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Abstract 

Pátkai, Béla: An Integrated Methodology for Modelling Complex Adaptive Production Networks 

 

Tampere University of Technology 

Department of Mechanical Engineering 

Institute of Production Engineering 

Production System Design Laboratory 

Finland, 2004 

 

Keywords: agentbased modelling and simulation, complex adaptive systems, dissipative 

structures, evolutionary computation, methodology development, production networks. 

 

Adaptation and learning are the most crucial skills in the survival of any complex system − 

the former one emphasizing the ability to perform structural reorganization and the latter 

one the use of previously available  information − to reflect on the endlessly changing 

environment the particular system is embedded in. Humans are such complex systems and 

also manmade ones that humans manage by the aid of cooperation, science and the 

multitude of automated tools such as computers, robots, vehicles and their combinations. 

The survival fitness of individuals, organizations, societies and mankind itself depends on 

the successful management of the adaptation and learning process that often involves the 

changing of the environment.  

 

In this interplay between man and nature it is crucial to gather useful knowledge of 

explanatory and predictive power in the − Aristotelian − form of science and metaphors. In 

addition to these, computers have provided a third form or language for knowledge 

gathering and representation since the middle of the XXth century. The success of a system 

of knowledge − a theory − largely depends on the integrated application of these 

knowledge acquisition methods and is measured by the fitness and survival of its users. 
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Since scientific methods are typically limited in scope, metaphors are used to bridge the 

gaps and connect seemingly distinct fields.  

The general aim of this thesis is to contribute to the area of complex adaptive systems 

research − in particular complex adaptive production networks − by integrating scientific, 

metaphoric and computational knowledge in a methodology to complement more traditional  

and specialized approaches such as mathematical equation based modelling, computer 

simulation techniques and management methods. Building synthetic, agentbased simulation 

models is only part of this endeavor, providing a media for repeatable experiments that 

point to various scenarios leading to chaotic behavior, inflection points and bifurcations.  

Since research in the area of agentbased modelling and complex adaptive systems often 

concentrates on building software and running simulations, the methodology developed in 

this work is mainly concerned about the bigger picture that includes not only a basic 

software library but a scientific and philosophical framework that integrates knowledge 

gathering techniques and languages and helps to navigate in the challenging area of 

complex systems by exploring limitations and opportunities systematically. 
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Chapter 1 Introduction 

“Science and technology will shift from a past emphasis on motion, force, 
and energy to communication, organization, programming and control”. 

John von Neumann (1950) 
 

”I think the next century will be the century of complexity.” 
Stephen Hawking (1999) 

 
A theory in science compresses into a brief law or set of equations, the 

regularities in a vast, even indefinitely large body of data. 
Murray Gell-Mann1  

 

 

Advanced technology, telecommunications and logistics are the most typical factors that 

make the world change faster, and the co-evolution of these and human cognition 

constitute the foundation for the frequently mentioned phenomenon of globalization. Such 

a speedup makes us face an accelerating adaptation process, and puts more stress (selective 

pressure) on the individual and nature, as well as on manmade systems, i.e. infrastructure, 

organizations, related paradigms, decision making practices, etc. Systems emerging from 

this highly competitive, evolving environment typically have more degrees of freedom and 

are more open, but the path of their evolution inherently involves the merciless extinction 

of the less fit ones − individuals, organizations, ideas − something that all of them would 

like to avoid. The deep desire of humans to make the world more predictable led to the 

development of science, the tool for a more understandable and controllable world that is 

less vulnerable to the vagary of chance.  

 

The incremental − and occasionally revolutionary − development of formal theories have 

significantly shaped our thinking, and − in a co-evolutionary manner − the way of thinking 

had generated either a  holistic or a disintegrated science, the former in the beginnings and 

the latter in the XIXth century, when the representatives of the separate disciplines thought 

their subject is a well-defined one, and its details only need time to be worked out 
                                                 
1 Murray Gell-Mann, Nobel laurate in physics, The 6th Annual Stanislaw Ulam Memorial Lecture Series, Santa 

Fe Institute, The Regular and the Random, September 22, 1999. 
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completely. Despite this rather optimistic endeavor multi− and cross−disciplinary research 

evolved in the XXth century, and the walls between biology and mathematics, physics and 

chemistry started to erode. Scientists started to emphasize again, that nature is unified, not 

disjointed, and so should be the science we develop. For a long time it seemed that the 

applications of science were lagging behind this integration, as engineering disciplines had a 

firm foundation on Classical (or Newtonian) Mechanics [29], based on the the so-called 

reductionist way of thinking  [43]: the idea was to reduce all problems to the level of 

understandable, tractable, mechanistic equations.  

 

However, the aforementioned changes in the − scientific − world dislocated the focus of 

interest from particulars to systems, and in the first half of the XXth century a number of 

new ideas emerged related to systemic thinking, e.g. Cybernetics [52][2][17], General 

System Theory [9][50], Artificial Life [30], followed by Complexity Science [36] (called in 

short Complexity, also called Plectics, i.e. the “science of the simple and the complex” [16]). 

This latter one is also advocated by two eminent scientists − both Nobel laureates − Ilya 

Prigogine, who carried out and inspired a lot of work related to nonequilibrium 

thermodynamics, and Murray Gell-Mann, the discoverer of quarks and co-founder of the 

Santa Fe Institute that is generally considered one of the leading centers of complexity 

research.  

 

The related paradigms, theories, tools, all embraced by or closely related to Complexity 

Science − including Soft Computing techniques such as Artificial Neural Networks, Fuzzy 

Sets, Genetic Algorithms, Evolution Strategies, Genetic Programming, Population Based 

Incremental Learning − have swiftly started to diffuse into engineering practice, and 

nowadays they are commonly used. Also − demonstrating the change of thinking about the 

strict separation of disciplines − dedicated university courses are trying to bridge the gap 

between seemingly distant principles. Mechanical engineers apply the principles of 

simulated evolution for aircraft wing profile optimization, electrical engineers run genetic 

programming algorithms to design patentable electrical circuits, logistic experts use 

computer simulations of ant colonies, control engineers investigate chemical reactions [47], 

computer scientists make software that evolves programs without expert intervention and 

materials scientists make use of the far-from-equilibrium conditions to treat materials [36]. 
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Throughout this thesis the concept of complex adaptive systems (one of the central paradigms 

in complexity science) is going to be used often and in different contexts. A more detailed 

discussion about complex adaptive systems is found in Chapter 3, but to eliminate the need 

for forward referencing a summary is provided to show the main characteristics of such 

systems. A complex adaptive system is characterized by [16][36][27][13]:  

1. its ability to find regularities in the data present in its environment, and compress it 

in “schemata” 

2. react to changes in the environment in order to maintain its boundaries, increase its 

fitness and “survive” 

3. learn/adapt through testing and updating its schema (i.e. compressed experience, 

knowledge) 

4. exhibit chaotic behavior and emergence of complex phenomena from simple 

interactions.  

 

Typical complex adaptive systems are our mind, science, businesses, organizations, supply 

chains, cities, nations, economies, evolution of species, thermodynamic systems, etc. In 

case of a business firm the schema includes business practices, in a society they are laws, 

customs and myths, in science they are theories. These schemata are constantly tested 

against the environment − that consists of other complex adaptive systems − and 

depending on their success they remain or get replaced by other schemata. The systems 

themselves are the “unfolding” of these schemata, just as the DNA unfolds in the 

environment and “builds” a human body; e.g. in case of a business firm external changes 

make the firm react − according to rules and information included in its schema. In case 

the reaction does not achieve the expected result, part of the schema may be replaced and  

tested against the environment, as long as the conditions of survival are reestablished. In 

extreme conditions, when the selection pressure is very high, the adaptation process may 

fail, and the firm may leave the market − this is evolution at its routine, survival or 

extinction. 
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The central theme of this thesis is the consideration of production networks as complex 

adaptive systems and the development of a methodology that acknowledges the complexity 

of the problem and integrates different tools and methods of inquiry. 

 

There are several influences of high potential in today’s world that motivate the way of 

thinking lurking in this thesis: 

1. The last decades’ shift from reductionism to systemic thinking in science and 

engineering 

2. The possibility for quick and relatively cheap physical transportation of goods and 

people around the world 

3. The practically unlimited and unrestricted flow of information through the Internet 

4. The possibility for computational modelling of systems and processes 

5. The high computational power available for a relatively low price and the expected 

breakthrough in the next few decades (nanotube semiconductors, molecular 

transistors, analogue microprocessors, quantum computation, etc.) and the 

challenge they represent (i.e. are we ready to use them?) 

 

It is also useful to think about this thesis as a component of a complex adaptive system. The 

schema includes the ideas, concepts, theories, claims, theses, postulates and software, all of 

these unfolding in the manuscript, the mind of its writer and a software library. During its 

production and years of research many competing ideas, software components were tested 

against the “real world”, such as the opinion of colleagues, supervisors, friends, paper 

reviewers, conference attendants, information in books and papers, computer simulations. 

Many of the ideas have not survived but new ones were born − all these part of the 

adaptation/evolution process. Such a work − along with the knowledge of the researcher 

and the continuously developed software tools − is nothing like a finished, static entity, but 

− true to its subject − a snapshot at a certain point of time, aiming at survival while 

interacting with its environment − a number of interacting complex adaptive systems 

including human minds and organizations. 
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1.1 Structure of the Thesis 

The thesis consists of eight chapters, starting with an introduction and ending with 

conclusions plus references. Its structure can be seen in Fig. 1.1 below. 

Figure 1-1 The structure of the thesis 
 

Following the introduction chapter 2 is about the problem formulation where it is shown 

how the simple and straightforward formulation of problems becomes a system or network 

of interconnected problems − forming a complex system. In chapter 3 a review of complex 

systems and some related topics are discussed including complex adaptive systems, 

agentbased modelling, enterprise modelling, some economical and organizational issues, 

and enterprise modelling software along with some examples of commercial products 

addressing related problems. The scientific establishments of chapter 4 provide some 

powerful metaphors and analogies that will be used in various ways throughout the thesis. 

Chapters 3 and 4 constitute the literature review and background research of the thesis and 

1. Introduction

2. Problem formulation

3. Review of Complex Sys.

4. Scientific Establishments

5. Software Library

6. Methodology

7. Complex Adaptive 

Production Networks

8. Conclusions

References and Bibliogr.

Literature review 

Original 

contribution 



 

 

Page 20 of 122 Chapter 1 − Introduction 

include a considerable amount of originality in its selection, form presentation and 

interpretation. 

The original contributions are included in three chapters, 5-7. Chapter 5 describes the 

ModNet production network modelling toolbox that was designed by the author, but its 

coding is mainly attributed to a research project team member as described in the 

Foreword. This toolbox and the synthetically developed methodology in chapter 6 provide 

the tools for complex systems modelling for potential users, and points out various 

limitations of such a methodology.  

 

Chapter 7 builds on the literature review and the original contributions, too, and introduces 

a new concept of complex adaptive production networks. In harmony with the methodology and 

the scientific background presented earlier, this chapter draws analogies between dissipative 

structures from non−equilibrium thermodynamics, evolution and production networks. 

This chapter includes ideas that are not fully worked out because of the natural temporal 

limitations and the nature of this thesis. However, it provides a good starting point for 

others who will apply and refine the methodology. 

 

Chapter 8 is a summary that concludes and analyses the achievements and includes a 

section on further plans. The last chapter lists the references in alphabetic order. 

 

1.2 The Content of the Thesis 

For formal requirements a hypothesis is provided in the next subsection, followed by a list 

of objectives and a summary of original contributions. 

 

1.2.1 Hypothesis and Objectives 

The methodology and the accompanying software tool presented in this thesis are designed 

and developed to contribute to the area of complex systems and agentbased modelling 

research. This contribution enables other researchers to carry out systematic modelling of 

complex systems, share information about it and discuss it in a coherent, integrating 

framework that includes and enforces a terminology, a viewpoint and practices. The use of 

this framework and methodology by other researchers has the potential to eventually lead 

to an accumulation of modelling knowledge useful in commercial computer advanced 

modelling products. 
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The detailed objectives are the following: 

1. Establish the epistemological background for the research, including the critical 

view of scientific and rhetoric knowledge 

2. Define a new problem class based on the observations made related to complex 

adaptive systems and production networks 

3. Survey state-of-the-art methods and tools related to the identified problem, 

formulate this from an original point of view to make it a minor original 

contribution 

4. Identify and explore scientific tools showing potential for successful application 

either as exact methods or as applicable analogies 

5. Formulate an integrated methodology for buttom−up complex system modelling 

6. Identify the limitations of the methodology with special attention to computational 

and philosophical issues 

7. Design an agentbased modelling software library that enables researchers to run 

comparable and reproducible simulations of distributed production systems with 

different distribution of control 

8. Describe an analogy transfer in detail, showing how knowledge is transferred 

through a scientific metaphor into a model 

 

1.2.2 Original Contributions 

Previous work in the area of complex systems, agentbased modelling and systems 

modelling has consumed lots of effort in the field of software development, conceptual 

clarification, phenomenological studies and modelling theory. However, mainly due to the 

novelty and the challenging limitations of the field, no standard methodology has been 

developed, especially none that would place agentbased modelling of complex systems in 

an integrated scientific, philosophical and software framework. 

 

This work claims to have made the following original contributions to this problem: 

1. A literature review reflecting a special view of the subject 

2. A new problem definition of production networks that exhibit complex behavior 

3. The synthetic development of an integrating modelling methodology 

4. Drawing a new analogy between dissipative structures and production networks 
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1.3 Research Method 

The definition of the problem, exploration and exploitation of potential solutions and new 

developments all are addressed in this thesis in harmony with the views expressed in the 

beginning of this chapter about complex adaptive systems and their “soft” formulation. A 

more conventional method would have been:  

 Definition of a problem mathematically 

 Exploration of available results (with quantitative measures of success) 

 Proposal of a new method or algorithm 

 Quantitative comparisons 

 

However, in the problem domain of this thesis − as it will become more apparent in the 

next chapters − the classical engineering approach fails, because complexity and complex 

systems cannot be controlled by classical methods, despite of the research effort consumed 

in reducing these problems to classical ones. In addition to this serious challenge the 

problem is considered an open system − similar to the ideas of non−equilibrium 

thermodynamics − and admit, that sharp boundaries of the problem cannot be drawn. 

However, many things can be done, and therefore a wide range of topics are explored and 

integrated in the next chapters in a true systemic manner. 
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Chapter 2 Problem Formulation 

“Natural science does not simply describe and explain nature; 
it is part of the interplay between nature and ourselves; it 

describes nature as exposed to our method of questioning.”  
Werner Heisenberg2 

 

 

The correct, clear-cut definition of the problem, aims, goals and ideals is evidently crucial in 

any thesis. However, as it was have suggested previously, it is plausible from a pragmatic 

point of view to let the problem be what it is in reality: fuzzy. Following the two main 

points made in the previous chapter it is assumed that the problems associated with 

production organizations are large and complex enough to consider them complex 

adaptive systems3. In addition to this let’s assume that the problems we are facing is not a 

single problem, but a set or system of related and − to a varying  degree − coupled 

problems (forming a CAS), including standard mathematical problems and issues more 

“blurry”, related to the “human factor” or simply too difficult to formulate because of the 

nature of the problem or because the lack of knowledge available. In the next section it is 

shown how industrial problems formulated in an exact manner shape up to form a 

complex system. In section 2.2 some of the typical optimization problems are listed that 

appear frequently in a production environment, and in section 2.3 problems related to 

supply chains/production networks are summarized, that require a combination of 

scientific and rhetoric knowledge even for their definition. This latter one is claimed in this 

thesis to be the realistic approach for problem formulation and methodology development, 

therefore at the end of the chapter a synthesis of the problem is done, and is explained in a 

figure to relate it to other problems and methods. 

 

                                                 
2 Werner Heisenberg (1901-1976), physisist, one of the founders of quantum mechanics. 
3 A certain amount of forward referencing to concepts was unavoidable in this work, however, it is kept to a 

minimum. 



