
communication is performed via bio-luminescent signals that efficiently guide the
individual fireflies through the search space [315].

The flashing characteristics can be defined by three rules [312]:

1. ”All fireflies are unisex so that one firefly is attracted to other fireflies regard-
less of the sex.”

2. ”Attractiveness is proportional to their brightness, thus for any two flashing
fireflies, the less brighter one will move towards the brighter one. The at-
tractiveness is proportional to the brightness and they both decrease as their
distance increases. If there is no brighter one, the firefly will move randomly.”

3. ”The brightness of a firefly is affected or determined by the landscape of the
objective function. For a maximization problem, the brightness can simply be
proportional to the value of the objective function. Other forms of brightness
can be defined in a similar way to the fitness function in genetic algorithms.”

In order to translate the fireflies behaviour into an optimization algorithm, two
major aspects need to be tackled in a FA. The variation of light intensity and the
formulation of attractiveness. In the simplest case, attractiveness can be assumed
as the brightness or light intensity of the firefly, which is usually directly associ-
ated with the objective fitness function. However, the attractiveness β is relative,
meaning that it should vary with the distance rij between firefly i and firefly j. As
light intensity decreases with the distance from the source, due to the absorption
properties of the environment, the attractiveness should vary with the degree of
absorption. Therefore, in its simplest form, the light intensity I(r) varies both with
the distance r and the predetermined light absorption coefficient γ. That is

I(r) = I0e
−γr2

(3.14)

[312], where I0 is the original light intensity.
As a firefly attractiveness is proportional to the light intensity seen by adjacent

fireflies, the attractiveness β can be defined by

β(r) = β0e
−γr2

(3.15)
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[314], where β0 is the predetermined parameter attractiveness at r = 0. In the
implementation, the actual form of attractiveness function β(r) can be any mono-
tonically decreasing functions such as the following generalized form [312]

β(r) = β0e
−γrm

, (m ≥ 1). (3.16)

The distance between any two fireflies i and j at xi and xj can be represented
by the cartesian distance rij = ‖xi − xj‖2 or the l2 − norm. For other types of
application, the distance can assume specific metrics according to the problem at
hand, for example, in a scheduling applications the distance can be time delay or
any suitable measure.

The attraction movement of a firefly i towards a brighter firefly j, is determined
by

xi = xi + β0e
−γrij2(xj − xi) + αεi (3.17)

[314], where the second term is due to the attractiveness, while the third term is
randomization with α being a randomization parameter. εi the vector of random
variables drawn from a Gaussian distribution. Furthermore, if the problem at
hand presents a significant difference in scales between different dimensions, then
α should be replaced by αSk where the scaling parameters Sk(k = 1, ..., d) in the d
dimensions should be determined by the actual scales of the problem.

Within FA, the variation of attractiveness γ (light absorption), assumes a major
role in the convergence and behaviour of the algorithm. Although in theory, γ ∈
[0,∞], in practice, γ = O(1) is determined by the characteristic/mean length Sk of
the system to be optimized. In this sense, when γ → 0, the attractiveness β = β0
is constant. It is the equivalent of an ideal sky, a sky where the light intensity
does not decrease with the distance, hence a flashing firefly can be seen anywhere
in the domain. This corresponds to a special case of PSO. On the other hand,
if γ → ∞, we have β(r) → δ(r), which is a Dirac δ-function. This means that
the attractiveness between fireflies is almost zero. It is the equivalent of a foggy
sky, where the fireflies cannot see each other, assuming a random path. Therefore,
this behaviour is equivalent to the random search method. As the firefly algorithm
is usually in somewhere between these two extremes, it is possible to adjust the
parameter γ and α so that it can outperform both the random search and PSO.
In fact, FA is able to find simultaneously the global and local optima in a very
effective manner [312,313].

Applications of Firefly Algorithm in Manufacturing Despite the FA recent
introduction, the ability to simultaneously find both global and local optima as well
as the possibility to tune the algorithm behaviour, makes the FA one of the most
promising recently developed heuristics [312]. As such, some publications reporting
the application of FA in the manufacturing topic can already be found in literature.

In order to tackle a permutation flow shop scheduling problem, Sayadi, Rameza-
nian and Nasab [316] introduced a discrete FA (DFA), with the objective to mini-
mize the makespan. A mathematical model for permutation flow shop scheduling
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problem was developed, in which the ith firefly in the tth generation is represented
by a position matrix of n jobs by k priorities. An element of the matrix assumes
the value 1 if job n is placed in the kth priority and 0 otherwise. When a partic-
ular firefly i moves towards a brighter firefly j, the position matrix of the firefly
i is converted from binary to a real number so that the distance can be updated
when the move is executed. Afterwards, the real numbers are converted again to
binary through the application of a sigmoid function which represents the proba-
bility of each matrix element to be one. At each iteration of the algorithm, a local
search mechanism is used to improve the quality of the best solution. Results from
comparison with an ACO, showed that the implemented approach presents better
results. In [317], a FA is applied in another flow shop lot streaming problem with
equal and variable size sublots. The objective is to minimize the makespan and
total flow time and determine the optimal sublot size. The implemented approach
follows the canonical FA form, however, the evaluation of the solutions fitness is
measured by the makespan, while the distance between two fireflies, represented by
the job sequence, is computed by the Cartesian distance in a d-dimensional search
space. A comparison between the FA and an artificial immune system was per-
formed and revealed that the FA produces clear and consistent superior results. A
resource constrained project scheduling problem (RCPSP), solved using a FA, with
the objective to minimize the makespan of a schedule by considering constraints is
proposed in [318]. In the presented implementation each firefly represents a sched-
ule for the problem at hand. The number of activities is equivalent to the number
of dimension of the search space. A position in the search space is represented
as a priority list, in which each element of the list represents an activity and its
priority. The lower and upper bound of the priority values are set as 0 and 1
respectively. In order to update the position, the flashing light intensity of each
firefly is computed. The flashing light is considered the makespan of the schedule
abstracted by a firefly. After calculating the new position, the permutation process
is used by the algorithm to permute this new solution. A comparative study with a
known scheduling problem library benchmarks showed that the FA is competitive
compared to state-of-the-art approaches. In [319], a FA is applied to the job shop
scheduling problem, in order to minimize the makespan. Furthermore, some studies
on analysis and experimental design of FA were carried out, through which it was
possible to conclude that with the appropriate parameter settings the algorithm
was able to produce the best results so far for the proposed problems.

In a PCB holes drilling process, the distance travelled by the drill highly influ-
ences the time taken for the task completion. In this context, in [320] the authors
used the firefly behaviour characteristics to develop a general FA based algorithm
that can be adapted into any optimization problem such as path optimization. Ev-
ery individual firefly position in the search space represents a possible path solution
for the problem. The fitness of the firefly is inversely proportional to the distance of
the path, meaning that a shorter path implies a better fitness. Through the attrac-
tion towards brighter individuals, every firefly will try to improve its own fitness,
offering a better solution for the problem. Results showed that the FA performed
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better than other state-of-the-art approaches.
A different application of the DFA introduced earlier [316], is presented in [321]

to solve the manufacturing cell formation problem. In the cell formation problem,
the objective is to assign parts and machines to a fixed number of part families and
associated manufacturing cells, so that the cell coupling is minimized and each cell
does not contain more than a specified maximum number of machines. In this sense,
there are two types of variables, one that relates the part with the part family zjk
and another that relates the machine with the cell yik. Nevertheless, only one set
of variables need to be searched, since with the obtained solutions it is possible to
compute the other set. Considering yik, each firefly assigns machines to cells based
on its changes of probabilities. Once again, the obtained results demonstrated the
effectiveness of FA.

In [322] the authors investigated the application of a canonical FA to find op-
timal solutions in several benchmark machining models. In order to find the best
algorithm parameters, a large number of experiments where conducted with an
initial setting of parameters defined according to literature reports. The FA was
then analysed and compared with a proposed PSO. The FA outperformed the PSO
in all of the test problems in terms of solution quality, speed of convergence and
computation time.

3.4.2.6 Cuckoo Search

Cuckoo Breeding Behaviour Cuckoos are very interesting birds. Although
they are more commonly recognized by their familiar sound, they are also charac-
terised by the development of a very aggressive breeding strategy. Some species
such as the Ani and Guira cuckoos lay their eggs in communal nests [323]. In many
occasions, the cuckoo progenitor even removes other’s eggs in order to increase
the probability of the hatching of their own eggs [324]. This aggressive reproduc-
tion strategy is commonly known as brood parasitism and can be divided in three
basic types, such as intraspecific brood parasitism, cooperative breeding and nest
takeover [325]. In case the host bird discovers that the nest contains unfamiliar
eggs, it will either abandon the nest and build a new one somewhere else or it will
simply throw the parasite eggs out of the nest. Nevertheless, some cuckoo species
are specialized in mimicking the egg colour and pattern of some host species in
order to increase the eggs hatching probability. Furthermore, parasitic cuckoos
specifically time their actions according to the egg-laying of the host bird. Since
cuckoo eggs usually have a slightly shorter hatching period, this behaviour encour-
ages the instinct of the cuckoo chicks to, as soon as they hatch, evict the host eggs
by throwing them out of the nest and in this way increase their food share [323].

Main Characteristics and Principles Cuckoo search (CS) is a recently in-
troduced metaheuristic, by Yang and Deb [323], inspired in the cuckoo aggressive
breeding strategy. CS can be defined by three idealized rules [323,325]:
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• Each cuckoo lay one egg at a time and dumps it in a randomly chosen nest;

• The nest that hold the best quality eggs (solutions), will carry over to the
next generation;

• The number of available host nest is fixed, and a host bird can discover an
unfamiliar egg with a probability pa ∈ [0, 1]. In this case, the host bird can opt
by either throw the egg away or abandon the nest so as to build a completely
new nest in a new location.

This last assumption can be approximated by the replacement of a fraction pa of
the population, with new nests (new random solutions at new locations) [323]. The
objective functions used in CS can be defined in a similar way to the fitness functions
in evolutionary approaches. For a maximization problem, the quality or fitness can
be simply proportional to the objective function. Unlike other metaheuristics, one of
the CS singular aspect is the use of Lévy flights (class of random walks characterized
by the use of a probability distribution with a power law tail, for the calculation of
the step lengths [326]) both for global and local search.

In order to better understand the CS algorithm, lets consider that each nest
contains one egg (although adjustments can be done in order to support more). In
this context, n nests (xi(i = 1, 2, ..., n), with n = population size) are randomly
distributed over the search space. Initially, each nest, except the best one, used
to be replaced in different iterations. However, in the more recent versions all
the nests, except the best one, are replaced by a new solution in a single step.
When generating a new solution, a cuckoo i, currently located in the nest xi(t), is
randomly selected to try to find a location for a new nest by Lévy flight

xi(t+ 1) = xi(t) + α⊕ Lévy(λ), (3.18)

where the product ⊕ means entry-wise multiplications and α > 0 is the step related
to the scale of the problem [323]. In the majority of the situations it can be assumed
that α = O(1). Lévy flights, draw their random steps from a lévy distribution for
large steps

Lévy ∼ u = t−λ, (1 < λ ≤ 3), (3.19)

which has an infinite variance with an infinite mean [327]. After finding the new
location, the quality associated with it is calculated according to the objective
function f(xi(t+1)). From the population, a randomly chosen nest j is selected from
which the quality f(xj(t)) is compared with the quality of the newly found location
f(xi(t+ 1)). If the quality of the recently found location is better than the quality
of the randomly selected nest (f(xi(t+ 1)) > f(xj(t))), then the randomly selected
nest will be moved to the newly found location where the cuckoo will lay an egg
(xi(t+ 1)← xj(t) and f(xi(t+ 1))← f(xj(t))) [328]. The consecutive jumps/steps
of a cuckoo, generate a random walk process which obeys to a power-law step-length
distribution with a heavy tail. Furthermore, a fraction pa of the worst quality nests
is abandoned and replaced by new ones in a location calculated via Lévi flights.
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When n is fixed, pa controls the elitism and the balance of randomization and local
search. This iterative process continues until a pre-defined number of generation or
until a stopping criteria is triggered.

In short, CS is essentially composed by three very important components, selec-
tion of the best, exploitation by local random walk, and exploration by randomiza-
tion via Lévy flights globally. A good combination of these three components can
result in a robust and efficient algorithm [325]. Furthermore, the reduced number
of tunable parameters, potentiates the generic nature of CS, while the use of Lévy
flights ensures the creation of diversified solutions and increases the efficiency of
the search space sampling.

Applications of Cuckoo Search Algorithm in Manufacturing According
to [323], the need to tune fewer parameters, is part of the reason for the superior
performance of CS handling mutimodal objective functions, compared to other
optimization algorithms. Furthermore, testing results showed that the convergence
rate of CS is insensitive to pa [323]. Therefore, despite its recent introduction, CS
seems to be very robust and generic for many optimization problems. In this sense,
applications of CS in manufacturing will be reviewed.

A CS-based approach for scheduling optimization of a flexible manufacturing
system is presented in [329], with the objective of minimizing the penalty cost due to
delay in manufacturing and maximize the machine utilization time. The evaluation
of the solution was defined as the weighted sum of both objectives, assuming equal
weights for both individual objectives. Due to the discrete nature of the problem
solution, some slight modifications were introduced in the CS method as well as
in the Lévy search operator. The results obtained revealed better solutions or as
good as the ones provided by GA, PSO, and two other algorithms, each one based
on a different priority rule (shortest or longest processing time). In [330, 331],
Babukartik, Dhavachelvan and Raju, proposed an hybrid algorithms that combines
the advantages of ACO and CS to minimize the makespan in a job scheduling
problem. In this approach, CS was used to speed up the local search performance
of the ACO, due to the need of performing the search much faster when dealing with
combinatorial optimization problems. The results demonstrate that the difference
in execution speed, between a normal ACO and the proposed hybrid algorithm,
increases steadily for the number of tasks. The more the number of tasks the the
faster is the hybrid algorithm.

The optimization of system reliability is a vital aspect in real world applications.
In this sense, a penalty-guided-based CS for the reliability redundancy allocation
problem is proposed in [332]. Five case studies were implemented in order to
evaluate the performance of the canonical CS approach on reliability allocation
problems. Simultaneous decisions are considered for both the redundancy (number
of redundant components) and the corresponding reliability of each component in
each subsystem under multiple constraints. Experimental results showed that the
CS algorithm led to the best solutions, compared to other methods.
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In [333], a CS algorithm is introduced to optimize the best sequence of opera-
tions in order to achieve the shortest path in a printed circuit board holes drilling
process. Therefore, a suitable representation of the problem was developed. Each
egg abstracts a vector of size [1× n], where n is the number of holes to be drilled.
The fitness of each solution was calculated through an adjacency matrix that estab-
lished the hole-to-hole distance. New eggs were generated by random walk. Results
demonstrate that CS was able to find optimal drill path at a faster rate than PSO
and ACS.

An application of CS to optimize cutting parameters in milling operations, is
presented in [334]. The objective was to maximize the total profit rate, accord-
ing to both the unit production time and the unit production cost. Furthermore,
some constraints were also taken in consideration. The canonical form of the CS
algorithm was implemented to tackle the problem, nevertheless the length of the
random walk with Lévy flight was defined according to Mantegna’s algorithm. Re-
sults showed that CS is an important alternative for the optimization of machine
parameters in milling operations, and can be easily adapted to consider the opti-
mization models of milling regarding various objectives and constraints.

Multimodality, non-separability, and high dimensionality imposed by many simu-
lation-based optimization problems, are some of the challenges that traditional ana-
lytical optimization methods have been unsuccessfully able to cope with. Therefore,
discrete-event simulation combined with optimization, called simulation-based op-
timization, has been a popular method to improve real-world systems. In this
context, the investigation of the CS algorithm performance for the prioritization of
different engine components being simultaneously processed in a manufacturing line
at a Volvo factory in Sweden, is presented in [335]. Similarly to many real problems,
the problem to be optimized involves two conflicting objectives, such as the maxi-
mization of the utilization of machines, simultaneously with the minimization of the
tied-up capital. Therefore, some concepts from the existing pareto-based algorithm,
called non-dominated sorting GA (NSGA-II), were introduced in the canonical CS
algorithm to develop a pareto-based CS approach. The results from the performed
tests, showed that the extended CS outperformed the multi-objective benchmark
algorithm NSGA-II in most of the continuous test problems. However, the extended
CS performed worse than NSGA-II on the combinatorial test problems. This reveals
that Lévy flights might not be adequate for combinatorial problems.

3.4.3 Neural Systems
The neural system, since early, has also been a source of inspiration to solve com-
plex problems. Neural engineering, can be traced back to the logic-level description
of a neuron, given by McCulloch and Pitts in 1943 [336], aiming at the reproduction
of brain functionalities to engineer intelligent machines. In 1959, Rosenblatt devel-
oped the perceptron, which was a neural network with two layers of computational
nodes and a single layer of interconnections [337,338]. It was limited to the solution
of linear programs [339]. Werbos [340], in 1974 expanded the capabilities of neural
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networks from linear to non-linear domain, aiming to develop a method as general
as linear regression, but with non-linear capabilities. However, it was in the year
of 1986 that Rumelhart and McClelland [341] presented one of the most important
breakthroughs in the history of artificial neural networks (ANN), with the redis-
covery of the back propagation learning algorithm [342]. Nevertheless, since its
first appearance, a variety of neural network paradigms have been developed and
analysed [339,343,344].

3.4.3.1 Artificial Neural Networks

Biological Neural System A neuron, is an electrically excitable cell that pro-
cesses and transmits information through electrical and chemical signals. Neuronal
cells consist of a body with ramifications, called, dendrites, able to receive signals
from several neighbour neurons, and a single filament, known as axon, that carries
the outgoing electrical signals emitted by the neuron [49]. The tip of the axon
branches out to establish contact with several other neurons. Simultaneously, a
neuron or a muscle cell can receive signals from distinct sources. Located at the
contact point between the axon and the dendrite of the emitting and receiving neu-
ron, respectively, there are electrochemical devices, known as synapses, responsible
for the transmission of the electrical signals. These electrical signals generate a
voltage difference across the membrane that travels from the dendrite to the body
of the receiving neuron, affecting the voltage difference between the interior of the
neuron body and the external environment [49]. The voltage difference is known as
activation level or potential of the neuron. The reception of incoming signals, brings
the activation level towards positive values (depolarization), causing the discharge,
also known as action potential, of chemical substances called neurotransmitters,
when a particular threshold is reached. Neurotransmitters open molecular gates on
the dendrites that allow the flow of electrically charged particles, from the emitter
to the receiver. Due to its almost instantaneous characteristic, the output discharge
is often referred as pulse or spike. After the action potential, a phase of hyperpo-
larization follows in which the neuron goes back to negative values larger than the
resting level. Finally, the neuron returns to its normal rating potential. This cycle
was first identified in [345].

Main Characteristics and Principles ANN are computational models that
attempt to capture the behavioural and adaptive features of biological systems, in
order to solve complex problems [342]. An ANN is a composition of interconnected
units (artificial neurons), in which some of the neurons receive their inputs directly
from the environment (input neurons), some have direct effect on the environment
(output neurons) and others only communicate with neurons inside the network
[49].

The complexity of real neurons is highly abstracted by the artificial neurons that
compose an ANN. Each artificial neuron simply implements an operation which con-
sists in becoming active if the sum of all the incoming signals is larger than the
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neurons threshold. When active, a neuron emits a signal to all its neighbours. The
incoming signal arrives through the neuron connection or synaptic point, and is
multiplied by a signed weight, also known as synaptic strength [49]. A mathemat-
ical function then according to the input signals, determines the activation of the
neuron. A different function, commonly the identity, can be used to compute the
output of the artificial neuron [346]. It is important to notice, that due to the artifi-
cial neuron mathematical nature the weight of an artificial neuron can also assume
negative values, reflecting an inhibitory connection. By adjusting the weights of
the artificial neuron, the desired output can be obtained.

The process of adjusting the weights is commonly known as learning or train-
ing [346]. Several types of learning rules with specific functionalities can be applied,
according to the specific architecture [49]. One of the most popular training meth-
ods, responsible for the ’renaissance’ of the ANN field, is the back-propagation
method [346, 347]. The successful training of an ANN can results in a ANN that
is able to perform tasks such as prediction of an output value, classification of ob-
jects, approximation of functions, pattern recognition in multi-factorial data and
completion of known patterns [339]. Furthermore, the distribution of the knowledge
across several artificial neurons, implies that the knowledge or the global behaviour
of the network only emerges through the pattern of activation of the artificial neu-
rons [346], and cannot be observed in the individuals elements of the network.

