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Abstract 

 

      Dynamicity and unpredictability related to markets is strongly hardening 

companies’ mission to follow them and satisfy customer needs mainly due to the 

lack of adequate engineering mechanisms. These effects are felt more intensively in 

markets where low volumes and high customisation are needed since this requires 

constant changes in systems that can range from simple setups to total line re-

configuration and re-programing. State of the Art Industrial technology has 

historically been driven to achieve very efficient and flexible production lines for 

pre-thought problems; however this technology doesn’t satisfy the needs faced by 

current production requirements where adaptability and responsiveness are off the 

essence.  

      The last decade witnessed the advent of Evolvable Production Systems (EPS) and 

other modern paradigms that offer promising approaches to substitute obsolete 

production strategies. EPS enhances system re-configurability using process-

oriented modularity and multi-agent based distributed control endowing the 

system with units that are autonomous, self-organizing and functionality-oriented. 

The aggregation of these independent units will then form a system that with a 

well-defined system architecture and interactions rules can collaborate to complete 

production plans and react to unpredictable events without re-programing needs. 

      The complexity associated with combinatorial possibilities of forming a system 

based in such premises raises the need to study how such system performance can 

be evaluated and how machine learning can be used to discover best system 

configurations for specific cases. This thesis goal is to enlighten the relation 

between EPS characteristics, Evaluation and Learning building the foundations for 

the achievement of Evaluation and Learning mechanisms that can contribute to 

better system design and configuration to improve system performance and 

autonomy, and contribute to a more economical solution. 
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1 Introduction 
 

1.1 Background 
 

      Production assumes an important role in our society since it is on the basis of 

goods’ creation and represents a big share of population employment. Analogously 

to other sectors, production suffered the effects of socio-economic changes in the 

last century as well as the emergence of globalisation. Production can be divided in 

3 basic steps: supply chain, manufacturing and assembly1. This licentiate thesis will 

focus primarily in the last step. Assembly is often the final process within 

manufacturing operations and it is characterized by being very labour intensive. 

Consequently production companies often shift their assembly lines to low wage 

countries in order to maximize their profits. Despite the success along the years, 

this strategy starts to be perceived as precarious on the long run mainly due to the 

loss of precious process knowledge and the uncertainty associated with low wage 

nations. Being the final production stage, assembly also becomes the most value-

adding phase. The importance of maintaining assembly in Europe, together with the 

increase of miniaturisation of products, are augmenting the importance of 

automation in this sector(Onori and Barata 2009). 

      Despite the obvious advantages of the application of automation in the 

assembly domain one challenge remains unsolved: how to deal with volatile 

markets and unpredictability? It is extremely difficult for companies to predict the 

type and range of products that will have to be developed, volumes of production 

and lifespan of the products. Constrained by high customisation and low volumes 

the design and operation of typical dedicated automated solutions becomes 

                                                           
1
 In this thesis manufacturing will be used to designate the transformation of raw material 

into a finished product. Assembly will therefore be included in the manufacturing process. 
Production will be used to denote the set of processes and methods employed in 
transforming tangible inputs (raw materials, semi-finished goods, sub-assemblies) and 
intangible inputs (ideas, data, knowledge) into goods or services. 
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inadequate due to constant changes (Hanisch and Munz 2008). Traditional 

manufacturing control systems are not suitable to tackle these requirements since 

they are built upon a centralized and hierarchical control structure that achieves 

good production optimization but weak response to change (Barata 2005; 

Monostori, Vancza et al. 2006). A significant share of the total cost of a 

manufacturing plant over its lifetime is spent on installation, setup and 

maintenance (Onori and Barata 2009). With the continuous change of products, 

volumes or process flow these costs rise considerably, mainly due to the need of 

integration of new manufacturing components and re-programming (if not 

complete re-design and new installation of updated assembly lines). Major 

roadmaps (e.g. Manufuture (Jovane, Westkamper et al. 2008), Futman (FutMan 

2006), etc.) emphasize this and draw the research line towards modularity and 

distributed characteristics of systems and architectures to promote systems that 

dynamically adapt.  