 

 

Page 24 of 122 Chapter 2 − Problem Formulation 

2.1 From Problems to a System of Problems 

In Fig. 2.1 the concept of virtual engineering is presented, summarized by Wörn in [54]. 

The concept emphasizes that a manufacturing environment − from initial plant design to 

end product − is very strongly computerized and is full of optimization problems, 

especially combinatorial ones. In the same time these optimization problems are 

interconnected, coupled, and form a complex system. 

Figure 2-1 The concept of Virtual Engineering 
 

In the context of supply chains/production networks it is customary to look at problems as 

optimization problems, in fact it is an “attitude” – also criticized − towards problem 

solving [23].  

 

2.2 Complex Systems and Production Networks 

Complex adaptive systems have different formulations, two important ones being 

developed by John Holland and Murray Gell-Mann [16]. The difference between them is 

that they put the emphasis on different points. Holland starts with the internal model -> 

adaptive agent -> complex adaptive system, while Gell-Mann starts with schemata -> complex 

adaptive system -> a set of complex adaptive systems. Gell-Mann’s formulation is very suitable for 
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application in this thesis, since it reflects the view that the problem is a problem set of a 

“loose aggregation” of complex adaptive systems which interact [16][13][1][24][27][36]. 

 

The problem with such interactions is that changing one of the complex adaptive systems 

in the set changes the interaction of the parts. Kauffman describes it as the “patch 

procedure” (see it schematically in Fig. 2.2): “The basic idea of the patch procedure is simple: take a 

hard, conflict laden task in which many parts interact, and divide it into a quilt of non-overlapping patches. 

Try to optimize within each patch. As this occurs, the couplings between parts in two patches across patch 

boundaries will mean that finding a “’good” solution in one patch will change the problem to be solved by 

the parts in adjacent patches. Since changes in each patch will alter the problems confronted by neighboring 

patches, and the adaptive moves by those patches in turn will alter the problem faced by yet other patches, 

the system is just like our model co-evolving ecosystems.” ([24] pp. 252–3). 

Figure 2-2 The patch procedure on the partitioned problem of coupled subproblems 
 

This illustrates our concern that such a systemic mechanism causes combinatorial explosion 

in its environment, since small changes in problem size and chaotic changes might cause 

the entire reconfiguration of the system, if not its collapse. This single remark about 

coupling in complex adaptive systems itself makes us change our focus and direct us to 

abstract system theories and related methods.  

P1,1 P1,2 P1,3 

P2,1 P2,2 P’2,3 
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Instead of looking at such problem categories separately, it seems more suitable to handle 

them as part of a dual problem set including optimization problem instances as 

subproblems. As Ingalls points out in [23], optimization problems in supply chains often 

end up in simplified form of mathematical programming (linear, dynamic, mixed-integer), 

and miss important points such as: 

 Demand forecasting details 

 Earnings estimates and their feedback 

 Variance (in various contexts) 

 Strategic planning 

 Supplier reliability 

 

This clearly indicates that reducing the global problem to optimization issues avoids 

complexity and can have serious consequences, like missing the point of organizational 

modelling. 

 

2.2.1 Supply Chains 

Since this thesis is concerned about complex systems, and is applied to problems related to 

production networks supply chains are briefly introduced in this section and its supersets in 

the next two sections. 

 

Supply chains have various generally accepted definitions but all are very similar. Listing a 

few: 

 A supply chain is a network of autonomous or semi-autonomous business entities collectively 

responsible for procurement, manufacturing, and distribution activities associated with one or more 

families of related products [99]. 

 

 A supply chain is a network of facilities that procure raw materials, transform them into 

intermediate goods and then final products, and deliver the products to customers through a 

distribution system [87]. 
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 A supply chain is a network of facilities and distribution options that performs the functions of 

procurement of materials, transformation of these materials into intermediate and finished products, 

and the distribution of these finished products to customers [15]. 

 

Other terms for supply chains are [44]: 

 demand network 

 value network 

 demand chain 

 commodity chain 

 production chain 

 activities chain 

 value chain 

 value web 

 pipeline 

 

All these terms emphasize a different aspect or characteristic of supply chains. 

 

2.2.2 Production Networks 

The concept of production network is one level higher in the organizational hierarchy than 

supply chains. According to the definition of Prof. Sturgeon “a production network is a set of 

two or more value (or supply-) chains that share at least one actor.” [44] This is an evident extension 

of the supply chain paradigm, and a deverticalization, too. 

 

In comparing supply chains and production networks it is important to see that the word 

chain implies a vertical orientation and network implies also horizontal interconnection. 

 

Production networks emerged due to global changes favoring the construction of larger 

and larger production organizations, often spanning through continents. One of the main 

reasons for this increase in size and complexity is cheap and fast transportation available 

worldwide. 

 

Depending on mainly cultural factors, it is posible to distinguish between captive, relational or 

turn-key type production networks [7], though other finer classifications are possible.  
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 A captive type of production network is dominated by an organization larger than 

the others involved.  

 The relational type is the most typical one in Europe, that is largely built on spatial 

and social links, building on trustful relationships in the business environment.  

 Turn-key type production networks are usually represented by American 

organizations, that emphasize flexibility and innovation the most. 

 

The evolution of production networks starts with isolated production systems and 

continues with supply chains. The second evolutionary step resembles production 

networks with even more degrees of freedom, including possibilities for virtual networking. 

 

2.2.3 Virtual Production Networks 

The highly developed state of the information infrastructure and logistics enables a 

dynamic networking of production, i.e. the formation of virtual production networks. 

Companies developing such a virtual network usually make use of their know-how and link 

innovative but deverticalized lead firms with sets of highly functional suppliers [44]. The lead firms in 

such a network typically provide the innovative part and marketing power and the rest of 

the functions such as manufacturing, process engineering, assembly, packaging, distribution 

are taken care of by supplier4s [44][45][46]. There are inevitably dangers in this production 

model, since a significant part of the physical process lies in the hands of the 

subcontractors, who easily gain expertise, get a grip on the rest of the process and get loose 

to become dominant lead firms themselves. 

 

2.2.4 Social Capital and Production Networks 

An important aspect of production networks is their relation to social capital[42]. The 

previous section already pointed out that cultural and historical motivation has a significant 

effect on production networks. In the same way production networks have an effect on 

culture and politics − this way the two coevolve and therefore influences any work carried 

out in the field of enterprise modelling. Though in this work it’s not possible to go into 

more details about this issue, it is important to note that in case of evolutionary exploration 
                                                 
4 The great danger of this strategy is apparent in the Japan-USA virtual networking, where the suppliers have 

learned the lessons of the american lead firms, and became functional without them. 
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or optimization of network structure it is not useful to develop organizations that are not 

viable because issues related to social capital have been ignored. Some social capital 

examples that need to be taken into account include: 

1. In certain countries subcontracting is seriously constrained by personal 

relationships between company managers. 

2. A factory cannot be shut down in a small community because of political reasons. 

3. A reorganization of an enterprise has to be done so as to preserve good spirit 

amongst workers. 

4. The headquarters of an enterprise cannot be moved to a more favorable country 

because homeland buyers would penalize the change by changing purchasing 

habits. 

5. The introduction or removal of  environment friendly products on the market 

changes the acceptance of other actions. 

6. Information sharing practices between cooperating/competing companies 

influence strategic decisions. 

 

2.2.5 Typical Problems Occurring in Supply Chains/Production Networks 

In the three previous subsections we have seen some major organizational configurations 

that are at the centre of our interest.  

In the following some typical problems arising in supply chains and production networks 

are listed5: 

 

1. plants are usually dedicated to one product 

2. typically not much excess capacity available 

3. Forecasting and information sharing/communication problems 

4. forecast date has high error margin 

5. plant capacity is imprecise 

6. coordinating distributed production is an increasingly complex task 

                                                 
5 This list is a collection of comments and documented problems from real-world supply chains and 

production networks, collected from conference and journal papers and websites. 
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7. government regulations may be an issue in case of large network (tax and duties, 

trade restrictions, wages, requirements) 

8. handling of imprecise data 

9. handling of long-term planning 

10. how to explore and exploit the whole solution space 

11. how to handle multiple objectives 

12. how to rank solutions 

13. distribute decision making across the system 

14. what should be the systems architecture be like 

15. plan the capacity and location of new plants or suppliers 

16. data fuzziness all over the system 

17. out-of-stocks cause 4-5% loss to manufacturer, not including other intended 

purchases at time of the visit (Source: Retailer Operating Data, Prism Partner Store 

Audits, Coca Cola Retail Council  Independent Study, 1996)manufacturer and 

retailer forecasts are not integrated 

o sales history is used as a predictor 

o forecasts do not include future programs 

o manufacturers are not building to retailer and consumer demand 

o forecasting of promotional, seasonal and new items remain a critical issue 

19. bullwhip effect (i.e. supply chains are chaotic) causing huge oscillations in case the 

individual units are trying to solve their own problems and: 

o overreact to backlogs 

o poor communication in the supply chain 

o poor coordination 

o variable delay times 

o customers order more unnecessarily to keep their inventories safe 
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o partners order too small amounts to keep their inventories low 

 

2.3 Problem Definition for this Thesis 

In this chapter we have seen some aspects of the problems related to complex systems, 

systems of problems and production networks that resemble complex systems. The 

problems related to production networks are vast in number, they embrace scientific, 

managerial, financial, political, cultural issues.  

 

The methodology developed in chapter 6 is only concerned about modelling the 

complexity aspect of these problems conceptually and computationally. To provide more 

focus, a figure from the related literature is used in Fig. 2.3 and extended with new boxes 

and explanatory notes. The summary Fig. 2.3 is a taken from the area of knowledge 

engineering, and is quite self-explanatory [10]. It shows that Knowledge-based Expert 

Systems (KBES) can be viewed at the knowledge and at the computational level. 

 

In Fig.2.4 agentbased modelling and agent-oriented  representation (programming) had 

been added to the figure because the implementation paradigm of the methodology is 

agentbased, and the corresponding software engineering methodology is agent-oriented, 

therefore it is depicted as a shaded text box. 

 

The four numbers at different points of the figure provide a good summary of what is 

expected of the methodology in chapter 6: 

1. At the knowledge and problem level 

 Where are the boundaries of the problem (i.e. what to model)? 

2. At the border between the knowledge− and computational level (i.e. the 

mapping of knowledge on a computational structure): 

 How to make the mapping (methodology)? 

 What is lost in the mapping (what type of mapping is it)? 

 What can be represented by computation and what can’t be? 

 When and why use a certain representation? 
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Figure 2-3 Knowledge Engineering (figure reproduced from Britton et al. [10]) 
 

3. At the generic techniques: 

 How to formulate the model? 

4. At the implementation specific part: 

 How to represent the model? 

 How to validate and verify it? 

 

These questions are expected to be answered by the methodology. Summing up the 

problem: our aim is to develop a methodology by synthesis that supports the effective, correct and well 

grounded mapping of human− and domain knowledge of complex systems into agentbased models by 

integrating scientific− and rhetoric knowledge by the use of analogies and computer experiments. 
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Figure 2-4 Explanation of the role of the developed methodology 
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Chapter 3 Review of  Complex Systems 

“Scientists must use the simplest means of arriving at their results and 
exclude everything not perceived by the senses.” 

Ernst Mach  
 

“Things have to be as simple as possible, but not simpler.” 
Albert Einstein 

 

 

In accordance with the introductory chapters we can see that the tools and theories 

associated with supply chains and production networks can be vast and their choice is 

strongly influenced by corporate culture, geographical location, management, owners, 

operating conditions, competition, etc.  

 

Complex systems are omnipresent, and their description is found in chemistry, physics and 

engineering principles, however, the field is lacking tools mainly because of the nature of 

the problem. Maybe the most promising tool is agentbased modelling, but its slow 

development and the lack of standardized methodologies have disappointed the public and 

researchers in the last decade. 

 

Because of this omnipresence of complex systems, in this chapter an effort is made to 

introduce the state-of-the-art of different aspects of scientific and engineering advances in 

related fields. Therefore this chapter cannot focus on a single topic, it has to sum up at 

least some of those complex systems concepts, software development methodologies and 

even some commercial enterprise software products to show in how many ways the 

challenges of complexity are met. In a way this method of showing typical examples only is 

true to the philosophy of this thesis, because it would be impossible to handle such a wide 

area by going into details at every topic. 
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3.1 Complex Systems − Complex Behavior 

Complex systems methods use systemic inquiry to build fuzzy, multivalent, multi-level and 

multi-disciplinary models of reality. (This definition of the problem acknowledges − 

opposite to those who circumvent it − that in a real complex problem the problem 

boundaries are usually not known.) The way to understand these models and reality 

through them is to look for patterns that seem to have some meaning.  

Figure 3-1 The operation of a complex adaptive system (figure from Gell-Mann [16]) 
 

The reason why it is customary to start with extremely simple simulation models of 

complexity is that at that simple level it should be possible to understand how the 

computational model is working and why. In case the mechanism of the model is 

understood one step can be made further and so on, until a model is available with known 

mechanisms, i.e. something science aims at, working models with predictive power which 

are also understandable. Following this method the results may very well be user dependent 

and might only provide complimentary insight. Complex systems are elusive, because they 

transition between different equilibria, self-organize and “control and order is emergent 

rather than predetermined” [13]. 
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In Fig. 3.1 taken from the book of Murray Gell−Mann an intuitive representation of a 

complex adaptive systems shows how these systems work. Basically this is an information 

processing framework that is processing schemata, compressed knowledge, that can have 

all kinds of meaning in different environment.  

 

3.1.1 A Computational Complexity Paradigm − Classifier Systems 

Classifier systems are the most characteristic and abstract, computational models of CAS.  

They are well researched and lots of software is available free on the web for 

experimentations. They represent the same idea as the CAS of the previous figure, but are 

less abstract, giving a specific representation and schemata processing mechanism. In Fig. 

3.2 and 3.3 we can see two simple classifier systems, and find how they process schemata in 

order to adapt to the environment. 

 

Figure 3-2 Classifier System (figure from Flake [13]) 
 

The metaphor of this schemata processing is used in evolutionary biology, sociology and in 

complexity science as well. However, a classifier system is only a low level representation of 
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a complex system, i.e. it is at the computational, implementation level that doesn’t provide 

any help in how to map a system on it. 

Figure 3-3 Wilson’s zeroth level classifier system (figure from Flake [13]) 
 

3.1.2 “Harnessing Complexity” − a Framework 

In the recent book from Prof. Axelrod et al. “Harnessing Complexity − Organizational 

Implications of a Scientific Frontier” [3] a rhetoric framework is developed from the experience 

the authors had with agentbased modelling and simulations. The framework is organized 

around three main actions with further recommendations: 

1. Variation 

a. Arrange organizational routines to generate a good balance between 

exploration and exploitation. 

b. Link processes that generate extreme variation to processes that select with 

few mistakes in the attribution of credit.6 

2. Interaction 

a. Build networks of reciprocal interaction that foster trust and cooperation. 

                                                 
6 This means − in the terminology of the referenced author − that processes with high variation (i.e. good at 

the exploration of possibilities, e.g. high mutation rate in a genetic algorithm) should be connected to 

effective selection processes (e.g. the objective function of an algorithm) that exploit this variety. This rule is 

related to the exploration vs. exploitation tradeoff. 
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b. Assess strategies in light of how their consequences can spread. 

c. Promote effective neighborhoods. 

d. Do not sow large failures when reaping small efficiencies. 

3. Selection 

a. Use social activity to support the growth and spread of valued criteria. 

b. Look for shorter-term, finer-grained measures of success that can usefully 

stand in for longer-run, broader goals. 

 

The importance of Axelrod’s work is at least twofold, not only his conclusions are 

important, but also how he arrived at them. At the beginning of the book he makes it clear 

what the title of the book suggests: it is time to give up the illusion that we are in control, 

complex systems cannot be controlled, that is why they are called complex. Classical control 

problems and even the problems solved by Cybernetics and General Systems Theory 

consider only negative feedback control, no positive [24], so in case we would like to use 

the term “control” in complex systems we have to redefine it. Complexity, however, can be 

harnessed − if not controlled by classical methods − if the basic guiding principles are 

known it is possible to adjust to them. This only  means a higher probability of success, but 

still this is the best we can do. It is important from the point of view of this thesis, that the 

conclusions of Axelrod’s framework were developed by observing complex systems and 

building numerous agentbased simulation models. (These results can be found in [4]). 

