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Abstract 

In today’s business environment, the trend towards more product variety and customization is unbroken. Due to this development, the need of 
agile and reconfigurable production systems emerged to cope with various products and product families. To design and optimize production
systems as well as to choose the optimal product matches, product analysis methods are needed. Indeed, most of the known methods aim to 
analyze a product or one product family on the physical level. Different product families, however, may differ largely in terms of the number and 
nature of components. This fact impedes an efficient comparison and choice of appropriate product family combinations for the production
system. A new methodology is proposed to analyze existing products in view of their functional and physical architecture. The aim is to cluster
these products in new assembly oriented product families for the optimization of existing assembly lines and the creation of future reconfigurable 
assembly systems. Based on Datum Flow Chain, the physical structure of the products is analyzed. Functional subassemblies are identified, and 
a functional analysis is performed. Moreover, a hybrid functional and physical architecture graph (HyFPAG) is the output which depicts the 
similarity between product families by providing design support to both, production system planners and product designers. An illustrative
example of a nail-clipper is used to explain the proposed methodology. An industrial case study on two product families of steering columns of 
thyssenkrupp Presta France is then carried out to give a first industrial evaluation of the proposed approach. 
© 2017 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of the scientific committee of the 28th CIRP Design Conference 2018. 
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1. Introduction 

Due to the fast development in the domain of 
communication and an ongoing trend of digitization and
digitalization, manufacturing enterprises are facing important
challenges in today’s market environments: a continuing
tendency towards reduction of product development times and
shortened product lifecycles. In addition, there is an increasing
demand of customization, being at the same time in a global 
competition with competitors all over the world. This trend, 
which is inducing the development from macro to micro 
markets, results in diminished lot sizes due to augmenting
product varieties (high-volume to low-volume production) [1]. 
To cope with this augmenting variety as well as to be able to
identify possible optimization potentials in the existing
production system, it is important to have a precise knowledge

of the product range and characteristics manufactured and/or 
assembled in this system. In this context, the main challenge in
modelling and analysis is now not only to cope with single 
products, a limited product range or existing product families,
but also to be able to analyze and to compare products to define
new product families. It can be observed that classical existing
product families are regrouped in function of clients or features.
However, assembly oriented product families are hardly to find. 

On the product family level, products differ mainly in two
main characteristics: (i) the number of components and (ii) the
type of components (e.g. mechanical, electrical, electronical). 

Classical methodologies considering mainly single products 
or solitary, already existing product families analyze the
product structure on a physical level (components level) which 
causes difficulties regarding an efficient definition and
comparison of different product families. Addressing this 
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1. Introduction 

Industry is defined as the production or assembly of goods 
from a set of raw materials [1]. The evolution of industry has 
been characterized by the evolution of science and technology 
and the provision of the necessary equipment to optimize and 
improve manufacturing processes. The 4th industrial 
revolution involves a new manufacturing paradigm that 
engages current emerging technologies like collaborative 
robotics, big data, internet of things, artificial intelligence, 
virtual and augmented reality, etc. offering more efficient, and 
automated manufacturing production [1]. 

One of the key aspects regarding the 4th industrial 
revolution refers to interoperability and integration of systems 
and heterogeneous devices. Cyber Physical Production 
Systems (CPPS) play an essential role by providing and 

integrating a set of computational units associated to embedded 
systems, manufacturing physical object(s) and human 
resources. They are characterized principally by autonomy and 
its ability of integration, cooperation, and interconnection. 
CPPS can acquire external information and respond accurately 
by monitoring, diagnosing and if needed re-configuring and 
self-adapting the production process [2]. 