Since their introduction several ANN types have been developed. In this sense,
some of the more frequently used ANNs are listed below, according to the date of
their discovery [342]:

• Hopfield networks [348,349];

• Adaptive resonance theory networks [350,351];

• Kohonen networks [352];

• Back-propagation networks [347];

• Recurrent networks [353,354];

• Counterpropagation networks [355,356];

• Radial basis function networks [357].

The attractiveness of the application of ANN in engineering problems is sub-
stantiated by the characteristics that these systems present. ANN are very robust
to signal degradation. As the noise level increases the ANN displays a graceful
degradation by increasing the error rate more or less uniformly in all input domain
or by making errors for specific patterns, while providing a correct output for all
other patterns [49]. ANN are also not domain specific, providing the ability to
tackle several types of problems, even when no analytical solution is available. The
fact that neural networks store a larger number of input-output associations than
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the number of available synaptic strengths, extracting invariant features of the pat-
terns, also enables the generalization of the ANN response to new and unknown
input patterns [342]. Furthermore, ANN retrieve contents by matching and can do
so even when the input pattern is incomplete or corrupted. In some neural mod-
els, derived from adaptive resonance theory [358], the more familiar patterns are
recognized faster than the ones that are different or seen less frequently [49].

Applications of Artificial Neural Networks in Manufacturing The appli-
cations of artificial neural networks to solve a wide range of computationally difficult
problems have attracted an increasing interest from the industrial sector as well as
the research community [359]. In this sense, some of the successful applications of
ANN in manufacturing will be further reviewed.

Simulation is a very important tool in the area of production and logistics, to
adequately model reality in a simulation environment, allowing the planning eval-
uation and monitoring of relevant processes. In this sense, Bergmann and Stelzer
present in [360] a new methodology, based on ANN, for the generation of dynamic
behaviours, directly usable in simulation. The main goal is to speed up the mod-
elling process and increase the accuracy of the simulation model. In order to use
the empirically collected rule information, the obtained input data had to be trans-
formed in snapshots. The network structure used was a Multi-Layer-Perceptron
(MLP) with one hidden-layer. Furthermore, two test cases were developed, where
the ANN had to learn the shortest processing time (SPT) dispatching rule offline.
Results showed that ANN could properly approximate the model of the dynamic
system behaviour, like dispatching rules.

In [361] the development of an ANN based recognition intelligent system for
prismatic part machining features from CAD models, is proposed. The feature-
recognition system was trained and optimized for its performance with a large set
of feature patterns. A feature recognition vector scheme, which properly repre-
sents the topology and geometry of the feature, was designed to enable the ANN
classification of the input feature patterns in an unambiguous manner. A multi-
layer feed-forward back-propagation neural network (BPNN) was used, due to its
good learning and generalization capabilities for pattern association and pattern
recognition problems [362]. The developed ANN presented very good generaliza-
tion capabilities by recognizing all the know and many unknown feature patterns.
Another ANN application for recognition purposes is presented by Rangwala and
Dornfeld in [363]. A multi-layer feed-forward neural network was developed to rec-
ognize the tool wear in turning operations. The neural network learned to perform
tool-wear detection through information from the sensors on acoustic emission and
cutting force. Experiments were conducted with fresh and worn data on a tree
lathe and the information was transformed between time and frequency domains
using fast Fourier transformation. The ANN showed superior learning and fault
tolerance capabilities which contributed to the high success rates in the recognition
of tool wear. Nevertheless, design parameters such as training parameters, network
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structure and sensors, affected the performance of the system.
Many manufacturing process are multi-stage with quality characteristic prece-

dences between stages. Hence, the quality of a product in the end of each stage,
not only depends on the current stage operation conditions, but also on how well
preceding stages have performed. In this context, in [364] an attempt to control an
autocorrelated multivariate multi-stage process, is presented. A single fully con-
nected feed-forward four-layer ANN was design to model the problem. A feature
vector, with embedded characteristics was also developed to help detect the mean
shift of the process and the stage at which the shift occur. In order to model an
autocorrelated process, a multivariate autoregressive (MAR) model was employed
to generate observation from an AMP (Autocorrelated Multistage Process) process.
The generated data was then used to train, test and evaluate the network. The
results of the evaluation study demonstrated that the designed ANN does not pos-
sess a very good in-control average run. However, its performance in terms of the
out-of-control average run length was quite satisfactory.

The use of robot manipulators to perform the welding process, has been increas-
ing in the automotive industry. In the execution of a complex trajectory welding
process, the speed of the end-effectors of the robot manipulator is affected on every
joint. For that reason, the use of noise and vibration information is very important
in order to help predicting possible faults in the robot. In this context, in [365], two
types of neural network predictors (self-organising map neural network (SOMNN)
and radial basis neural network (RBNN)) are used to detect actuator faults in a
six axis welding robot manipulator. Results showed that the proposed RBNN pre-
sented a robust stability to analyse the acceleration of the manipulator joints during
a prescribed trajectory, achieving a better performance compared to SOMNN. Fur-
thermore the proposed technique could be employed to predict fault isolation in a
robot manipulator with a larger number of degrees of freedom.

In [366], a stochastic neural network applied to production scheduling and de-
signed to minimize the total actual flow time of jobs with sequence dependent setup
times, is proposed. The neural network implemented was a Gaussian machine. The
system dynamics were designed to foster the convergence of the scheduling sequence
that minimizes the total flow-time of the system given the processing and setup
times. Despite the need to specify the network parameters, the results showed that
the proposed neural network converged to near-optimal, if not optimal, schedules
in terms of total actual flow time. Lo and Bavarian in [367], extended the cross-
bar Hopfield network to solve the classical multiple task scheduling on multiple
servers. A three-dimensional neural network called neuro-box network (NBN) was
developed with job, machine, and time as dimensions. The NBN determines the
sequence and timing of each job on each machine such that the total setup cost
and total time for job completion is optimized. The NBN is able to evolve in time
and provide on-demand schedules each time new circumstances arise such as new
job arrival or machine breakdown. The results showed that the NBN converged to
valid schedules in all the simulations.

Material properties and selection are evermore important in product design, in
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order to attain sustainable products that comply with current economical and en-
vironmental standards. As such, an GA and ANN integrated approach to optimize
the multi-objectives of material selection, is introduced in [368]. The candidate
material selection is performed, taking into account the material mechanical prop-
erties, life cycle cost and environmental impact. The GA is adopted to select the
input variables of the implemented back-propagation neural network, simplifying its
structure and improving its learning performance. Results showed that the system
effectively managed to harmonize the different selection factors and select suitable
materials.

3.4.4 Immune Systems
The immune system is a composition of biological structures especially developed
to protect an organism against external attacks and internal faults. To function
properly, an immune system must detect a wide variety of harmful entities, and
distinguish them from the organism’s own healthy tissue.

Despite its biological purpose, the immune system has a number of properties
that are very interesting from an engineering perspective [369]. Each individual’s
immune system possesses particular vulnerabilities and capabilities (uniqueness),
that hinder the proliferation of harmful entities. The immune system, recognizes
(an absolute recognition is not required (noise tolerance)) and eliminates intrusive
elements (recognition of foreigners), even if the host body has never encountered
them before (anomaly detection). Furthermore, the immune cells are distributed
over the host body without any centralized control (distribution detection), which
fosters the system robustness. After a first attack of a specific pathogen (a pathogen
is any infectious agent such as a virus, bacterium, prion, or fungus, that typically
resorts into hostile actions towards the host), the system can learn and optimize its
response to possible future attempts by the same pathogen (reinforcement learning
and memory).

Hence, artificial immune systems (AIS) are any human-built system that mimic
processes that are present in biological immune systems. The application of an
AIS can go beyond system protection and encompass functions such as pattern
recognition, function optimization, biological modelling and noise reduction.

Biological Immune Systems Biological immune systems are extraordinarily
complex and usually composed by several constituents that work in coordination.
While adaptive immunity occurs only in vertebrates, all multicellular organisms
have some form of innate host defence system [370]. It is, therefore, useful to
distinguish between innate immunity (immune response that do not change during
the lifetime of the host), and adaptive immunity (immune response that that can
change during the host lifetime), although both work in strict coordination [49].

The Innate Immune System An efficient immune response implies that the
immune system recognizes and destroys, or at least interferes with the activity of
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any pathogen that breaches the physical barriers of the host and enters its body. In
order to identify intrusive pathogens, the immune system uses different molecular
structures that are not present in the healthy host. Hence the the immune system
relies on a collection of immune detectors that are distributed in the hole body of
the host, carrying pattern recognition receptors (PRR) [371]. Any structure that
can be identified by a PRR is known as antigen, while the structure of the antigen
that is recognised by the PRR is known as antigenic, determinant or epitope [49].
Not only pathogens possess antigens, the same is true for the host, however, in this
case they are called autoantigens. Therefore, it is of the foremost importance that
the immune system is able to differentiate them and focus on the pathogen. For
this purpose, the PRRs are structured to recognise pathogen associated molecular
patterns (PAMP) [49]. However, since the PRRs of the immune system are ge-
netically encoded and cannot change during the host’s lifetime, they must target
PAMPs that cannot be easily modified or hidden, in order to decrease the chances
of escape detection. When a detector identifies a pathogen, the detector is activated
and proceeds to activate a collection of immune effectors responsible for the attack
and destruction of the pathogen. In order to generate a decent immune response,
the activation of tailored effectors is influenced by the proper recognition of the
pathogen. Furthermore, effectors also trigger an inflammatory response that fo-
cuses the immune system response to the attack site. Despite the proven efficiency
of innate immune systems, their inability to change has been highlighted to be a
major drawback in the detection of pathogens that can evolve and change their
PAMPs.

A solution to this problem consists in endowing the protection system with the
possibility to change during the lifetime of the host.

Monitoring of Sub-systems A different problem that the immune system
has to handle is the monitoring of sub-systems to which the immune detectors and
effector do not have access [49]. In this context two different strategies can be
adopted by the vertebrate immune system, which require the active collaboration
between sub-systems. In the first case, the innate immune system distributes ef-
fectors in the host body that, unless inhibited by special signal produced only by
healthy host sub-systems, destroy everything that comes near them. On the other
hand, the second strategy requires the cooperation of the adaptive immune sys-
tem. It consists in requiring sub-systems to report to specialized interfaces known
as ’billboards’, their internal activity [372]. The adaptive immune systems will
then scan the billboards and engage the sub-systems that display pathogenic ac-
tivity. In order to reduce the efficiency of any possible countermeasure taken by
the pathogen, distinct individuals process and affix their internal activity in the
billboards in different ways.

The Adaptive Immune System Adaptive immune systems, similarly to the
innate immune systems, rely in a collection of detectors and effectors. However, the



3.4. ON THE CLASSIFICATION OF BIO-INSPIRED ALGORITHMS 95

differentiation point with innate immune systems is that both of these structures
can evolve during the host lifetime. In this context, the focus is then the definition
of an adequate strategy that fosters the generation of effective detector and effectors
without disturbing the normal cellular activity [49].

One of the key aspects of the adaptive immune system is the differentiation be-
tween a pathogen’s antigen and an autoantigen. Since the antigens of the pathogens
do not clearly differ from the autoantigens, the use of the context context is required.
In this sense, the innate immune system assists the host tissues in identifying some
regions of the host as danger zones [49]. Patterns found in the non-danger zones,
are marked as harmless, while patterns from antigens found in the danger zones are
assumed to belong to a potential pathogen. Danger zones are not static and are
highly dependent on the presence of danger signals [373, 374]. Any PAMP that is
recognized by the innate immune system as pathogen structure and is not rapidly
removed, due to the inefficiency of the innate immune system, is considered as a
danger signal. The same is valid for the release of distress signals by the host tissues
(an example is the presence of cellular structures usually hidden from the immune
system).

In this context, the production of adaptive immune system elements able to
recognise and destroy the pathogen, starts by the generation of an initial collection
of candidate detectors and effectors carrying random PRRs. However, due to the
random origin of the PRRs, the newly generated immune elements are inactive and
are transported to specialized safe regions, to interact with a large set of autoanti-
gens [49]. In this safe region the immune elements undergo a process denominated
negative selection, in which all the responsive elements to any autoantigens are
eliminated. The unresponsiveness of the immune elements towards an antigen is
categorized as tolerance, and this process is known as central tolerance. A mech-
anism of positive selection is also performed to preserve only the detectors able
to inspect the billboards of the sub-systems present in the regions where central
tolerance is established [49]. The still inactive elements that managed to overcome
both the negative and positive selection stage are dispatched to specialized meeting
places, linked to a network, over which the recent elements can circulate freely.
Furthermore, a new selection stage, known as peripheral tolerance, is performed in
order to eliminate the remaining auto-reactive elements. In this stage, special im-
mune agents called antigen-presenting cells (APC) [371], patrol the host body and
regularly engulf antigens that are identified in the surrounding areas. The APCs
are then moved to the meeting places, where captured antigens are presented to the
detectors, by using ’professional’ billboards with which the APCs are endowed [372].
In case there are no danger signals the APCs remain inactive. In this context, when
the inactive APC presents an antigen to the detectors, the antigen is assumed as not
dangerous. This means that the detector that identified the antigen is auto-reactive
and therefore needs to be eliminated. Through this mechanisms immune elements
that recognise non-dangerous antigens are more likely to be eliminated rather than
activated. This mechanism of peripheral tolerization is known as frequency-based
tolerization [49]. Moreover, any inactive element is eliminated, if it does not iden-
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tifies within a certain period of time an APC that presents an antigen recognizable
by it. This means that all the elements that are not useful in the defence of the
host are eliminated.

When in the presence of danger signals the APCs actively destroys antigens
and become more willing to migrate to meeting places. In this case, the antigens
presented by the active APCs, are assumed to belong to something dangerous [49].
Any detector or effector that recognises the pattern in the APC is activated. Acti-
vated detectors replicate themselves, and each copy is responsible for the activation
of the effectors that target the same antigen. In the replication process, some of
the detectors and effectors might suffer slight mutations in their PRRs, in a process
similar to natural evolution known as somatic hyper-mutation. The most effective
elements are then preferentially selected. The selection of the effectors to be acti-
vated, is guided by the danger signals that triggered the initial activation and by
additional signals produced by tissue under attack [374]. The effectors are then
distributed in the host body and proceed with the elimination of the pathogen.
The elimination process is achieved, without producing new danger signals, avoid-
ing the system positive feedback which would lead to an uncontrolled response.
The immune elements are automatically deactivated according to the number of
eliminations or the elapsed time since their activation. Similarly, the active APCs
die or revert to an inactive state, some time after entering a meeting place [49], in
order to keep the system updated.

Once the elimination rate of the pathogen is greater then the pathogen replica-
tion the host starts to get back to its normal state. With the incremental reduction
of danger signals, the immune system stops the activation of more elements. Most
of the remaining elements generated to fight the invader pathogen are eliminated,
except for a small number formed by the most efficient detectors and effectors.
These elements are included in the immune memory to expedite the immune sys-
tem response to a possible future similar attack [49].

Adaptive immunity presents important improvements when compared to in-
nate immunity. Nevertheless, the speed with which the adaptive immune system
responds to an attack is crucial. A slow response, and consequent escape of a
pathogen, might implicate serious consequences to the body of the host. Another
potentially danger situation for the adaptive immune system, is the case in which
a pathogen enters the host body without generating any danger signals, and conse-
quently, by the time the adaptive immune system detects its presence, it is already
too late [49].

3.4.4.1 Clonal Selection Algorithm

Main Characteristics and Principles The clonal selection algorithm (CSA),
is an algorithm inspired by the clonal selection principle which explains the response
of the adaptive immune system to an antigen stimulus [375–378]. The basic idea
consists in the selection and proliferation of immune elements candidate solutions
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to the problem, that present the highest affinity (degree of match, or fitness values)
with the pathogen’s antigens (objective) [379,380].

Typically the initial population of immune elements is randomly generated. Af-
ter the initialization process, the immune elements are able to recognise a pathogen’s
antigen with a certain affinity. According to the affinity level, immune elements will
be stimulated to replicate. Meaning that solutions with higher fitness levels will be
more readily selected for replication and will replicate in a larger scale, compared to
solutions presenting lower fitness [381]. In the replication process (cloning process),
some of the immune elements might undergo the process of somatic hyper-mutation.
The somatic hyper-mutation operator, is inversely proportional to the affinity of
the immune elements [378]. Consequently, solutions with higher fitness are sub-
jected to less mutation, compared to those with lower fitness. After the execution
of this mechanism, a new set of immune elements is available. Nevertheless, most
of the mutated elements might not be viable due to possible violation of problem
constraints. In this case, the not viable immune elements are programmed, by the
immune system, for destruction through a process known as apoptosis. Occasion-
ally, a successful mutation improves the immune element affinity, in which case that
particular element will be selected for replication [381]. The process of constant
selection and mutation of the immune elements, that better recognise specific anti-
gens, is known as affinity maturation [381]. This mechanism, fosters the evolution
of the immune elements to better recognise pathogen’s antigens.

After the affinity maturation, a percentage of the immune elements in the pop-
ulation is eliminated and replaced by randomly created immune cells. This mech-
anism, called receptor editing [378], encourages global convergence and population
diversity by exploring new regions of the search space. The resulting set of immune
elements is then considered for the next generation. The iterative process contin-
ues until a pre-defined number of generations is reached, or a stopping criteria is
satisfied.

Although CSA has been reported to provide better results compared with a
number of heuristics for specific problem types [382–385], researchers have identified
some weaknesses of CSA, often associated with the convergence behaviour [386,387].

Applications of Clonal Selection Algorithm in Manufacturing Despite
some convergence problems, the flexibility and ability to evolve in relation to the
surrounding conditions make the CSA very interesting and applicable in several do-
mains. Some of the most commons are function optimization, pattern recognition,
design, scheduling, industrial engineering (IE) related problems, TSP (travelling
salesman problem), time series prediction, classification, fault diagnosis, machine
learning, and virus detection, among others [378]. Therefore, some CSA applica-
tions in manufacturing, that can be found in the literature, will be reviewed.

The development of a CSA for the traditional facility layout problem, is pre-
sented by Ulutas and Islier in [388]. In order to properly model the problem, each
immune element abstracts a possible layout represented by a integer-valued string,
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composed by n departments. The objective of the facility layout arrangement is to
minimize the handling cost resulting from the manufacturing activity. The affinity
cost of each immune element is equal to the inverse of the handling cost, meaning
that the lower the cost value the higher the affinity value. The cloning process
is implemented using the roulette wheel method, where the affinity values of each
element are used for selection and cloning. In order to avoid local optima, a two
phased mutation procedure (inverse mutation and pair-wise interchange mutation)
is adopted together with an adaptive strategy that adjusts the mutation rate accord-
ing to the affinity value. The CSA proved to be successful solving the traditional
layout facility problem. The same authors apply in [385], a similar CSA to a dy-
namic facility layout problem. The dynamic facility layout problem considers not
only the handling cost, but also the re-layout of the system in order to address dy-
namic production requirements. In this sense, layout change decisions are devised
in order to achieve a trade-off between handling and re-layout costs. Similarly, an
integer-valued string is used to model the possible layout solutions, but in this case
several periods are considered. Therefore, each immune element is composed by a
string with the permutation of N machines in the sequence of T periods. The result
analysis showed that CSA is a fast and robust tool for dynamic layout problems,
especially in large scale problems.