 

3.2 Management Cybernetics 

While in the previous sections we found CAS and CS representations of complex systems 

and in Axelrod’s work a positive example of how agentbased modelling of complex 

systems can lead to strategic/rhetoric knowledge, we still don’t know anything about how 

the systems are mapped on computational models.   

 

Complex systems research  is typically associated with the “complexity hype” of the 1990’s. 

Interestingly, the books and publications of this hype rarely make any notice that a similar 

one had taken place in the 1950’s under the name of Cybernetics  and General Systems 

Theory [52][9]. In those days digital computers were already available and the development 

of technology and mathematics inspired systemic thinking and the recognition of new 
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problems. Many of these theories were too much ahead of their times, e.g. John von 

Neumann talking about the necessity of individual-based modelling [35]. 

 

Figure 3-4 Application of the theory of models (figure from Beer: Decision and Control [6]) 
 

One of the most worked-out applications of these theories is the work of Stafford Beer, 

whose explanation and ideas about using metaphors, analogies, similarity in modelling are 

very relevant to this thesis, too. In Fig. 3.4 similarity is shown at different levels of 

abstraction as simile, analogy and isomorphism. His claim in [6] “the model of any one system 

stands in some sort of correspondence with the model of any system: the question is whether the 
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correspondence is great or small − and therefore more useful or less useful” is very important, too, 

because on the one hand it encourages us to draw analogies between seemingly distant 

phenomena, but on the other hand warns that “some sort of correspondence” doesn’t 

necessarily mean anything, it has to be tested for usefulness. These ideas will be applied in 

the developed methodology of chapter 6. 

 

3.3 Software and Methodologies 

Software engineering translates models into code. In case of complex and component-

based problems and models (e.g. agentbased models) the software engineering 

methodology has crucial importance. 

 

Object Oriented Design (OOP) became an everyday tool for engineers and it is considered 

a proven technology. However, in case we are aiming at building agents of all kinds the 

paradigm has to be extended, because a higher level of independence for agents is 

necessary than in case of objects. Therefore Agent Oriented Design was developed to 

translate agent models to software. Agent Oriented Design and Programming is still using 

OOP for implementation and it is a very suitable one, but the implemented agents reflect a 

special programming philosophy, as agents can have their own goals, communicative 

actions and protocols that enable them “to live their own life” on the basis of 

preprogrammed goals and actions. 

 

In the following sections some tools, development− and modelling methodologies are 

introduced, all related to software. 

 

3.3.1 Agentbased Modelling 

Agentbased modelling (also called Individual Based Modelling, IBM) has a central 

importance in modelling and representing complex systems. It shouldn’t be confused with 

agent-oriented software engineering, because that is a software development method, while 

ABM is a modelling method. However, they are not far from each other, since agentbased 

models are implemented as software. The following list includes the main properties of 

agentbased modelling (ABM): 

• it’s a bottom-up modelling approach 
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• agents are the basic entities of the simulation, they have behaviors and 

actions 

• agents are completely independent, i.e. they have their own intelligence, make 

their own decisions 

• the modeled system is typically a large set of agents 

• the behavior of the system of agents “emerges” from the basic properties of 

the agents, and this emergence is the subject of study 

• agentbased systems are very close to natural systems, and consequently they 

are potentially: 

o flexible 

o robust  

o often simpler than manmade systems 

o distributed in space and control 

o evolving 

o learning/adaptive 

• it is very closely related to complexity science 

 

ABM therefore seems − and is proven − to be a viable alternative of exact mathematical 

methods for handling high complexity. Various software packages are offered for ABM, 

e.g. Ascape, AgentSheets, Repast and the earliest one called Swarm. 

 

3.3.2 Agentbased Simulation Systems 

Agentbased simulation software are the most important for our investigations since they 

are capable of building bottom-up/synthetic models and incorporating many of the 

requirements we impose. In the next section the Swarm simulation system is summarized − 

as we use it in the ModNet toolbox − but there are many similar ones available. Most of 

them are free to use, but this only shows that they are not ready for commercialization yet, 

so it’s not such a good news. To mention some of the other known agentbased simulation 

software: 

 Ascape 

 AgentSheets 

 Jade 
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 JAS 

 NetLogo 

 RePast (this would probably be the next best candidate for our toolbox 

implementation, because it has a structure and philosophy similar to 

Swarm and is a simple to use Java component) 

 Zeus 

 

3.3.3 The Swarm Simulation System 

Swarm is a free agentbased simulation package −  www.swarm.org − licensed under the 

GNU General Public License (GPL).  

 

The characteristics and advantages of this package over others are: 

1. very heavily tested by numerous applications 

2. free of charge 

3. its Objective-C source code is available 

4. it can be programmed in any programming language that can speak to the Java 

Virtual Machine (most importantly the Java language) 

5. its binaries are compiled for all major platforms (Win32, Unix/Linux, Solaris, 

MacOS/X) 

6. since it is a developers kit, it can be integrated with any software 

7. it has toolboxes developed by its user community, e.g. statistics, genetic algorithms, 

evolution, fuzzy, GIS 

8. it is freely and reliably supported by the Swarm Development Group (Santa Fe, 

NM, USA)  

9. it has a user community of several thousand from all over the world (Swarm User 

Community  

10. it is used for the research of complex adaptive systems and agentbased systems in 

Biology, Computer Science, Engineering, Economics, Ecology, 

Culture/Anthropology, Political Science, Geography and Defense 
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3.3.4 The Java Enterprise Simulator − jES 

The jES built on top of the Swarm simulation system is very similar to the ModNet 

simulator7 with two differences: it is much more advanced and it is concerned much more 

with questions related to economics, not only structural and production system level issues. 

jES uses abstract representations and enables the user to discover also imaginary systems 

and investigate model problems [48].  

 

jES basically consists of units, orders and recipes that build up the simulations. The recipes 

are equivalent to a process plan. Three formalisms of the enterprise production are 

abbreviated as WD, DW, WDW − What to Do, which Doing What and When Doing 

What, i.e. orders, process plans and schedules. The package models fixed and variable 

costs, including production unit setup costs, and news propagation/information sharing.  

 

The most recent development of the package (jESevol) includes tools for the investigation 

of evolutionary steps in enterprise development. This package is under development, but 

some preliminary results8 suggest that this will be a heavily used and widely explored tool in 

the near future, especially because it is the only one providing all the tools for the 

exploratory modelling of virtual enterprises. 

 

3.3.5 Gaia Methodology 

The Gaia methodology is one of the rare methodologies, which are concerned about agent-

oriented analysis and design. It is a general methodology, which supports both micro-level 

(agent structure) and macro-level (agent society and organization structure) aspects of the 

system. Existing methodologies cannot represent the autonomous nature and problem-

solving ability of agents and also fail to model agent’s ways of performing interactions and 

creating organizations. Using this methodology the software designer can develop an 

implementation-ready design based on system requirements. 

                                                 
7 Developed at the Production System Design Laboratory, Institute of Production Engineering, Tampere 

University of Technology, Finland, work supported by the Academy of Finland, TUKEVA programme, 

2000-2003. 

8 See http://web.econ.unito.it/~terna/jes for details. 
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The methodology is used for both analysis and design. Analysis and design can be thought 

of as a process of developing increasingly detailed models of the system to be constructed.  

 

By breaking down the problem and modelling its different aspects we have a methodology 

that has the potential of producing high quality agent-oriented software model [53]. 

 

3.4 Commercial Business Software 

In Table 4.1 we can see a list of commercial software systems that obviously concentrate on 

those problems that can be formulated as optimization or reasoning problems. One of 

their practical advantages is that they can all be integrated with other software, creating a 

fully integrated software environment. It is encouraging to see that NuTech Solutions 

makes good use of agentbased modelling and turned the just recently maturing technology 

into a commercial product. 

 

3.5 Economic and Organizational Issues 

As the problem formulation in the second chapter has emphasized the goal of the 

development of a methodology in this thesis is the modelling of complex systems in 

general but production networks are pointed out as an example that is discussed in more 

detail. Because of this focus it is important to have a concentrated look on the non-

orthodox literature of organizational theory and point out some interesting observations 

very relevant to this work. 

 

Until the beginning of the 1980’s the firm was usually considered as a black box problem 

and it was handled in that manner [18]. The opening up of the black box and the 

accumulation of slow development shows interesting parallels with scientific and 

technological advances. Organizational and economic theory faced those challenges that 

were mentioned in chapter 2 in a little different context, i.e. the problem’s boundaries are 

blurred (what to model?) and analytic tools may not be suitable to handle the problem.  

The availability of cheap computers and simulation software, and the idea of 

agent/individual-based modelling along with developments in complexity science has had a 

significant effect on organizational theory as it introduced a new way of inquiry. 
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As Gibbons claims in [18], the self-interested agents are the key to explain why so many 

policies crucial for the performance of the firm are not implemented. On the one hand this 

brings the focus to the individuals making up the firm and on the other hand encourages 

the use of such alternative modelling methods as agentbased modelling. In a similar way to 

the “harnessing complexity” ideas of Axelrod introduced in section 3.1.2, Axtell inquires 

agentbased simulation models to draw conclusions about the evolutionary mechanisms of 

firms [5]. Such work involves the definition of detailed metrics, goals, individual behaviors 

comprising a modelling network − and is certainly sensitive to the methodology applied 

during the process. Axtell’s work is true to the complexity of the task and complex systems 

research, because it demonstrates how growth, stability and cooperation emerge from 

individual behavior of the actors in the firm.  

 

The use of metaphors and analogies is beautifully demonstrated in the work of Padgett et 

al. [38], who − at the Santa Fe Institute − have developed an economic model of 

production networks analogue to chemical systems. They also demonstrate their “complex 

systems thinking” by considering product flow as a coevolutionary process: products 

change the enterprise, just as the enterprise changes the products. They point out that the 

learning process related to changing contracts/partners and therefore products is often 

ignored and is worth modelling. 

 

All these ideas from the literature illustrate the trend of systemic thinking, agentbased 

modelling and simulation, the use of metaphors, analogies and rhetoric, and the importance 

of conducting research in the area of complex systems. Also, these examples shed some 

light on how new methodologies emerge and how complex systems can be investigated. 
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Table 4.1 Software systems tackling the complexity of enterprises 

Company Software Purpose 

SAP MySAP SCM Supply chain management, 

share information, 

knowledge, resources 

SAS Supply chain analysis Analytics, process 

intelligence modelling, 

intelligence architecture 

NuTech Solutions 

(Biosgroup) 

Supply network 

optimization 

Decrease inventory, reduce 

out-of-stocks, adaptive 

agents 

Oracle  SCM Real-time collaboration, low 

inventory, logistics, supply 

chain planning 

Prowess Software MarketProwess Trade-off analysis 

I2 Logistic Optimization Design logistic network, 

bidding and rate 

negotiations, planning 

IBM  Supply Chain Simulator 

(SCS) 

 model and analyze 

supply chain issues 

 site location 

 replenishment 

policies 

 manufacturing 

policies 

 transportation 

policies 

 stocking levels 

 lead times 

 customer service 
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Chapter 4 Scientific Establishments 

“I have never doubted the truth of signs, Adso; they are the only things man 
has with which to orient himself in the world. What I did not understand 
was the relation among signs. I arrived at Jorge [i.e. the murderer] through an 
apocalyptic pattern that seemed to underlie all the crimes, and yet it was 
accidental. I arrived at Jorge seeking one criminal for all the crimes, and we 
discovered that each crime was committed by a different person, or by no one. I 
arrived at Jorge pursuing the plan of a perverse and rational mind, and there 
was no plan, or, rather, Jorge himself was overcome by his own initial design 
and there began a sequence of causes, and concauses, and of causes 
contradicting one another, which proceeded on their own, creating relations 
that did not stem from any plan. Where is all my wisdom, then? I behaved 
stubbornly, pursuing a semblance of order, when I should have known well, 
that there is no order in the universe.-But in imagining an erroneous order 
you still found something… The order that our mind imagines is like a net, 
or like a ladder, built to attain something. But afterward you must throw the 
ladder away, because you discover that, even if it was useful, it was 
meaningless… The only truths that are useful are instruments to be thrown 
away.” 

Umberto Eco9 
 

"A theory is more impressive the greater the simplicity of its premises is, the 
more different kinds of things it relates, and the more extended its area of 

applicability. Therefore the deep impression which classical thermodynamics 
made upon me. It is the only physical theory of universal content concerning 
which I am convinced that, within the framework of the applicability of its 

basic concepts, it will never be overthrown." 
Albert Einstein10 

 

 

It is often emphasized by scientists that “there is only one physical reality, but it has many 

facets”. In the caption of this part the semiotician Umberto Eco puts the purpose of 

scientific inquiry into the form of epic. The patterns we are looking for − to possess more 

control − do not represent and aim at providing “absolute truths” in the philosophical 

sense, but “ladders”, tools that are built to “attain something” and to be thrown away if we 

find another tool or discover another aspect of reality. Being and working in the knowledge 

of this idea is an important influential factor for researchers. In case of complex adaptive 

                                                 
9Umberto Eco, writer, Nobel laurate, also an expert in semiotics, quote from The Name of the Rose, p.492. 
1980. 
10 Albert Einstein (1879-1955) 
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systems it is especially important to realize this, since we can’t even formulate the problem 

easily (as it may be a moving target). Our goal is to find a flexible, multifunctional “ladder”.  

 

Gaining knowledge includes scientific and metaphorical processes. In this chapter we find a 

collection of important scientific achievements and discover also the limitations they 

impose. Also, these scientific paradigms can serve as excellent metaphors, since the 

knowledge they “compress” is significant and has been used in many different contexts. So, 

in the next sections we first see a summary about scientific discovery, and a collection of 

scientific tools and candidate metaphors. 

 

4.1 The Nature of Scientific Discovery 

The subject and scope of this work requires a more detailed exploration of its limitations 

and philosophical background than it is usual in engineering theses. As it is apparent in this 

chapter, the new paradigms of computational undecidability, chaos and unpredictability 

imply us to seriously consider the means and limitations of our scientific understanding and 

explore the possibilities for the advancement of our field. The basic questions regarding the 

background of this thesis are concerned about the following issues:  

• The relation of scientific and rhetorical knowledge 

• Objectivity and subjectivity of human knowledge 

• Knowledge discovery through computational modelling 

• Practical consequences of the above 

 

The treatise of these important questions were significantly influenced by the work of 

Aristotle, Karl R. Popper, Henry Poincaré, Michael Polányi, and recently summarized in 

the context of complexity science by Fortunato T. Arecchi [1], whose conclusions provide 

a strong influence on the argumentation in the next sections. 

 

As early as in Aristotel’s work it was acknowledged that to arrive at conclusions and gather 

knowledge about the world we have at least two basic methods: the scientific and the 

rhetorical one, as it is depicted in Fig.4.1. The scientific method has been clearly dominant 

in the European culture, and the rhetorical one  has been typically neglected.  

 



 

 

An Integrated Methodology for Modelling Complex Adaptive Production Networks Page 51 of 122 

As Encyclopedia Britannica puts it, science is any system of knowledge that is concerned with the 

physical world and its phenomena and that entails unbiased observations and systematic experimentation. 

In general, a science involves a pursuit of knowledge covering general truths or the operations of fundamental 

laws. However, this pursuit can take many paths and use different languages.  

 

The first attempt at creating a scientific language was introduced by Galileo, who tried to 

overcome the limitations of everyday languages, where one linguistic symbol may describe 

several different objects or events, and one object might have several names − a potential 

confusion. Instead of a one-to-one association of lingual symbols and objects/events he 

shifted the emphasis to their measured quantities (and avoided the vague battle to grasp the 

essence of reality by words). In his scheme of the language of physics, reality is described 

by physically measurable quantities. 