Self-x properties and more specifically self-adaptation and 
self-organization in CPPS have been considered by several 
recent reviews [2-4] as central part of research towards a smart 
manufacturing ecosystem. Leitao et al [5], consider that the 
design of the autonomic and emergent behavior for CPPS is in 
fact not straightforward and argue that a robust development 
will still need several years of research. Wang et al, [6] 
conclude that a very important part of self-organizing and self-
adapting CPPS depends on a proper cognition level. This 
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means that CPPS components should have the ability to learn 
not just from the operator but also the adaptation changes that 
were made in their structure and especially why they were 
made to improve future adaptation strategies. In [7] M. 
Törngren et al point out that the high dynamism and high 
changing environment of CPPS will require future 
manufacturing systems to have the ability to hold at least a 
partial intelligence that will lead the self-adaptation and self-
organization of resources.  This context suggests the 
convergence of various conceptual enablers from 
manufacturing, software engineering, self-organization and 
complexity science. Thus, the central goal of this work is to 
discuss such characteristics in form of a conceptual framework. 
This analysis aims to enhance the applicability of novel 
engineering ideas and philosophies that have not been widely 
explored in manufacturing or that even though applied to some 
extent, have generated misunderstanding due to their complex 
terminology and should be considered in the implementation of 
future CPPS. 

The rest of this paper makes an introduction of complexity 
science and their related concepts along with its applicability in 
manufacturing. Also, various of the key challenges of 
complexity in CPPS are discussed. This work concludes with 
an integrated vision and a summary of main findings. 

2. Relevant concepts of complexity theory and self-
organization and its relation to CPPS 

The high heterogeneity, interconnection, and sophistication 
of CPPS pushes higher levels of complexity in the way how 
CPPS are modelled and how they interact; thereby, following 
sections present a set of most important concepts that in the 
opinion of the authors should be considered to design future 
CPPS. A summary of such concepts is shown in Fig.1. 

 
Fig 1. Issues that lead to complexity in CPPS 

2.1 Complex Systems 

A system can be described as a set elements that operate 
together to achieve a particular purpose. Systems can be found 
in any type of environment from ecosystems, computer 
networks or social systems. A system is composed by 
heterogeneous elements and can be part at the same time of 
external and internal structures. Thus, creating complicated or 
complex interactions. This complexity is not just the result of 
an intricate structural organizations but also a consequence of 
a set of complex behaviours [8]. 

As complex systems emerge, this high non-linearity can 
produce actions that are hard to predict or at least which 
ontological representation is hard to capture or formalize [9]. 

Main properties of complex systems consider the need of 
having interrelated parts with nonlinearity and 
interdependence, which exhibit also a coherent global 
behaviour, that results from its solely internal interactions [10]. 

Manufacturing systems can be highly complex because they 
are composed of high heterogeneous elements (machines, parts 
to be assembled, sensors, actuators, people, etc.). The high 
distribution and the various software application levels add 
extra layers of complexity, making systems more difficult to 
analyse. Besides, current industrialization challenges push 
higher levels of interoperability and integration not just inside 
a manufacturing shop floor, but also with all elements in the 
value chain. 

The problem of complexity arises in manufacturing as it 
becomes very hard to define in advance necessary engineering 
strategies to cope with current market turbulence. It is easier to 
constraint the system and to adopt close architectures where 
there is high certainty, complete information, and 
specifications of what to expect [11]. However, in a real 
manufacturing scenario this is not always the case. On one 
hand, we have incomplete problem environmental details and 
not clear specifications of what dynamic variations we can 
have. On the other hand, it is hard to provide a clear product 
specification for all possible scenarios because of production 
variability. This high level of uncertainty brings high levels of 
difficulty of engineering design where usual architectures fail 
to clearly formalize process specifications leaving those in very 
abstract terms. 

2.2 Complex adaptive systems 

Complex adaptive systems (CAS) are complex systems 
characterized by adaptation and learning [12]. These properties 
allow continuous improvement in the interaction of internal 
units. Local policies or rules that govern these elements’ 
behaviours allow the storage of knowledge or experience that 
can be reused to improve future performance. 

CAS are related to the Darwinian evolutionary theory [10] 
where natural organisms should evolve to survive. This 
biological capacity to evolve is linked to a continuous learning, 
adaptation, self-organization, and optimization according to the 
various changes in the environmental living conditions. 