The application of an CSA based approach, called ClonaFLEX, to solve the
flexible job shop scheduling problem with recirculation, is presented in [381]. Cus-
tomized operators were develop to model the flexible job shop problem. The im-
mune elements representation is composed by two parts and was developed to ensure
only feasible solutions. The operation order string encodes the order of the oper-
ations to be processed and the machine order string represents the assignments of
machines to operations. A bootstrapping method is introduced, in order to reduce
the search time required, by establishing optimal machine order through the selec-
tion of the best machine for each operation. Due to the two part representation
of the immune elements, different mutation operators were implemented to act on
each of the parts. Furthermore, a novel approach, based on elite pools, to prevent
premature convergence is also presented. Through the comparison of the obtained
results, with the results of other approaches, it was possible to conclude that Clon-
aFLEX obtained better or equal results in the majority of the tests. Lu and Yang,
in [389], developed an improved CSA to tackle the job shop scheduling problem. A
clonal operator is implemented to generate clones for each immune element, accord-
ing to their affinity. In order to enhance the probability to jump out of local optima,
a Cauchi mutation operator was developed. Additionally, a selection mechanism
based on density and fitness is proposed to maintain population diversity. The im-
plemented approach proved to be competitive when compared to approaches such
as taboo search and ACO. Also in the domain of job shop scheduling problems, a
clonal selection based memetic algorithm is introduced in [390]. In the proposed
memetic algorithm, the CSA was applied to enhance the exploration capabilities,
and was complemented by a SA based local search to enhance exploitation. The
results showed that the proposed approach is very effective when applied to the job
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shop problem.
Simulation has been increasingly used for the modelling and analyses of complex

systems, due to the high cost, time and risk associated with the implementation
of new design approaches in real systems. Nevertheless, simulations might be very
computationally expensive and not completely reliable. It is possible to generate
datasets, through the simulation, which instead are used to build a meta-model. A
meta-model is therefore a further abstraction of the simulation model. However, it
is easier to manage and provides deeper insight than simulation alone. In this sense,
in [391], a methodology is proposed to analyse a manufacturing system including
features of meta-modelling based on a self-organised neuro fuzzy network and post
modelling analysis via a clonal selection approach. The goal of the clonal selection
approach is to optimize the decision variables incorporated with the best objective
function value. In the presented approach, the affinity value is only used to deter-
mine the hyper-mutation rate for each immune element. Implying that the number
of clones for every immune element is not influenced by the affinity value and is
instead considered equal for every element. The proposed approach showed to be
a valid alternative for other simulation based approaches found in the literature.

In [392], a CSA based algorithm is applied to the economic load dispatch prob-
lem in a power system, capable to solve economic load dispatch problem with both
smooth and non-smooth cost function considering of a variety of constraints. The
goal is to minimize the fuel cost of generating units for a determined operation
period in order to achieve optimal generation dispatch among operation units. In
the followed canonical CSA based approach, each immune element is abstracted by
a binary string that represents a possible solution for the problem. Furthermore,
every binary string is verified for constraint violation and penalized proportionally
to the extent of the constraint violation. A fixed number of clones is also generated
from each individual immune element. From the obtained results, it was possible to
conclude that the CSA can be effectively used to solve both smooth and non-smooth
constrained economic load dispatch problems.

For a broader review of CSA and its possible application please refer to [378].

3.4.4.2 Negative Selection Algorithm

Main Characteristics and Principles The negative selection algorithm (NSA)
was initially proposed by Forrest [393], aiming to perform change detection. It is
inspired in the T-cell maturing process that occurs in the thymos, in which, a wide
variety of T-cells is first assembled through a pseudo-random genetic rearrangement
process. Then, the T-cells that recognise self cells are eliminated, before the de-
ployment into the immune system, where they are responsible for recognising and
attacking outside pathogens [393,394].

In an analogous way, the NSAs assume a collection S of symbols over a finite
alphabet, that needs to be protected or monitored. In the generation phase, a set
R is created, constituted by detectors that fail to match any symbol in S. The
set S is then continuously monitored for changes, matching the detectors in R
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against S. If any detector match an element in S, it is known that a change have
occurred in S [395]. In the original form of the algorithm [393], candidate detectors
are randomly generated. After the generation process, the candidate detectors set
undergoes a censoring process, where each candidate detector is tested to see if it
matches any self string. If a match is found, the candidate is eliminated. This
process is repeated until a desired number of detectors are generated.

Data representation is one of the fundamental differentiation aspects between
the various models of NSAs. It defines and constrains the possible applicable match-
ing rules, detectors generation mechanisms and detection processes. Despite the
possibility of representing any type of data using binary representation, the trans-
lation of high-level representations into binary matching rule/s is usually not a
straightforward process. In this sense, most of the representation schemes can be
grouped in two basic types, string and real-valued vector representation [396]. In
a string representation, each detector is represented by a string of length l over
a finite alphabet. Binary representation is a special case of string representation,
nevertheless is the most commonly used representation. On the other hand, in
real-valued vector representation, each detector is abstracted by a vector of real
numbers.

Typically in NSAs, the detectors generation mechanism is a randomized algo-
rithm that generates candidate detectors and eliminates the ones that match self
samples. Except for the applied matching rules, most NSAs have similar detec-
tors generation mechanisms. Nevertheless, for NSAs with string representation,
some deterministic generation mechanisms were designed, to analytically study the
complexity of the algorithm and the detectors coverage [397,398].

Matching rules, are one of the most important components in a NSA [399–401].
The success of the algorithm, is highly dependent on the capability to correctly
detect and identify the nonself from the self. In NSAs, matching rules are used
in both censoring and monitoring phase. Regardless of representation, a matching
rule M can be formally defined as

dMx↔ distance measure between d and x is within a threshold, (3.20)

where d is a detector and x is a data instance [396].
Similarly to most NSA, generalization is one of the basic goals. In this context,

a matching threshold exposes the concept of partial matching, in which two points
do not have to be exactly the same to be considered a match. In string represen-
tation, partial matching can be interpreted as extraction of rules or generalization
of samples, while in real-valued vector representation, partial matching is usually
taken as generalisation of self samples. Therefore, the choice of matching rules must
be application and representation dependent [49,396].

Despite the many variants of NSAs developed throughout the years, the main
characteristics of NSA, as described by Forrest in [393], still remain [396]. No prior
knowledge of the self is required and the detection mechanism does not depend
on the knowledge of the ’normal’. The algorithm is inherently distributed, since no
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communication between detectors is required [397]. It is possible to achieve a trade-
off, when performing a check, between the quality of the checking and computational
cost. Symmetric protection is provided, in order to detect manipulations on the
detectors set through the normal behaviour of the system [393]. The detection
mechanism is tunable in order to balance the coverage (matching probability) and
the number of detectors [402]. Although NSA is mainly used for anomaly and fault
detection problems, it may be adapted to suit other applications. There are however
some problems that NSA is not meant for, such as problems with a small number of
self samples, or general classification problems where probability distribution plays
a crucial role [403].

Applications of Negative Selection Algorithm in Manufacturing The fact
that there are only a few core elements in NSA, supports its flexibility to accom-
modate different strategies in it. Therefore, NSA has been considered an algorithm
with great potential. However, NSA has not been very explored in the manu-
facturing context. In this sense, some of the examples are not directly in the
manufacturing context, nevertheless the applications can be easily translated into
a manufacturing problem.

The NSA algorithm is proposed in [404] as a detection algorithm for reliable
and effective tool breakage detection. In the presented work, the self is defined
to be the normal cutting operations and the non-self is any deviation beyond the
allowable variation of the cutting force. In this way, the system is able to no-
tice changes in force patterns of tools without requiring prior knowledge of what
changes it is looking for. The problem is formulated in terms of detecting tempo-
ral changes in cutting forces patterns resulting from the broken cutter. For this
purpose, a partial matching rule based on a pre-specified degree of similarity was
implemented. Furthermore, a probabilistic analysis was used to estimate the num-
ber of detectors that are required to provide a given level of reliability. As opposed
to the canonical form in which the detectors are randomly generated, in the cur-
rent work the detectors set is generated using an improved algorithm proposed by
Helman and Forrest, which runs in linear time with the size of self. The method
was able to successfully detect the tooth breakage through the variation of the cut-
ting force signals. In [405] a NSA based method for failure detection of a rotary
machine is presented. In this case, the vibration signals are used to identify the
normal/abnormal (self/non-self) behaviour of the equipment. However, the non-
self or the fault mode space is divided in non-self space divisions. Each detector
sub-set reflects a significant characteristic of certain fault mode and is sensible to
particular faults. The results showed that the method presented a good diagnosis
accuracy due to the automatic extraction of fault features which in normal systems
are usually influenced by human intervention.

In [406], a NSA based fault detection algorithm is used to improve existing Intel-
ligent Flight Controller architectures from a fault tolerance capabilities perspective.
Real-valued NSA was adopted, due to scalability issues of the binary representation.
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Furthermore, an heuristic that changes iteratively the position of the detectors to
maximize the coverage of the non-self subspace and to minimize the coverage of the
self samples was introduced. In this approach the detectors are ranked according
to the size of their radius and overlapping area. In order to extract the important
semantic information, the input data was processed applying data fusion and nor-
malization techniques. The extracted information is then processed as a collection
of string forming the self and used to generate a set of detectors. In [407] a similar
approach is used to autonomously support the monitor and fault detection phases
of abnormal event management. However a maturation index measuring the over-
lap of a specific detector with respect to other detectors was introduced. If the
allowed overlapping of the detectors is not achieve by moving the detector then the
radius of the detector suffers successive decays. If this is still not sufficient to allo-
cate the detector, as a last resort, the allowed overlapping is increased. Promising
results were obtained in the fault detection of a DC motor model. Another NSA
also applied to motor fault detection is presented in [408] by Gao, Ovaska, Wang
and Chow. However they use a clonal optimization method to optimize the NSA
detectors performance and consequently achieve a better anomaly detection rate.

Aydin, Karakose and Akin present in [409] a chaotic-based hybrid NSA that can
be applied in anomaly detection and classification problems. The proposed algo-
rithm is applied to real valued problems and is composed by a detector generation
and detection steps. Self and non-self detectors are generated in the training stage
in order to evaluate the performance of the proposed method in the testing stage.
The generation of detectors is based on chaotic maps. The Euclidean distance is
used to calculate the radius but only of non-self detectors. A control parameter
calculated through the distance between non-self data and nearest self data is used
to limit the maximum radius of the detectors, avoiding overlapping. The K-NN
(K-nearest neighbors algorithm) method is used in the detection step to generate
detectors when a test sample is not recognized by any self or non-self detector. This
ensures the adaptability of NSA to new samples. Effective results where presented
by the algorithm for changing self and non-self space. Also in [410] a self-adaptive
anomaly detection NSA approach is presented. The method developed can adap-
tively adjust the self radius, number of detectors and detection radius in order to
achieve a meaningful representation of the self and non-self space achieving a better
overall performance. The results showed that the developed method is an efficient
anomaly detector with adaptation and self-learning capabilities.

3.4.4.3 Artificial Immune Networks

Immune Network Theory An Artificial Immune Network (AIN) is a computa-
tional model inspired in concepts introduced by the immune network theory. The
immune network theory was initially introduced by Niels Jerne, a Danish immu-
nologist, in an attempt to explain the memory and learning capabilities presented
by the immune system [411, 412]. The idea is that cells and molecules of the im-
mune system do not only recognize foreign substances to the body, as well as they



3.4. ON THE CLASSIFICATION OF BIO-INSPIRED ALGORITHMS 103

recognize, respond to and are regulated by each other. In this context, the regu-
latory mechanism proposed by Jerne, called idiotypic network theory (also known
as immune network theory), justifies the prevention of self-destruction of the host
by self cells [413]. According to the idiotypic network theory, the antibody surface
through which the antibody recognizes the antigen is named paratope (Figure 3.7).
On the other hand, the surface on any molecule (antigen or antibody) to which
the paratopes can bind is named epitope. Different antibody types may have many
common epitopes. However, an epitope that is unique to a given antibody type is
called an idiotope [413].

Antigen Epitope 

Antibody B 

Paratope 

Idiotope 

Antibody A 

Stimulation 

Suppression 

Figure 3.7: Antigen-antibody binding and idiotypic network (modified from [414]).

The idiotypic network approach views the immune system as a large-scale closed
system composed by multiple lymphocytes (B-cells) that interact with each other.
According to Figure 3.7, antibody B has a complementary idiotope regarding the
paratope of antibody A, resulting in an excitatory interaction between both anti-
bodies. Nevertheless, antibody A views the antibody’s B idiotope as an antigen.
Thus, antibody B is suppressed by antibody A. Following this approach, networks
of antibodies are generated through stimulation and suppression interactions, com-
posing a control mechanism which fosters the maintenance of necessary antibodies
in the system [415]. However, the idiotypic network can be only ensured if the
immune system in its ability to recognize the antigen is ’complete’ [416].

According to Perelson and Oster [417] and based in the idea of shape space (anti-
body and antigen shapes are considered points in a n-dimensional space), a complete
repertoire is attainable within the known parameters of immune recognition. In this
sense, a complete repertoire can be only assured through the conjugation of three
requirements [418]. The first requirement is that an antibody can recognize a set
of similar epitopes, only slightly different in shape. Different epitopes might imply
different binding strengths which are represented by different affinities. The sec-
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ond requirement, is that the antibodies have shapes that are randomly distributed
throughout the shape space. Finally the size of the repertoire needs to be at least
of six orders of magnitude. Despite the fact that completeness is not absolute ,
when the completeness conditions are met, according to Jerne [411] ”the idiotypic
network idea is unavoidable”.

In addition, the immune system needs to cope with dynamic environments. In
this regard the affinity plays a major role. With a lower affinity threshold, each
antibody can recognize more antigens and antibodies, resulting in longer range in-
teractions. A high affinity threshold is translated into short range interactions.
Hence, the immune system is constrained by a stability-controllability trade-off.
The immune system should be stable but not too stable, in order to remain insen-
sitive to small random disturbances but still responsive to antigens [418].

Another important aspect of the immune system is its ability to maintain the
immune memory, even in the absence of foreign antigens. Therefore, memory can be
maintained by both dynamic and static means [418]. From the dynamic perspective,
clones are maintained in an high concentration due to stimulation via network
interactions or retained antigen. In the more classical static approach, memory is
maintained by long-lived memory cells.

Main Characteristics and Principles Since the development of the first AIN
model, in 1994 by Ishiguro [419], AINs have become a well established area of
research. Several AINs have been developed and proposed to solve problems such as
clustering, data analysis, classification, pattern recognition, function optimization
and autonomous navigation, among others [420]. Despite the variety of AINs, some
common steps can be found in different AIN models.

Initially two different sets are considered. A set of antigens (set A) and another
set of B-cells (set B). In some cases, a subset of the A set is considered to be the B
set, otherwise the B-cells can be randomly generated. Then, an iterative processes
is performed that consists of the presentation of antigens to the network. For each
antigen and B-cell the stimulation is computed [420].

fAstimulation : A×B → R (3.21)

Frequently, the stimulation is a function of an affinity measure considering the
shape space where the B-cells and antigens are represented. In this context, the
stimulation measure is defined as follows [420]:

fAstimulation(a, b) := g(faffinity(a, b)) (3.22)

where faffinity : B ∪ A × B ∪ A → R and g : R → R. faffinity measures the
complementary between elements in the shape-space. g calculates the resulting
stimulation between and antigen with a certain affinity with a B-cell. In the next
step B-cells are allowed to interact with each other. The B-cell/B-cell interaction is
done through the calculation of stimulation and suppression effects between them,
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represented by the following functions [420]:

fBstimulation : B ×B → R and fBsupression : B ×B → R. (3.23)

Similarly to antigen/B-cell stimulation, B-cell/B-cell stimulation and suppres-
sion could be calculated as a function of B-cell/B-cell affinity [420]. In this sense,
total stimulation F : B → R of B-cells can be calculated through the sum of the
effects resultant from the antigen and network interactions [420]:

F (b) =
∑
a∈A

fAstimulation(a, b)

+
∑

b’∈B,b’,b
fBstimulation(b’, b)

+
∑

b’∈B,b’,b
fBsuppression(b’, b), b ∈ B.

(3.24)

According to the total stimulation some B-cells are then selected and cloned.
fcloning(b) copies of each selected B-cell b are created. A mutation operator with a
certain mutation rate is then applied to the cloned cells. The mutation rate can be
considered either as the probability of a B-cell to be selected for mutation, or the
proportion of the B-cell fields that will suffer mutation.

In some AIN models some irrelevant B-cells can be removed, while new ones
are incorporated in the network as replacement. The links among the B-cells are
then reorganised. In case the imposed stopping criteria is met, the current network
is returned as a result. A comprehensive review regarding different AIN models is
provided in [420].

Applications of Artificial Immune Networks in Manufacturing The AINs
have become a well established research area within the field of artificial immune
systems [420], due to its properties of self-organisation, self-learning and immuno-
logical memory. Nevertheless, it has been purely explored under the context of
the manufacturing field. In this sense, the reviewed applications are not directly
in the manufacturing field, however a connection between the reviewed examples
manufacturing applications can be easily established.

In [421], a new decentralized consensus-making system inspired in the immune
system is presented and applied to behaviour control of autonomous mobile robots.
In the presented method, the antigen abstracts the distance and direction to the
obstacle, while the competence module (simple behaviour/action) can be recog-
nized as antibody. Furthermore, the interaction between modules are considered
the stimulation/suppression interactions between antibodies. The goal is to foster
the selection of the most adequate competence module, by the autonomous mobile
robot, according to the current situation. A concentration variable is used to sup-
port the adequate selection of antibodies. The selection of the antibodies is simply
performed following a winner-take-all approach. A similar approach is presented
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in [422], however in this case, an adaptation mechanisms based on innovation con-
cepts is also implemented, in order to autonomously construct appropriate immune
networks. In [423] a genetic algorithm was used to evolve the configuration of
an immune network that will operate as controller also in a autonomous robotic
navigation system. After the evolution from arbitrary initial states, the evolved
network, was capable of driving the system towards the navigation objectives.

Another AIN applied to an autonomous robotic system is also presented in [415],
to foster an action strategy swarm behaviour in dynamic environments. In this
sense and in order to improve adaptability, the authors introduced a modified im-
mune network which also includes the T-cell model. The stimulus value between
an antigen and an antibody is defined according to the task detection percentage
of each robot, in the defined past given times. According to the environment, four
different strategies were defined. In this context the grouping behaviour emerges
through the interaction between robots. When robots have the same or similar
strategies, their strategy is stimulated, otherwise is suppressed. In case a robot is
frequently stimulated, its behaviour is considered adequate. Therefore, the robot
starts transmitting its strategy to other robots. The results showed that the adapt-
ability improves with the T-cell modelling. Also in [414] a cooperative behaviour
of a team of robots is tackled using an immune network inspired algorithm. The
proposed algorithm, a memory-enhanced immune system, is based on [415], with
extended memory capabilities. The memory mechanism is proposed in order to save
the adequate action for certain environment conditions. When the currently sensed
environment is similar to a previous one, the system uses the memory to execute a
quick action-selection process without any re-evaluation of the current environment
conditions. Results showed a good performance of the memory-enhanced immune
system when handling a shepherding behaviour problem.

In [424], a model applied to path planning which combines the advantages of
Ant Colony and Immune Network Algorithms (AC-INA) is presented. Similar to
previous approaches the environment is abstracted by an antigen, the environment
strategy is represented by an antibody, while the stimulation and suppression inter-
action correspond to a matching and non-matching between antigen and antibody
respectively. In this context, the path is found by the mechanisms of stimulation
and suppression between antibody and antigen and by immunological memory, im-
proving the planning efficiency. Simultaneously, the search for the optimal path is
performed by the ant colony algorithm. Through simulation results, it was possi-
ble to conclude that the proposed algorithm presents better results then both ant
colony and immune network algorithms alone.

Hao and Cai-xin in [425] propose an AIN, named Artificial Immune Network
Classification algorithm (AINC), as a fault diagnosis method for power transform-
ers. The algorithm consists of three main steps, initialization, learning and clas-
sification. Initially, fault samples of the power transformer are mapped into a set
of antigens, represented in the problem shape space. Furthermore, a number of
antibodies are randomly generated, from which some are selected as memory anti-
bodies. The affinity measure is calculated using the distance between the cells in
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the shape space. In the learning step, a memory set is built, which recognizes and
represents the data structural organisation. High affinity relations between anti-
bodies and antigens originates the proliferation and mutation of antibodies, which
can become memory antibodies after immune suppression. Then, in the learning
step, the evolved memory antibodies are available for classification by the improved
K-Nearest Neighbour algorithm. Results showed that the AINC algorithm is very
feasible and useful in the multiple faults diagnosis of power transformers.

3.5 Integrated Vision

Socio-economic pressure and technological achievements are two of the major drivers
that pace the rhythm of progress. Also subject to these influences are bio-inspired
methodologies, production paradigms and complexity sciences, as figure 3.8 depicts
their major evolutionary steps. From a production paradigms perspective, it is
clearly possible to identify two important turning points. First, the sophistication
of the customers combined with the dissemination of computers and electronic tech-
nology, triggered the transition from the industrial to the information age, which
led to the emergence of mass customization, introduction of lean manufacturing in
the Western countries and the development of FMS. Secondly, the increasing avail-
ability of distributed computing, in the end of the 1980s beginning of the 1990s,
fostered the development and introduction of modern manufacturing paradigms,
marking another important turning point in production history.