Figure 4-1 A classification of human knowledge 
 

In any scientific endeavor definitions, axioms and theorems have a central role. It is often 

disputed how we arrive at these mathematical objects. The so-called “transcendental” 

explanation says that they are “given”, and after deducing theorems from the definitions 

and axioms we may find some natural phenomena that “match” the mathematical 

structure11. It is easy to see why this is called “transcendental”: the first is the idea and reality is 

                                                 
11 This way of thinking is associated with german philosopher Immanuel Kant (1724-1804). 
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derived from it. However, it is common experience that this is not how things happen. 

Usually the observations and experience of the scientist motivate the measurements and 

the axioms, definitions are also motivated by them. After a set of axioms, definitions and 

theorems is set up, this system is used for prediction − the ultimate goal of the whole 

scientific procedure − and its result can be compared to observations − i.e. reality − and the 

whole system is due to skeptical criticism and revision. Arecchi calls this procedure as 

“critical realism”[1]. 

Figure 4-2 Development of different sciences of the same phenomenon by quantitative measurement and mathematization 
 

An important step in the scientific method is the choice of axioms and definitions, the 

starting elements of the mathematical language (and its coevolution with observed reality), 

because this choice is subjective and depends largely on the decision maker’s background 

and taste. This choice is also referred to as “common sense”, warning us that even the 

most rigorous scientist is prone to make arbitrary decisions during the modelling process.  

 

When looking at a problem (i.e. part of physical reality) we have some details and a global 

picture at hand. In the knowledge gathering process every involved individual has to find 

an optimum between the extremes of specificity and generality, and form their “own 

picture” of the problem (meaning that everybody will have a different optimum depending 

on their endogenous characteristics).  

 

Reality 
(events, 

phenomena) 

Measure: 
physical, financial, 
abstract quantities 
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physical, financial, 
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It is a generally accepted conclusion that follows from these shortcomings or limitations of 

the scientific process that there is no unique science, only different aspects of reality (Fig. 

4.2 and [12]).  

 

The introduction of metaphors and analogies into the scientific language [1] aims at 

providing bridges between the different aspects of reality (the products on the output of  

Fig.4.2) grasped by different scientific tools. Such a bridge can only be heuristic, making use 

of its previous compression of knowledge12 in another environment. In the same time a 

metaphor − due to its external origin − has the potential of enriching the method with a 

view of reality not yet captured. The use of metaphors/analogies is going to be explored 

further and applied in the methodology development. 

 

4.2 The Metaphor of Evolution and its Application 

The concepts of biology and evolution are often closely related to computation. Since 

optimization is inherent in many natural paradigms, their computational counterparts can 

often be applied in optimization problems, the most typical of which are evolutionary 

computation methods. However, it is not proven − and is not assumed by the evolutionary 

computation community − that simulated evolution applied to optimization problems 

works because it is essentially the same as biological evolution first observed by Darwin.  

 

4.2.1 Neo-Darwinian Evolution 

The paradigm of evolution that is the basis for some algorithmic optimization techniques is 

well described by D. Futuyuma: 

"In the broadest sense, evolution is merely change, and so is all-pervasive; galaxies, languages, and political 

systems all evolve. Biological evolution ... is change in the properties of populations of organisms that 

transcend the lifetime of a single individual. The ontogeny of an individual is not considered evolution; 

individual organisms do not evolve. The changes in populations that are considered evolutionary are those 

that are inheritable via the genetic material from one generation to the next. Biological evolution may be 

slight or substantial; it embraces everything from slight changes in the proportion of different alleles within a 

                                                 
12 These are the schemata of science (i.e. a complex adaptive system) according to Gell-Mann [16]. 
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population (such as those determining blood types) to the successive alterations that led from the earliest 

protoorganism to snails, bees, giraffes, and dandelions." [14] 

 

4.2.2 Evolutionary Computation 

Evolutionary Computation (EC) or Evolutionary Algorithms (EA) is a general term for a 

number of simulated evolution strategies. Their general structure is represented as a 

pseudo−code below. 
 

Start EA 

          // start with an initial time 

          t := 0; 

          // initialize a usually random population of individuals 

          initpopulation P (t); 

          // evaluate fitness of all initial individuals in population 

          evaluate P (t); 

          // test for termination criterion (time, fitness, etc.) 

          while not done do 

               // increase the time counter 

               t := t + 1; 

               // select sub-population for offspring production 

               P' := selectparents P (t); 

               // recombine the "genes" of selected parents 

               recombine P' (t); 

               // perturb the mated population stochastically 

               mutate P' (t); 

               // evaluate its new fitness 

               evaluate P' (t); 

               // select the survivors from actual fitness 

               P := survive P,P' (t); 

          loop 

End EA 

 

The most important variations of EAs are: 

 Genetic algorithms (GA) 

 Evolutionary programming (AP) 

 Evolution strategies (ES) 

 Classifier systems (CFS) 

 Genetic programming (GP) 

All these are very similar in the basic ideas, but their versatility indicates that in their design 

the engineer has a great variety of choices, and the success of the chosen and tested 
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solution depends mainly on his intuition. First we will provide a detailed description of the 

most frequently applied GAs and  after the last four variations of evolutionary algorithms 

will be discussed.  

 

4.2.3 Genetic Algorithms (GA)  

GAs have many variations, but all of them follow the sequence of activities represented by 

the following pseudo−code. 
 

Start GA  

          // start with an initial time 

          t := 0; 

          // initialise a usually random population of individuals 

          initpopulation P (t); 

          // evaluate fitness of all initial individuals of population 

          evaluate P (t); 

          // test for termination criterion (time, fitness, etc.) 

          while not done do 

               // increase the time counter 

               t := t + 1; 

               // select a sub-population for offspring production 

               P' := selectparents P (t); 

               // recombine the "genes" of selected parents 

               recombine P' (t); 

               // perturb the mated population stochastically 

               mutate P' (t); 

               // evaluate its new fitness 

               evaluate P' (t); 

               // select the survivors from actual fitness 

               P := survive P,P' (t); 

          loop 

End GA 

 

It is the attribute of all evolutionary systems but especially the most widespread GAs that 

they can be − and have to be − “tailored” to the problem at hand. This is an advantage and 

a disadvantage in the same time. The termination of the algorithm is not clearly defined, 

most of the time it depends on the number of generations or the quality of the solution.  

A simple and understandable definition is given in [49]: ”Genetic algorithms are a stochastic 

search method whose mechanisms are based upon simplifications of evolutionary processes observed in 

Nature”.  
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Genetic algorithms operate independent of the problem to which they are applied. The 

genetic operators are heuristics, but they are not working in the solution−space (that is called 

phenotype−space), but in the representation−space (this is called genotype−space). 

 

The parameters to be optimized form the phenotype space. The genetic operators, however, 

work on abstract mathematical objects like binary strings, or any other representation, i.e. 

on the genotype space. The mapping between the two spaces is done by the h' decoding 

function as shown on Fig. 4.3.  There are two main different approaches related to 

decoding. The first one is to design the representation as close as possible to the phenotype 

space to make decoding easier. The second one is to choose a standard algorithm that is 

already available and then design the decoding function. Each has advantages and 

disadvantages: the first one requires a very specific solution and the second one struggles 

with complex decoding functions, which can introduce additional mathematical 

complexity, nonlinearity to the algorithm.  

 

However, if we want to produce a well performing algorithm then most probably the only 

way of building it is to make it very specific, significantly different from standard 

algorithms. A great advantage of using evolutionary heuristics is that the requirements for 

their application are very modest in comparison to most other search techniques[8]. In 

addition, genetic algorithms use other heuristics for determining which individuals will 

mate (selection), which will survive to the next generation (replacement), and how the 

evolution should progress. 

 

Some genetic algorithms measure the similarity between solutions, because their common 

problem is premature convergence, when the solution space is not well explored, the 

genetic composition is the same for all.  

 

Usually the best individual is carried to the new generation, that makes the algorithm to 

converge quicker. Since the entire population is replaced, everything depends on the 

crossover operator’s performance. This means that if that operator has high performance, 

then the population will improve, but anyway the algorithm will be just like a random 

search. However, this technique is usually not a reasonable one. 
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The second variation of genetic algorithms is the steady-state algorithm with overlapping 

populations. A portion of the population is replaced by newly generated individuals. If only 

a few individuals are replaced the overlapping is close to 100%. However in the other 

extreme, if all of the individuals are replaced then we get the previously described simple 

genetic algorithm. This version has a quick convergence, because only the best individuals 

are selected to survive, and they are then replacing those that are not so good. 

 
Figure 4-3 Abstraction between the geno- and phenotypes of a genetic algorithm 

 

The simple and the steady-state algorithms will result in many copies of the same individual 

from the population. Once it happens, the only source of change is the mutation operator. 

The struggle algorithm maintains the problem of diversity the best, but as in every other 

case, the performance depends on the operators. If the mutation rate is too high, then the 

algorithm will perform just as a random search. 

 

4.2.4 Evolutionary Programming (EP)  
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EP was originally invented by Lawrence J. Fogel in 1960, and the method is similar to that 

of genetic algorithms. It is more concerned about the behavioral link between the parents 

and the offsprings, and not the genetic operators. The process is as follows: 

 

1. Generate an initial population of solutions. The size of this solution determines 

the quality and the speed of the convergence. 

2. Execute mutation on all the members of the population. This mutation is 

different for all members, ranging from small to large mutating effects. 

3. Determine the fitness of the members, and choose some of them to survive 

either by selecting them deterministically, or by stochastically. 

 

It is important to note that there is no crossover as a genetic operator in this case.  

 

Another important issue is that the representation is not constrained at all, there is no need 

for encoding, the representation follows from the problem. Also, the mutation operator is 

making minor changes only, and as the global optimum is likely to be approached it slows 

down. 

 

The EP algorithm is represented in pseudo−code in [21] as follows: 

 
Start EP 

// start with an initial time  

t := 0;  

// initialise a usually random population of individuals  

initpopulation P (t);  

// evaluate fitness of all initial individuals of population  

evaluate P (t);  

// test for termination criterion (time, fitness, etc.)  

while not done do  

// perturb the whole population stochastically  

P'(t) := mutate P (t);  

// evaluate its new fitness  

evaluate P' (t);  

// stochastically select the survivors from actual fitness  

P(t+1) := survive P(t),P'(t);  

// increase the time counter  

t := t + 1;  

loop 

End EP 
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4.2.5 Evolution Strategy (ES) 

ES is a concept born in 1963 at the Technical University of Berlin by Rechenberg, Bienert, and 

Schwefel. The main idea is usually applied for technical optimization problems, e.g. designing 

optimal shapes of airplane wings, turbine blades, etc. The mechanism of an ES is very 

similar to an EP, and despite of their long isolation − the first moves of the research 

groups were made in 1992 − they share many of the theoretical basics [33]. 

 

The steps of a simple − two membered − ES start with the generation of an initial 

population, then follows with slow mutation of the subsequent generations, until the child 

performs better than its ancestor, and is replacing it. This is such a simple structure, that 

even a few theoretical results were derived. Applying the more complex algorithm of 

Schwefel is multimembered, and is employing recombination with random mating, and 

mutation and selection. 

 

However, the selection in case of an ES is rather deterministic, the worst individuals in the 

population are eventually removed, while in case of an EP the selection is more stochastic, 

and makes more use of probability theory and statistics. Another difference is that EP is an 

abstraction at the level of populations, and ES is at the level of the individuals. This means 

that recombination does not occur between different populations of an EP, but an ES may 

incorporate the self−adaptive information at the genetic level. 

 

 

4.2.6 Classifier System (CFS)  

Classifier Systems − also called Evolutionary Reinforcement Learning −  employs similar 

concepts to other EC methods, especially GAs. The idea envisioned by Holland is to create 

a system that can sense its environment, and is able to react appropriately. The following 

elements build up the model [13]: 

   

1. Environment 

2. Receptors 

3. Effectors 
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4. CFS (the system itself, a black box) 
 

The simplest black box (let us say this is the CFS) is a computer. The computer (4) is able 

to transform the environment’s (1) interactions with its input (2) and take the actions − 

according to the rules stored in it, e.g. IF-THEN rules − through its output (3). If we call 

the rules a classifier, and encode it − e.g. in the classical evolutionary way − as a binary 

string, then the set of rules becomes a population. Since we already know the basics of EC 

the rest is easy, zeros and ones are floating through the black box, this is called the message 

list. During the operation the inputs send a message list − the initial population − and in the 

black box it is decided which of the IF-THEN rules are activated to produce an output. 

The message list is emptied and the cycle is repeated. 

 

This cycle is represented below in pseudo code: 

 
Start CFS 

// start with an initial time  

t := 0;  

// an initially empty message list  

initMessageList ML (t);  

// and a randomly generated population of classifiers  

initClassifierPopulation P (t);  

// test for cycle termination criterion (time, fitness, etc.)  

while not done do  

// increase the time counter  

t := t + 1;  

// 1. detectors check whether input messages are present  

ML := readDetectors (t);  

// 2. compare ML to the classifiers and save matches  

ML' := matchClassifiers ML,P (t);  

// 3. process new messages through output interface  

ML := sendEffectors ML' (t);  

loop 

End CFS 

 

The general idea is to start with a randomly generated list, and then let the system learn the 

proper program itself by induction. However, CFSs is the area where there are the most 

problems coming up, and therefore its practical applications are not as widespread as most 

of the other EC methods, they are limited to research at the moment, but its unexplored 

nature makes it intriguing for experimentations. 
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4.2.7 Genetic Programming (GP) 

GP is the extension of the genetic model of learning into the space of programs. The 

representation is a tree of solutions, and is very special, and the population is not a set of 

fixed−length characters, but is variable, it is a program that represents a candidate solution. 

In GP the crossover is implemented by selecting subtrees randomly and exchanging them. In 

the classical GP there is usually no mutation. Also, GP is an offspring of GA. [28] 

 

This simple introduction to genetic algorithms described the main idea of genetic 

evolution, but the simple concepts do not mean that their implementation is simple, too. 

Publications about the topic emphasize that designing genetic algorithms is still an art, and 

no standard methods exist. That is why their application is not as widely accepted as that of 

other heuristics, novice engineers easily build algorithms which perform only as well as a 

random search.  

 

4.2.8 Conclusions on Evolution 

This chapter and the introduced evolutionary algorithms provided good examples for 

complex adaptive systems. At the same time they represent a metaphor-based knowledge 

transfer from biology to computing. It has not been proven that simulated evolution is the 

same as the biological one. However, simulated evolution has been very successful to solve 

real world problems. 

4.3 Artificial Immune Systems 

In the last decade there has been a growing interest in the use of the biological immune 

system as a source of inspiration to the development of computational systems. The 

immune system contains many useful information-processing abilities, including pattern 

recognition, learning, memory and inherent distributed parallel processing. For these and 

other reasons, the immune system has received a significant amount of interest to use as a 

metaphor within computing. This emerging field of research is known as Artificial Immune 

Systems (AIS) [11]. 

 

Essentially, AIS are the use of immune system components and processes as inspiration to 

construct computational systems. AIS is very much an emerging area of biologically 

inspired computation and has received a significant amount of interest from researchers 
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and industrial sponsors in recent years. Applications of AIS include such areas as machine 

learning, fault diagnosis, computer security, scheduling, virus detection, and optimization. 

The field of AIS is showing great promise of being a powerful computing paradigm. 

 

4.4 The Metaphor of Bacterial Chemotaxis 

The way bacteria react to chemo attractants in concentration gradients provides another 

applicable paradigm for algorithmic optimization. In case of airfoil optimization it 

performs about as well as an evolutionary strategy [34]. 

 

4.5 Some Basic Ideas from Physics 

The Aristotelian13 meaning  of Physics is natural philosophy, a system of natural science in the 

wider sense, but the application of the term has continually narrowed. It originally 

embraced  the study of the whole of − organic and inorganic − nature, but further on, in 

the course of the XVIIIth century, its subject became limited to inorganic nature, and finally 

− by excluding chemistry − it has become the scientific discipline that deals with matter and energy, 

and their interaction [22].  