Also, because of the high level of interconnectivity and 
feedback loops of CPPS and the high degree of external 
stimulus, complex systems have to be managed, so that 
unexpected or undesired effects can be avoided [13]. The 
continuous evolution of the complexity in CPPS is also 
restricted by safety issues, the operator decision making 
(continuous feedback), the continuous flow of information, 
customer decisions, and by the continuous and heterogeneous 
technologies used [13]. The market demand has to be 
constrained according to seasons, unexpected events, 
introducing positive or negative feedback loops, classical 
properties of CAS. In CAS, learning is also generated as a 
result of the reinforcement of the polices or rules that govern a 
system (mostly governed by the operator and by the continuous 
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evolution and improvement of the industry). In this context, the 
challenge is to understand when and how these rules should be 
changed, what principles should be used and how to model 
each of the elements [14]. 

2.3 Multi-Agent Systems 

Multi-Agent Systems (MAS) have been extensively applied 
in distributed artificial intelligence and software engineering to 
implement software units (agents) with cognitive and 
autonomous capabilities. 

MAS show emergent behaviour i.e., as a group of simple 
autonomous units they can achieve complex goals [10] by self-
organizing and self-adapting in case of dynamic or unexpected 
events. These properties are widely applied in manufacturing 
or robotics to model the behaviour of industrial entities and to 
perform collaborative tasks [15], [16]. Ideally, MAS do not 
have global contextual knowledge of the operation 
environment; instead, they present a partial local understanding 
and the global behaviour is the result of a continuous 
communication and negotiation process. 

Traditional centralized industrial control approaches are not 
prepared for dealing with new requirements and expectations 
of CPPS. For this purpose, every manufacturing scenario has 
to be very flexible [17]. MAS appear as an important enabler 
of CPPS. They provide the needed intelligence to abstract 
resources, machines, parts to be assembled and even people. 

2.4 Self-organization 

Self-organization can be described as the unplanned 
changes in the behaviour of the components that are part of a 
system. These changes lead to a modification of its structure 
and to a collective and adaptive response. An essential part of 
self-organizing systems includes the non-inclusion of external 
control i.e. no external entity can intervene in the emergent 
behaviour. It is important to understand the difference between 
weak and strong self-organization provided by Serugendo et al 
[15]. Whereas in strong self-organization there is not explicit 
external or internal control that can influence the system, weak 
self-organization denotes the presence of an internal 
centralized control unit. This central unit can have a partial 
knowledge of the system. 

Important examples of self-organization can be found in 
nature. In fact, life exhibits self-organization. Animals like a 
school of fish, colony of ants, flock of birds self-organize to 
survive by indirect interactions. 

Also, several disciplines like robotics or software 
engineering have taken biological inspiration to solve complex 
problems. 

In swarm robotics the self-organization that pushes a 
collective behaviour make robots form several patterns, 
changing their morphological shape in run time and without 
human intervention [18]. In manufacturing, components of 
CPPS need to self-organize. Resources have to be prepared to 
market fluctuations. This is normally translated to 
manufacturing modules that can be re-arranged on-demand 
[19], without the need of additional reconfiguration and with 
minimum re-programming effort. Serugendo et al consider 

various properties of self-organizing system as described below 
[20]. 

Decentralized control: It refers to a lack of a central control 
unit that has influence on the system. Fully decentralized 
systems provide high scalability and robustness. On the other 
hand, centralized or hierarchical systems provides better global 
optimization because of the broader system perspective they 
have [21]. Additionally, high decentralized systems can be 
constrained by “myopia”, or in other words by the close 
perception of their single units. 

Robustness: A system can be considered as robust when 
having a large number of entities (redundant) they remain 
working if one of them fails or if it has been removed. Typical 
examples can be seen in nature in a swarm of insects for 
example. Even if one of the individuals die, the ecosystem 
survives [20]. In manufacturing a CPPS can be considered as 
robust when even though having faulty conditions the system 
continuous working even with suboptimal conditions. 

Feedback loops: Complex and self-organizing systems can 
show internal feedback loops i.e., internal interactions in a 
system can affect other components and those in turn provide 
additional stimulus [10,20]. In manufacturing there are many 
feedback actions that can affect the normal operation of the 
system e.g., market turbulence, operator decisions, production 
changes, KPIs restrictions e.g., energy saving, etc. 

Adaptability: Adaptability is referred as the capacity of a 
system to maintain a certain behaviour, regardless unexpected 
changes that affect the system [20]. Two conditions 
characterize the adaptability of a system: a set of alternative 
behaviours or strategies in case of unanticipated events and the 
possibility to choose the best configuration alternative. 