      The advances of technology in the last decade triggered the increase of 

investment in the incorporation of computing and communication capabilities in 

consumer products and manufacturing equipment. This “embedding” of 

computational power has led to mechatronics and other innovations. It has also 

opened the door to unexplored manufacturing research areas (e.g. Agent-Based 

manufacturing systems, Holonic Manufacturing Systems, Intelligent Maintenance 

Systems, Product Lifecycle Management, etc.) that can help companies dealing with 

the manufacturing complexity (Pereira and Carro 2007). The incorporation of 

computation and communication capabilities in manufacturing equipment and 

products leads to the possibility of having many distributed decision-making nodes 

across the manufacturing environment. All entities considered are at some extent 

intelligent and will be able to reason and make decisions dynamically according to 

the situation, forming dynamic loosely coupled networks of cooperative entities. 

The main advantages of such approach are the increase of local autonomy to 

improve robustness, fault tolerance and adaptability, and the ease of 

addition/removal of modules. 

      A fundamental issue when one considers shop floor environment is the 

multiplicity of different assembly modules (e.g. grippers, feeders, conveyors, robots, 
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etc.) and associated technologies. New hardware, communication protocols, 

programming languages, etc. have emerged and in many cases they are not 

compatible with legacy systems. The integration of all equipment requires a big 

effort to efficiently manage interoperability between legacy systems and new 

systems. It is deemed fundamental that society adopts paradigms and technologies 

that assure overall interoperability and integration of heterogeneous hardware and 

software in order to implement distributed automation systems. The proliferation 

of embedded computing and web technology have therefore opened a door of 

opportunities for cutting with old-fashioned centralized systems and plunge into 

modern distributed solutions that exploit local autonomy and intelligence at device 

level. 

      The last decades were rich in research efforts and several manufacturing 

paradigms have been introduced to face these new challenges. Reconfigurable 

Manufacturing Systems (Koren, Heisel et al. 1999), Bionic Manufacturing Systems 

(Ueda 1992), Holonic Manufacturing Systems (Valckenaers, Van Brussel et al. 1997),  

and Evolvable Production Systems (Onori 2002; Barata, Onori et al. 2007) are some 

examples of paradigms trying to address current production challenges. Modular 

and distributed control structures are consensual among all modern manufacturing 

paradigms. The aim is to tackle unpredictability and volatility of markets through 

distributed responsibilities, tasks, resources and behaviours that exceed the sum of 

the individual contributions. Further developments and tests on modern paradigms 

are deemed fundamental to achieve adaptable and sustainable solutions that can 

cope with the requirements identified above and enable a paradigm shift in industry 

(Bjelkemyr 2009; Maffei 2010). 

 

1.2      Problem framing and Motivation 
       

      Market turbulence, high customization and sustainability are just some of the 

factors contributing decisively to the growth of complexity and dynamicity in 
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production environment. Rigid production systems 2  that target optimal static 

solutions are not suitable to tackle present production requirements since they 

cannot cope with continuous change. Next generation production systems need to 

be highly responsive, maintaining high product quality and low cost. A set of 

fundamental requirements can be identified: full integration of heterogonous 

software and hardware systems, open system architecture, quick response to 

internal and external disturbances and fault-tolerance at all system levels (Shen, 

Hao et al. 2006).   

      Evolvable Production Systems (EPS) addresses the above described 

requirements assuming a break with current industrial production practices. EPS is a 

biologically inspired paradigm that relies on many simple, decoupled, intelligent and 

re-configurable modules or entities to support concepts such as self-organization, 

adaptation and evolution. EPS intends to develop a methodology to create systems 

that are based on simple modules that form a dynamic network of loosely coupled 

modules. The cooperation exhibited by the modules will establish the base to 

support integration of new modules, dynamic change of workflow, material 

handling, monitoring, diagnosis, learning, etc. (Barata 2005). EPS is developed on 

the principle of “change is the norm” hence it does not predict any variations. It is 

built for them. As the last step in manufacturing operations, Assembly has to 

accommodate continuous unpredictable changes; hence there is a need to build 

systems that can cope with unpredictable variations (Figure 1). Assembly lines are 

flow oriented production systems composed by stations which are aligned in a serial 

manner. Originally built for cost-efficient mass production, they have now to cope 

with constant re-configurations imposed by high customisation and low volumes. 