This evolutionary path was closely followed by the development of bio-inspired
technologies. The interest in bio-inspired methods started alongside with the emer-
gence of the first electronic digital computers and the development of contemporary
cybernetics, which began, in the 1940s, as an interdisciplinary study connecting the
fields of electrical network theory, control systems, mechanical engineering, logic
modelling, neuroscience and evolutionary biology. With the development of com-
puter technology the number of bio-inspired methodologies increased. However,
it is curious to note that only with the dissemination of distributed computation,
swarm-based methodologies emerged.

Although some of the concepts connected to the complexity sciences date back
to the 19th century (emergence, in the dynamic systems context), their introduc-
tion in the manufacturing panorama only happened with the emergence of modern
production paradigms. Nevertheless, there is still a lot of reluctance from industry
in accepting these concepts.

Currently, both academia and industry, however from different points of view,
are undertaking an effort to drive manufacturing developments towards even more
agile and sustainable production systems. Industry has been addressing this mat-
ter from a more technological perspective. Relevant efforts have been made in
order to develop adequate solutions to support both MAS and SOA [3, 426, 427].
Nevertheless, although the development of technological infrastructures solve the
integration problem, they do not support by themselves the necessary concepts to
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1940 1950 1960 1970 1980 1990 2000 2010 

Today 
Evolutionary Programming 1962 

1965 Evolutionary Strategies 

1973 Genetic Algorithms 

Simulated Annealing 1983 
Genetic Programming 1989 

Differential Evolution 1995 
Evolutionary Computation 1991 
Ant Colony Optimization 1991 
Particle Swarm Optimization 1995 

Bee Algorithms 2001 
Bacterial Foraging Optimization 2002 

Firefly Algorithm 2009 
Cuckoo Search 2009 

Artificial Neural Networks 1943 
Negative Selection Algorithm 1994 

Artificial Immune Network 1994 
Clonal Selection Algorithm 2000 

Self-Organisation 1947 

Proto-Emergentism 1930s 
Neo-Emergentism 1940 

Complexity Science 1940 
Mass Production 1982 

Lean Manufacturing 1995 1945 
Mass Custumization 1982 

Agile Manufacturing 1995 
FMS 1995 1980 

BMS 2000 1992 
Holonic Manufacturing Systems 1990 

Reconfigurable Manufacturing Systems 1992 
Evolvable Production Systems 2002 

Figure 3.8: Bio-Inspired methodologies, complexity sciences and manufacturing
paradigms evolution.

address agility and sustainability. Contrastingly, academia has been applying most
of its research effort in the development of adequate methodologies and paradigms
that provide the conceptual background to the development of modern manufac-
turing systems.

The emergence of modern manufacturing paradigms brought some changes con-
sidering the traditional manufacturing perspective. Recent paradigms face produc-
tion systems from a modular perspective, in which higher complexity functionalities,
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are achieved through the composition of several individual, autonomous and ’intel-
ligent’ constructs. Furthermore, they introduced a shift of focus from systems that
are modelled to deal only with predicted operational scenarios, towards systems
able to handle unpredictable changes and uncertainties. Despite these advances,
state-of-the-art control approaches still rely on hierarchically semi-deterministic ar-
chitectures. Each hierarchical layer provides one level of complexity abstraction,
offering higher level functionalities. The necessity to build-up relatively large hi-
erarchical structures to achieve the desired level of functionality, or complexity
encapsulation, creates an undesired dependency of the system in certain crucial
nodes. Additionally, the non-biological nature of the self-organising mechanisms,
imply a huge communication overhead and coordination effort from the hierarchi-
cal structures, hindering the system scalability and performance. ’Pluggability’ is
another important aspect in which these hierarchical structures have some negative
implications. When a module is plugged in the system, all its basic functionalities
(skills) should be readily available. However, those basic functionalities, might only
have some useful usage when integrated with other functionalities. These physical
and logical reconfiguring processes are still typically manual, entailing a relatively
complicated integration process which might result in suboptimal configurations.
Overall, and despite the modern manufacturing paradigms bio-inpired background
and reliance on IT approaches (MAS and SOA) and advance AI (concepts of com-
plexity nature), their implementation often result in simple constrained distributed
systems and not necessarily in highly scalable, reconfigurable and distributed prob-
lem solvers.

As previously stated, modern manufacturing paradigms clearly manifest the in-
tention of introducing bio-inspired concepts in the so traditional field of industrial
production. Mainly by the introduction of concepts such as adaptation, evolution,
self-organisation and emergence. These are the key fundamental concepts behind
the success of biological systems. Evolution in the natural world is a long term
optimization/adaptation process. Evolutionary adaptation is a pervasive feature of
biological organisms and is the outcome of natural selection, mutation and genetic
drift. The conjugation of these properties results in an optimization process which
is only constrained by the genetic code itself. The existence of so many biolog-
ical diversity, implies however that populations do not reach adaptive peaks and
that evolutionary adaptation is an open-ended optimization process that is always
reacting to the environmental changing conditions, in order to provide the best
functional solutions to the current state of the environment. Even considering a
constants environment, infinite time and population would be required to attain
the adaptation peak itself [428].

On the other hand, short term adaptation (behavioural adaptation) is the con-
cept behind the responsiveness and agility of biological systems. It is therefore, the
critical property that endows the systems with the ability to handle changes and
uncertainties of dynamic environments, and to seamlessly support the addition or
removal of individuals.

Collective living systems are characteristically composed by numerous simple



110
CHAPTER 3. TRENDS ON ARTIFICIAL BIO-INSPIRED COMPUTATION

AND MANUFACTURING SYSTEMS

’homogeneous’ (possess a common interface or means to seamlessly interact with
other components of the system) constructs. Typically, these systems rely on simple
principles and local information, without requiring any centralization of the con-
trol and information flow. In this sense, behavioural adaptation is not available to
the individuals in isolation and is only supported by self-organisation mechanisms.
Interaction patterns which are locally and asynchronously established, according
to the individuals internal and surrounding status, support the main regulatory
principles that lead to the emergence of the necessary individuals functional adap-
tation and coherent global system behaviour. It is however curious that the biggest
advantage of these collective systems, is also their greatest weakness. An optimal
decision can only be taken when there is a general overview of all the system in-
formation. Even though, it is possible to compose a consistent global view by the
exchange of local information, it is impractical and inefficient with the increasing
number of entities [3]. Nevertheless, the distribution of both the knowledge and
decision nodes ensures the system responsiveness and robustness to malfunctions,
reducing the effect of deviations or catastrophic failures of the individuals. In other
words, the system is not dependent on specific individuals. In a certain extent, ev-
ery individual unit is relatively negligible to the proper functioning of the system.
Yet, every entity contributes to the whole, and the whole supports the individual
entities.

This represents one of the major gaps in current artificial systems, and par-
ticularly in most of the modern manufacturing paradigms. As pointed out before
the centralization of the knowledge and regulatory control on certain hierarchical
structures, simply results in a computationally distributed system in which the
control mechanisms are still dependent on key higher hierarchical entities (coali-
tion leaders) to manage the execution of critical processes. Although the effects of
a malfunctioning lower level entities are easily suppressed by relocating the process
if there is sufficient redundancy, or simply by replacing the component, the failure
of a coalition leader is critical to the correct functioning of the system.

Obviously computational science is not insensitive to the potential of biological
system’s problem resolution capabilities. However, the formulated algorithms based
on bio-inspired premises are generally focused on the parallel resolution of prob-
lems, not necessarily computationally distributed. Moreover, these algorithms were
specifically developed as optimization techniques. Hence, it is only natural that the
majority of the applications of these techniques within the industrial context are
generally applied in an optimization perspective. In this sense, and according to the
searching approaches generally followed by metaheuristics methods, the algorithm
iterates over several possible solutions until a specific stopping criteria is satisfied.
Once the stopping criteria is satisfied, the solutions is assumed by the system.
It is however, in the distributiveness of the information, type of interactions and
operators used to explore and select these states that the biological inspiration lies.

Table 3.1 provides an overview of the main application areas of the algorithms
reviewed in the previous section, according to the type of the bio-inspiration source.
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Table 3.1: Overview of applications of bio-inspired approaches in manufacturing
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Evolutionary Systems

GA

[122–
124,
126,
127,
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[128,
129] [134]

[130,
132–
134]

[135]

ES [147,
148] [146] [151,

152] [153] [154] [150]

EP [162–
165] [167] [166]

GP [185,
186] [180] [181,

182]

[178,
179,
183,
184]

[187,
188]

DE
[202–
204,
208]

[209] [198]

SA

[219,
220,
222,
226–
229]

[226] [218]
[214,
215,
217]

Collective Systems

ACO [245–
247]

[248,
249] [245] [247] [252]

PSO

[258,
259,
262–
265]

[264,
273,
276]

[268,
270] [271]

BA

[288,
289,
291,
292]

[294] [295]

BFO [306–
308] [305] [303–

305] [311] [311] [309]

FA [316–
319] [320] [321] [322]

CS [329–
331]

[332,
333,
335]

[334]

Neural Systems

ANN [366,
367] [364] [360] [365]

[361,
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Immune Systems

CSA
[381,
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[392] [385,
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[378,
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AIN [424]
[414,
415,
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423]

[425]
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Applications of Bio-Inspired Approaches in 
Manufacturing 

Scheduling Planning Layout Cell Formation Control

Modelling Fault Detection Diagnosis Others

Figure 3.9: Overview of application areas of bio-inspired approaches in manufac-
turing.

An overall perspective of the reviewed applications of bio-inspired algorithms in
manufacturing is also presented in Figure 3.9.

Not surprisingly, most of the applications tend to be focused on manufacturing
problems in which there is usually a limited amount of information, or in cases where
the search space is so large that brute-force optimization algorithms are out of the
question. Some examples, as it is depicted in Table 3.1 are scheduling, planning,
layout and cell formation problems, etc. Some control applications of bio-inspired
approaches were also reviewed. Notwithstanding, they were either proposed to
centrally optimize manufacturing control policies or to foster the cooperation of
simple mobile robots. Although this work does not aim to present an exhaustive
literature review of all the applications of bio-inspired approaches in manufacturing,
it provides a comprehensive view which leads to the conclusion that generally, bio-
inspired approaches are not envisaged to holistically consider the manufacturing
problem from a distributed problems resolution perspective, but instead to simply
tackle specific manufacturing problems.

The currently growing interest and development of modular mechatronic pro-
duction systems provides the opportunity to explore highly reconfigurable and scal-
able architectures with simultaneous and distributed resolution of various manu-
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facturing problems. In this context, the integration of regulating bio-inspired prin-
ciples, particularly bio-inspired self-organisation, may be the way to unravel the
potential of modern manufacturing paradigms. Even though these techniques have
been fairly used in industry, as the literature review shows, in the present work
they are being considered from a considerably different perspective. This, neces-
sarily introduces a number of challenges that need to be tackled:

• Despite the technological and distributed support provided by modular mecha-
tronic systems, the bio-inspired structural characteristics and concepts need
to be properly abstracted by a robust technical architecture.

• Production requirements, typically centralized on single entities, should be
distributed over the manufacturing system components in order to reduce
the necessary specification and simultaneously foster the optimization and
distributed execution of production workflows.

• The reconfigurability, scalability and distributed coherent execution of pro-
duction plans must be the outcome of efficient and semantic interaction
patterns that support the implementation of regulatory bio-inspired self-
organising principles. Although the feasibility of the state transitions is not
so relevant for the normal execution of the bio-inspired algorithms itself (pro-
viding that the viability of the solutions is ensured), it is critical for systems
that holistically follow the same principles. Every transition may have a di-
rect impact in the physical shop-floor, consequently the devised regulatory
principles need to ensure the transition feasibility. In this way the system
should be able to closely mimic the robustness and adaptation of biological
systems.

• As opposed to natural systems, production systems evolutionary cycles have
to be proportional to the very demanding production time frames [3].

Recent developments in distributed manufacturing architectures have attempted
to attain agility and sustainability through the implementation of complexity ab-
straction layers, based on dynamic self-organising logical hierarchical structures.
Nevertheless, these efforts as pointed out before have only been partially success-
ful. In this sense, through the literature review and analysis of the most common
biological inspiration sources, a set of properties required by distributed systems to
support biological-like structure and dynamics were identified:

1. Use of genetic operators - Similarly to nature, crossover and mutation opera-
tors are employed in order to introduce diversity in the population so that the
full extent of the solution space can be properly explored. Although many
bio-inspired approaches use genetic operators to perform evolutionary adap-
tation, this is not an essential property to enact an approach as bio-inspired.
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2. Large populations - Biological systems are typically characterized by large
populations of individuals. Group size is typically determined by the resulting
advantage, where the size of the group affects its performance. Small pop-
ulation imply a magnification of individual mistakes. Too large populations
may generate a fearsome resource competition leading to the destruction of
population members. Within the midrange is the optimal population size.
In the mechatronic context processes and components redundancy should be
optimize in order to provide the desired level of robustness, in case critical
failures affect the system components.

3. Homogeneity of the individuals - Biological systems are generally com-
posed by identical individuals. This ensures that coherent and semantic in-
teraction patterns are established as response to disturbances in the environ-
ment. Mechatronic components do not necessarily need to present similar
physical properties, however compatible interfaces should be defined so that
a meaningful collective behaviour is attained.

4. Decoupled nature of the entities - Biological entities usually presents high
levels of autonomy, in the sense that different individuals interact by using well
defined interfaces rather than tightly depending on each other. This implies
that the removal or addition of components should have little or no impact
in the normal system behaviour. In other words, each entity contributes to
the collective behaviour, although every entity is relatively negligible to the
proper functioning of the system.

5. Stochastic behaviour - In nature, as opposed to the engineering world,
systems do not have any specific goal rather than reproduce and survive. In
this sense, individual decisions that influence the overall function and dynam-
ics of the collective are the result of an interplay between deterministic and
stochastic events presented by the environment. Similarly, evolutionary adap-
tation is also the outcome of the exposure of living systems to some events
of stochastic nature such as mutations, genetic drift and natural selection
(although natural selection is in general the result of the adequacy of the in-
dividual traits in relation to the environment, it is also exposed in some level
to stochastic effects). In this sense, it is therefore important to have in the
mechatronic context, a limited amount o randomness in order to explore all
possible, available and feasible solutions.

6. Asynchronous and local interactions - Local interactions are one of the
key aspects in the emergence of coherent and meaningful biological collective
behaviours. Notoriously, the regulatory principles that foster the emergence
of the natural self-organising mechanisms are supported by the asynchronous
establishment, between population individuals, of semantic and efficient in-
teraction patterns. Consequently, comparable interaction patterns need to be
devised in artificial systems in order to attain similar behaviour. Furthermore,



3.6. DISCUSSION WRAP UP 115

living systems are usually characterized by physical limitations that heavily
constrain the individuals perception of the environment. This however implies
that they are extremely responsive to environmental disturbances. Thus, de-
spite the fact that self-organisation in artificial systems does not necessarily
preclude the use of global information, it seriously have a negative impact
with the increasing size of the system. In this sense and in order to closely
match the mechanisms of biological self-organisation, a trade-off between the
responsiveness of the system and the optimality of the decision needs to be
found.

7. No centralized knowledge or decision nodes - Unlike the approach that
has been typically followed by current state-of-the-art architectures, biolog-
ical systems do not rely on entities with centralized knowledge and decision
making capabilities. Instead, each individual is an autonomous decoupled
entity that acts according to its internal and surroundings information. In
this way, natural systems are able to distributively handle the disturbances
or problems posed by the environment. This is the most relevant differen-
tiation aspects between natural and artificial distributed systems. Hence, a
bio-inspired self-organising system that presents the agility and robustness
of biological systems can only be enacted with the fully distribution of both
knowledge and decision making capabilities.

8. Emergence of collective behaviour - Emergent properties are a hallmark
of collective animal behaviour. In this context, the adequate implementation
of the previous properties should foster the emergence of a robust, coherent,
and meaningful collective behaviour. Moreover, the system should present
characteristics such as responsiveness, agility, robustness, scalability, plugga-
bility adaptability and evolutionary properties as result of the implemented
bio-inspired self-organising mechanisms.

3.6 Discussion Wrap Up

In the previous sections a number of paradigms, concepts and algorithms were
reviewed and analysed in order to substantiate the relevance of the current work.
Figure 3.10 provides an unitary perspective of all the important topics within the
context of this work.

Current manufacturing research and state-of-the-art architectures only now have
reached a certain necessary maturity level to attain minimal degrees of flexibility,
adaptability and pluggability. More importantly, they have been improving on
approaches that have been introduced for more than one decade ago, as can be seen
in the literature review of self-organisation in manufacturing, prefiguring the need
for the exploration of new methodologies and approaches. Despite the bio-inspired
background of most modern manufacturing paradigms, when it comes down to the
implementation, the bio-inspiration of the mechanisms tends to be left behind. In



116
CHAPTER 3. TRENDS ON ARTIFICIAL BIO-INSPIRED COMPUTATION

AND MANUFACTURING SYSTEMS

the latter case, they are solely used to tackle specific manufacturing problems as
Table 3.1 shows.

One of the reasons for the relatively reduced use of bio-inspired methodology has
to do with the fact that industry does not exactly sympathize with both stochastic
and complexity science based concepts. The random nature of the concepts and the
idea of getting something out of nothing goes completely against their traditional
deterministic thinking. However, as in nature, probably only with the introduction
of these concepts it will be possible to fully explore and benefit of the resulting
properties characteristics of biological systems.

In this sense, the approach of bio-inspired self-organising principles in modern
manufacturing systems needs to be reviewed, in order to tackle the challenges in-
troduced in the previous section. A set of properties that need to be supported in
order to holistically incorporate bio-inspired principles in manufacturing systems,
was also identified. The integration of those properties in artificial manufactur-
ing architectures is possibly the way to promote capable, scalable, reconfigurable
and autonomous production systems which can not only intelligently respond to
changes and uncertainties in the environment but also tackle those environmental
challenges from a distributed perspective.

The work introduced in this licentiate builds up on the theoretical approach
presented by Brezocnik in [54] and aims to study and understand the viability of
the application of bio-inspired self-organising principles in a production context,
closely to the way they are applied in nature. For this purpose the proposed ap-
proach mimics the natural conception and integration flow both at the system and
production level. The manufacturing system is based on process specific modules
that can seamlessly interact in order to foster the emergence of the structure and
functionalities required to meet production requirements. Regarding the produc-
tion process the system is designed as opposed to the more recent approaches, in
which the product holds the production knowledge and is responsible for the man-
agement of its own production. Despite no specification of a production workflow,
as consequence of the micro-dynamics of the system (attraction between entities),
the product should emerge as final result. The manufacturing system is then ap-
proached from a fully bottom-up perspective, where the specification of the produc-
tion processes are reduced to the minimum, in an attempt to explore bio-inspired
self-organisation as the control mechanism of the manufacturing system.
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Figure 3.10: Unitary vision of all the paradigms, concepts and algorithms reviewed
and analysed in the current work.





Chapter 4

Supporting Concepts

This Chapter introduces some important supporting concepts and terminology that
is used in the following Chapters of the document. Although some of the introduced
definitions are not consensual, an effort is made to clarify how these are considered
in the remaining document.

4.1 Agents and Multi-Agent Systems

Agents and multi-agent systems have been subject of studies for quite some time
now, in a broad range of research fields such as Economics, Philosophy, Sociology,
etc. Although they represent completely different knowledge domains, in all of them
the key abstraction used is that of an agent. This is a very important and distinctive
feature that makes the concept of agent so attractive for so many different areas.
Agent is a natural and adequate concept to characterize many different applications
[429]. However, although the use of the term ’agent’ has become quite common,
there is still no common accepted definition for it. One of the definition that seams
to fit a greater number of researcher, states that [430,431]:

”An agent is an encapsulated computer system that is situated in some envi-
ronment and that is capable of flexible, autonomous action in that environment in
order to meet its design objectives.”

There are a number of aspects in this definition that require further clarifica-
tion. Agents are problem solving entities with clear established boundaries and
interfaces. They are situated in a particular environment, where they can be feed
with environmental information through sensors and act through effectors. Agents
have autonomous control over their internal state and over their behaviours, typ-
ically designed too attain particular goals. In order to pursuit their own design
objectives, agents need to present flexible behaviour, which can be only achieved if
they are both reactive and pro-active.

119
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Despite the uncertainties and the many different definitions of the term ’agent’,
it is possible to identify a number of common characteristics that are normally
connected or covered by most definitions [36,432,433]:

• Autonomy - agents are autonomous, considering that they control their in-
ternal state and behaviours on the environment.