In the previous two centuries this narrowing down continued in the separation of physical 

disciplines, also driven by the extensive support of engineering research. Instead of going 

into the details of listing fields of research, we favor the − somewhat simplistic and 

noniclusive, but very powerful − classification of Ilya Prigogine and Erich Jantsch. 

According to their view we can distinguish between three levels of inquiry in physics [24],  

Classical or Newtonian dynamics (4.5.1), equilibrium thermodynamics (4.5.2) and dissipative structures 

(4.5.3). It is characteristic of these “levels of inquiry” that the transition from one level to 

the other is taking place by so-called “symmetry breaks”, i.e. the removal of an important 

“mathematical benefit” from the system. 

In the following sections we introduce the basic concepts of the aforementioned three 

physical views and provide a summary of their potential applications (4.5.3). 

 

4.5.1 Classical Newtonian Mechanics 

                                                 
13 Aristotel (BC 384-BC322) 
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Classical mechanics is the science upon which our belief in a deterministic, time-reversible 

description of nature is based [41]. The central figure of the first, classical formulation of 

physics was Isaac Newton14, therefore we often refer to classical mechanics as Newtonian. 

The breakthrough hallmarked by his name found its establishment on the geometry of 

Euclid15 and the experimental investigations and generalizations of their results of Galilei16.  

Euclidean geometry is the first rigorous, mature axiomatic system of high aesthetic 

standards, and − in the same time − of practical applicability. Galilei was the first one who 

not only carried out systematic physical experimentations but formulated those in the 

language of mathematics. However, Newton initiated and elaborated the “marriage” of 

these two, the result of which is classical mechanics in its Newtonian form. The central idea 

of this discipline is that the “history” of the elementary events happening to the physical 

bodies can be described as the sum of the individual stories of certain elementary mass points 

being the abstractions obtained from the observation of very small pieces of matter.  The 

existence of the inertial systems of reference made it possible to consider these individual 

stories as plays taking place in front of the “metaphysical” scenes of space and time. It is 

this scenery that has its own internal symmetries described by the Galilei Transformations 

and that of the Euclidean Geometry. Matter is bound to behave according to the rules set 

by this “metaphysical background”.  

 

It was Newton who strongly suggested that the aim of physics is to seek “hidden” internal 

symmetries in the functional relations between huge sets of experimentally obtained and 

mathematically formulated data. This idea helped physics to gain great momentum. It made 

it evident that all kinds of mathematical tools helping us in representing physical quantities 

may be of great practical advantage in implementing this program. This way of thinking 

made it plausible to incorporate various concepts in the mathematical toolbox of physicists, 

such as:  

 algebraic means as Hamilton's quaternions 

 Grassmann’s vectors and tensors 

                                                 
14 Sir Isaac Newton (1642-1727) 

15 Eucleides (BC325-BC265) 

16 Galileo Galilei (1564-1642) 
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 Lie groups 

 metric spaces 

 Banach spaces 

 Hilbert spaces 

 differentiable manifolds and their tangent space, etc.  

 

All these tools entered into the toolbox of physics through the door opened by Newton. 

 

Other essential improvements in physics include the introduction of extremum principles, 

which remained in close harmony with the symmetry principles. In classical mechanics one 

of the most successful extremum principles was the Hamilton Principle (also called the 

principle of least action) stating that among the elements of the set of imaginable trajectories 

leaving point q0 at time instant t0 and arriving at point q1 at time t1 nature selects the 

realized one for which the integral S  (Eqn. 1.) − i.e. also called “the action” − has its 

extremum value:  

 

(Eqn. 1.) ( ) ( )( )∫=
1

0

,
t

t

dtttLS qq &  

 

In this equation L is the Lagrangian of the physical system. This function can be 

constructed from the inertia, position, and velocity data of the points of the body measured 

with respect to an inertial system of reference. It serves as the link bridging the 

phenomenological and more abstract descriptions of classical mechanics. By the use of the 

means of variation calculus the above extremum principle yields a set of differential 

equations, the so-called Euler-Lagrange equations (Eqn. 2.), which can be solved in the 

knowledge of full information on the initial conditions of the solution. Since the system 

can have “s” degrees of freedom, we need as many Lagrange’s equations to describe the 

system as there are degrees of freedom. 

 

(Eqn. 2.) 0=
∂
∂

−⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
∂
∂

ii q
L

q
L

dt
d

&
 (i=1,2,…,s). 
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The simultaneous existence of integral form of the extremum principle and the differential 

equation requiring initial conditions generated a philosophical debate in connection with 

the principle of “causality”. This concept seems to be clearly manifesting itself in the 

formulation using differential equations: the initial state of the system with the equations of 

motion (i.e. with the rule or physical law) determines the whole trajectory for the future. In 

contrast to that − as the integral form suggests − for each time instant t lying between t0 

and t1, the past and future values have equally important effect on q(t). This seems to be in 

apparent contradiction with the interpretation based on the concept of causality.  

 

Within the frames of Classical Physics these false contradictions are logically resolved by a 

special property of the equations of motion. Due to it, in the possession of the initial 

conditions the motion can be predicted for the future, but its history in the past can also be 

traced (calculated). In this way the integral form is not in contradiction with the principle of 

causality. Since the future is unambiguously determined by the past, the state in t1>t can 

determine the state in t since from it the state in t0 preceding t1 can be uniquely calculated, 

too. 

 

 

4.5.2 Equilibrium Thermodynamics 

On the basis of the classical mechanical formulation it is possible to describe a very large 

number of particles (e.g. gases) by the Euler−Lagrange equations, or − for better handling 

− by Hamilton’s equations of motion (that we obtain directly from the Lagrangian by the 

Legendre transformation [29] p. 131). These “Hamiltonians” are functions of the 

generalized coordinates and impulses and we obtain equations of motion twice the number 

of the degrees of freedom of the system (while in case of the Lagrangian we have n degrees 

of freedom and n equations of motion, (Eqn. 3.); q is the generalized coordinate and p is 

the generalized momentum, H is the Hamiltonian). 

 

(Eqn. 3.) 
i

i
i

i p
Hq

q
Hp

∂
∂

∂
∂

=−= && ,  
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In spite of the seemingly complete description of the system, in case of thermodynamic 

systems we give up the handling of exact mechanical information and concentrate on 

statistical averages, because the 2nd law of thermodynamics states that even if the 

movement of the gas molecules and the flow of heat (that is the result of molecular 

collisions that transfer energy) can be described by equations of motion, on the 

macroscopic scale irreversibility, i.e. “the arrow of time” appears. This seemingly 

contradictory issue was resolved by Boltzmann17, who suggested a statistical formulation of 

entropy (Eqn. 4.), where S is the entropy of the system, kB is the Boltzmann constant 

(kB=1.381*10-23 J*K-1). 

 

(Eqn. 4.) S=kB lnW 

 

The W means the number of microstates corresponding to the macrostate whose entropy 

is S (as Max Planck suggested W is called thermodynamic probability).  

 

Figure 4-4 Distribution of gas molecules in a chamber 
 

In Fig. 4.4 we can see the meaning of W. Considering the macrostate of a box containing a 

gas with N1 molecules in one half of it and N2 molecules in the other one, each molecule 

can be in any of the parts. The total number of ways in which the (N1+N2) molecules can 

be distributed between the two halves such that N1 molecules are in one and N2 are in the 

other is equal to W. The number of distinct “microstates” with N1 molecules in one half 

and N2 in the other is calculated in (Eqn. 5.) below. 

                                                 
17 Ludwig Boltzmann, Austrian physisist (1844−1906) 

N1 N2 
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(Eqn. 5.) 
!!
)!(

21

21

NN
NNW +

=  

 

According to Boltzmann, macrostates with larger W are more probable. The irreversible 

increase in entropy (stated by the 2nd law) then corresponds to evolution to states of higher 

probability. Equilibrium states are those for which W is maximum. In the above example 

W is maximum if N1=N2. It follows from the 2nd law is that the entropy of an isolated 

system reaching equilibrium also reaches its maximum. This is the entropy maximum principle. 

The 2nd law also implies that at constant entropy and volume every system evolves to a 

state of minimum energy ([27] p.124). 

 

4.5.3 Nonequilibrium Thermodynamics 

In classical thermodynamics stability is defined by the Gibbs−Duhem theory. However, the 

stability theory based on entropy production is much more general, and allows us to use it 

in nonequilibrium conditions, too. Hence the 2nd law we know, that the entropy change has 

two components, the entropy change due to irreversible processes and due to exchange of 

energy and matter:  

 

(Eqn. 6.) dS=deS+diS.  

 

For isolated systems: 

 

(Eqn. 7.) deS=0 and diS >0 

 

For closed systems: 

 

(Eqn. 8.) 0≥
+

== Sdand
T
pdVdU

T
dQSd ie  

 

For open systems that exchange both energy and matter (where dU+pdV=dQ): 
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(Eqn. 9.) 0)( ≥+
+

== SdandSd
T
pdVdU

T
dQSd imatteree  

 

Since the Second Law of thermodynamics is a local law, we can divide the system into r 

parts: 

 

(Eqn. 10.) diS=diS1+diS2+…+diSr > 0 

 

in which diSk is the entropy production in the kth part. Also: 

 

(Eqn. 11.) diSk > 0 for every k 

 

This statement is stronger than the Second Law, because it states that the entropy production 

due to irreversible processes is positive in every part of any systems, regardless of boundary conditions. Local 

entropy production is defined as: 

 

(Eqn. 12.) 0),( ≥≡
dt
sdtx iσ  

(Eqn. 13.) ∫=
V

i dVtx
dt
sd ),(σ  

 

The nonequilibrium regime of thermodynamics can be further distinguished into the near-

equilibrium, or linear regime, and the far from equilibrium, or nonlinear regime. In case of 

the linear regime the entropy production per unit volume can be expressed in terms of the 

forces and flows, such as the heat flow: 

 

(Eqn. 14.) ∑=
k

kk JFσ  

 

where Fk are forces and Jk are flows. The forces drive the flows, and they disappear when 

the system is in equilibrium. In far-from-equilibrium systems, in the nonlinear regime, the 

thermodynamic flows are no longer linear functions of the thermodynamic forces.  
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In the linear regime the stationary states are those where the total entropy production: 

 

(Eqn. 15.) ∫=
V

dVP σ  

 

reaches a minimum, and 

 

(Eqn. 16.) 
dt
Pd

dt
Pd JF =   

Where dFP and dJP represent entropy production due to changes in forces and flows, 

respectively. 

 

Outside of the linear regime: 

 

(Eqn. 17.) 0≤
dt
PdF  

 

The fact that dFP can only decrease does not tell us how the state will evolve, but e.g. in 

case of chemical reactions we have some absolute measures based on affinities that 

describe the extent of unbalance. Irreversibility has a double role: destroying near-

equilibrium and creation of order far from equilibrium. In these far from equilibrium 

systems there are no extremum principles that uniquely predict the future state of systems.  

 

Opposite to equilibrium systems where states evolve by minimizing a free energy, 

nonequilibrium systems tend to evolve rather unpredictably, because for a set  of 

nonequilibrium conditions it is possible to evolve to more than one state. This is symmetry 

breaking at its best. Since the new state attained is often an “ordered” state, this 

evolutionary process is referred to as “order through fluctuations”. These systems typically 

maintain continuous entropy production and dissipate the accruing entropy, thus we call 

them “dissipative structures”. A basic feature of these systems is that they are able to 

amplify small fluctuations under certain conditions, this makes the system stable. Then 

through the larger fluctuation the systems finds a new state of different organization. The 
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two terms order through fluctuations and dissipative structures cover the main aspects of 

nonequilibrium thermodynamics. 

 

Figure 4-5 Symmetry breaking between the different levels of physical inquiry 
 

These observations were made mainly in the realm of chemical reactions, however, they 

have far-reaching consequences in cosmology, materials engineering, various fields of 

physics and arguably in nearly all other disciplines including socioeconomic systems. 

 

4.5.4 Summary of Dissipative Systems 

In the first section of this chapter we have seen that Newtonian mechanics has had a 

strong influence on our thinking, enforcing the concept of time symmetry. This concept 

has various advantages, e.g. it is easy to calculate the state of a mechanical system at any 

time point, if we are in the knowledge of the initial conditions and the equations of motion. 

However, the study of thermodynamic systems revealed that the nature of these processes 

is not adequately described by Newtonian equations, and this realization resulted in useful 

abstractions, the introduction of Boltzmann’s statistical entropy that gave up the desire for 

exact mechanical information about the particles of the system. This abstraction causes a 

symmetry break, as it is schematically explained in Fig. 4.5. Leaving the thermodynamic 

equilibrium behind we arrive at another symmetry break; far from equilibrium systems 

dissipate entropy and reorganize into new states not foreseeable before the appropriate 

bifurcation point. 

Newtonian Mechanics

Equlibrium Thermodynamics

Nonequlibrium Thermodynamics

Symmetry breaking 
of time

Symmetry breaking 
due to bifurcations 
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4.6 Computation 

The advent and widespread use of computers had a profound effect on the way we think 

about the word “computation”. In common parlance a computer carries out computations, 

and these computations are the basis for everyday computer programs like word 

processing, spreadsheet calculations, games, internet browsers and electronic mail. These 

are all valid associations of computers with applications, but Computer Science has a lot 

more to tell about computation, computability, incomputability and models of computation 

that has lessons to teach for those attempting to use − digital, or any other type of − 

computers to extend the capabilities of the human mind and society. Computer Science is 

concerned about the techniques and methods of data processing, not computers. 

 

4.6.1 Computers and Computation 

Turning to the definition of the computer we may find that the emphasis on electronic devices is 

possibly a narrowing of scope. No one would argue that “the” computer is the boxy object 

sitting below our working desk, but going back to the original meaning of the word − i.e. a 

computer is something or somebody that can compute − we may be able to abstract to 

many processes and organisms in nature which can carry out computation.  

 
Figure 4-6 The concept of universal computation by Gödel numbers (and other media) 

 

Universal Computer 
 

U(x,y) 
 

[Model of 
computation] 

INPUT 
(data+program) 
• Gödel number 
• String 
• Bit 
• Symbols 

OUTPUT 
• Gödel number 
• String 
• Bit 
• Symbols 
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Such an overgeneralization of the computer might sound somewhat farfetched, however, 

such abstractions in general are often very powerful. As David Rogers put it: “The most 

extensive computation known has been conducted over the last billion years on a planet-wide scale: it is the 

evolution of life.”  

 

To provide a more accurate definition of computation we have to turn to the so-called 

Gödel numbers. The Gödelization process is a mapping of several natural numbers into one 

single integer. The basis of this is the prime factorization of natural numbers. In case we 

would like to produce the Gödel number of the natural numbers x1 and x2, we have to use 

prime numbers p1 and p2 to carry them in their exponents, as shown with more general 

notations in the equation: 
 

(Eqn. 18.) ni x
n

xx
n

i

x
i pppp ...21

1 2
1

=∏
=

 

 

These numbers will be large, and therefore less practical, but we only use them for the 

purpose of definitions. 

 

Definition The Universal Computer U(x,y) is a medium for executing a program of Gödel 

number x on an input of Gödel number y and producing a result at the output. (See Figure 

4.6). 

 

As it is shown in Figure 4.6, the input and output can be anything from a bit or symbol to 

Gödel numbers, the Universal Computer will carry out the transformation of the input 

variable to the output according to its program. 

 

4.6.2 Models of Computation 

Based on the concept of the Universal Computer we can see that there is a mapping that is 

carried out by computations according to a program. This program can be an algorithm, a 

method, a series of instructions, but in any case it consists of elementary units, ingredients 

or rules. The characteristics of these ingredients determine the type of model of computation 

that describes how the mappings can be constructed. 
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One appealing feature of having numerous models of computation is what Church stated 

in 1941, i.e. all computable functions can be computed by several equivalent models of computation 

(actually he only speaks about Lambda Calculus, General Recursive Functions and Turing 

Machines)[51]. This is called the Church−Turing thesis, that is still not proven and 

impossible to do because of its fundamental nature. (A disproof would be a model of 

computation that can compute a function not possible to do by other models). 