2.5 Why CPPS need self-organization? 

The virtualization of manufacturing resources as 
components of a CPPS, provides the necessary characteristics 
to have autonomous adaptability and organization. The 
analysis of the triggering mechanism will improve the 
strategies needed to provide a normal or even optimal 
behaviour.  As  stated in [22] “self-adaptation is the response 
to change", and in manufacturing these changes start from the 
production process to changes in market demands, machine 
breakdowns, to improve  efficiency, etc. Some examples of the 
literature include typically: 

Autonomous task orchestration: Normally this self-
organization implies an optimal combination of tasks to be 
performed and available resources in the shop-floor. 

Dynamic layout formation or autonomous transport: It 
includes the transportation of parts to be manufactured in 
specific resources. This process comprises the utilization of 
conveyors or automated guided vehicles (AGVs) which guide 
the product during its manufacturing process considering 
variables like optimal path, reduced time, bottlenecks, etc. 

Autonomous control: Manufacturing resources do not need 
the specification of how to produce or assemble a product.  
They have knowledge of themselves and of their capabilities; 
therefore, the self-organization of resources allows production 
with little or no human intervention [23,24]. 
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feedback actions that can affect the normal operation of the 
system e.g., market turbulence, operator decisions, production 
changes, KPIs restrictions e.g., energy saving, etc. 

Adaptability: Adaptability is referred as the capacity of a 
system to maintain a certain behaviour, regardless unexpected 
changes that affect the system [20]. Two conditions 
characterize the adaptability of a system: a set of alternative 
behaviours or strategies in case of unanticipated events and the 
possibility to choose the best configuration alternative. 

2.5 Why CPPS need self-organization? 

The virtualization of manufacturing resources as 
components of a CPPS, provides the necessary characteristics 
to have autonomous adaptability and organization. The 
analysis of the triggering mechanism will improve the 
strategies needed to provide a normal or even optimal 
behaviour.  As  stated in [22] “self-adaptation is the response 
to change", and in manufacturing these changes start from the 
production process to changes in market demands, machine 
breakdowns, to improve  efficiency, etc. Some examples of the 
literature include typically: 

Autonomous task orchestration: Normally this self-
organization implies an optimal combination of tasks to be 
performed and available resources in the shop-floor. 

Dynamic layout formation or autonomous transport: It 
includes the transportation of parts to be manufactured in 
specific resources. This process comprises the utilization of 
conveyors or automated guided vehicles (AGVs) which guide 
the product during its manufacturing process considering 
variables like optimal path, reduced time, bottlenecks, etc. 

Autonomous control: Manufacturing resources do not need 
the specification of how to produce or assemble a product.  
They have knowledge of themselves and of their capabilities; 
therefore, the self-organization of resources allows production 
with little or no human intervention [23,24]. 
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Energy efficiency and optimization: The continuous 
monitoring of the process provides the necessary feedback to 
rearrange the manufacturing structure and to adapt the 
necessary variables and components to make the production 
work in optimal conditions e.g., reducing energy consumption 
or avoiding machine overuse e.g. [25] 

2.6 The role of emergence 

Emergence is referred to the resulting global behaviour 
which is novel in relation to the normal expectation of the 
properties a system [26]. Emergence brings the possibility of 
self-finding solutions different from the ones already pre-
defined. In engineering, simple rules of the components of a 
system can lead to have an emergent behaviour which can be 
utilized as a strategy to cope with unplanned situations. This is 
one of the biggest differences between classical reductionist 
engineering approaches and it is in opinion of the authors a big 
limitation that current systems have. Even though there is more 
transparency and relatively simplicity when designing closed 
predefined and reductionist engineering systems, they can just 
cope with situations that were already pre-designed for. 

Therefore, a more holistic approach as the one found in 
natural systems will undoubtedly overcome such limitations. 
Emergence is sometimes not desirable in engineering systems 
due to the unwanted changes that may arise [15]. Thus, 
strategies for controlling this instability are imperative to have 
an adaptable and robust system, especially in the 
manufacturing context where instability should be avoided. 
This does not mean however that emergence is not desirable, 
but it should be to some extend controlled and limited. 