• Rationality - agents are rational since they can reason about the data they
receive to better achieve their goal.

• Adaptability - agents are adaptive in the sense they can learn and modify
their behaviour according to the environment to better achieve their goals.

• Reactivity - agents can react, changing their behaviour instantly according to
their perception of the environment.

• Proactive - agents do not simply act in response to the environment, they
should also take initiative, when appropriate, in order to attain their own
objectives.

• Social-ability - agents are social since they can communicate with other agents
establishing a multi-agent system which can lead to collective and emergent
behaviour.

• Mobility - agents are able to move inside their network and maintain their
internal state and knowledge.

It is the predominance of certain characteristics that ultimately adjusts the
adequacy of the agent concept to model and implements the various different sys-
tems and applications. According to this, different types of architectures can be
defined [434]:

• Deliberative architectures - a deliberative agent or agent architecture contains
an explicit representation of the model of the world. The decision making
process follows a logic reasoning through symbolic data manipulation and
pattern matching. In order to build a deliberative architecture, an accurate
translation of the real world into symbolic descriptions needs to be achieved
so that the agents are able to reason upon the collected information in due
time.

• Reactive architectures - as opposed to the deliberative architectures, reactive
architectures do not include any kind of symbolic world model and conse-
quently do not use any symbolic reasoning. According to Brooks [435], ’real’
intelligence is situated in the world, not in a disembodied system. Which
leads to the conclusion that ’intelligent’ behaviour is the result of an agent
interaction with the environment, it is not an innate isolated property.
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• Hybrid architectures - hybrid architectures, provide an intermediate solution,
where reactive and deliberative behaviours complement each other. The delib-
erative layers develop plans and make decisions towards the accomplishment
of higher order goals, while the reactive layer provides the ability to rapidly
respond to environmental events. Typically the reactive behaviour has some
kind of precedence over the deliberative one.

Hybrid architectures are relatively common in a production context. The de-
liberative layer is typically focused on achieving the manufacturing requirements
and goals, while the reactive counterpart is permanently aware of the status of the
environment in order to quickly respond to any event, fostering the robustness of
the system.

Nowithstanding the fact that the agent concept shares many similarities with
the concept of object, it is important to highlight that there are relevant differences
between agents and objects [429]. The first major difference is in their autonomy.
Objects can be accessed from other objects through method invocation, with the
proper access modifier. This implies that an object does not always exhibits control
over it’s behaviours. Instead, agents do not invoke methods on each other, but
rather request actions to be performed. In this sense, the action execution decision
is taken by the agent, while in objects that decision lies in the object that is invoking
the method. Another important difference concerns to the reactive, proactive and
social characteristics of agents. Standard object models do not provide any hint on
how to build systems that present such behaviours. Finally, a less relevant difference
but one that also reinforces the notion of autonomous entities, is that each agent has
a single thread of control upon which it is able to individually manage its specific
behaviours.

Although the concept of agent is interesting by itself, it is when the agent is inte-
grated in a society, that the true potential of the agent technology can be explored.
In this context, a Multi-Agent System (MAS) can be defined as a loosely coupled
network of individual entities that work together to solve problems that go beyond
the individual capabilities of individual agents [436]. Typically agents act, following
a goal oriented perspective as a part of a wider problem solving initiative. Meaning
that agents are subjected to specific organisational contexts, which influence their
behaviour and define the nature of their relations. Consequently, sophisticated pat-
terns and global organizational states may emerge, through the establishment of
dynamic interaction networks between the individual entities. Some of the most
common types of interactions are [429]:

• Cooperation - agents work together towards a common goal.

• Coordination - agents organise themselves to perform a problem solving activ-
ity. Harmful interactions are avoided and beneficial interactions are exploited.

• Negotiation - agents exchange messages in order to achieve an agreement
which is acceptable to all the parties involved.
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The fact that agents are autonomous entities implies that each individual agent
knows when to act and when to update its internal state. This self-awareness to-
gether with the semantic nature of the established interactions, fosters the MAS
capability to make independent decisions and consequently attain high levels of
autonomy and complexity. MAS are therefore an ideal approach to tackle complex
systems, since they provide a natural way to formulate the distributed complex
structures and principles. The decentralisation and self-awareness of the individ-
ual components, not only reduces the system’s control complexity as it results in
highly decoupled systems. Moreover, the inherent complexity of distributed sys-
tems, means that it is not possible to know beforehand when interactions will occur,
for what reasons and between which components. Therefore, the system needs to
be able to make decisions in run-time. It needs the ability to react and initiate
action/interactions in response to unanticipated events. However, despite the ad-
vantages of distributed systems, decentralization does not come without a price.
The local nature of the individual entities implies that agents have a myopic vision
of the system. This limitation needs to be properly taken into account, in order to
avoid the agents to incur in any harmful action, due to an incorrect decision.

One of the most important features of a MAS is therefore the rich semantic
interactions established between the individual entities. In this sense, the agent
communication language (ACL) must support much more than mere message ex-
change. The semantic properties are exactly one of the main differences between
an ACL and other standard message exchange protocols. An ACL is based on
individual message exchange between system’s entities. The Foundation for In-
telligent Physical Agents (FIPA) [437] has developed the FIPA ACL which is a
standard message language that sets out the encoding, semantics and syntax of the
messages. The FIPA ACL has three important and interesting features [438]:

1. ”It is independent of the actual content, since it only defines the communica-
tive intention under the transmission of the message.”

2. ”Its formal semantic element is defined in terms of the feasibility preconditions
and the rational effect that allows a communicative act to be scheduled and
planned as a normal action (e.g. opening the door); in addition, the semantics
allows an agent to consider a message in an explicit manner, if and when
needed.”

3. ”The ACL provides the bases for the specification of interaction protocols and
common patterns of conversation between agents aimed at specifying high-
level tasks, such as delegating a task, negotiating conditions, and some forms
of auctions.”

FIPA provides a set of inter-agent interaction protocols, which are compositions
of messages exchanged by two or more agents in order to support the different
types of interaction. The most commonly used are FIPA Request (cooperation)
[439], FIPA Contract Net (coordination and negotiation) [440] and FIPA English
Auction [441] and FIPA Dutch Auction (coordination and negotiation) [442].
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4.2 Mechatronics

The term ’mechatronics’ is believed to be first coined by the Japanese Mr. Tetsuro
Mori in 1969, during the period in which he worked at Yaskawa Electric Corpo-
ration. The original concept of mechatronics was meant to designate new types
of components, associated with system products and manufacturing technologies,
resulting from the integration of electronics with mechanical engineering and soft-
ware (Figure 4.1) [443]. Nevertheless, since then, the technological evolution and
the need to create new engineering approaches that account not only with the
traditional mechanics, but also with the emerging electronic technology and infor-
mation processing, resulted in an inevitable evolution of the mechatronic concept.
Nowadays, the term mechatronics is not just about integration of specific tech-
nologies, but represents a new philosophy, a new approach to design, development
and integration of complex systems [443]. Within this context, Millbank asserted
that [444],
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Figure 4.1: Scientific areas covered by mechatronics engineering, adapted from
[445].

”by definition then, mechatronics is not a subject, science or technology per se
- it is instead to be regarded as a philosophy - a fundamental way of looking at and
doing things, and by its very nature requires a unified approach to its delivery.”
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In this sense, the mechatronic design methodology, encompasses a more holistic
view of system design and development, in which the product quality, as well as
all aspect of life cycle design are taken in consideration (reliability, maintainability,
serviceability, upgradeability and disposability) [446]. Furthermore, all these factors
should be accounted during the mechatronic product design and manufacturing,
in order to assess and optimize the performance of such systems [446]. Therefore,
mechatronics endow the engineers with the proper tools to transfer their conceptions
into intelligent products. Mechatronic design, provides a variety of alternatives
regarding the decomposition of the design into core functionalities, selection of the
most suitable and adequated technology, as well as the way to implement it [446].
This results, in high performance and high quality electromechanical products,
designed from conception to retirement, typically presenting built-in-intelligence
functionalities, flexibility, and ability to respond to changes in the environment.
Such products enable the implementation of physically scalable systems that go
beyond the mere integration of mechanics, software and electronics, promoting
the implementation of concepts like self-organisation, emergence and sustainability,
among others.

Hence, considering the principles behind modern manufacturing paradigms, it
is clear the preponderance that mechatronic design methodologies have in the suc-
cessful development of these approaches. The following points are only some of the
aspects in which mechatronics play a fundamental role [447]:

• ”System Design - simplified system design due to the standardization of the
interaction between the modules with subsequent shorter time to market.

• Sustainable Development - waste reduction with the extension of the equip-
ment’s useful life and continuous re-utilization of modules.”

The introduction of the mechatronic thinking in both product and system de-
velopment is a crucial step towards the development of mechatronic devices that
support the technical and paradigmatic solutions present in this work.

4.3 Evolvable Production Systems

Evolvable Production Systems paradigm, was first introduced under the framework
of Evolvable Assembly Systems (EAS) [27], and provides the theoretical backbone
for the next generation of production systems. It was originally developed as a result
combination from the outcomes of an European roadmapping effort (Assembly Net)
and the analysis of evolutionary computing [448], in an attempt to identify analogies
between natural systems and the manufacturing reality. The original concept has
been subsequently further developed under the scope of European projects such as
EUPASS and IDEAS. EPS is nowadays an established manufacturing paradigm,
which serves as a broader umbrella for research in many different domains [449].
Some examples are business models [450], scheduling and planning [451], learning
[452], diagnosis [447], among others.
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Sustainability was deemed as one of the most important objectives of Euro-
pean industry, by a considerable number of roadmaps such as KPMG Special Ser-
vices 2002, ManVis 2003, EURON 2005, ManuFuture Platform-Executive Summary
2005, FutMan 2006 [453]. As pointed out before, sustainability is multifaceted and
includes social, economical and ecological aspects. Hence, organisational sustain-
ability follows an holistic approach which aims at supporting all aspect of the supply
chain. In this context, companies are integrated in complex, very dynamic, network
like environments, in which they are subjected to constant changes and uncertain-
ties. Consequently, future manufacturing solutions need to be able to handle very
complex scenarios and focus on uncertainties rather than in forecasted events.

EPS was precisely developed to tackle this sort of dynamic environments fre-
quently subjected to changes and typically characterized by low production volumes
with an high variety of products [454]. For this purpose, EPS provides a solution
which is based on many simple, re-configurable, process-oriented modules and fos-
ters a stepwise continuous evolution of the production system. Essentially, the core
of EPS resides not only in the adaptation capabilities to the changing conditions of
operation of the system’s modules, but also in the ability to aid in the evolutionary
process of these components in time, such that the system continuously presents the
best possible solution for the current environmental conditions and requirements.

In order to cope with such demanding and unpredictable environments, EPS
follows three fundamental design guiding principles [454,455]:

• Principle 1: ”The most innovative product design can only be achieved if
no assembly process constraints are posed. The ensuing, fully independent,
process selection procedure may then result in an optimal assembly system
methodology.”

• Principle 2: ”Systems under a dynamic condition need to be evolvable, i.e.,
they need to have an inherent capability of evolution to address the new or
changing set of requirements.”

• Principle 3: ”EPS systems are based in intelligent, process-oriented, self-
contained, self-organizing modules that can aggregate to deliver different func-
tionalities on demand.”

These three guiding principles resulted in a set of considerations regarding the
design, architectural and technical aspects of EPS. One of the crucial aspects,
clearly highlighted by the fundamental principles presented above, is the modu-
larization of the shop-floor. Every particular module represents distinct formalized
production processes. This characteristic allows EPS to go a step further and
harmonize the link between the product design with the production system. In
traditional approaches there is a unidirectional flow from product design to pro-
duction system. This implies that product requirements are imposed to production
systems by leaving freedom to product designers [456]. The consequence is that
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most of the complexity is carried to the production system. Instead, a process-
oriented approach fosters the re-utilization of modules for different configurations,
since the product characteristics change very often, however the processes needed
are quite stable.

In order to ensure a robust and seamless behaviour of such modularized shop-
floor, different viewpoints concerning the requirements, expected outputs and con-
trolling mechanisms, need to be addressed according to the intervening stakehold-
ers [455,457]:

• ”Functional Views: which address the concerns of the users of the system, and
describe the functionality of the system, the process flows, quality, logistical
issues.”

• ”Communication Views: which address the concerns of how the data and
information is to be represented, interpreted, recorded and transmitted.”

• ”Control views: which address the concerns of the control system.”

• ”Structure Views: which address the concerns of the system integrators, and
maintenance.”

Furthermore, a knowledge model is a fundamental tool to provide an environ-
ment that supports the development and operation of evolvable systems. An ex-
haustive ontology to support the EPS concept has been developed under the scope
of the EUPASS project [458]. The ontology captures what the concepts in the
system are and their relation with each other according to the domain. Collecting
this knowledge under an EPS knowledge model provides an integrated view of the
different stakeholders understanding, of their domains. The elements in the EAS
knowledge model consists of the following knowledge domains [455,457]:

• ”The enterprise knowledge domain: globalizes knowledge of the system and
represents the business, organizational and global knowledge models captured.
Enterprise knowledge enables environment recognition and maintenance of
organizational associations.”

• ”The product knowledge domain: captures the knowledge related to product
specification and design to assembly tasks.”

• ”The execution knowledge domain: capturing knowledge elements related to
communications, planning and scheduling.”

Central to the EPS paradigm is the concept of skill [1]. A skill can be understood
as the process that an EPS module is able to execute and consequently provide to
the system. A skill can be executed upon request. According with its characteristics
skills can be classified has:

• Atomic Skill - denotes the essential functionalities of the module. It represents
the lowest granularity process levels supported by the module.
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• Composite Skill - supports the design of processes compositions through the
parallel, sequential e conditional execution of other atomic skills and compos-
ite skills.

The EPS life-cycle covers and explores all the before-mentioned dimensions of
EPS, as depicted in Figure 4.2. Whilst the life-cycle of current production systems
is limited to the phase in which the system is still productive from the point-of-view
of the company that uses it, EPS systems life-cycle uses a more holistic perspec-
tive based on the time frame which encompass the system’s ability to produce
value [450]. Due to its dynamic modular skill-centric composition, EPSs are able
to trigger a counteraction whenever any environmental disturbance or change is
sufficiently large to justify the costs entailed by the adjustment process.
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Figure 4.2: EPS life cycle, adapted from [454].

EPS offers two different reaction mechanisms to disturbances or environmental
changes, evolution and adaptation [454]. On the one hand, adaptation is a short-
term process and it concerns the system aptitude to reorganize its structural layout
and redesigned its set of processes and products. The extension of the adaptation
process is as big as necessary to overcome requirements or disturbances, within
the constraints of the physical system. On the other hand, when the adaptation
process is insufficient to comply with the new circumstances, a more long term
process is required. Evolution implies the development and integration of new
equipment/modules in the system, to explore alternatives in the system reconfigu-
ration, leading to a new evolutionary state where the system is also able to meet the
new requirements. In order to facilitate the evolutionary process, different granu-
larity levels are supported. Nevertheless, lower granularity imply more hierarchical
layers and consequently less performance. The undertaken reaction mechanism,
should provide the best trade-off between cost, performance, ramp-up time and
other installation specific constraints.
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4.3.1 Evolvable Production Systems Reference Architecture
Initial implementations of EPS concept can be traced back to the CoBASA archi-
tecture [459,460]. Since then, several different architectural propositions have been
introduced using both MAS or SOA, as technological support [461–465]. Recently,
within the IDEAS project, a new reference architecture for EPS was developed.
IDEAS had a strong focus in the development of embedded devices capable to in-
tegrate and support agent technology. Hence, a simple and decoupled architecture
named IADE (IDEAS Agent Development Environment) was devised [2, 3, 466],
based on a reduce number of implemented agents which support social interac-
tions in order to foster self-organisation, leading the system towards an useful and
convergent behavioural emergence.

The basic building block of the IADE architecture is the Mechatronic Agent
(MA). AMA is an entity that harmonizes an equipment, its controller and the agent.
In IADE every MA offers functionalities that can be published, discovered and
consumed in the agent platform. In this sense, one of the IADE’s most important
aspects is the one to one relation between the physical hardware and the production
processes (skills). Furthermore, skills are also the main execution construct of this
architecture.
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Figure 4.3: IADE Functional Architecture, adapted from [2].

The IDEAS mechatronic multi-agent architecture is constituted by four main
types of MA and two auxiliary agents (Figure 4.3) [2, 467]:

• The Machine Resource Agent (MRA) is the most basic agent of the architec-
ture. It is the true MA, in the sense that it abstracts physical components of
the shop-floor. It has a direct one-to-one relation with the hardware. It holds
the atomic skills that the mechatronic entity can perform and it is responsible
for its execution upon request.
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• The Coalition Leader Agent (CLA) is the entity responsible for the manage-
ment and orchestration of processes resulting from the logic composition of
skills implemented by other MRA’s or CLA’s. The CLA is also incharge of
the dynamic runtime allocation of other agents which implement the skills re-
quired to execute the CLA functionality. Failures and disturbances in modules
within a coalition trigger a renegotiation process in order to find a compatible
replacement.

• The Transport System Agent (TSA) is the agent that abstracts the transport
components providing transport related functionalities, such as: localization,
positioning and transportation.

• The Product Agent (PA) is the logic abstraction of a product. The PA pos-
sesses its own production process and it is responsible for orchestrating its
production. The PA is a special instance of a CLA that only orchestrates the
execution of a sequence of processes (composite skill).

• The Yellow Page Agent (YPA) is an auxiliary agent where the remaining
agents in the system can publish their functionalities in the platform. It
provides information about the MA’s and the platform, to any agent that is
registered as a subscriber of the YPA services.

• The Deployment Agent (DA) is another auxiliary agent that upon reception
of a serialized description of a CLA or a RA, rebuilds the agent, and deploys
it in the controller where the DA agent is running. The DA is the agent that
is bootstrapped on the equipment controllers in use by the system.

4.3.2 Self-Organisation on Evolvable Production Systems
A very important aspect for the seamless operation of the IADE platform is self-
organisation. In IADE, the self-organising mechanism is supported by negotiation
protocols, which assist in the dynamic coordination of coalitions. This mecha-
nism not only enables the system to theoretically abstract infinite complexity levels
(depending on the desired system granularity), as well as it ensures the robust be-
haviour of the system. Unlike what happens in the current systems, IADE does
not present a static hierarchical structure. Instead, the set of necessary agents
that compose the coalition which ensures the correct execution of the skill, is only
established in runtime during the skill execution. After the skill execution the
coalition is disrupted and the participating agents are free to integrate new or sim-
ilar coalitions, when necessary. Although from a theoretical perspective all agents
can interact and participate in any coalition within the platform, in reality there
is a set of physical constraints that impose limitations that need to be addressed
independently for every system. In this context, when a failure occurs the CLA
is responsible to find a valid replacement making sure that it is compliant with
any physical constraints, and still ensure the skill execution within the expected
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time-frame. Following this approach the system presents a robust behaviour which
foster the emergence of global coherent state.

The design of EPS towards the exploitation of complexity concepts, especially
self-organization and emergence results in some unique characteristics [454]:

• ”Seamless re-utilization of modules - opening up new business opportunities
whereby an expensive module can be rented for the temporary execution of a
specific task.”

• ”Automation of low production volumes - the possibility of seamlessly and tem-
porarily integrating modules enables the automation of low volume production
avoiding a considerable investment in equipment and space.”

• ”Robustness and Fault Tolerance - the decoupled nature of the modules and
the distributed nature of the control mechanisms can, if properly explored, ren-
der fault tolerance and robustness natural self-organizing processes resulting
directly from the module interactions.”

• ”Virtually unlimited scalability and granularity - the distributed nature of the
system in association with the agent-based approach (which ensures robust and
generic interaction) allows the system to grow as required without scalability
limitations. Components with distinct granularity levels can be integrated.”

• ”Elimination of (re)programming - one of the purposes of devising generic in-
teraction patterns is to promote plug-ability and allow deploying the system in
a reconfiguration logic where each module is adapted (without reprogramming)
to its new operational environment.”

• ”Reduced design complexity at module level - the fact that higher order func-
tionalities derive from progressively composing modules and groups of modules
allows keeping the basic design more simple and granular.”

As stressed before, EPS systems do not present an optimized performance due
to the self-organisation mechanism which is recurrently entering in negotiation pro-
cesses, in order to establish the dynamic hierarchies necessary to ensure the seamless
operation of the system.