This hardens assembly lines’ configuration planning which comprises all tasks and 

decisions regarding equipment selection and alignment for a production process 

including aspects such as system capacity (cycle time, number of stations, station 

equipment) and work assignment (task assignment, sequence of operations) 

(Boysen, Fliedner et al. 2007).   

                                                           
2
 In this thesis Production System denotes a Manufacturing and/or assembly subsystem that 

include all functions required to design, produce, distribute, and service a manufactured 
product. 
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      In EPS approach (and similar ones) research effort needs to be directed towards 

the design of how the modules communicate and cooperate. Furthermore in such 

distributed approach it is crucial to be able to analyse the performance of the 

modules’ cooperation and to introduce learning to optimize their performance and 

adaptation to new conditions as well as learning of the most optimized 

configurations (Shen, Maturana et al. 2000; Monostori, Vancza et al. 2006). Learning 

is herewith deemed as fundamental as it is the major difference between flexible 

systems and adaptable systems: only adaptable systems have learning capability, 

hence the faster, self-attained, adaptation. Finally the exploitation of the generated 

knowledge in future system designs and process workflows can also contribute to a 

better design and operation of a system (see Figure 2). 

 

Figure 1 - Constant and unpredictable changes in assembly (simplified) 
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      This thesis will focus on performance evaluation and learning systems applied to 

EPS paradigm to expose system configurations and workflows that might quickly 

adapt processes and reduce costs. The goal is to evaluate the interaction of the 

modules and their cooperative behaviour when accomplishing the processes 

through the use of their skills and learn the most effective system layout and 

product workflow. A relevant aspect to this work are the dynamics associated with 

EPS approach i.e. systems can evolve structurally (addition/removal of modules) 

and logically (logical relations between modules can be added/removed) which 

motivates the need to investigate novel evaluation and learning methods that can 

facilitate configuration planning contributing to a cost-efficient production system. 

      Due to the possibility of continuous evolution of the system to better match 

current environment it is important to be able to evaluate the system performance 

to realize if better performance could be achieved with different system 

configuration (e.g. different layouts, coalitions of modules, etc.) or different product 

workflow. The result from the analysis of system performance and the application 

of learning to deal with the massive quantity of information generated when the 

automated system is running can be highly useful to help in future system’s 

evolutions. 

 

Figure 2 - Conceptual Problem of this research 
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1.3      Outline of this work 
 

      The work developed under this thesis is framed in the FP7 IDEAS project focusing 

essentially on the assembly domain and more particularly in the automatic 

assembly domain. Furthermore it is framed on EPS paradigm and therefore the 

considerations done in this thesis relate to EPS. Hence the subsequent chapters are 

organized as follows: 

 Chapter 2 – In this chapter it is provided a review of literature on important 

topics concerning this thesis. First it is provided a review on Multi-Agent 

Systems since they constitute the backbone of EPS control systems. 

Important aspects such as their characteristics, associated technologies and 

industrial implementations are considered. It will follow a section dedicated 

to performance evaluation in production systems and other to machine 

learning since they constitute fundamental topics for this research. 

 

 Chapter 3 – Here is provided a comprehensive review on EPS paradigm and 

its basic characteristics and methodology. This will constitute a frame of 

reference regarding EPS systems design and operation which development 

was motivated by the needs identified in the introduction section. Here can 

be found contributions from article 1 and 2. 

 

 

 Chapter 4 – This chapter will contextualize Evaluation and Learning in EPS 

and detail characteristics of EPS that make them both needed and possible. 

This chapter follows the production system needs identified on the 

introduction and the EPS characteristics exposed on chapter 3. Here can be 

found contributions from article 3 and 4. 

 

 Chapter 5 – Here final remarks and future research will be provided as well 

as general research question and critical review of this work. This chapter 

will reflect a conclusion regarding the previously identified problems and 

aims for the upcoming research. 
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Figure 3 – Thesis Outline 
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1.4      Limitations 
 

      The EPS framework is vast encompassing several research fields and partners. 