2.7 Stability 

The high dynamism of complex systems and the myopia 
caused by the high decentralization of the individual 
components can cause instability. Instability is the direct result 
of non-linear behaviours and of the emerging properties of each 
of the components [15,20]. The resulting global operation is 
unexpected, and the small changes of parameters or behaviours 
may interfere between each other. These conflicting policies or 
rules can lead to a sense of “chaos” caused by the lack of a 
centralized control unit. Thus, it is essential to provide stability 
strategies. In production systems these strategies have to guide 
the whole evolution and self-organization, and this should be 
perfectly synchronized [19] to support every dynamic change. 
Ideally, this stability should maintain an adequate performance 
and operate as a mediator among the dynamic rules of every 
entity, maintaining and adequate level of performance. 
Stability can be related to the prevention of bottlenecks or to 
the avoidance of the degradation of the performance of the 
system. 
 
2.8 The role of learning  

The role of learning in CAS is associated to the concept of 
adaptability and evolution. Natural systems are continuously 
changing as a result of the continuous adaptation or to external 
modifications. For example, the Artificial immune system 
(AIS) describes how biological cells can fight pathogenic  

organisms by means of antibodies [27]. The immune system 
brings essential properties that complement current challenges 
of CPPS such as recognition, adaptation, memory, and learning 
[20]. The adaptation of the mechanisms that manage the AIS 
have been an imperative source of inspiration to solve decision 
making and optimization problems. The challenge in these type 
of approaches remains in how to translate these concepts into a 
practical application. For example, how to formalize such 
environment, antigens and antibodies, different actions, 
behaviors, and global goals [20]. 

Naturally, all these mechanisms need to be in constant 
evaluation, adjustment, and reinforcement, by the operator or 
by predefined goals or experience, so that the learning 
mechanisms can take effect. Complex systems can take 
advantage of data driven approaches and the high availability 
of data. Despite the high evolution of machine learning 
algorithms and the high storage capacity and distribution, it is 
still complex to stablish how to take advantage of such 
techniques in the self-organization and adaptation of CPPS. A 
summary of previous concepts is shown in Fig.2. 

 

 
Fig 2. A Conceptual map of Complexity Theory and CPPS 

3. Key challenges of complexity in Cyber-Physical 
Production Systems 

Various authors are investigating the problem of complexity 
in the implementation of CPPSs. One of the most elusive 
questions in this regard, is whether or not digitalization will 
affect industries way of working/thinking and to what extent it 
will do it e.g. considering the tremendous amount of 
information exchange [28]. Mourtzis et al, provide an approach 
to quantify the level of complexity of digitalized industries 
compared to a traditional manufacturing systems [28]. This 
quantification is based on information systems theory by 
measuring the entropy of each component of the system and 
thus the ability to optimally transfer information among them. 
Main objective of this work is to aware stakeholders of a 
possible digitalization performance gap and thus being able to 
improve it in advance. The same author proposes a 
methodology to quantify metrics in product service system 
considering factors like quantity of the information to be 
managed, diversity of information exchange and the content of 
the messages [29]. 

While these approaches suggest promising ideas to quantify 
complexity in industrial decision-making, it is clear that the 
consideration of the whole picture of industry 4.0 emerging 
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technologies, engineering tools, information flow, products and 
services etc. need to be more elaborated to guide the industrial 
design in very complex environments. At the same time, 
current research efforts seem to be highly focused on the 
technological integration and development of cyber-physical 
interfaces [30]. 

While this research fosters the level of engineering 
applicability, it does not provide a complete set of adaptability 
requirements and guidelines. Few works have focused in 
potentiate the advance behaviors of CPPS. In this regard, a 
more fundamental research will foster higher levels of 
autonomy [30]. As we foresee a huge increase not just in the 
digital but also physical complexity, it is necessary to carefully 
measure such behavioral complexity to understand possible 
unexpected behaviors and to decrease at least to some extent 
the constraints given by current reductionist ones. Fig. 3 
exemplifies this transition, listing main current research effort 
and challenges of complexity in manufacturing (from current 
and previous section) envisioning future research effort to 
succeed with the transition for the next generation of 
manufacturing systems. 