Chapter 5

Bio-Inspired Self-Organisation
Methodology

Through the state-of-the-art review and analysis, it is possible to understand that
despite the breakthroughs achieved by current manufacturing architectures, espe-
cially IADE, there is still a lot of ground to cover in terms of exploring all the EPS
potential. State-of-the-art architectures present only a very limited focus on the inte-
gration of bio-inspired mechanisms, particularly self-organisation, as the regulatory
mechanisms that control the underlying logic of EPS. Nevertheless, self-organisation
is a crucial feature for the support of some of the most desirable characteristics of
modern manufacturing systems such as adaptability, scalability, pluggability, recon-
figurability, flexibility, evolution, etc.

In this context, the proposed architecture introduces a new approach to face pro-
duction and production systems. The main objective is to achieve a highly reconfig-
urable, scalable and pluggable environment, regulated by biologically inspired prin-
ciples of self-organisation, in order to close a behavioural gap between distributed
manufacturing and living systems.

The proposed architecture in this Chapter, represents an initial effort to approach
manufacturing from a different perspective, in an attempt to disclose the true po-
tential of EPS. The main architectural lines along which the present developments
will be further clarified in the following sections.

5.1 Self-Organisation towards Production Emergence

5.1.1 Fostering Product and Production Emergence

One of the characteristics that is typically transversal to all the different modern
manufacturing approaches (including IADE), is the delegation of the top level pro-
cess control to the product logical abstraction. Each product holds its production
knowledge and is responsible for managing it. In this sense, all the production
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requirements of a specific product are normally pre-defined as a workflow or work
graph which holds the process/skill execution sequence, that can be executed by the
respective product logical abstraction (typically a product agent/service as detailed
before for the IDEAS/IADE architecture). The pre-definition of a specific execution
sequence, might impose some production constraints that may ultimately prove to
restrict the adaptation of the product production flow to the changing conditions
of the shop-floor, within its physical limitations. For instance, in case there is more
than one alternative on how to produce the same product, either the product fol-
lows always the same workfow, or the workflow size might increase exponentially
with the number of possible alternatives (combinatorial problem). Moreover, the
greater the size and possible combinations of the workflow, the greater the number
of decision points. A decision point can be considered any section in which the
workflow branches into more than one alternative path. This consequently implies
an extra computational effort in order to decide the best alternative production
flow to the current state of the shop-floor.

In the context of this work, however, there is no concept of workflow and con-
sequently no entity in the shop-floor has an overall picture of the product’s man-
ufacturing process. The specification of the production processes and flow is re-
duced to a minimum. The product’s manufacturing process is simply the result
of a self-organising mechanism that controls the manufacturing system, reducing
the complexity of processes description. The final product is the direct outcome
of self-organising interactions established between the shop-floor modular compo-
nents and the product parts available in the system. In other words, the system’s
self-organisation is responsible for the emergence of the final products (’product
emergence’).

With the concept of product emergence in mind and considering that an EPS-
based manufacturing system supports the production of a number of different prod-
ucts, only limited by the physical availability of adequate modules, it is then as-
sumed that ’production emergence’ is the manufacturing process as result of
the self-organising behaviour of the overall system, over time.

Under these conditions, the system is not necessarily designed towards a specific
product or product family. Instead the self-organising mechanisms dynamically
adapt the interaction patterns according to the deployed modules and available
parts in the system, promoting the adaptation and open-ended evolution of the
system, throughout its life cycle.

The proposed bio-inspired self-organising approach can be formalized as a mecha-
tronic oriented and distributed version of the optimization Firefly Algorithm (FA).
The FA [312,313] as described before, is a population-based iterative procedure with
numerous fireflies (agents) concurrently solving a considered optimization problem.
The communication is performed via bio-luminescent signals that efficiently guide
the individual fireflies through the search space [315]. Despite some small concep-
tual differences, that will be further detailed, the flashing characteristics can be
defined by the same three basic FA rules [312]:
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1. All fireflies are unisex so that one firefly is attracted to other fireflies regardless
of the sex.

2. Attractiveness is proportional to their brightness, therefore any two flashing
fireflies, the less brighter one be attracted towards the brighter one. The
attractiveness is proportional to the brightness and both decrease with the
distance. If there is no brighter one than a particular firefly, it will move
randomly.

3. The brightness or light intensity of a firefly is affected or determined by the
landscape of the objective function to be optimized.

In the present work, each firefly can either abstract a product part (PTA),
which together with other specific product parts originates new part types, used to
manufacture the final products, or a resource module (RMA), responsible for the
execution of skills required to produce sub-assemblies or final products.

5.1.2 Templates
In nature, different firefly species are attracted towards different light patterns.
Analogously, the present work aims to attract different PTAs towards different
RMAs. For this purpose, the concept of template was introduced as analogy to the
fireflies light patterns. Each particular RMAi, with i ∈ [1,no. of RMAs], holds a
set of templates (TsetRMAi) as presented in Figure 5.1, that define the required
types of PTAs and the skill to be executed in order to produce a new resulting
part (TnumberRMAi - template number (Tnumber) of resource RMAi). The sum of
all the required parts in the TsetRMAi, correspond to the supported parts of the
respective RMAi.

The skill concept is identical to the one used in the previous EPS-based ap-
proaches. A skill can be understood as the process that an EPS module is able to
execute and consequently provides to the system.

The templates are inspired in the guides or molds used by some species, to steer
the pattern formation process [48].

5.1.3 The interaction metaphor
A fundamental characteristic for the richness and success of natural living systems,
it is their ability to interact. These interactions can take an impressive variety of
forms and at different levels, not always completely perceived and grasped. This is
where the concepts studied under the complexity sciences play their role, resulting
in the most amazing variety of biological collective phenomena.

In the context of this work, manufacturing setups are a composition of modular
interactive entities that dynamically establish interactions relations, between each
other and with the product parts in the system. In this sense, the notion of in-
teraction is crucial in the developed work. The interaction patterns established
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Required Parts Skill Resulting Part 

A 
2 1 9 

Template 1 (T1) 

Required Parts Skill Resulting Part 

B 
6 1 10 

Template 2 (T2) 

Required Parts Skill Resulting Part 

B 
3 1 5 

Template 3 (T3) 

Figure 5.1: Example of possible templates (TsetRMAi = T1, T2, T3).

between all the players in the systems, dictate the emergence or not of a robust
and coherent global state.

Taking into account the two main participants (resource modules and prod-
uct parts), two different types of interactions are considered and explored by the
self-organising mechanism. The neighbourhood interactions, which are established
between different resource modules and the attractiveness interaction, which instead
are established between resource modules and product parts. Both interactions will
be further detailed in the next sections.

5.1.3.1 Neighbourhood Interactions

As previously stated, the neighbourhood interactions are established between
different resource modules.

Considering a metric space1 M = (X, d), where X is a set and d : X ×X → R
is a function, called the metric or distance function, so that the following is true
for all x, y, z ∈ X [468].

1. Symmetry: d(x, y) = d(y, x).
1A metric space is a set where the metric or the notion of distance between the elements of

the set is defined [468].
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2. Positive Definitiveness: d(x, y) ≥ 0, and d(x, y) = 0 if and only if x = y.

3. Triangle Inequality: d(x, y) ≤ d(x, y) + d(y, z).

The distance between x and y, is defined as d(x, y).
Each individual resource module RMAi, positioned in pRMAi

, pRMAi
∈ X, has

a neighbourhood area NRMAi with a certain neighbourhood radius NrRMAi.
The neighbourhood radius is defined by the user and expresses the distance, from
the module, which delimits the neighbourhood area (Figure 5.2). Hence, a resource
module NRMA1 is neighbour of NRMA2 if and only if (NRMA1 ∩ NRMA2).
According to Figure 5.2, NRMA1 ∩NRMA2 and therefore RMA1 is neighbour of
RMA2. In other words, all RMAis with overlapping areas, in space, are considered
neighbours.

RMA1 RMA2 

Neighbourhood  
Area 

NrRMA1 

Neighbourhood 
Radius 

NrRMA2 

NRMA1 NRMA2 

Figure 5.2: Neighbourhood interaction between RMA1 and RMA2. The neigh-
bourhood area of both resources is represented in grey.

5.1.3.2 Attractiveness

While in the canonical version of FA, fireflies are attracted to each other, in the
current context, product parts are only attracted by resource modules. In order
to translate the entities behaviour into a suitable self-organising behaviour, the
concept of attractiveness, needs to be formalized.

The attractiveness β is usually considered to be relative to the distance to-
wards the attractor. However, in the scope of this work, β is considered constant
inside an attraction area βRMAi, of radius βrRMAi, with i ∈ [1,no. of RMAs],
around the resource module. Assuming that RMAi is in position pRMAi

, PTAj is
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in position pPTAj , with j ∈ [1,no. of PTAs], and the distance between RMAi and
PTAj is d(i, j), β can be defined by

β(d(i, j)) =
{

1, if d(i, j) ∈ [pRMAi − βrRMAi, pRMAi + βrRMAi]
0, otherwise

(5.1)

where 1 implies that the PTAj is inside the βRMAi of RMAi, while 0 means that
PTAj is outside.

In nature, different firefly species are attracted towards different light patterns.
Analogously the present work aims to attract different PTAs towards different
RMAs. In this sense, each resource module RMAi instead of having a single
attraction area (βRMAi), has as many attraction areas as the number of parts
the resource is prepared to handle (βPTAtypeRMAi - attraction area of part type
(PTAtype) of resource RMAi). Figure 5.3 shows two different resources, RMA1
and RMA2, in which RMA1 is able to handle PTAtype 2,3 and 5, while part
RMA2 is only able to deal with PTAtype 1 and 8.

RMA2 PTAtype 1 

PTAtype 8 

PTAtype 3 

PTAtype 5 

PTAtype 2 

RMA1 

Figure 5.3: Different resource’s attraction areas. Attraction area of RMA1 of the
parts 2 (β2RMA1) is represented in orange, β3RMA1 in green and β5RMA1 in
blue. For the RMA2, β1RMA2 is red and β8RMA2 blue. The neighbourhood area
of both resources is represented in grey.

It is also assumed that each individual RMAi has the same number of buffers as
the number of different PTAtypes that theRMAi is able to handle (BPATtypeRMAi
- buffer of part PTAtype of resource RMAi). For instance, according to Figure
5.3, RMA1 supports PTAtype 2, 3 and 5, consequently it possesses an individual
buffer for each individual PTAtypes (B2RMA1, B2RMA3 and B5RMA1).
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Each BPATtypeRMAi buffer, is able to accommodate (have in storage) the num-
ber of parts required to produce a pre-defined number (nPTA) of resulting parts,
that the specific resource is able to manufacture (BsizePATtypeRMAi - buffer size
of part PTAtype of resource RMAi). In other words, considering a RMAi with
TsetRMAi = T2, T3, as depicted in Figure 5.1, the respective RMAi has three
different buffers. One for each of its required PTAtype 1, 3 and 6. In this sense,
if nPTA = 3 then Bsize1RMAi will be equal to 3 × 2 = 6, Bsize3RMAi will be
equal to 3 × 1 = 3 and Bsize6RMAi will be equal to 3 × 1 = 3, since we want to
have in storage sufficient parts to produce 3 resulting parts of all the TsetRMAi,
in this case PTAtype 5 and 10.

Furthermore, each different βPTAtypeRMAi has an independent dynamic radius
(βrPTAtypeRMAi). The different βrPTAtypeRMAi is a function of theBsize1RMAi,
the fill level of that same buffer and the maximum radius of the attraction area
max(βrPTAtypeRMAi) (which can be defined by the user or dynamically adapted
by the system). Hence, for the purpose of the present work, the βrPTAtypeRMAi
is defined as a quadratic function

βrPTAtypeRMAi = a0 + a1x+ a2x
2 (5.2)

in which the values a0, a1 and a2 are computed through a quadratic regression. The
quadratic function was chosen, since it provides an interesting exponential decay
that might lead to the proper balancing of the system (different functions may be
tested in future work).

Meaning that, for example, for an RMAi which can handle PTAtype 3, has
a Bsize3RMAi = 4 and a user defined max(βr3RMAi) = 12, if it is considered
that at 50% of the buffer capacity βr3RMAi = 1

4 of the max(βr3RMAi), then
the quadratic function of βr3RMAi should be identical to the function depicted in
Figure 5.4 with a0 = 12, a1 = 6 and a2 = 0.75.

As Figure 5.4 shows, the attraction area size decreases with the increase of the
buffer fill level. This is an important aspect for the balancing of the system, since
when the resource has no more storage space for a certain PTAtype, those parts
will be attracted towards other resources that also support the specific PTAtype.

Figure 5.5 depicts the evolution of βr3RMA1 which follows the same curve as
the one presented in Figure 5.4. As it is possible to observe, in the initial case the
B3RMA1 is completely empty and consequently the βr3RMA1 is maximum. In
the second case, when the BPATtypeRMAi has one part inside, the βr3RMA1 is
reduced in half. As the buffer fills up the βr3RMA1 decreases, as it is expected
and described by the function of βr3RMA1. When the buffer is completely full, the
βr3RMA1 is equal to 0 and therefore, RMA1 will not attract any other PTAtype
3 unless any of the stored parts is used to manufacture a new part. The fact that
the NrRMA1 is represented with the same size as the max(βr3RMA1) is simply
a coincidence.
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Figure 5.4: Possible function of the an attraction area radius (βrPTAtypeRMAi).
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Figure 5.5: Evolution of the βr3RMA1, according to the function depicted in Figure
5.4.
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5.2 Bio-Inspired Self-Organising Architecture

Having defined the main self-organising principles, there is the need to put them
all together and establish how the self-organising mechanism works from an overall
perspective. How does the neighbourhood and attraction interaction mechanisms
along with the definition of templates, affects the system dynamics in order to foster
production emergence?

From an IT perspective the system is built upon two basic constructs, the
Resource Mechatronic Agent (RMA) and the Part Agent (PTA). Similarly to
the IADE architecture previously presented, the RMA is an harmonization of the
equipment, controller and the agent. In this sense the RMA is a generic unit, as
depicted in Figure 5.6, to which are assigned some templates in order to instanti-
ate the right mechatronic equipment. On the other hand, the PTA is not a truly
mechatronic agent, since it abstract a simple object without any embedded con-
troller or software. Nevertheless, since the work is still in a preliminary stage, it
will be considered that the PTA is a mechatronic part able to move itself within
the borders of the physical shop-floor.

Since the system is composed by mechatronic components with embedded con-
trollers the system network is established between the components themselves, with-
out being absolutely necessary to use auxiliary computational power.

5.2.1 Self-Organising Principles
Following the previously introduced mechanisms, each RMAi has a number of
templates, TsetRMAi, whereby the number of buffers and attraction areas of the
resource can be computed. When a RMAi is deployed in the shop-floor, it starts
by verifying if its neighbourhood area (NRMAi) is intercepting any other nearby
RMAi’s neighbourhood area. If this condition holds true, then both resources
will become neighbours. Furthermore, when a RMAi is deployed, it is assumed
that all BPATtypeRMAi are empty. In this sense, all the βPTAtypeRMAi have a
βrPTAtypeRMAi = max(βrPTAtypeRMAi).

It is important to highlight, for the considered scenarios, that during the period
in which a neighbour has βrPTAjRMAi = 0, it is considered a neighbour that does
not accept the specific part PTAj . Another important aspect to account is that,
if there is more than one neighbour in the same best conditions, the part goes to
the closest neighbour.

When a certain PTAj enters the system, it starts by moving randomly through
the shop-floor. When the PTAj enters a βPTAj

RMAi, the PTAj is attracted to-
wards the respective RMAi, if there is no neighbour with a larger βrPTAj

RMAi.
Otherwise PTAj is attracted towards the neighbour that has the largest βrPTAj

−
RMAi. As Figure 5.7 shows, PTA1 is attracted towards RMA2, since there is
no neighbour that has a larger B8RMAi. Once PTA1 reaches the target RMA2,
PTA1 it is removed from the shop-floor and stored in the respective buffer, in this
case B8RMA2. Consequently the βr8RMA2 is recalculated considering the new
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Figure 5.6: Bio-inspired Self-Organising Architecture.

filling level of the respective buffer, B8RMA2. However, if PTAj enters simulta-
neously in more than one βPTAjRMAi, the PTAj is attracted towards the RMAi
that has the largest βrPTAj

RMAi.
As soon as RMAi holds all the parts required in a template, the appropriate skill

is executed and the resulting part is released into the system, initiating the same
process again. For instance, if RMA2 from Figure 5.7 has the template T12RMA2
depicted in Figure 5.8, after the execution of the skill ’F’ the PTAtype 11 would
be released to the shop-floor.

Moreover, if a certain PTAj enters a certain NRMAi, and the specific RMAi
has a template in its TsetRMAi that requires that specific PTAjtype, with βrPTAj

−
RMAi < NrRMAi and βrPTAj

RMAi > 0, if RMAi has a neighbour with a
larger βrPTAj

RMAi then the part goes to the best neighbour. Otherwise, if the
resource βrPTAj

RMAi is larger than any neighbour’s βrPTAj
RMAi, the part is

attracted towards the resource. However, in case a certain PTAj enters a cer-
tain NRMAi, and the specific RMAi has a template that requires the part but
βrPTAj

RMAi < NrRMAi and βrPTAj
RMAi = 0, the part is attracted towards
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Figure 5.7: Evolution of the βr3RMA1, according to the function depicted in Figure
5.4.

a neighbour if there is any with βrPTAj
RMAi > 0. If not, the part will continue

its random walk in the shop-floor.
On the other hand, if a certain PTAj enters a certain NRMAi, and the specific

RMAi has no template that requires that PTAjtype. If the resource has any neigh-
bour with βrPTAj

RMAi > 0, then PTAj is attracted towards the neighbour with
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Figure 5.8: Example of possible template for the RMA2 present in Figure 5.7.

the best βrPTAjRMAi. This specific situation is illustrated in Figure 5.9. Both
RMA1 and RMA2 are neighbours, however, only RMA2 supports PTAtype 5.
Consequently, when PTA2 enters NRMA2, since RMA2 does not support PTA2,
PTA2 will be attracted towards RMA1 which in this case is the best neighbour.
Otherwise, if no neighbour requires the part, PTAj will continue its random walk
in the shop-floor.

Finally, if a PTA enters an attraction and neighbourhood area of different
resources simultaneously, the resource with the attraction area has priority over
the one with the neighbourhood area.

When a ’part’ that corresponds to a final product is manufactured and released
to the system, the product will be attracted by the shop-floor exit point that is
also considered a resource. Similarly to the other resources, the exit point also has
templates, but in this case the required parts correspond to final products and the
skill corresponds to the removal of the product from the shop-floor. In this sense,
the templates are in all similar to the other TnumberRMAi, however they do not
have a resulting part defined.

5.2.2 Technical Architecture

Following the presented EPS-based bio-inspired self-organising approach introduced
in the previous sections, the system is envisioned as a collection of individual
mechatronic assembly modules. The modular functionalities of each mechtronic
agent were mapped into the agent concept supported by the Java Agent DEvelop-
ment Framework (JADE) [469]. Although JADE does not defines any EPS or self-
organising specific functionality, it provides a basic construct, ’agent’, over which
the desired functionalities can be designed in a behaviour oriented fashion. A be-
haviour in a JADE agent, is a composition of functions and procedures executed
in response to either internal (timing, state change, initialization procedure) or ex-
ternal (agent-to-agent communication, environmental changes) events. The agents
communication is established using FIPA [439, 470] standards over Java Remote
Method Invocation (JRMI).
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Figure 5.9: Evolution of the βr3RMA1, according to the function depicted in Figure
5.4.

5.2.2.1 Resource Mechatronic Agent

The resource mechatronic agent abstracts any shop-floor module equipment that
provides any production functionality, harmonizing its interaction with other mod-
ules and parts.

Following JADE’s behaviour oriented approach, the RMA implementation is
based on six main blocks, as detailed in Figure 5.10.
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Figure 5.10: Resource Mechatronic Agent architecture.

Instantiator Block The instantiator block is the block responsible for the setup
process. It is only executed when the agent is deployed in the platform and per-
forms a set of functions and procedures that handle the instantiation of the RMA
according to the module it is abstracting. This process is composed by the following
steps (Figure 5.11).