Important achievements resulted from several projects including system design 

methodologies, modules, tools and standards that now constitute the backbone of 

EPS framework. It is impossible to present all the developed work under EPS 

umbrella in this licentiate thesis, hence only the most important details regarding 

this research are presented and it is recommended that the reader follows the 

suggested literature for more details and also EUPASS, IDEAS and A3 project reports 

and publications. Main areas that are being explored in EPS are business models 

(Maffei 2010), planning (Akillioglu 2011), control, monitoring and diagnosis (Barata 

2005; Ribeiro, Barata et al. 2008; Ferreira 2010; Ribeiro, Barata et al. 2010; Ribeiro 

2012), self-configuration (Ferreira 2011) and self-organisation (Frei 2010; Ribeiro, 

Barata et al. 2011). The multiplicity of projects, partners and research directions 

along the years originated EPS related publications with different terminology and 

sometimes contradictory contents. This is generated by fragmentation of 

knowledge and opinions among institutions and changes in the EPS consortium and 

the reader should be aware of this fact. The most current and stable glossary is 

provided by IDEAS (Barata, Onori et al. 2010)  and therefore will be followed on this 

thesis. 

      Both adaptation and evolution are complex concepts that assume different 

meanings in EPS context and should therefore be addressed separately. The first 

one refers to more short/medium term changes while the second to long term 

changes. Despite identifying learning opportunities in general this thesis problem 

addresses the second one (evolution) and more particularly how system evaluation 

and learning can support it.  

      The work presented in this licentiate thesis aims at contextualizing the problem 

of Evaluation and Learning and their importance in the EPS framework. Hence the 

presented contents intend to: 
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 Provide a comprehensive review on the needs and requirements for next 

generation production systems; 

 Review the supporting technological and architectural pillars that can guide 

the research in EPS; 

 Identify a research gap and motivate the need for investigation.  

      It is not intended at this point to present an extensive literature review on 

learning, performance evaluation or technological implementation details but to 

guide the reader to understand the purpose of System Evaluation and Learning in 

the context of EPS. Some underlying limitations of this work are: 

 No economic evaluations since business models are under development 

(see (Maffei 2010)); 

 Focused area being targeted in order to allow adequate validation. A step 

by step approach is fundamental due to the inherent complexity of this 

research; 

 This work must remain within IDEAS architectural domains as this is the only 

EPS MAS architecture that resulted in an industrial system (see (Onori, 

Lohse et al. 2012)). 
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2      Literature Review and Supporting Concepts 
 

2.1      Agents and Multi-Agent Systems 
 

2.1.1      Definitions and Background 

 

      Agents have their roots in computer science and their applicability is vast and 

diversified a fact which originated multiple different definitions depending on the 

application domain. Agents are often neglected due to confusion with objects. An 

Object encapsulates states, are able to perform actions, or methods on this state, 

and communicate by message passing. An object can’t control when its public 

methods are invoked and by whom and usually have passive behaviour. On the 

other hand Agents can be seen as an extension of objects with higher degree of 

autonomy and proactiveness. Further details on this topic can be found in 

(Wooldridge 2002). A comprehensive definition of agent is: 

“An autonomous agent is a system situated within and a part of an environment 

that senses that environment and acts on it, over time, in pursuit of its own agenda 

and so as to effect what it senses in the future” (Franklin and Graesser 1997). 

An agent must then be able to interact with the environment, make decisions based 

on its perceptions and act upon the environment. The most important agents’ 

features are(Wooldridge and Jennings 1995): 

 Autonomy: agents control their decisions, acting without direct control of 

other programs or humans (in contrast to objects) and are able to 

accomplish their delegated goal. 

 Reactivity: agents have the ability to react to changes in the environment 

where they are situated. 

 Social ability: agents are able to communicate, negotiate or cooperate with 

other agents in order to achieve their goals.  
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 Rationality: agents are rational since they can reason about their 

perceptions to better achieve their goal. 

 Proactiveness: agents are able to achieve their design objectives exhibiting 

goal-directed behaviour. 