 

It is important to point out, that the equivalency of different models of computation 

provides us some freedom to choose the one most suitable for us. In the following 

subsections some of the models of computation will be shortly introduced, not so much 

for their immediate practicality in this work, but for the purpose of demonstrating their 

equivalence despite of their significant differences in representation. In Fig.4.7 the possible 

emulation of different models of computation by others is shown schematically. 
 

Table 4-1The rules of General Recursive Functions 

Zero The zero function returns zero for any argument, e.g. Z(x)=0 

Successor The successor function adds one to its argument, e.g. S(x)=x+1 

Projection 
The projection rule allows that a general recursive function 

returns any of its arguments as the result, e.g. Pi(x1,…xn)=xi 

Composition 

The composition rule allows the construction of a new 

function by two or more functions. If g(x) and f(x) are 

general recursive functions, then so is g(f(x)) 

Recursion 

Recursion allows recursive definitions. E.g. if g(x) and h(x) 

are general recursive, then so is f(x,y)  defined as f(x,o)=g(x), 

for y=0, and f(x,y+1)=f(h(x),y), for all other y. 

Minimization

A general recursive function can be expressed as the 

minimization of another such function. E.g., if g(x,y) is 

general recursive, then so is the function f(x)=µy[g(x,y)=50] 

where µ is the minimization operator. (It is possible that 

there is no y that satisfies this equation). 
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4.6.3 General Recursive Functions 

The rules found in Table 4.1 may be repeatedly applied to construct General Recursive 

Functions. The rules are either basic functions or rules for creating another function.  

 

4.6.4 Turing Machines 

A Turing machine is an abstract representation of a computing device. It consists of a 

read/write head that scans a possibly infinite one-dimensional (bi-directional) tape divided 

into squares, each of which is inscribed with a 0 or 1. Computation begins with the 

machine, in a given “state”, scanning a square. It erases what it finds there, prints a 0 or 1, 

moves to an adjacent square, and goes into a new state. This behavior is completely 

determined by three parameters: (1) the state the machine is in, (2) the number on the 

square it is scanning, and (3) a table of instructions. The table of instructions specifies, for 

each state and binary input, what the machine should write, which direction it should move 

in, and which state it should go into. (E.g., "If in State 1 scanning a 0: print 1, move left, 

and go into State 3".) The table can list only finitely many states, each of which becomes 

implicitly defined by the role it plays in the table of instructions. These states are often 

referred to as the "functional states" of the machine [13]. 
A Turing machine, therefore, is more like a computer program (software) than a computer 

(hardware). Any given Turing machine can be realized or implemented on an infinite 

number of different physical computing devices. Computer scientists and logicians have 

shown that if conventional digital computers are considered in isolation from random 

external inputs (such as a bit stream generated by radioactive decay), then given enough 

time and tape, Turing machines can compute any function that any conventional digital 

computer can compute.  
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Figure 4-7 Emulation of different Models of Computation on a Universal Computer 
 

Turing's interpretation of his ideas suggested that human intuition could correspond to 

incomputable steps in an argument. 

 

Therefore the formulation of e.g. production networks in terms of a computational, 

information processing machinery offers significant advantages for the following reasons:  

 easy and straightforward definition of the problem 

 possibility for the exploration of computational limitations 

 possibility for direct computer modelling 

 application of the results of computer science 

 direct connection to other methods and principles 

 more possibilities for theoretical investigation of the model 

 Related to the theory: because of the Gödel theorem any formalization of the 

systems in question are limited, so any of them describe only one part of reality. 

 The Gödel limitation is overcome by the extended, metaphor-enriched science. [1] 

p.143. 

The introduction of universal computation and models of computation lead us to the 

conclusion that the generalized concept of computation is a very good basis for the 

scientific investigation of large complex systems.  

 

The benefits are: 

 Universal computation is a mathematically clear concept 

 The limits of computation is a thoroughly and rigorously studied and explored area 

Universal Computer (model of computation(MOC)) 

Emulator Emulator Emulator 

MOC-3 MOC-2MOC-4 

EmulatorEmulator 

MOC-5
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 The availability of relatively fast computers are an excellent media for carrying out 

experiments 
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Chapter 5 The ModNet Toolbox and Simulator 

“Not only do we use instruments to give us fineness of detail inaccessible to 
direct sense perception, but we also use them to extend qualitatively the range 
of our senses into regions where our senses no longer operate”  
P.W. Bridgman 

 

 

The purpose of the ModNet production network modelling toolbox and simulator is to provide a 

Java class library for the Swarm ABM simulator that aids those who want to use the 

methodology of the next chapter, or just to create agentbased models of production 

networks, including machining equipment, orders, schedules, controllers, decision making 

entities (including humans) [40].18 

5.1 The ModNet Toolbox 

In Fig.5.1, 5.2 and 5.3 the main classes of the ModNet class hierarchy is shown. The Swarm 

classes are not  indicated, the full Java documentation is available on the web19. 

 

The most important classes of the ModNet toolbox are the the following :Factory, 

Machine, Intelligence, Controller, Job, Operation, Workpiece, OrderStore, JobSchedule. 

This class hierarchy can be easily extended in many ways. Since the Intelligence class only 

includes basic heuristic rules (or “rules of thumb”) it is convenient to use evolutionary 

computation to build new rules. A convenient way of doing it is to use a Java class library 

                                                 
18 In the same research project this toolbox and simulator had been developed, a graphical Gantt charting 

tool and a problem generator was implemented [26]. However, in this thesis only the design of the basic class 

hierarchy of the toolbox and simulator is claimed to be an individual contribution. 

19 More extensive documentation and related material is continuously updated at available at 

http://www.pe.tut.fi/personal/patkai/software/modnet/  
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called Evolvica, that is freely available for research purposes20. This same tool can also be 

used to set up and optimize/evolve production network topology. 
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Figure 5-1 The class diagram of the core, interdependent classes in the ModNet toolbox 

                                                 
20 Available at http://www.evolvica.org  
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+getMachineId() : int
+getNextOperationMachineId() : int
+setMachineId() : Object
+setNextOperationMachineId() : Object
+addSubOperation() : Object
+addToTimeList() : Object
+getAllTime() : int
+getId() : int
+getOperationFlag() : String
+getSubOperation() : HashSet
+getSubOperationList() : ArrayList
+setId() : Object
+setOperationFlag() : Object

+id : int
+machineId : int
+nextOperationMachineId : int
+operationFlag : String
+subOperationList : ArrayList
+subOperationSet : HashSet
+timeList : ArrayList

ModNet::Operation

+getActualNr() : int
+getJobId() : int
+getJobIndex() : int
+getStartTime() : int
+getStopTime() : int
+setActualNr() : Object
+setJobId() : Object
+setJobIndex() : Object
+setStartTime() : Object
+setStopTime() : Object

+actNr : int
+jobId : int
+jobIndex : int
+startTime : int
+stopTime : int

ModNet::OperationInOneWorkpiece

+addSubOperation() : Object
+addToTimeList() : Object
+getAllTime() : int
+getId() : int
+getOperationFlag() : String
+getSubOperation() : HashSet
+getSubOperationList() : ArrayList
+getTimeList() : ArrayList
+setId() : Object
+setOperationFlag() : Object

«interface»
BasicOperation

 
Figure 5-2 The class diagram of the Operation classes 
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+addToOperationList() : Object
+getAllMachiningTime() : int
+getId() : int
+getIndexInList() : int
+getOperations() : ArrayList
+setId() : Object
+setIndexInList() : Object

+Id : int
+indexInList : int
+OperationList : ArrayList

ModNet::BasicJob

+getBusy() : Boolean
+getQuantity() : int
+getRemainedOfQuantity() : int
+isBusy() : Boolean
+setBusy() : Object
+setQuantity() : Object
+setRemainedOfQuantity() : Object

+busy : Busy
+jobScheduleList : ArrayList
+quantityOfWorkpiece : int
+remainedOfQuantity : int

ModNet::Job

+getMachineId() : int
+getOperationId() : int
+getOrderId() : int
+getStartTime() : int
+getStopTime() : int
+getWorkpieceId() : int
+setMachineId() : Object
+setOperationId() : Object
+setOrderId() : Object
+setStartTime() : Object
+setStopTime() : Object
+setWorkpieceId() : Object

+machineId : int
+operationId : int
+orderId : int
+startTime : int
+stopTime : int
+workpld : int

ModNet::JobSchedule

+addToJobList() : Object
+getJobList() : ArrayList
+LoadFromFile() : void
+OrdersDistributionWithBalancedLoader() : void
+scheduleToDisk() : void
-distribution() : void
-possibleFactories() : ArrayList

+FactoryList : LinkedList
+jobList : ArrayList

ModNet::OrderStore

+getActualNr() : int
+setActualNr() : Object

+actNr : int
ModNet::Workpiece

 
Figure 5-3 The class diagram of some other important classes in the ModNet toolbox 

 

 

5.2 The ModNet PN Simulator 

The ModNet toolbox in itself is only usable for those who can write programs in Java and 

in any case consumes time, requires debugging. To speed up and simplify the creation of 

agentbased production network simulations the toolbox is extended with some useful tools 

for programming-free setup. This method supports the definition of factories and 

production networks, machine types and capabilities, orders, basic process plans, several 

control options and operational modes. In the next subsections these are discussed. 

 

5.2.1 Simulation Types 

As it is depicted in Fig.5.4 , control in the simulated system can have at least three different 

kinds of arrangements. The following options are available (obviously by programming 

more options can be added): 

 

 Centralized control  
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 Factory level control 

 Distributed control 

 

These three control methods resemble typical configurations that can be a subject of 

investigation by this simulator. 

Figure 5-4  Preprogrammed options of centralized, decentralized and distributed control in production networks 
 

5.2.2 Operational Modes 

The operational mode is a constraint on the execution of jobs in the simulation. The 

following options can be set: 

 Individual: any workpiece can be processed whenever priority or physical constraints allow. 

 Group: workpieces have to be entirely finished before the next one is processed. 

Central controller 

Controllers in factories

Controllers in machining units
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 Total: in case there are multiple workpieces in a job, the next one can be started after all of these 

are completed. 

 

5.2.3 Configuration of the Simulator 

The ModNet simulator is configured in three text files, and in case we want to use the 

automatic problem generator then a fourth one is used. All these files are .csv (i.e. comma 

separated), and their layout is shown in the following three tables. 

 

The first step is to define the characteristics of the production network as shown in Table 

5.1. 

 
Table 5-1 Configuration of the production network layout 

Simulation 

type 

Factory no. 

Machine type 

code 

(MC) 

Machine 

quantity  

(MQ) 

MC MQ MC MQ MC MQ

2         

1 1 5 2 10 3 4 4 10 

2 3 10 4 10 2 6   

3 1 5 3 10     

 

 

In the layout table each row is one describes a factory. In the upper left corner there is a 

single code denoting the type of simulation (1-centralized, 2-factory level, 3-distributed). 

The odd numbered columns denote machine types and the even numbered columns 

following them denote the number of the machines from that type. This way we have a 

basic description of a set of factories and the method of their control. Despite calling the 

entities machines they are actually actors, and therefore they can denote any kind of 

equipment playing a role in production, even humans can have a code. 

 

The definition of machine types and their capabilities is seen in Table 5.2. Along the 

machine (actor) ID we can see the code of the operations they can carry out. (Again, these 

can be non-machining, general operations, such as handling by a human. E.g. an 

actor/machine ID may be followed by human operation codes.) 
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Table 5-2 Machine description table 

Machine 

ID 

Cutting codes 

(capabilities of the machining 

centers) 

1 23 24 25 29 32 43 47

2 11 14 17 19 23 29 33

3 44 51 53     

 

In Fig. 5.3. the order definition file is depicted. This file is already preprocessed, in a  real 

order database we don’t immediately know the resource requirements, assigned machine 

types and machining/processing time units. However, from the point of view of our 

investigations this only makes the system simpler, without any practical loss. 

 
Table 5-3 Order definition with resource requirements 

Job 

quantity/code 

Machining code 

(MC) 

Machining time 

(MT) 
MC MT MC MT MC MT

1200         

12 10 23 20 25 10 32 20 29 

11 12 21 4 27 20 28 30 29 

23 10 19 20 29 30 33 70 44 

28 10 29 30 31 20 41 50 51 

3000         

23 20 12 10 32 20 25 10 29 

21 4 11 12 28 30 27 20 29 

19 20 23 10 33 70 29 30 44 

29 30 28 10 41 50 31 20 51 

 
 

After setting up a simulation − either by the simplified method or by programming − the 

Swarm machinery starts running and the orders are dispatched according to the chosen 

control strategy. This dispatching and scheduling is done in default by the simple 

dispatching rules, but new ones can be added or evolved by an evolutionary algorithm. 
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Also, the configuration of the production network can be changed dynamically. Depending 

on the goals of the investigation probes and metrics have to be introduced, especially in 

case of an evolutionary algorithm that needs an objective function. 
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Chapter 6 The Integrated Methodology 

“Understanding what is going on around us is equivalent to building models 
and confronting them with observations. This statement may sound like a 
truism to a physicist or a chemist, but it goes far beyond physics and 
chemistry. At each moment our sensory systems scan the surroundings, the 
brain registers and compares the observations with respect to images already 
formed, and eventually reaches a preliminary conclusion. One of the basic 
steps in this procedure is the extensive use of analogies and archetypes. 
Physico-chemical systems giving rise to transition phenomena, long-range 
order, and symmetry breaking far from equilibrium can serve as an archetype 
for understanding other types of systems that show complex behavior − 
systems for which the evolution laws of the variables involved are not known 
to any comparable degree of detail. More important, in many of these systems 
the very choice of what should be a pertinent variable may well be part of the 
problem we try to solve.”  
Ilya Prigogine21 

 
"It is a wonderful feeling to recognize the unity of a complex of phenomena 
that to direct observation appear to be quite separate things." 
Albert Einstein22 

 

 

After the attempt of the previous chapters to establish a scientific and metaphorical 

background for methodology development, in this chapter the synthesis of a methodology for 

complex system modelling is introduced. This methodology is integrating scientific and 

rhetoric knowledge by the systematic use of metaphors, analogies and agentbased models.  

 

The methodology we describe is an emergent complex adaptive system itself. It is assumed 

that it benefits from the previously evolved schemata of different fields, and is due to 

further evolution and adaptation. One of the main intentions of this thesis is represented in 

the way we aim at providing an integrating framework, or a ”meta-methodology” that can be 

the template for other, more refined methods. This is also emphasized in this chapter as it 

promotes general complex system modelling. 

                                                 
21 Ilya Prigogine received the Nobel prize in chemistry for his discoveries related to non-equilibrium systems. 

Quote from [36]. 

22 Written in a letter to Marcel Grossmann. 
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In the next sections the limitations of methodology development and the proposed 

methodology itself is presented. 

 

6.1 Limitations & Challenges of System Models and Methodologies 

Figure 6.1 shows a summary about the different number sets from the point of view of 

computability. This is also a summary about some of the limitations of computation as 

such. 

 

The following sets are identified: 

1) Recursive sets: a set of numbers about which a program can decide if a number is a member or 

not. 

2) RE sets: recursively enumerable, but not computable, or the “halting set”. 

3) CO-RE sets: computable recursively enumerable 

4) Not RE sets: not recursively enumerable 

5) not CO-RE sets:not computable recursively enumerable 

 

Figure 6-1 Classification of numbers according to their computability 
 

Algorithmically indescribable objects are Not RE and Not CO-RE. These categories 

provide the basis for distinguishing between mathematical computations according to their 

usefulness. Here is the most serious limitation of computation, we assume that not all 

Algorithmically indescribable objects

RE 

Recursive

CO−RE

Not RE and Not CO−RE
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processes and phenomena can be described by computation. However, this is still a matter 

of debate amongst mathematicians. We also assume in this thesis that an associated 

methodology that integrates computation and other representations such as rhetoric has the 

potential of covering the whole problem. 