When the RMA is deployed, it starts by loading information necessary for the
correct functioning of the agent. Such information includes the maximum neigh-
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Figure 5.11: Agent Instantiator Block.

bourhood radius, the number of products possible to produce with the parts stored
in the buffers (when full), which is then used to calculate the buffer size, and the
location of the module in the shop-floor.

The registration in the platform allows the agent to advertise its services,
through a Directory Facilitator Agent (DFA) which is available under the JADE
framework. An unique identifier is attributed to each agent, which is used when
registering a service in order to associate the services with the particular agent. In
this sense, by consulting the DFA, any agent in the platform can access some useful
information regarding particular agents. However, in the present work the RMA do
not advertise the services, they simply register their location in the shop-floor. This
information is only uses to initiate the neighbourhood requests when the RMA is
deployed. These mechanisms will be further described in the Neighbourhood Man-
agement Block.

Finally, the templates that correspond to that particular mechatronic unit are
loaded. Once the setup process is executed the agent is ready to start interacting
with other RMA in order to establish neighbourhood relations.

Neighbourhood Management Block Considering that a neighbourhood inter-
action is only established when a RMA is deployed in the platform, only two differ-
ent situations need to be accounted, the issuing of the neighbourhood request when
the RMA itself comes online and the neighbourhood request received from other
RMAs that were deployed in the platform. For this purpose, the neighbourhood
management block is composed by two different behaviours, the Neighbourhood
Request (Figure 5.12) and the Neighbourhood Validation (Figure 5.13).

As stressed before, the neighbourhood request (Figure 5.12), is triggered imme-
diately after the setup process. The RMA sends a neighbourhood request to all
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Wait for Neighbours Verification Result 

Issue Neighbourhood Request 

Figure 5.12: Issuing neighbourhood request.

Send Neighbourhood Verification Result 

Neighbourhood Verification 

Receive Neighbourhood Request 

Figure 5.13: Processing a neighbourhood request.

the RMAs in the shop-floor.
When the others RMAs receive the request message, the Neighbourhood Val-

idation (Figure 5.13) behaviour is triggered. After receiving the neighbourhood
request, each of the receivers verifies if the neighbourhood areas intercept, using
the location and neighbourhood radius of both RMAs. If the areas intercept each
other, the receiver establishes the requester as neighbour. It saves in a neighbour-
hood list, not only the requester identification, but also the templates that the
requester owns and attraction radius information. Afterwards the receiver sends
an agree notification to the sender. Otherwise, if the areas do not intercept, the
receiver simply sends a refusal notification to the requester.
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Meanwhile, the requester is waiting for the neighbourhood verification results.
As soon a result arrives the requester establishes the agent has neighbour or not
according to the answer. This process continues until the requester receives the
same number of answers and the number of requests.

Templates Management Block The template management block is responsible
for the monitoring of the templates and template requirements in order to execute
the correct skill as soon as the required parts are available. Since the skill execution,
for the present work was simply simulated, only the Template Update and Template
Control behaviour will be properly detailed.

Notify Template Control 

Update Templates 

New Templates Detected 

Figure 5.14: Templates update process.

The template update behaviour (5.14) is triggered after the execution of the
RMA’s setup. After loading, the templates are detected by the templates manage-
ment block which promptly starts to update the agent templates list. Once the list
is updated, the template control block is notified of the existence of new templates,
in order to be constantly updated to properly match the availability of stored parts
and the required parts in the templates.

On the other hand, the template control behaviour, triggers the template exe-
cution (5.15) whenever the status of any buffer is changed. Hence, upon arrival of a
buffer status change notification, the stored parts are matched against the required
parts defined by the templates. If there are enough stored parts to produce a new
part, the respective skill is executed. Otherwise the behaviour is terminated and the
neighbourhood management will wait until a new buffer status change notification
arrives.

Buffer Management Block The buffer management block ensures that any
change in the addition or removal of parts in the respective buffers are immediately
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Figure 5.15: Template execution behaviour process.

and properly handled. There are two main behaviours responsible for this man-
agement process: the New Part in Resource (Figure 5.16) and the Buffer Status
Update (Figure 5.17) behaviour.

If any part arrives to the resource, then an arrival notification sent by the part
is received and the behaviour ’new part in resource’ is triggered. In order to accept
the part, a verification is performed. This verification process starts by checking
if the part is supported by the resource and if so, if there is any slot available in
the respective buffer. If the part is not compatible or if the buffers are full, then
a refuse in sent. Otherwise a notification is sent in order to kill the agent that is
abstracting the part.

The buffer status is a very important parameter, not only for the calculation of
the respective attraction area radius, but also to verify if there are enough stored
parts required in any of the templates and consequently execute the proper skill.
In this sense, the buffer status update behaviour (Figure 5.17) is responsible for all
the updates regarding the buffers status (buffer definition, addition and removal of
parts, etc). This implies that the behaviour is triggered when templates are loaded,
after the agent instantiation, and every time a part is approved by the resource to
storage.

Attraction Management Block The attraction management block is the most
relevant block in the context of this work. It is the block that supports the self-
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Verify Buffer Availability 
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Send Part Kill Notification Send Part Refuse Notification 

Figure 5.16: Part arrival to resource process.

Update Buffers 

Part/Template Change Detected 

Figure 5.17: Buffers control process.

organising mechanism that regulates the attraction interactions between the RMAs
and PTAs. Its main functions are: continuously update the radius of the resource
attraction areas and regulate the interactions with the parts in the shop-floor.

The attraction areas update process, Figure 5.18, is triggered every time a
change in a buffer occurs. According with the status of the changed buffers, the
radius of the respective attraction areas are then recalculated and updated. The up-
dating process affects the internal value of the radius and entails sending a message
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Buffer Status Change Detected 

Computation of Attraction Areas radius 

Update of Attraction Areas radius 

Figure 5.18: Attraction areas update process.

to the RMA’s neighbours with the new attraction radius, in order to constantly
have an up-to-date neighbourhood status.
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Figure 5.19: Attraction control process.
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The attraction control process behaviour regulates the attraction interactions
between the components in the shop-floor. It is important to reinforce that the
PTA typically moves in a random way in the system. Nevertheless periodically
they broadcast their location. When a RMA receives the message, the process
depicted in Figure 5.19 is activated. This process was basically described in the
previous Self-Organising Principles section.

Agent Generation Block Finally the agent generation block is responsible for
the generation of the agent that abstracts the physical part resulting of the man-
ufacturing process. This process, Figure 5.20, is only initiated if the respective
template has a resulting product.

Generate Resulting Part Agent 

Skill Execution Detected 

Figure 5.20: New part generation process.

5.2.2.2 Part Agent

The part agent, abstracts any type of product part necessary to produce a de-
sired product. For the present work, as stressed before, the PTA is considered a
mechatronic entity able to move itself around the shop-floor.

The PTA is able to interact with the RMA in order to support the attraction
mechanism. For this purpose, the part agent is composed by four main blocks as
depicted in Figure 5.21.

Instantiator Block The instantiator block of the PTA is relatively simple. It is
also executed exclusively when the agent is deployed. As opposed to the RMA, the
PTA does not provide any specific service neither is a possible attraction target.
Hence, there is no need to register the PTAs in the DFA. In this sense, the instan-
tiator block is only used to instantiate the type and set the location and velocity
of the part in the shop-floor. The velocity is parameter defined by the user.
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Figure 5.21: Part Agent architecture.

Movement Management Block The movement management block ensures the
shop-floor mobility of the PTA. Whilst the default movement behaviour of the
PTA is the Random Move Control behaviour (Figure 5.22), another movement
behaviour, the Move Control, was implemented to allow the PTA to reach an
attraction target (Figure 5.23).

Move Randomly 

No Attraction Target Detected 

Figure 5.22: Random movement process.

The random move control behaviour is initiated, whenever the PTA does not
have any attraction target defined. When the random move control is active, the
PTA moves, by randomly selecting any directional axis of the shop-floor.
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Figure 5.23: Movement towards attraction target process.

On the other hand, the move control is only triggered when the PTA is at-
tracted towards a RMA. This behaviour ensures the most efficient path towards
the attraction target. A notification informing the target of the part arrival is issued
once the target is reached.

Attraction Management Block The attraction management block of the PTA,
is the RMA’s attraction management block counterpart that supports the self-
organising principles from the PTA side. Two main behaviours compose this block,
the Attraction Request (Figure 5.24) and the Attraction Control (Figure 5.25).

The attraction request, as depicted in Figure 5.24, is a simple behaviour that
periodically issues an attraction target request, when the random move behaviour
is active. The request simply contains the type and location of the part.

The attraction control behaviour, instead, keeps track of the answers received.
As soon as the number of requests is equal to the number of answers, the possible
attraction targets are evaluated. If no adequate target is available, nothing happens
and the PTA will get back to its default behaviour. Otherwise, the best adequate
attraction target is set as destination.
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Issue Attraction Target Request 

Random Walk Period Expired 

Figure 5.24: Attraction target request process.

Valid Target Verification 

All Attraction Answers Received 

Yes No 

Set Attraction Target 

Figure 5.25: Attraction target acquisition process.

Removal Block Once a PTA reaches an attraction source, it is either stored or
processed into a new part. Consequently, the RMA sends a kill notification that
triggers the take down process (Figure 5.26), removing the PTA from the platform.
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Delete Agent 

Part Kill Notification Received 

Figure 5.26: PTA’s take down process.



Chapter 6

Results Assessment

The present Chapter details the testing conditions. Furthermore three different
sets of validation tests are introduced and presented. A discussion regarding the
preliminary results is also undertaken during the presentation of the results.

6.1 Testing conditions

Due to the exploratory nature of the present work and the limitations of avail-
able physical infrastructures, the development of a reliable and accurate simulation
model plays a fundamental role in obtaining relevant data. Only in this way, in this
initial development phase, it is possible to properly assess and analyse the proposed
bio-inspired self-organising approach.

With this in mind, a simple manufacturing scenario was devised. In order
to foster the emergence of different products, three different basic elements were
defined. Through these three basic components, it is possible to obtain four different
final products. Nevertheless, some of the final products are possible to produce
after the execution of a single operation, while others require the production of
more complex parts before the assemble of the final product. Furthermore, it is
possible to obtain some of the final products following more than one production
flow. Figure 6.1, depicts the assortment of available parts. Part types 1, 2 and 3
are the three basic constructs, used to produce all the other PTAtypes. Whilst it
is possible to create product 9 with a single operation, all the other three products
require first the production of one pre-assembled part. Despite the discrimination
of the presented components into simple, pre-assembled and product part, while in
the system all the elements are considered parts. A final product is only considered
as such, once out of the system.

Different templates were designed, considering the different parts and the nec-
essary manufacturing operations to obtain the desired products. These templates
were then assigned to six different RMAs, as it is described in Table 6.1. Each one
of the six different RMAtypes is responsible for the assembling of different parts

157
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Product Parts 

11 9 10 12 

Pre-Assembled Parts 

5 6 7 8 4 

Simple Parts 

1 2 3 

Figure 6.1: Assembly parts.

and possibly of ’final products’. For instance, the RMAtype D, according to the
template T5 is able to produce PATtype 7 through the execution of skill C, using
PATtype 1 and 3. Since part 7 is not a ’final product’, it will be released in the
shop-floor and attracted towards RMAtype LD. On the other hand, according to
template T6 the same RMAtype D, is able to execute skill C over RMAtype 1 and
5 resulting in PTAtype 12, which is one of the four ’final products’. In this case,
the part is simply attracted towards the exit point of the system and removed from
the shop-floor (i.e. from the simulation). However, for sake of simplicity the exit
points are not considered and the PTAtype 9, 10, 11 and 12 are assumed to be
removed from the system after production.

In order to analyse the performance of the proposed method, a simulation model
comprised by twelve RMAs, two of each RMAtype presented in Table 6.1 was
considered.

Another important aspects for an accurate simulation of the proposed approach
is the shop-floor itself. In this sense, the shop-floor is abstracted by a a 33×33 ma-
trix, in which each position can hold a resource or a part. Due to the experimental
nature of these initial tests, no collision avoidance between PTAs was considered.
Therefore, the parts can freely move (vertically and horizontally), according to their
speed (square units/second), within the area of the virtual shop-floor. The PTA’s
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Table 6.1: Templates

Template no. Required Parts Skill Resulting Part RMAtype

T1 1,2 A 9 K
T2 1,6 B 10

LDT3 1,3 B 5
T4 1,7 B 12
T5 1,3 C 7 DT6 1,5 C 12
T7 2,3 D 6 ZT8 2,5 D 10
T9 1,3 E 8 M1T10 1,4 E 11
T11 1,3 F 4 M2T12 1,8 F 11

speed is a variable that can be adjusted between simulations. However, for the dif-
ferent tested scenarios it was assumed a speed of 4 (square units/second) for every
PTA.

Since the shop-floor is abstracted by a 2-axis matrix, the areas around the
RMAs are not circular, but squared instead. Hence, the radius corresponds to the
number of square units, in all directions, from the RMA.

Following the above considerations, two different testing scenarios regarding the
distribution of the RMAs in the virtual shop-floor were devised:

1. Pre-defined layout - the resources are distributed in a pre-defined configura-
tion similar to the one depicted in Figure 6.2.

2. Random Layout - the resources a randomly distributed over the virtual shop-
floor in every simulation iteration.

Understanding the foundations of possible vulnerabilities, to assess the adequacy
and potential of the hypothesis under test, is a crucial aspect in the development
of new approaches. For this purpose, the introduction of performance metrics,
allows the quantification of the system functional response for a given set of condi-
tions. It also provides comparison means that may ultimately prove decisive in the
recognition of critical features. The proposed self-organising principles were tested
considering the following parameters:

• Total number of products produced.

• Total number of products produced by PTAtypes.

• Number of products produced by each individual RMA.
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Figure 6.2: Example of the pre-defined layout used in the simulations.

• Average distance covered by specific PTAtypess.

• Average period of time, since a specific PTAtype enters the shop-floor until
it is processed by a RMA.

6.2 Validation of the Self-Organising Principles

One of the most important aspects in the development of new concepts is to follow
a stepwise approach in order to properly validate and demonstrate the relevance of
the presented problem and potential solution.

Given the complex nature of the approach, the convergence of the proposed
basic self-organising principles had to be properly tested. Thus, a rudimentary
version of the approach presented in Chapter 5 was first implemented [471]. In this
first stage, the PTA is basically equal to what was previously described. However,
the RMA is a rather simplified version, with some important differences that need
to be clarified.

Whilst in Chapter 5 the RMA is characterized by having two distinct areas, in
this initial version there is only a single generic attraction/neighbourhood area with
fixed size. Inside this area the PTAs behave according to the following principles. If
a RMAi supports a particular PTAj , the part will be attracted towards RMAi. In
case the RMAi does not have any template requiring the particular PTAj , one of
two things may happen. If the RMAi has a neighbour that supports that particular
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PTAj , then the RMAi will inform the PTAj which will be attracted towards it.
Otherwise, if the RMAi does not have any neighbour that supports that particular
PTAj , then the part will continue wandering in the system.

Following these principles, for every of the two scenarios previously introduced,
areas of radius 2, 4, 6 and 8 (square units) were tested. Figure 6.3 depicts the
pre-defined layout scenario, with an attraction/neighbourhood area of size 4. For
each neighbourhood area size, ten simulations were performed. In each simulation,
enough parts were deployed to produce 100 product of each product type (400 in
total). As it is shown in Figure 6.1, in order to produce one of each product part,
six PTAtype 1, two PTAtype 2 and three PTAtype 3 are required. This means
that in every simulation, 600 PTAtype 1, 200 PTAtype 2 and 300 PTAtype 3,
were deployed in the system.
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Figure 6.3: Example of the pre-defined layout, with a neighbourhood area of size
4.

Figure 6.4, presents the total number of products considering the pre-defined
layout simulation scenario. Despite the difference for the target production of
400, through the analysis of the results, it is possible to observe that the system
presents a relatively stable behaviour. The relative stability that is maintained
throughout the set of tests, for each radius size, demonstrate the robustness of the
self-organising mechanism. This is even more relevance if it is considered that the
PTAs are deployed in random positions of the virtual shop-floor. Table 6.2 rein-
forces these observations. For radius of 4, 6 and 8 the sample standard deviations
are identical and represent between 5% to 6% of the sample mean. Radius 2, how-
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ever, presents a slightly smaller sample standard deviations. This is due to the fact
that with a radius size of 2, most of the time the parts move randomly in the shop-
floor which consequently reduces the impact of the random deployment, resulting
in slightly more uniform results. Furthermore, the reduction of the sample mean
value observed for the radius size 8, is justified by the almost complete coverage of
the virtual shop-floor by the RMA’s attraction/neighbourhood areas. Without any
balancing principles, with larger radius, the system is more sensible to the random
deployment of the parts. Consequently parts are unevenly distributed causing a
decrease in the total number of manufactured products.
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Figure 6.4: Total number of products produced in the pre-defined layout scenario
(attraction/neighbourhood area approach).

Table 6.2: Statistical Information regarding the Total Number of Products Pro-
duced considering the pre-defined layout scenario (Figure 6.4)

Radius size 2 4 6 8
Sample Mean 283,7 297,4 301,9 280

Sample Std. Dev 13,857 17.456 16.003 17,003
Interval Limits for Student’s t-distribution (confidence 95%)
Upper Limit 293.613 309.887 313.348 292.163
Lower Limit 273.787 284.913 290.452 267.837

However, it is in the average distance covered by the parts to reach the attracting
resource that the influence of the size of the attraction areas radius is more noticed.
As Figure 6.5 shows, it is possible to observe a substantial reduction, from radius 2
to radius 4, on the average number of square unit required for PTAtype 2 to reach
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an attraction RMA. The reduction from radius 4 to radius 6 is much smaller, but
still relatively big compared to the reduction from radius 6 to radius 8, as it can
be observed on Table 6.3. As previously explained, with the increase of the radius
the coverage of the shop-floor also increases, reducing the time in which the parts
and randomly walking. Hence, reducing the average distance necessary to reach a
RMA. Nevertheless after a certain value of coverage percentage the influence starts
to be negligible, as from radius 6 to radius 8.
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Figure 6.5: Average distance covered by PTAtype 2 in the pre-defined layout sce-
nario (attraction/neighbourhood area approach).

Table 6.3: Statistical Information regarding the Average distance covered by
PTAtype 2 considering the pre-defined layout scenario (Figure 6.5)

Radius size 2 4 6 8
Sample Mean 95,497 18,278 11,925 10,349

Sample Std. Dev 5,927 1,364 1,064 0,365
Interval Limits for Student’s t-distribution (confidence 95%)
Upper Limit 99,737 19,255 12,686 10.610
Lower Limit 91,257 17,302 11,164 10.088

Similar effects are perceived in the average period required to process a PTA,
since it enters the shop-floor.

Considering the second layout scenario, random layout, the results show a big-
ger deviation as expected (Figure 6.6), since each one of the ten simulations, for
each of the random sizes used a completely different randomly generated layout.
Through the analyse of Table 6.4, it is possible to conclude that not only the sam-
ple mean values are relatively lower, but also the sample standard deviation, more
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than doubled in number of products. This implies that despite the ability of the
system to self-adapt, the location of the RMAs, as expected, has some influence
in the overall behaviour of the system. It is, however curious that, in this random
scenario the best average performance was achieved with the radius of the attrac-
tion/neighbourhood area of size 2. Such result shows that the randomness of the
PTAs movements, compensate in some way, possibly less appropriate layouts.
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Figure 6.6: Total number of products produced in the random layout scenario
(attraction/neighbourhood area approach).

Table 6.4: Statistical Information regarding the Total Number of Products Pro-
duced considering the random layout scenario (Figure 6.6)

Radius size 2 4 6 8
Sample Mean 273,4 206,7 223,3 239,3

Sample Std. Dev 37,146 32,339 35,877 45,292
Interval Limits for Student’s t-distribution (confidence 95%)
Upper Limit 299,973 229,834 248,964 271,7
Lower Limit 246,827 183,566 197,636 206,9

Notwithstanding the fact that the results are worst than the ones obtained in
the first scenario, it is nonetheless pertinent to conclude that the self-organising
mechanism presents a robust behaviour considering the fully random nature of the
this scenario.

Another relevant conclusion, is that the system does not take into considera-
tion the production target number of the different products types. Meaning that,
although enough parts were deployed in the system to produce 100 products 9, 10,
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11 and 12, the system might end-up producing over 100 instances of one product
and almost none of another.

6.3 Relevance of the Dynamic Attraction Areas to Achieve
the Manufacturing Requirements

Although the results presented in the previous section showed that the proposed
self-organising principles attained a robust behaviour, under extremely dynamic
conditions, it was also possible to identify a number of important aspects that need
to be improved.