      Agents have typically incomplete information about the environment so they 

should never assume they have complete control or knowledge over the 

environment, and perceptions must be considered only as partial knowledge of the 

environment (agents are built for change). Furthermore agents’ environments have 

typically dynamic and stochastic characteristics which leads to very complex 

scenarios. Hence choosing suitable agent architecture is crucial so that agents can 

fulfil their design purposes. According to (Wooldridge and Jennings 1995) Agent 

architectures can be categorized as: 

 Deliberative: Deliberative Agents decide their behaviour based on 

information gathered from the environment they are emerged on or other 

agents. The most well-known deliberative architecture is the BDI (Beliefs-

Desires-Intentions) (Rao and Georgeff 1995). 

 Reactive: Reactive Agents react on changes of the environment they are 

emerged on or interaction with other agents without keeping a state of the 

environment. 

 Hybrid: Hybrid Agents are a mix between the two previous cases, having a 

reactive and deliberative component, where usually the reactive 

component has precedence over the deliberative to ensure quick reaction 

to critical changes in the environment. 

      A Multi-Agent System (MAS) is a composition of several agents (with incomplete 

environment information) that communicate and cooperate, in a decentralized and 

asynchronous manner. Despite the fact agents act autonomously determining their 

actions based on their perceptions of the environment it is crucial that their 

individual local decisions attain coherent global behaviour (hence the classic 

analogy to ants and their behaviour). MAS usually exhibit collective and emergent 

behaviour attaining results that are broader than the sum of individual 

contributions. They are organized according to specific principles of organization 
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and operation (architecture, messaging, negotiation, etc.) and are supported by an 

agent platform (registration, deregistration, communication, etc.) (Marik and 

McFarlane 2005). 

      In order to communicate agents need to “speak the same language” and have a 

common understanding of concepts (Serugendo, Gleizes et al. 2006). The semantic 

complexity of messages exchanged by agents dictates the need of Agent 

Communication Language (ACL) to enable communication and coordination of 

agent’s actions in society. ACL-FIPA standards (FIPA 2008) were developed by FIPA 

(Foundation for Intelligent Physical Agents) to support agent interoperability and 

interaction and they are widely used in agent implementations. Several Agent 

platforms exist to support the development and execution of Multi-Agent Systems 

such as Madkit (Gutknecht and Ferber 2000), Jack (Howden, Rönnquist et al. 2001), 

Cougaar (Helsinger and Wright 2005) and Jade (Bellifemine, Poggi et al. 1999; 

Bellifemine, Caire et al. 2007). The use of standard FIPA protocols might drop 

system performance in some cases but it is fundamental to ensure robust well-

structured communication and integration between heterogeneous agents (Ribeiro, 

Candido et al. 2011).  

 

2.1.2      Multi-Agent Systems in manufacturing 

 

      On the front line to support modelling and implementation of distributed 

manufacturing systems one can find Agent-based Technology which relies on the 

implementation of agents as autonomous decision-making units that achieve global 

goals through social interaction. Agents are autonomous problem-solving entities 

capable of operation in dynamic environments and therefore provide a good 

solution for dynamic and complex manufacturing environments. 

      The use of agent technology in industry is advocated in the presence of 

problems with the following characteristics (Parunak 1998; Barata 2005): 
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 Modular: Agents are suitable for applications that naturally possess 

modular structure. The modularization of the system can follow two kinds 

of decomposition: functional and physical. Physical decomposition is more 

suitable for agent-based systems since it defines distinct sets of state 

variables that are managed individually by agents which promote re-

usability of software. 

 Decentralized: Agents are well suited for problems that can be decomposed 

into independent tasks. The resulting problem of decentralization will be 

coordination between agents’ actions. 

 Changeable: Modular and decentralized structure of agents enhances 

changeability since the presence of these 2 characteristics in agent 

architectures diminish reprogramming efforts in large scale. Modular 

structure enables the system to be modified in different pieces of software 

while decentralized structure minimizes the impact of modifications in one 

module in other module’s behaviour. 

 Ill-Structured: Ill-Structured problems are characterized by not having full 

information and therefore not being able to fully structure them. This is the 

case of manufacturing environment since the environment is constantly 

evolving. Agents are suitable for this since an agent’s knowledge can be 

independent from other agents and its knowledge can be focused on the 

environment rather on the other agents (loosely coupled system). 