 
Table 6-1The transition of basic paradigms and dogmas in contemporary science 

Scientific 

dogma 

(common 

knowledge) 

 

Problem and 

time of 

appearance 

 

New dogma 

 

Consequence 

 

Practical 

consequence 

Decidability 

Gödel 

theorem, 1931 

[19][20] 

Undecidability 

Any formal language 

leads to paradoxes 

sometimes, we can 

only derive partial 

truths. 

We cannot 

develop a single 

theory for a 

reasonably 

difficult problem

Predictability 

Chaos, Lorenz, 

1963 

[31][13][36] 

Unpredictability

A very small change 

in the input variables 

can mess up our 

predictions totally. 

Long term 

forecasting is 

mostly 

impossible 

Explainability 

Complex 

emergence, 

Kolmogorov, 

Chaitin, 1960’s 

[13][36] 

Unexplainability 

The components of 

the system do not 

explain its collective 

behavior. 

We can have 

difficulties 

understanding 

the situation, 

common sense stops 

working 

 

Chapter 3 provided some insight into the nature and characteristics of “systemic” scientific 

endeavors, but falls short of the great expectations for practical applications. The reason 

for this is that handling (i.e. understanding, modelling, simulating, controlling) large, 

complex, heterogeneous systems is a challenge incomparable to problems modeled by 

causal mechanistic equations, and is even impossible, because the complexity of complex 

adaptive systems that include humans and machinery cannot be captured by a single exact 

model borrowed from the hard sciences. In Table 6.1 we can see a summary of the key 
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problems that strongly influence all the present and future solution methods trying to gain 

control over such systems. 

 

The earliest of these is the Gödel theorem that has shaken mathematics and the belief in 

unifying formalisms that embrace and perfectly solve a problem area. 

 

The actual consequences are crucially important, because rhetorically formulating it 

provides an explanation why in practice there have are always been competing theories 

even in specialized fields. In the next chapter the metaphoric bridging method provides a 

way to get around this problem, by acknowledging it first and filling in the gaps by rhetoric 

(despite the fact that rhetoric as a tool has a low respect amongst scientist and especially 

engineers, because it is very easy to abuse to cover the gaps instead of bridging them). 

 

The observation of chaos in meteorological calculations by Lorenz has resulted in the 

unpleasant knowledge of another limitation, i.e. the impossibility of long term prediction of 

system states. This directly modifies the objectives of the research we do, and we are no 

longer aiming at exact, quantitative forecasts, but use our models in a less direct way to 

explore possibilities, to “harness complexity” as Axelrod puts it. 

 

The so-called “reductionist” scientific approach is often criticized  that translates 

observations to mechanistic equations. In spite of this fashionable criticism no-one denies 

that equation-based analytical models are more desirable than “soft” models involving 

significant uncertainty, fuzziness and the lack of causality. The corresponding methodology 

aiming at minimally an increase in the understanding of such systems. As in case of the 

previous two problems, this can only be achieved by a modification in goals and approach. 

 

6.2 Knowledge Transfer Between Models by Metaphors 

In Chapter 2 the importance of metaphors as the bridging material between different 

models was described, and in Fig. 6.2 it is shown in more detail. The basic knowledge that 

any scientific or computational model can represent only a segment of reality − as reflected 
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by measurements, observations and models − requires that we fill the gaps between them 

by our continuous mental− and the corresponding rhetorical models23. 

 

Using the scientific language and method observations and measurements are put into a 

mathematical model, assuming that the experiments are repeatable and reproducible by 

others. This satisfies the requirement of objectivity. Part of the process is the validation of 

the model through numerous experiments that are usually carried out by other parties 

ensuring that no subjective mistakes are generated during experiments and measurements.  

 

The “third” language or symbol system of computation [37] is in many ways related to the 

language of mathematics, as it can represent equations and solve them with some 

limitations related to continuity and problem size. However, computation also became a 

very flexible and multi-purpose tool due to the ubiquitous availability of computing 

machinery. Various modelling approaches make it possible to create models that are not 

possible to describe by equations. One of these possibilities is agentbased modelling − 

mentioned in chapter 3 − that approaches modelling from a quite different aspect. Parunak 

[39] describes the advantages of agentbased modelling and points out that they represent a 

different aspect of reality, since equation based models represent the relation of 

observables and agentbased models represent the internal behavior of the modeled 

individual. 

 

Following the process shown in Fig. 6.2 we can model reality or natural phenomena 

(including manmade systems) and exert a varying amount of control over them, depending 

on the success of the model. Since we know that in case of complex problems none of our 

models will cover the whole and provide a grip on the controls we have to make use of 

different models and either integrate them or use a different one in different circumstances. 

The knowledge of the possibility about building bridges by rhetoric is not new at all, but its 

use is mostly unconscious or not systematic. 

 

                                                 
23 This strictly means the gaps in between multiple theoretical and compuational tools, not in physical reality. 
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The method for transferring knowledge between different models and even has long been 

part of scientific discourse. The method, however, is described by e.g. Nicolis and 

Prigogine [36] and by others [1], in the realm of complex systems where such knowledge 

transfer becomes crucial, since we have systems that require us to be approached in a 

systematic and knowledge integrative manner. In Fig. 6.2 this algorithm is shown in an area 

enclosed by dotted line.  

Figure 6-2  Transferring knowledge between models by drawing analogies 
 

6.2.1 Knowledge Transfer Example − the Metaphor and Analogy of Evolution 

A good example of this knowledge transfer is the evolutionary computation methods 

introduced in chapter 4. In case of the “evolution metaphor” the knowledge transfer process is 

as follows: 

1. Darwin analyzed species and came to conclusions about the basic 

process of evolution 

Measurements and observations 
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2. Microbiologists developed analytic methods down to the genetic level 

and showed how genetic inheritance works, defined such concepts as 

population genetics, crossover, gene mutation, selection pressure and 

process. 

3. Computer scientists found that some of the problems they face cannot 

be solved by exact mathematical equations or algorithms, and realized 

that it is necessary to approach these problems heuristically. 

4. Somebody had the idea that looking for better candidate solutions is 

metaphorically similar to the evolution of species. 

5. The evolutionary concepts in (2) were given meaning in the realm of 

computing. 

6. The evolutionary algorithm was assembled and it was observed that 

simulated evolution is able to develop individuals by selection, 

crossover, mutation, etc. 

 

It is not sure, that such a knowledge transfer always works, but the general observation is 

that interdisciplinary cooperation is mostly very fruitful[6]. In the same time this 

emphasizes the importance of a methodology that directs us in making such experiments. 

 

6.3 Synthetic System Modelling with Knowledge Transfer 

Synthesis is often regarded as a secondary approach to analysis, not a complementary or 

equal alternative [39]. However, searching for new structures, new knowledge, imaginary-, 

nontrivial systems and in case we have no other way for the investigation of a mechanism 

(with possibly explanatory power) synthesis provides a viable alternative.  

 

A characteristic example of synthesis is the modelling of cellular automaton, where we have 

no analytical knowledge about the emergent phenomena, at most heuristic rules, which 

were formed on the basis of extensive computational studies24. 

                                                 
24 Chris Langton introduced the λ parameter that hints whether the cellular automata will be chaotic, repeat a 

pattern or be random [13]. 



 

 

Page 92 of 122 Chapter 6 − The Integrated Methodology 

Figure 6-3 Computational Synthesis of System Models 
 

6.3.1 Bottom-up System Modelling  

In Fig. 6.3 a computational synthesis method is shown and explains the idea how 

agentbased models can fit into the integrating scenario. Model building itself is not science 

without a methodology that insures the required objectivity, the repeatability of 

experiments, applicability and predictive power. By following the thick arrows in the figure 

we can see the following steps of the method: 

1. Formulate conceptual entities by abstraction from measurements and observation 

of a phenomenon. 

2. Extract a metaphor from the conceptual model. 

3. “Translate” the metaphor into a computational component model, i.e. agents. (At 

this point there are many possibilities, there is plenty of space for creativity.) 

4. Assemble a synthetic computational model, i.e. a simulation model. (Choosing the 

parameters and the simulation scenarios again provides many custom options.) 
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5. Run the simulation model and explore it with various configurations, parameters. 

6. Validate it against other type of models. 

7. Validate it against reality. 

 

By this procedure we have integrated an empirical, synthetic (meaning bottom-up) 

modelling method in a scientific environment. This integration doesn’t mean that we have 

a flawless scientific method, but it is not far from it, because it provides a systematic  way 

of handling computer experiments and uses analytical and rhetorical knowledge to put the 

model into context, validate it and use it for gaining extra insight into systems. 

 

6.3.2 Methodology 

In Fig. 6.4 a detailed view of the empirical methodology is shown from a different aspect. 

 

This methodology helps avoiding some of the trivial problems of agentbased, synthetic, 

bottom-up modelling.  

 

1. The first step is to put down in written form what we expect of the model, because 

building in expectations into a model is very easy. By making these intentions 

“transparent” we admit our skepticism concerning the model. This methodology 

leads to its applications also, because − as it can be expected from the scenario of 

Fig. 6.2 − we do not expect that such a  model will be omnipotent and able to 

replace the equation-based, mathematically sound models. Agentbased modelling 

and synthetic methods have the advantage that they can produce models that would 

not have been thought of by humans, and by running various open-ended 

evolutionary simulations many malfunctioning structures can be “explored” as well 

[31]. This is why the complementarity of such a modelling methodology is 

emphasized. 

2. Document the problem and its environment − i.e. more than the problem − 

targeted by the model. This indicates that the description we are aiming at is usually 

more than the pure problem we know, therefore it is desirable to have a descriptive 

documentation about the environment, (e.g. what does the simple mathematical 

formulation of a job-shop scheduling problem tell about how the workers use the 
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system on the shop floor? Or what do the route and time scheduling of trucks tell 

about issues like speeding, alternative routes used, reversing from one-way streets?) 

A good documentation gives clues how much we can rely on the formal description 

of the problem. 

Figure 6-4The computational system model synthesis methodology 
 

3. The fact that we are making models itself suggests that we have certain metrics that 

we are aiming at influencing. These have to be at least qualitative but more 

desirably quantitative. These metrics are often not trivial, e.g. when talking about 

complex adaptive systems the observation and quantitative description of emergence 

is a serious challenge. 

4. From the previous figure we have seen that for a bottom-up model we need to find 

elementary components, agents, to be able to build a simulation. This selection 

process has some arbitrariness, but often a very similar selection is made by 

different people. 
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6. Run the simulation with an initial setup, i.e. parameters, initial and boundary 

conditions. 

7. Identify patterns that have the potential to tell something about the defined metrics 

in 3.  

8. The computational exploration of the model with different parameters. 

9. In case the model shows responsiveness to parameter tuning it has to be explored 

as well as possible. 

10. Face comparisons: the results of the simulations can be simply compared by 

looking at the results, and visually deciding whether they follow a pattern. 

11. Based on the results so far the model can be revised. 

12. Verification of the model can be done e.g. by implementing it on another 

simulation platform. This step also depends on the software development 

methodology. 

13. Validation can be done by comparing the results to equation based models or any 

quantitative results. 

14. Concluding the work involves documentation, comparisons with the initial 

expectations. 

This methodology based on the processes in Fig.6.2 and Fig. 6.3 integrates agentbased 

modelling (involving the “third language”) rhetoric knowledge and validates against 

equation-based models therefore represents a universal tool for modelling and simulating 

complex adaptive systems. 

 

6.4 Chapter Conclusions 

 Some limitations of systems inquiry approaches have been drawn 

 It is claimed that metaphor exchange between different analytical and 

computational models is a common, but formally and consciously rarely discussed 

method 

 The abstract, generalized synthesis algorithm was introduced 
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 It was concluded that the introduced and formalized methodology has a looser 

connection with other models therefore its use and role is different and 

complementary 

 Summarized the application possibilities of the integrated complex system model 

synthesis methodology 
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Chapter 7 Complex Adaptive Production Networks 

“It is not so much important to be rigorous as to be right. “  
A.N.Kolmogorov 

 

 

In chapter 3, Fig.3.4  it was shown that to arrive at a scientific model a concretization of 

metaphors and analogies is necessary. In case we find a metaphor that seems to capture 

that essence of a problem we can refine it and transform it into a conceptual model. This 

model can be advanced even further, if it is put in a scientific, rigorous form of 

mathematics or logic. In case of complex systems very often the observer is stuck with a 

metaphor or a conceptual model, and the formation of a scientific model eludes him. Based 

on the experience of the complex systems research community − described in chapter 3 − 

it is quite usual that the “1)metaphor-2)conceptual model-3)scientific model” process 

becomes problematic in the last step and a lot of effort is consumed in building agentbased 

simulations that actually don’t meet the scientific criteria. In the next sections an attempt is 

made to use the metaphor of complex adaptive systems and dissipative structures to form a 

basic conceptual model and show their analogies with production networks. Together with 

the ModNet toolbox and the methodology of the previous chapter this forms the original 

contributions of this thesis. The completion of the process would mean that we prove that 

dissipative structures are isomorphic with production network problems, but this step is 

not carried out because simulation is not an adequate tool to make such a proof. However, 

the analogy itself has some value and the suggested future work is likely to find some use of 

this conceptual mapping. 

 

7.1 Production Network Modelling 

One of the central issues related to this thesis is the computational modelling and synthesis 

of production networks. Computation and reproducible computer models provide the 

objective basis for discussion, and since it is very expensive − and directly impossible − to 

carry out scientific experiments with real enterprises we are challenged to find 

computational models.  
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Chapter 4 of this thesis has introduced some basic scientific paradigms aiming to show the 

possible metaphors and limitations, and we attempted to provide a computation-based 

framework that matches the basic requirements for a synthetic study.  

 

This section is the application of the previous one for production networks synthesis, and 

therefore builds on the establishments of the integrated methodology.  

 

7.1.1 Complex Adaptive Production Networks 

It is always important to remember that modelling is an activity that is strongly influenced 

by our minds, the theories we know, the goals we and our society pursue. This is why it is 

so important to aim at objectivity, develop several scientific, engineering or management 

methodologies so that the many facets of reality are all represented. Also, it is important to 

note, that the computational models we build and talk about are only the result of the 

interaction of software and computing machinery, i.e. they rely on the basic assumption of 

scientific activity that our world is strongly interconnected and the “truths” found in a 

discipline have a place in another one, and as we put it in previous chapters: it is possible to 

experience the unity of knowledge through the use of metaphors. In common parlance it 

means that we believe that our observation at a certain time and place getting to know e.g. a 

simulation model’s behavior we also learn about the modeled system that it represents. 

 

In chapter 2 we talked about production networks and throughout the thesis complex 

adaptive systems and their computational models were often mentioned. Because of their 

similarities and mutual interests it is plausible to connect the two and propose a definition 

of such production networks that strongly resemble complex adaptive systems. In Table 7.1 

we can see some of the parallels of complex adaptive systems and production networks.  
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Table 7-1 Similarities of Complex Adaptive Systems and Production Networks 
Complex Adaptive Systems Production Networks 

Constructed of a great number of 

independent units, i.e. agentbased 

Consist of a hierarchic system of supply 

chains, factories, manufacturing cells, 

machining centers and equipment with their 

own operators, including different levels of 

scheduling 

Agents are heterogeneous 

All production units from the bottom up 

are different in capabilities, decision making 

rules, size, quality, efficiency 

Agents adapt to their environment 

Production units can be reorganized, 

personnel changed, equipment modified, 

reorganized 

Dynamism – Chaos 

Because of virtuality, fluctuating demand, 

cultural, political, transportation problems 

the bullwhip effect creates a very dynamic, 

often chaotic system (by chaotic we mean 

very small change causing very large effect) 

Emergence of complex patterns 

Though rules are simple at the micro level, 

the complexity of the whole can be large. 

Many of the features of a system are not 

planned, they merely occur, i.e. emerge. 

These features can be desirable or 

undesirable, too. 