 
Fig 3. Challenges of complexity in CPPS towards the next generation of 

smart manufacturing systems 

4. An integrated vision 

The future of smart manufacturing systems highly 
influenced by digitalization and enabling technologies, the 
increasing data acquisition capacity as well as the enormous 
interconnectivity in a shop floor, within an enterprise and with 
the whole value chain is creating new levels of complexity not 
seen before. 

Traditional reductionist or knowledge-based methods are 
not prepared for this new level of complexity because they can 
only work for the tasks they were pre-program to do; hence, 
new methodologies that promote high adaptability and self-
organization should be designed and implemented. To this end, 
complexity science, self-organizing systems and natural life 
bring interesting sources of inspiration that even though 
implemented to some extend have been not highly exploited.  

Future cyber-physical entities should be capable of self-
organize without any external control, to the extent that new 
global behavior can emerge. This means that manufacturing 
components do not need to be reprogrammed, but they can have 
the needed abilities to respond to specific situations, which 
implies very high levels of adaptability and robustness. 

The local autonomy and decentralization even though 
highly desirable may also cause instability in such systems. In 

CAS this is translated as a chaotic behavior. In manufacturing 
this is extremely undesirable because it can cause unsafe 
conditions, breakdowns, or inefficiency in the process; 
therefore, such emergent behavior should be controlled. 

Additionally, the continuous feedback loops from markets, 
operators, the value chain, business departments and overall the 
high-level data availability provides a continuous feedback and 
at the same time reinforcement and adjustment. Thus, 
stablishing learning mechanisms that provide a continuous 
optimization process considering previous experiences, 
behaviors, and contexts and providing a continuous 
improvement. Such vision and concepts can be explained by 
integrating notions of complex systems and CPPS as can be 
seen in Fig. 3. 

The figure takes into account the 5C CPS architecture for 
Industry 4.0 manufacturing systems [31]. Based on this 
framework, it is possible to stablish some of the main levels 
and functionalities that new self-organizing solutions should 
offer in the context of smart manufacturing. 

The connection level provides the means (hardware and 
software) to connect machines and additional information 
external to the shop floor (e.g. market). 

The data to information level allows the extraction of 
meaningful information from machines by the use of data 
analytics algorithms. 

Within the Cyber level, it is possible to have a refined 
concentration of information that drives the local self-
comparison of resources with previous states. Also, the use of 
emerging technological infrastructures e.g. simulation 
capabilities like the digital twin in the cyber level drives the 
learning and forecasting of future self-organizing behaviors in 
the next level (cognition). Finally, the configuration level 
abstracts the process self-organization which should be carried 
out spontaneously, but with continuous reinforcement for 
process optimization and with a certain level of control to avoid 
process instability. Complementary inputs in the data to 
information, cyber and cognition levels can also potentiate the 
process self-organization by analyzing and learning from the 
user preferences. 

 

Fig 4. Integrated vision for self-organizing and complex CPPS systems 

As shown, the concepts of complexity and self-organization 
envision future implementation of CPPS and overcome several 
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Energy efficiency and optimization: The continuous 
monitoring of the process provides the necessary feedback to 
rearrange the manufacturing structure and to adapt the 
necessary variables and components to make the production 
work in optimal conditions e.g., reducing energy consumption 
or avoiding machine overuse e.g. [25] 

2.6 The role of emergence 

Emergence is referred to the resulting global behaviour 
which is novel in relation to the normal expectation of the 
properties a system [26]. Emergence brings the possibility of 
self-finding solutions different from the ones already pre-
defined. In engineering, simple rules of the components of a 
system can lead to have an emergent behaviour which can be 
utilized as a strategy to cope with unplanned situations. This is 
one of the biggest differences between classical reductionist 
engineering approaches and it is in opinion of the authors a big 
limitation that current systems have. Even though there is more 
transparency and relatively simplicity when designing closed 
predefined and reductionist engineering systems, they can just 
cope with situations that were already pre-designed for. 