 Complex: Agents are suitable for complex problems since they are by nature 

suitable to decompose a complex problem into a set of simpler problems 

handled by different agents. This enables an explosion of combination of 

agent’s behaviours which can reduce massively re-programming. 

      The applicability of Agent technology in manufacturing is vast encompassing 

different manufacturing levels. Problems such as real-time manufacturing control, 

process planning and scheduling, material handling systems, enterprise integration 

and collaboration, etc. have been considered suitable for agent application and last 

years have witnessed a raise of interest for research activities in this field (Marik 

and McFarlane 2005; Monostori, Vancza et al. 2006; Leitão 2009).   
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      At more high level one can find examples of agent usage in supply chain and 

enterprise collaboration. The complexity regarding the business environment has 

grown massively in recent years. Business opportunities exist and are profitable, 

however due to harsh competition there is a need to quickly embrace them. As 

SMEs constitute the large majority of European Manufacturing and total EU income 

they need to be supported in the global competitive market since often they cannot 

stand alone to tackle a business opportunity. This led to the advent of new business 

paradigms such as Virtual Enterprises or Supply Chains among other forms of 

Collaborative Networks (Camarinha-Matos, Afsarmanesh et al. 2009). These ways of 

operating intend to improve enterprises’ agility to make temporary alliances to be 

able to target business opportunities that they wouldn’t be able to target alone 

(also known as coopetition (Wilhelm and Kohlbacher 2010)). Partners in such 

alliances share profits, risks and responsibilities joining efforts to achieve one or 

more goals. It is deemed fundamental that alliances are established and ran in an 

agile way and therefore it is crucial to have a network infrastructure that enables 

adequate communication, negotiation and operation among partners. Multi-Agent 

Systems can play a key role in these matters providing a support mechanism to 

model and implement such collaborative networks (Barata 2005). 

       Process planning and scheduling is another area where the use of Agent 

technology has been investigated. Process Planning consists on selecting and 

sequencing manufacturing processes to achieve the intended goal. Process 

Scheduling refers to the selection among alternative plans and the assignment of 

resources to the accomplishment of the set of processes present in the plan. These 

two manufacturing activities are fundamental for enterprise profitability since they 

can enhance time to market by achieving optimization of resources and plans. 

Limited manufacturing resources must be utilised in the most optimized condition 

in order to produce the desired productivity and profitability for an enterprise. In 

this field the potential of applying Multi-Agent Systems has been realized and 

research has been conducted in the past years. Main advantages of using MAS in 

these activities are the dynamic adaptation to current shop floor environment (e.g. 

failures, bottlenecks, etc.) through Agents’ communication and cooperation. MAS 

distributed and cooperative solutions enable the optimization of resources for 

dynamically changing conditions (Marik and McFarlane 2005; Leitão 2009). 
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      The application of agent technology for real-time manufacturing control has also 

been subjected to research. Agent solutions aim at achieving fault-tolerant and agile 

control systems for manufacturing (Monostori, Vancza et al. 2006; Leitão 2009). 

Each manufacturing resource in the production environment corresponds to one 

Agent forming a Multi-Agent System of cooperating Agents that dynamically 

determine the best actions to achieve the intended production goals. Hence a 

strong emphasis in coordination of Agents needs to be considered and Agents 

should be able to pursuit their private optimization goals without jeopardizing 

shared global production goals. The main advantage of using MAS in shop floor is 

the decentralization of responsibilities and the local autonomy evidenced by agents. 

Such characteristics are very desirable to achieve systems that are able to tackle 

central nodes of failure and constant unpredictable events (machine failures, 

bottlenecks, volume and product change, etc.). Furthermore the autonomy, 

learning and self-organization of agents are viewed as desirable characteristics to 

facilitate quick system (re-)design and (re-)deployment (Onori and Barata 2009). 

Besides saving integration costs to the enterprise this will also highly enhance the 

ability of the shop floor and therefore enable the enterprise to have quicker time to 

market and target different business opportunities.  