One of the most relevant problems that needs to be tackled, is the low number
of manufactured products, compared to the production target. In the best results
achieved, the total number of products was on average ≈ 302, only ≈ 3

4 of the target
400. Nevertheless, the analysis of the obtained results suggest that the introduction
of dynamic attraction areas may be an important step in order to approximate the
final production volume to the manufacturing requirements.

To understand the implications of the introduction of dynamic attraction areas,
some changes were introduced in the previously tested approach [472]. To begin
with, the concept of neighbourhood was not considered. Instead, it was only im-
plemented the attractiveness interaction concept previously defined. In this sense,
the system is regulated through the subsequent principles. When a certain PTAj
enters a βrPTAjRMAi

, PTAj is attracted towards RMAi. Otherwise, PTAj will
simply continue its random walk in the system.

Following these principles, similarly to the previous tests, for every of the two
scenarios previously introduced, areas of max(βrPTAtypeRMAi) equal to 2, 4, 6
and 8 (square units) were tested. For each neighbourhood area size, ten simulations
were performed. In each simulation, also enough parts were deployed to produce 100
product of each product type (400 in total). Therefore, the same number of parts,
were deployed in the system in every simulation, 600 PTAtype 1, 200 PTAtype 2
and 300 PTAtype 3. Furthermore, it was also considered a nPTA = 1 for all the
RMAs in all the tests performed.

According to the analysis of the results, presented in Table 6.5, it is possible
to conclude that, considering the pre-defined scenario, indeed the introduction of
dynamic attraction area radius improved the performance of the system and con-
siderably closed the gap to the target of 400, as the Figure 6.7 also shows.

Another important aspect that considerably improved when compared to the
previous testing set, for the same scenario, is the standard deviation. Whilst in the
previous case the standard deviation was between 5% to 6% of the sample mean,
with dynamic attraction radius those numbers were reduced to values between
1, 234% and 0, 5%.

It is also possible to observe in Table 6.5 a small increase in the sample mean
value, for all the tests, between the different max(βrPTAtypeRMAi). Nevertheless,
these values reinforce the relative independence of the performance of the system,
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Figure 6.7: Total number of products produced in the pre-defined layout scenario
(attraction areas approach).

Table 6.5: Statistical Information regarding the Total Number of Products Pro-
duced considering the pre-defined layout scenario (Figure 6.7)

max(βrPTAtypeRMAi) 2 4 6 8
Sample Mean 373,1 380 381,5 384,7

Sample Std. Dev 4,606 2,624 4,143 2,003
Interval Limits for Student’s t-distribution (confidence 95%)

Upper Limit 376,395 381,878 384,464 386,133
Lower Limit 369,805 378,122 378,536 383,267

in terms of overall production, in relation to the different max(βrPTAtypeRMAi)
tested. However, as it was observed before, the different max(βrPTAtypeRMAi)
highly influence the necessary distance for a PA to reach a suitable RMAi.

To highlight these aspects the average distance covered by the same PTAtype
2 is presented in Figure 6.8.

Apparently the obtained results are far worst than the previous ones, for the
same scenario, as Table 6.6 demonstrates. While in the first testing case, the lowest
sample mean, was 10, 349 (square units) with a standard deviation of 0, 365 for a
radius of 8. For the current approach the best values were also achieved for a
max(βrPTAtypeRMAi) of 8, but with the sample mean of 31, 165 and standard
deviation of 4, 754. However, this fact is simply justified by the balancing effect
that the dynamic neighbourhood attraction areas introduce. With the reduction of
the βrPTAtypeRMAi, the resources are fostering the distribution of that PTAtype
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Figure 6.8: Average distance covered by PTAtype 2 in the pre-defined layout sce-
nario (attraction areas approach).

Table 6.6: Statistical Information regarding the Average distance covered by
PTAtype 2 considering the pre-defined layout scenario (Figure 6.8)

max(βrPTAtypeRMAi) 2 4 6 8
Sample Mean 136,382 66,998 47,018 31,165

Sample Std. Dev 10,122 11,641 5,010 4,754
Interval Limits for Student’s t-distribution (confidence 95%)

Upper Limit 143,623 75,325 50,603 34,566
Lower Limit 129,141 58,670 43,436 27,764

parts over all the RMAs that require that specific PTAtype. One of the negative
consequences of the balancing effect is that the average period required to process
a PTA, since it enters the shop-floor, increases.

Moreover, it is extremely interesting to verify that the balancing characteristics
of the dynamic attraction radius have a signification positive impact in the random
scenario results. In the previous random scenario tests, the system overall produc-
tion was rather lower and more inconsistent, when compared to the pre-defined
scenario. Whereas, with the dynamic attraction radius the obtained values are
much closer to the values achieved in the pre-defined scenario. Considering the
best case of the pre-define scenario, with max(βrPTAtypeRMAi) = 8, the sample
mean of the total number of products produced was 384, 7 and the standard de-
viation 2, 003. For the same conditions, in the random scenario (Figure 6.9), the
sample mean was 380, 8 with a standard deviation of 7, 671. Even though the val-
ues are obviously inferior, they are much closer to the pre-defined scenario than in
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the previous tests. This implicitly means that the dynamic radius of the attraction
areas also fosters the system robustness.
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Figure 6.9: Total number of final products and produced by PTAtypes in the ran-
dom layout scenario for a max(βrPTAtypeRMAi) = 8 (attraction areas approach).
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Figure 6.10: Total number of products produced by PTAtypes in the pre-defined
layout scenario (attraction areas approach).

Despite the increase in the overall production levels verified in this last set of
test for the different scenarios, to almost the desired targets, the system still does
not take into consideration the production target for the individual PTAtypes.
Figure 6.9, clearly shows this problem since the graphs of Products 9, 10, 11 and 12
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should all be over the 100 number of products, considering that 100 was the target.
Figure 6.10, also depicts the same problem for the pre-defined scenario.

6.4 Performance Implications when Considering the
Neighbourhood Interactions

After the execution of the set of tests presented in the last section, it was possible to
analyse the importance and consequences of the introduction of dynamic attraction
radius, in terms of performance and balancing of the system. Hence, the self-
organising approach which considers not only the dynamic attraction areas but
also the concepts of neighbourhood, as described in the previous Chapter, was
implemented and tested [472].

For this purpose, a similar set of tests was performed. For every of the two
scenarios, random and pre-defined, areas of max(βrPTAtypeRMAi) equal to 2, 4, 6
and 8 (square units) were tested. For each neighbourhood area size, ten simulations
were performed. In each simulation, also enough parts were deployed to produce 100
product of each product type (400 in total). Therefore, the same number of parts,
were deployed in the system in every simulation, 600 PTAtype 1, 200 PTAtype 2
and 300 PTAtype 3. Additionally, it was also considered a nPTA = 1 for all the
RMAs. However, since the concept of neighbourhood is supported in this case, a
neighbourhood radius (NrRMAi) of 2, 5 and 10 was also considered for each of
the max(βrPTAtypeRMAi) tested.
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Figure 6.11: Total number of products produced in the pre-defined layout scenario
with a NrRMAi = 10 (neighbourhood and attraction areas approach).
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Table 6.7: Statistical Information regarding the Total Number of Products Pro-
duced considering NrRMAi of 2, 5 and 10

NrRMAi = 2
max(βrPTAtypeRMAi) 2 4 6 8

Sample Mean 372,1 379 376 382,5
Std. Dev. 4,817 5,228 3,197 4,672

Interval Limits for Student’s t-distribution (confidence 95%)
Upper Limit 375,546 382,739 378,287 385,842
Lower Limit 368,653 375,260 373,712 379,157

NrRMAi = 5
max(βrPTAtypeRMAi) 2 4 6 8

Sample Mean 383,3 380,4 383,4 387,5
Std. Dev. 2,710 5,641 3,470 3,027

Interval Limits for Student’s t-distribution (confidence 95%)
Upper Limit 385,238 384,435 385,882 389,665
Lower Limit 381,361 376,364 380,917 385,334

NrRMAi = 10
max(βrPTAtypeRMAi) 2 4 6 8

Sample Mean 386,9 388,3 386,2 388,6
Std. Dev. 0,994 2,213 2,201 1,837

Interval Limits for Student’s t-distribution (confidence 95%)
Upper Limit 387,611 389,883 387,774 389,914
Lower Limit 386,188 386,716 384,625 387,285

For comparison purposes, since this last approach has an extra variable (neigh-
bourhood radius), the best results for the pre-defined scenario considering the neigh-
bourhood radius were selected. In this sense, Figure 6.11 presents the total number
of products produced. As it is possible to observe, for a NrRMAi = 10, the results
are even better than the ones achieved by the best case in the previous section.
Not only the total number of products is closer to the 400, for all the different
βrPTAtypeRMAi, but also the standard deviation is slightly smaller (Table 6.7).

More detailed information for all the neighbourhood radius, considering the
total number of products, can also be found in Table 6.7. For a neighbourhood
radius of 2, a similar performance to the best one considering only the attraction
areas, was achieved. This result was expected, since for a small neighbourhood
radius, the system behaves very similarly to the approach without neighbourhood.
As expected, a slight improvement was also observed for a NrRMAi = 5.

Similarly to the results obtained in the previous sections, considering a small
neighbourhood radius, generally the increase of the max(βrPTAtypeRMAi) posi-
tively influences the average distance covered by the PTAs. However, with the in-
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Figure 6.12: Average distance covered by PTAtype 2 in the pre-defined layout
scenario with a NrRMAi = 10 (neighbourhood and attraction areas approach).

crease of the neighbourhood radius the difference between max(βrPTAtypeRMAi)
starts to fade, as detailed in Table 6.8, since the neighbourhoods established be-
tween RMAs fosters the direct attraction of the PTAs towards suitable RMAs.
Consequently, as the results in Figure 6.12 show, for a NrRMAi = 10 the distance
covered by PTAtype is for all different max(βrPTAtypeRMAi) shorter, compared
to the previously tested approach that only considered the attraction mechanism.
It is important to notice that the standard deviation is also considerably lower,
which indicates that the incorporation of neighbourhood interactions fosters the
robustness of the self-organising mechanism.

Table 6.8: Statistical Information regarding the Average distance covered by
PTAtype 2 considering the pre-defined layout scenario with a NrRMAi = 10
(Figure 6.12)

NrRMAi = 10
max(βrPTAtypeRMAi) 2 4 6 8

Sample Mean 18,159 14,951 13,762 15,1405
Sample Std. Dev 5,730 2,043 1,622 1,609

Interval Limits for Student’s t-distribution (confidence 95%)
Upper Limit 22,258 16,412 14,922 16,291
Lower Limit 14,060 13,490 12,602 13,989

Notwithstanding the better results presented by the introduction of neighbour-
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hood interactions, there is still no significant change in the total number of products
produced by PTAtye. As Figure 6.13 depicts, the number of manufactured prod-
ucts of type 9 and 11 is still clearly superior to the required, while the numbers of
products of type 10 and 12 are inferior. However, these results were somehow ex-
pected, since the neighbourhood interactions play a very important role, but mainly
just affect the speed with which the PTAs converge towards the RMAs.
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Figure 6.13: Total number of products produced by PTAtypes in the pre-defined
layout scenario with a NrRMAi = 10 (neighbourhood and attraction areas ap-
proach).

Nevertheless, the results obtained for the random scenario, revealed a very cu-
rios detail. As it is possible to observe, in Figure 6.9, the number of products
produced for each PTAtype is not constant throughout the simulation. The tests
for the random scenario, considering both the attraction and neighbourhood areas,
as depicted in Figure 6.14, showed identical results. This interesting behaviour led
to the conclusion that although the shop-floor layout does not particularly affects
the overall number of parts produced, it may influence the total number of indi-
vidual PTAtypes produced. Furthermore, it is possible to identify in Figure 6.14 a
convergence point in which the total number of each individual PTAtype produced
is roughly 100, which is exactly the production target.

In order to understand the influence of the system layout, a new set of ten tests
was executed using the randomly generated layout adopted in simulation number 4
(Figure 6.15), considering the random layout scenario withmax(βrPTAtypeRMAi) =
8 and NrRMAi = 10. Figure 6.16, depicts the obtained results for each simula-
tion run. Above all, it is possible to observe that the total number of products for
each particular PRAtype is maintained relatively constant throughout the several
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Figure 6.14: Total number of final products and produced by PTAtypes in the
pre-defined layout scenario with a NrRMAi = 10 (neighbourhood and attraction
areas approach).

simulations.
These results demonstrate that the manufacturing requirements were nearly

successfully attained, simply by the use of a bio-inspired self-organising mechanism
in which the specification of the production processes, as well as the limitations
and constraints introduced in the system, were reduced to the minimum. More-
over, the system presented an extremely robust behaviour, considering the highly
unpredictable and dynamic conditions under which the self-organising mechanism
was tested.
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Figure 6.15: Alternative layout, adopted in simulation number 4, considering the
random layout scenario with max(βrPTAtypeRMAi) = 8 and NrRMAi = 10.
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Chapter 7

Concluding Remarks and Open
Challenges

In this Chapter, initial conclusions derived from the developed and tested approach,
as well as some proposals for future work are presented.

7.1 Summary and Results

Nowadays, manufacturing reality is evermore challenging. For this reason, organ-
isational sustainability and supply chain agility have became critical for the suc-
cess of regular manufacturing enterprises. A very important factor for the proper
implementation of these philosophies is the shop-floor. Companies with a plug-
gable, scalable and highly reconfigurable shop-floor are able to better cope with
uncertainties and to faster respond to new business opportunities. In this sense,
modern manufacturing paradigms play a very important role, since they provide
the methodology and background necessary to implement such systems. However,
although the importance and validity of modern production paradigms is generally
consensual, their implementation in real industrial systems has been, until now,
minimal and only partially successful.

Part of this problem can be attributed to the fact that modern manufacturing
systems heavily rely on biologically inspired concepts, that are not properly con-
sidered and supported in the following development phases. Modern production
systems, as envisioned by modern manufacturing paradigms and particularly EPS,
rely on modular independent constructs that naturally make the system a complex
structure. However, the self-organising mechanisms that critically regulate collec-
tive living systems with similarly structure, are still faced simply as a desirable
characteristic of the systems, but not as the main control mechanism. A more
holistic integration of these mechanisms in the manufacturing context not only fos-
ter the system autonomy, reconfigurability and scalability but also the distributed
problem resolution capabilities, enabling the system to more efficiently respond to

175
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changes and uncertainties of the environment. This, however, is not attainable
without some challenges.

In the first place, a fully decoupled and open architecture that adequately maps
and replicates the bio-inspired mechanisms as applied in nature, needs to be de-
vised. Production requirements which in recent architectures have been typically
centralized and managed by the logical abstractions of the products, must be alle-
viated and seamlessly distributed over the systems components. Consequently, the
scalability, reconfigurability and the distributed execution of the production work-
flows should be regulated by the cooperative behaviour of the system components
and supported by meaningful interactions patterns established between individuals,
based on bio-inspired self-organising principles. Finally and in order to maintain
a constantly optimised systems performance, providing the uncertain and dynamic
nature of the manufacturing environment, the evolutionary cycles of the shop-floor
must be proportionally and consistently regulated according to the production time
frame.

The present work, developed under the umbrella of the EPS paradigm, repre-
sents an initial effort to approach manufacturing from a perspective closer to the
way natural systems work. The proposed approach, tries to close the gap between
the way self-organising mechanisms regulate collective biological systems and the
way these are typically implemented in the manufacturing context.

After the review and analysis of several manufacturing paradigms, control ap-
proaches, mechatronics and complexity science concepts as well as some of the most
relevant bio-inspired algorithms, a number of properties required to enact a system
as bio-inspired were identified. A fully decoupled self-organising biologically in-
spired approach was then devised to regulate the inner dynamics of manufacturing
systems and foster the production and product emergence.

The proposed mechanism is based on the collective behaviour of fireflies, which
use bio-luminescent signals to attract individuals and establish interaction patterns.
By translating this mechanism into the manufacturing reality, different fireflies can
either abstract a part or a resource. Using a similar concept of attraction, the parts
are attracted towards resources, that when met the necessary conditions perform a
skill which creates a new part. These new parts are then used to produce different
new parts, until a final product emerges from the shop-floor. Resources became
dynamically more or less attractive according to the required parts. This dynamic
attraction behaviour plays a very important role in the automatic balancing of the
system. Additionally a concept of neighbourhood was also introduced in order to
regulate the convergence of the parts towards the resources.

The development of this preliminary approach has been undertaken iteratively.
First, a self-organising approach that simply supported a basic combination of the
attractiveness and neighbourhood concepts, was devised. Through several tests
and simulation scenarios (a pre-defined scenario and a random scenario), it was
possible to validate the robustness and adequacy of the self-organising principles.
There were however some limitations. Although the production target was defined
as 400, for the best simulation set, the system was only able to produce the total



7.2. OPEN POINTS AND FUTURE RESEARCH 177

number of ≈ 302 final products. Therefore, another implementation was devised in
order to tackle this limitations.

In the second iteration of the presented self-organising approach, only the inter-
action concept of dynamic attraction was tested. This approach was also further
tested through several simulation runs, in an attempt to understand the influence
of the dynamic attraction in the overall behaviour of the system. The obtained
results showed a better overall performance of the system, with the total number of
products nearly reaching the target. The main motivation for the improved perfor-
mance was the balancing effect introduced by the dynamic attraction interactions.
Despite the improvements on the total number of products, the system was not
able to produce the desired number of the particular product types.

For the last approach, both interaction concepts of neighbourhood and dynamic
attraction were implemented. Like the previous implementations, the approach was
submitted to a similar set of tests. The results showed just a slight improvement
in terms of the total number of products, but a considerably better performance
in terms of the convergence of the parts towards the resources. Nevertheless, the
number of the particular product types was still far from the target. However,
through the set of tests of the random scenario simulations, it was possible to
observe that for different layouts the total number of product types varied. In this
sense, further tests were performed with the layout that better met the production
requirements.

Final results suggest that the manufacturing requirements were nearly attained,
simply by using an approach regulated by bio-inspired self-organising principles,
and with minimum specification of the production processes. These results are even
more surprising and relevant, considering that the parts were randomly deployed in
the shop-floor and that no production requirements specification was introduced in
the system. Furthermore, the system demonstrated to be very responsive to changes
and showed a natural ability to distributively tackle the production plans. This
leads to the conclusion that the proposed architecture and self-organising principles
are very robust and able to cope with very dynamic and unstable environments.
However, a lot of work still needs to be done, in order to reach a fully mature
development stage.

7.2 Open Points and Future Research

This work tried to lay down the first foundations for the development of an EPS-like
fully physically and logically decoupled bio-inspired self-organising manufacturing
system. As opposed to recent developed modern manufacturing architectures, in
which the product holds the production knowledge and is responsible for the man-
agement of its own production. The introduced production approach is designed
to closely mimic the self-organising regulating properties of collective biological
systems. Despite the fact that the problem of introducing bio-inspired concepts in
manufacturing has been increasingly explored in recent years, this effort is typically
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focused on specific aspects of the manufacturing field and not faced from an holistic
perspective. In this context, even though the present work provided initial impor-
tant preliminary conclusions, it also helped to further identify important challenges
and question that need to be tackled.

The following aspects need to be further explored:

• How does the dynamic introduction and removal of resources influences the
normal functioning of systems regulated by the presented self-organising mech-
anism?

• What are the consequences to the system dynamics, if mobile resources are
considered?

• How can the behaviour of systems that follow the proposed self-organising
principles be properly and coherently characterized?

• Is the presented approach even adequate to apply in the manufacturing con-
text?

• Are the current and state-of-the-art mechatronic production systems adequate
to support the present work, with all the known existing restrictions?

• Under the scope of the previous question. If not, what changes need to be
introduced in order for them to be?

• What is the most adequate function to manage the βrPTAtypeRMAi in order
to obtain an ideal balancing of the shop-floor?

• What self-organising principles need to be adjusted in order to improved the
system efficiency and performance?

• What changes need to be introduced in the current engineering design process
in order to properly support the development of self-organising bio-inspired
systems?

In this first initial effort, the proposed approach was simply developed to be
executed and tested in virtual environment conditions. However, in order to be
supported by any real mechatronic system, some adaptations need to be introduced
in the previously devised architecture. Foremost, the architecture must support the
transport system which is a vital part of any production system and provides the
required mobile properties for the components, as depicted in Figure 7.1.
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