Therefore, a more holistic approach as the one found in 
natural systems will undoubtedly overcome such limitations. 
Emergence is sometimes not desirable in engineering systems 
due to the unwanted changes that may arise [15]. Thus, 
strategies for controlling this instability are imperative to have 
an adaptable and robust system, especially in the 
manufacturing context where instability should be avoided. 
This does not mean however that emergence is not desirable, 
but it should be to some extend controlled and limited. 

2.7 Stability 

The high dynamism of complex systems and the myopia 
caused by the high decentralization of the individual 
components can cause instability. Instability is the direct result 
of non-linear behaviours and of the emerging properties of each 
of the components [15,20]. The resulting global operation is 
unexpected, and the small changes of parameters or behaviours 
may interfere between each other. These conflicting policies or 
rules can lead to a sense of “chaos” caused by the lack of a 
centralized control unit. Thus, it is essential to provide stability 
strategies. In production systems these strategies have to guide 
the whole evolution and self-organization, and this should be 
perfectly synchronized [19] to support every dynamic change. 
Ideally, this stability should maintain an adequate performance 
and operate as a mediator among the dynamic rules of every 
entity, maintaining and adequate level of performance. 
Stability can be related to the prevention of bottlenecks or to 
the avoidance of the degradation of the performance of the 
system. 
 
2.8 The role of learning  

The role of learning in CAS is associated to the concept of 
adaptability and evolution. Natural systems are continuously 
changing as a result of the continuous adaptation or to external 
modifications. For example, the Artificial immune system 
(AIS) describes how biological cells can fight pathogenic  

organisms by means of antibodies [27]. The immune system 
brings essential properties that complement current challenges 
of CPPS such as recognition, adaptation, memory, and learning 
[20]. The adaptation of the mechanisms that manage the AIS 
have been an imperative source of inspiration to solve decision 
making and optimization problems. The challenge in these type 
of approaches remains in how to translate these concepts into a 
practical application. For example, how to formalize such 
environment, antigens and antibodies, different actions, 
behaviors, and global goals [20]. 

Naturally, all these mechanisms need to be in constant 
evaluation, adjustment, and reinforcement, by the operator or 
by predefined goals or experience, so that the learning 
mechanisms can take effect. Complex systems can take 
advantage of data driven approaches and the high availability 
of data. Despite the high evolution of machine learning 
algorithms and the high storage capacity and distribution, it is 
still complex to stablish how to take advantage of such 
techniques in the self-organization and adaptation of CPPS. A 
summary of previous concepts is shown in Fig.2. 
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3. Key challenges of complexity in Cyber-Physical 
Production Systems 

Various authors are investigating the problem of complexity 
in the implementation of CPPSs. One of the most elusive 
questions in this regard, is whether or not digitalization will 
affect industries way of working/thinking and to what extent it 
will do it e.g. considering the tremendous amount of 
information exchange [28]. Mourtzis et al, provide an approach 
to quantify the level of complexity of digitalized industries 
compared to a traditional manufacturing systems [28]. This 
quantification is based on information systems theory by 
measuring the entropy of each component of the system and 
thus the ability to optimally transfer information among them. 
Main objective of this work is to aware stakeholders of a 
possible digitalization performance gap and thus being able to 
improve it in advance. The same author proposes a 
methodology to quantify metrics in product service system 
considering factors like quantity of the information to be 
managed, diversity of information exchange and the content of 
the messages [29]. 

While these approaches suggest promising ideas to quantify 
complexity in industrial decision-making, it is clear that the 
consideration of the whole picture of industry 4.0 emerging 
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technologies, engineering tools, information flow, products and 
services etc. need to be more elaborated to guide the industrial 
design in very complex environments. At the same time, 
current research efforts seem to be highly focused on the 
technological integration and development of cyber-physical 
interfaces [30]. 

While this research fosters the level of engineering 
applicability, it does not provide a complete set of adaptability 
requirements and guidelines. Few works have focused in 
potentiate the advance behaviors of CPPS. In this regard, a 
more fundamental research will foster higher levels of 
autonomy [30]. As we foresee a huge increase not just in the 
digital but also physical complexity, it is necessary to carefully 
measure such behavioral complexity to understand possible 
unexpected behaviors and to decrease at least to some extent 
the constraints given by current reductionist ones. Fig. 3 
exemplifies this transition, listing main current research effort 
and challenges of complexity in manufacturing (from current 
and previous section) envisioning future research effort to 
succeed with the transition for the next generation of 
manufacturing systems. 