Positive feedback – pressure to reorganize 

Erroneous policies or business 

environmental factors can accelerate 

unwanted change and break the system – 

and then it reorganizes after bankruptcy, 

ownership changes, selling some production 

units, etc. 
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The main reasons for constructing a definition of complex adaptive production networks 

are: 

 it is an aim of this thesis to bring the vocabulary of complex systems closer to 

that of production networks  

 in either modeled or real production networks complexity and adaptation have 

a very significant role 

 such a name distinguishes and emphasizing the kind of research carried out in 

relation to it 

 also emphasizes that we assume that production networks are complex and 

adaptive, in cases where it is possible to simplify them or complexity is not an 

issue we are not interested in them 

 

Definition: A “complex adaptive production network” − CAPNET − is an abstraction of networked 

production systems that can be a real organization or a computerized production network model exhibiting 

the characteristics of complex adaptive systems. 

 

With this definition and concept we direct the focus of our research of production 

networks to complexity and adaptation. 

 

This view is already represented in the methodology and provides a tool for achieving the 

goal described in [31] by D. Levy as: 

 

“By understanding industries as complex systems, managers can improve decision making and search for 

innovative solutions. …Chaos [complexity] theory is a promising framework that accounts for the dynamic 

evolution of industries and the complex interactions among industry actors. By conceptualizing industries as 

chaotic systems, a number of managerial implications can be developed. Long-term forecasting is almost 

impossible for chaotic systems, and dramatic change can occur unexpectedly; as a result, flexibility and 

adaptiveness are essential for organizations to survive. Nevertheless, chaotic systems exhibit a degree of 

order, enabling short-term forecasting to be undertaken and underlying patterns can be discerned. Chaos 

[complexity] theory also points to the importance of developing guidelines and decision rules to cope with 

complexity, and of searching for non-obvious and indirect means to achieving goals.”  
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7.1.2 Dissipative Structures 

In addition to the complex adaptive systems paradigm, the dissipative structures introduced 

in chapter 4 show promising characteristics, which hint that drawing analogies between 

them and developing the ModNet toolbox further in that direction is potentially useful. 

 

The characteristics of dissipative structures are the following: 

1) The systems considered are open 

2) Positive feedback dominates in the reorganization of the state 

3) They maintain continuous entropy production and dissipate the accruing entropy 

4) They emerge from dissipative selforganization 

5) Autocatalitic 

6) Autopoietic: self-referential, the function of the system is to renew itself 

7) The dissipative structure finds and maintains its form and size independent from 

the environment 

8) Dynamic nonequilibrium structures never achieve absolute stability 

9) Fluctuations continuously “test” the stability of the structure 

10) The environment can enforce stability even when the subsystem would be unstable 

11) The farther we go from thermodynamic equilibrium the more choices become 

available to find a metastable dissipative structure 

12) The principle of maximum entropy production: the system is procuring high 

entropy close to its instability, where it forms a new structure, but production of 

entropy is low close to an autopoietic stable state 

 

The process of dissipative structure formation and evolution is the following: 

1) Shift starts from near equilibrium conditions due to openness, entropy production 

is low 

2) System enters the linear nonequilibrium regime, thermodynamic forces and flows 

are in balance 

3) System enters the nonlinear nonequlibrium regime, entropy production is high(!) 

4) System reaches a bifurcation point, goes beyond and finds a new state 

5) Entropy production is lower, the system manages the state or goes for another 

reorganization 

7.1.3 Metaphor Transfer Possibilities to CAPNs 
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As one of the major themes of this thesis is the integration of knowledge gathering tools, in 

Table 7.2 a collection is provided about the possible metaphor transfers from concepts to 

computational models. 

 
Table 7-2 Metaphors and their application in CAPNs 

Metaphor Implementation 

Dissipative 

structures 

Not yet implemented. Strong bounds with complexity is 

promising. 

Evolution Implemented, available standard tools25. The ModNet 

simulator can be extended with evolution, agents can be 

evolved (removed/added to population). By genetic 

programming we can also evolve decision rules easily in e.g. 

Scheme or Lisp. 

Classifier system Indirectly implemented. A ModNet simulation – in case it 

is evolvable – naturally behaves as a CS, however, the 

schemata are not easy to analyze and follow in this 

architecture. A transparent method of handling schema 

evolution would be desirable. 

 

Based on information in chapter 4 it is apparent that evolution is a very well researched 

metaphoric knowledge transfer method while dissipative structures were only recently 

proposed and have not received proper attention [36], and especially no application in the 

field of production networks. The reason for this is most probably the straightforward 

application possibilities of evolutionary search methods for optimization problems, helped 

by the inherent abstraction of these algorithms in the separation of the geno- and the 

phenotype. Also, evolutionary computation methods started to gain attention in the 1960’s, 

while dissipative structures were only suggested for such a use and became known in 

general only a few years ago.  

In case we would like to model production networks as dissipative structures a series of 

concepts would have to be translated into other terms, and the appropriate (“modelable”) 

aspect of CAPNs to be found. Since dissipative structures dissipate entropy, information 
                                                 
25 A good example is found at www.evolvica.org an advanced Java toolbox for Evolutionary Computation. 
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entropy could be an applicable idea, and all the actual processes and transformation of 

matter, energy and information could be handled as information. However, this is only 

speculation about application, in the framework of this thesis these ideas are not worked 

out in detail. 

 

7.1.4 Chapter Conclusions 

This chapter has: 

 Listed the analogies between complex adaptive systems and production networks 

 Defined complex adaptive production networks 

 Listed some potential and partially implemented or at least initiated metaphor 

transfer methods to production network modelling 
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Chapter 8 Summary, Conclusions and Outlook 

“Vladimir Nabokov's conviction rings true: “What can be controlled is never 
completely real; what is real can never be completely controlled””.26 
Ilya Prigogine 
 
“Plasticity is a double-edged sword: the more flexible an organism is the 
greater the variety of maladaptive, as well as adaptive, behaviors it can 
develop; the more teachable it is the more fully it can profit from the 
experiences of its ancestors and associates and the more it risks being 
exploited by its ancestors and associates.” 
Donald Symons27 
 
“All models are wrong, some are useful.”  
R. Sargent 

 

 

The motivation behind this thesis has been to face the challenge of newly appearing 

degrees of freedom in the globalizing arena of production networks. Because of the 

complexity and fuzziness of the problem set related to complex systems/production 

networks we considered the problem itself and solution methods complex adaptive 

systems. In the following sections the original objectives of chapter 1 are listed and some 

evaluating comments added. 

 

8.1 Comments about Meeting the Objectives 

1) Establish the epistemological background for the research, including the 

critical view of science and rhetoric 

The basic Aristotelian scenario of scientific and rhetorical knowledge was 

presented, also the so-called “third language”, i.e. computation was added with the 

remark that computation is not essentially different from scientific knowledge, it 

has strong links to it, they are intertwined. It was claimed that the integration of 

these methods is rarely addressed in scientific papers and that conscious integration 

should provide an advantage in systems investigations. 
                                                 
26 Ilya Prigogine: The end of certainty, p.154. [41] 

27  Gary Flake,: The Computational Beauty of Nature,  pp.361. [13] 
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2) Define a new problem class based on the observations made related to 

complex adaptive systems and production networks 

Several problems and problem classes were introduced in narrative. Complex 

adaptive production networks as an abstract problem class have been defined. This 

definition puts proper emphasis on production networks as complex adaptive 

systems and focuses attention on complexity and adaptation, two crucial questions 

in case of the management of large interconnected systems. 

 

3) Survey state-of-the-art methods and tools related to the identified problem, 

formulate this from an original point of view to make it a minor original 

contribution 

A short introduction and list of software, management and analytical methods was 

provided. It was emphasized that in the area of complexity and adaptation 

investigation there are only a limited number of tools available, and especially in 

case of agentbased modelling there are no properly worked out and tested 

methodologies aiming at generality (ABM is an “art”). Commercially available tools 

are typically limited to controlling, information storage and analysis, and sometimes 

provide what-if analysis features, but open ended evolution and systematic 

synthetic simulations are not supported, except in the jESevol package that is at 

testing stage. 

 

4) Identify and explore scientific tools showing potential for successful 

application either as exact methods or as applicable metaphors/analogies  

A multidisciplinary study has been carried out in the fields of physics, computer 

science, biology and “systems and complexity”. The studied areas are all rich in well 

understood paradigms, potential analogies − all of them in the fields of basic 

research of natural sciences waiting for intuitive knowledge transfer methods. 

There are certainly many more scientific results that could have been mentioned 

and used. 

 

5) Identify the limitations of the methodology with special attention to 

computational and philosophical issues 
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Computers as the media of simulational investigations have strict limitations, even 

though the available computing power on a chip is doubling about every 18 months 

for several decades now and networking offers an even greater power for 

distributed computing. The real limitations – however – are not in the clock speed 

of microprocessors, but in computability. It is of major concern whether a 

computer can represent all the solutions for a problem and how it can find the 

good ones. It can be concluded that computation by computers is a valuable 

resource that is by far not exhausted yet, and in spite of its limitations there is 

plenty of potential in computational methods. On the philosophical side the 

transfer of knowledge by analogies is a good possibility and the proposed 

methodology builds on it. 

 

6) Formulate an integrated methodology for buttom−up complex system 

modelling 

The integration of the two main types of knowledge has been proposed in a 

computational framework by incorporating rhetorical, verbally formulated methods 

in various components of the simulation model. The components of this 

methodology are not new inventions, but their integration is shifting the 

unconsciously and unknowingly used methods into an organized one that can be a 

subject of further research itself. There are many aspects of this methodology − 

especially applications and refinement − that are not completely worked out and 

belong to future plans. 

 

7) Design an agentbased modelling software library that enables researchers to 

run comparable and reproducible simulations of distributed production 

systems with different distribution of control 

The ModNet agentbased production network simulator was introduced in chapter 

5. This software library has components/agents and collections that represent 

production network components and make it easy to build agentbased models. 

8) Describe an analogy transfer in detail, showing how knowledge is 

transferred through a scientific metaphor into a model 
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There are several analogy transfer examples in the manuscript. The evolutionary is 

described in chapter 6, and the complex adaptive systems and dissipative structures 

analogies introduced in chapter 7. 

 

8.2 Summary of Arguments in the Thesis 

The list of arguments below is a summary of the claims made in this manuscript. They 

represent and summarize the key issues, opinions and realizations related to the topic of 

this work. Not all of them in this list are original, but together they represent the originality 

of this dissertation. 

 

I. Complex Adaptive Production Networks: During their recent evolution − 

driven by fast transportation, communication, technological possibilities, political and 

economical stability − production networks became nonlinearly coupled distributed 

systems best described as complex adaptive systems, shifting the emphasis of their 

scientific investigation  from optimization to complexity and adaptation.  

II. Complex adaptive solution systems: The different languages of inquiry can be 

integrated by a flexible rhetorical establishment. Specialization has created large gaps 

between disciplines, computational models are disintegrated, therefore the bridging is only 

possible by a cognitive-conceptual model, where rhetoric and metaphors are the glue. The 

key to a good solution is successful integration of science, computational models and 

rhetoric. Scientific models cannot fully describe social- and business systems, but they can 

be (1) part of the model and (2) provide metaphoric knowledge through analogies. 

III. Exchange of knowledge between models by metaphors: Metaphors provide an 

ideal medium for exchanging knowledge between models. The method of metaphoric 

knowledge transfer is used in practice since the birth of science, but it is usually not 

formally integrated into scientific methodologies. 
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IV. Agentbased Modelling is the most suitable paradigm for the implementation 

of the presented methodology: The most suitable programming/modelling/simulation 

paradigm for the investigation of complex adaptive systems is ABM. This should be part of 

this system of solutions. ABM is not the goal, the most important or central tool of 

complex adaptive systems research, it can only be part of the exogenous utility network we 

use to gather knowledge and support decisions. 

V. Agentbased Modelling in itself is not valuable: By such a flexible 

computational method it is mostly possible to prove and disprove the same claims. ABM 

needs a methodology that embeds it and gives meaning to the simulations. 

VI. Agentbased Modelling is just as limited computationally as other 

programming paradigms: Programming an ABM produces code that could be created by 

other programming paradigms, in theory the resulting machine code is a bitstring of data a 

control code just like in case of any other software. The only advantage, the value of the 

method is that this paradigm forces us to think and create a model in a certain way that we 

would most probably not do with other paradigms. 

VII. Agentbased Modelling has to remain an art: The existence of a closed form 

method would mean that we are not modelling a complex system. The formation of a 

model, especially an ABM, requires significant human input that is necessarily subjective. 

Therefore the model is only complete for the modeler and with the modelers state of mind. 

 

8.3 Conclusions 

The modelling and simulation of complex systems is not without traps and pitfalls. First of 

all we know that chaotic systems are extremely hard and mostly impossible to predict, also  

in case of deterministic chaos. Aiming at the modelling of such aspects of large production 

networks is a questionable attempt, but necessary, at least for the identification of chaotic 

regimes and the gathering of knowledge by simulation. Complex systems are even more 

problematic than just chaotic ones, because of the great number of interacting parts where 

we are not satisfied with modelling and observing the global dynamics, but are interested in 

the internal representation of the components. 
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One interesting aspect of the work carried out in this thesis was that the research was 

drawn towards  − without such intentions − the philosophy of science. It was necessary to 

face some very basic questions related to human knowledge, undecidability, incompleteness 

and unexplainability. Complex systems cannot be handled with the ease of more 

traditionally formulated ones, especially since formal systems have been proven to be 

incomplete and contradicting themselves.  

 

Production systems of significant size we are talking about are complex adaptive systems − 

or more precisely they do have such an aspect − even if we don’t model or consider them 

in that fashion. This is a key issue. However, even if the managerial search for best 

practices is an evolutionary  search for better schemata, formalized, self-aware methods are always 

superior − as close to scientific standards as possible − and this is the direction this thesis is 

aiming to progress. Even if we don’t model strategies, rules,  or policies, firms are subject 

to extinction − and they do get extinct. Extending the area of interest to modelling these 

aspects complicates our task and makes us face many limitations, but avoiding them do not 

make us wiser either. 

 

Already in the 1940’s John von Neumann promoted that many systems such as enterprises 

should be modeled based on individuals. Due to the availability of cheap computing power 

his challenge can be pursued and the area of computational modelling and complex 

systems is receiving more and more attention. The biggest problem is that system theories 

fashionable in the XXth century have quickly reached their limitations and did not go much 

further from observations and pointing out some interesting aspects of systems. This is 

very well understandable if we consider the combinatorial explosion that the complication 

and detail of description can cause in an interconnected system. This is what most probably 

inspires the pursuers of systemic understanding to postpone the development of system 

theories (and its applications in domains subject to hype-and-disappointment) nowadays 

and concentrate on details, gathering lots of knowledge at the micro level. All this vast 

amount of generated data – when time comes − can provide an establishment for 

formulating a theory.  
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To sum up the concerns mentioned so far: it is dangerous to talk about systems and 

complexity, because there are no standard methodologies developed for them yet, and 

many who tried made only very modest claims [32], or had to step back and modify goals 

and research methods. In the same time it is somewhat paradox to even talk about a 

“standard methodology”, because we have just made it a point that only an abstract 

methodology captures complexity at its best. This work is therefore relatively abstract and 

does not make claims at the quantitative level, and reaches back to basic knowledge about 

the philosophy of science and possible development concerning the integration of 

computers into the knowledge gathering process. 

 

8.4 Future Plans and Opportunities 

The wide range of scientific disciplines explored and mentioned in this work naturally 

implies that they couldn’t have been and were not exploited fully. The level of detail isn’t 

low either, therefore plans are already on the way to work it out by e.g. reviewing more 

potential metaphors, work out their transfer in detail, provide ample software to represent 

them computationally and most importantly refine a methodology for the investigation and 

application of such systems. 

 

The ultimate vision associated with the proposed methodology is that it will eventually 

become a day-to-day tool, supporting modelling for the assessment of opportunities, false 

scenarios and potential changes integrated with the rest of the analytic tools, methods, 

software currently used in the business of production networks. 
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