 
Fig 3. Challenges of complexity in CPPS towards the next generation of 

smart manufacturing systems 

4. An integrated vision 

The future of smart manufacturing systems highly 
influenced by digitalization and enabling technologies, the 
increasing data acquisition capacity as well as the enormous 
interconnectivity in a shop floor, within an enterprise and with 
the whole value chain is creating new levels of complexity not 
seen before. 

Traditional reductionist or knowledge-based methods are 
not prepared for this new level of complexity because they can 
only work for the tasks they were pre-program to do; hence, 
new methodologies that promote high adaptability and self-
organization should be designed and implemented. To this end, 
complexity science, self-organizing systems and natural life 
bring interesting sources of inspiration that even though 
implemented to some extend have been not highly exploited.  

Future cyber-physical entities should be capable of self-
organize without any external control, to the extent that new 
global behavior can emerge. This means that manufacturing 
components do not need to be reprogrammed, but they can have 
the needed abilities to respond to specific situations, which 
implies very high levels of adaptability and robustness. 

The local autonomy and decentralization even though 
highly desirable may also cause instability in such systems. In 

CAS this is translated as a chaotic behavior. In manufacturing 
this is extremely undesirable because it can cause unsafe 
conditions, breakdowns, or inefficiency in the process; 
therefore, such emergent behavior should be controlled. 

Additionally, the continuous feedback loops from markets, 
operators, the value chain, business departments and overall the 
high-level data availability provides a continuous feedback and 
at the same time reinforcement and adjustment. Thus, 
stablishing learning mechanisms that provide a continuous 
optimization process considering previous experiences, 
behaviors, and contexts and providing a continuous 
improvement. Such vision and concepts can be explained by 
integrating notions of complex systems and CPPS as can be 
seen in Fig. 3. 

The figure takes into account the 5C CPS architecture for 
Industry 4.0 manufacturing systems [31]. Based on this 
framework, it is possible to stablish some of the main levels 
and functionalities that new self-organizing solutions should 
offer in the context of smart manufacturing. 

The connection level provides the means (hardware and 
software) to connect machines and additional information 
external to the shop floor (e.g. market). 

The data to information level allows the extraction of 
meaningful information from machines by the use of data 
analytics algorithms. 

Within the Cyber level, it is possible to have a refined 
concentration of information that drives the local self-
comparison of resources with previous states. Also, the use of 
emerging technological infrastructures e.g. simulation 
capabilities like the digital twin in the cyber level drives the 
learning and forecasting of future self-organizing behaviors in 
the next level (cognition). Finally, the configuration level 
abstracts the process self-organization which should be carried 
out spontaneously, but with continuous reinforcement for 
process optimization and with a certain level of control to avoid 
process instability. Complementary inputs in the data to 
information, cyber and cognition levels can also potentiate the 
process self-organization by analyzing and learning from the 
user preferences. 
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As shown, the concepts of complexity and self-organization 
envision future implementation of CPPS and overcome several 
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current challenges that should not be evaded. There are many 
challenges and expectations that remain open in such 
implementations and mostly are about the correct way of 
translating concepts of software engineering and self-
organization into the manufacturing context. Such effort 
involves a high interdisciplinary endeavor among experts in 
these fields who have to consider also safety and security issues 
and the high level of physical restrictions of CPPS. 

5. Conclusions 

The increasing number of production elements in addition 
to the high heterogeneity and turbulence of CPPS brings high 
levels of engineering complexity. Thus, this work has 
presented a brief overview of main conceptual enablers in the 
field of CAS, its relation to cyber manufacturing and a 
discussion of main properties and characteristics like self-
organization, emergence, robustness, decentralization, 
learning, stability, etc. Even though these are not new concepts, 
the scarce research in such fields and its application in 
manufacturing, shows several challenges in understanding and 
translating these ideas but at the same time a number of new 
opportunities. Future works in this direction should take into 
account such concepts and should develop strategies, 
methodologies and consider also new emerging technologies 
and high computational capacity to overcome current Industrial 
expectations.  
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