      The last years witnessed the introduction of several Agent architectures for 

manufacturing such as PROSA (Van Brussel, Wyns et al. 1998) , COBASA (Barata 

2005) or ADACOR (Leitão and Restivo 2006). In PROSA (product-resource-order-staff 

architecture) a holonic reference architecture for manufacturing systems uses three 

basic types of holons (product, order, resource) and a higher level holon (staff) to 

abstract products, resources, orders and logical activities. The resource holons are 

responsible for the control behaviour through an information processing part. The 

product holon holds the process and product knowledge. The order holon represent 

the tasks that can be executed by the system. Finally, the staff holon aims to assist 

the basic holons. COBASA is a multi-agent based reference architecture that 

supports fast adaptation and changes of shop floor control architecture with 

minimal effort. In the COBASA architecture aggregations of intelligent modules 

(coalitions) are orchestrated by coalition leaders in order to devise combined 

functionalities that match the product requirements. ADACOR is an agile and 

adaptive manufacturing control architecture that increases agility and flexibility of 
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enterprises, dealing with the need of fast reaction to disturbances at shop-floor 

level. It introduces an adaptive control approach that evolves in time to achieve a 

combination between global production optimization and agile reaction to 

disturbances. 

      Regarding implementations several examples of industrial applications of Agent-

Based Systems can be found in (Colombo, Schoop et al. 2006; Monostori, Vancza et 

al. 2006; Shen, Hao et al. 2006; Marik and Lazansk 2007; Pechoucek and Marík 

2008; Vrba and Marik 2010; Leitão and Vrba 2011; Ribeiro, Barata et al. 2011). 

These implementations intend to prove to suitability of using agent based systems 

at industrial level to tackle highly complex and dynamic environments. The 

application of MAS in industrial systems can benefit from the use of learning to 

enhance its performance and it is expected that this factor will play crucial role to 

tackle complexity and dynamicity present in the manufacturing environment (Shen, 

Maturana et al. 2000; Monostori 2003; Monostori, Csáji et al. 2004). Despite the 

advances and theoretical suitability of agent application in industry there is still a 

long way to run before this paradigm is widely accepted in industry. Some of the 

advantages and disadvantages are highlighted down with focus on shop floor 

control (Marik and McFarlane 2005; Shen, Hao et al. 2006; Marik and Lazansk 2007): 

 High Robustness due to not having a centralized decision element 

 Changes in the production system (add/remove equipments, layout change, 

etc.) is handled by agents avoiding re-programming of systems 

 Changes in production plan and schedule can be handled by agents on the 

fly 

 Cross Layer Integration among several levels of the enterprise 

× Cost of industrial MAS solutions is still expensive due to prices of embedded 

devices and development of agents (Targeted by FP7 IDEAS project) 

× Scalability problems with MAS associated with current IT limitations result 

in limitations when it is intended to use thousands of agents running in 

parallel 

× Limitations on current agent platforms specially regarding performance on 

embedded devices (Targeted by FP7 IDEAS project) 



 

18 
 

2.2      Performance Evaluation Factors in Production Systems 
 

      Globalisation, fierce competition and high customization are posing several 

challenges to the production sector. The Design and operation of manufacturing 

systems have great economic importance since on them depends the productivity 

and profitability of a company. For this reason efforts have been conducted to 

develop metrics which can help measuring Factory performance and promote 

continuous manufacturing productivity improvement. Productivity measurement 

and improvement are two issues that should be considered together, since to be 

able to improve factory performance, it is needed to have adequate mechanisms to 

evaluate it. 

      The evaluation of Production Systems is commonly performed based on four 

fundamental aspects: Time, Quality, Cost and Flexibility (Chryssolouris 2006). It is 

not possible to simultaneously optimize all; hence decisions regarding design and 

operation of manufacturing systems are supported by tradeoffs between them 

establishing the performance requirements. These factors have several derivatives 

and their exploitation endows evaluation of the performance of the system and 

decision-making support.  

 

2.2.1      Cost 

 

      Manufacturing Costs are associated with several aspects such as facilities, 

equipment, materials, labour, energy, etc. In the context of system configuration 

the costs include the ownership of resources or services (fixed cost) and their use 

during the system lifecycle (recurring cost that derives from operation and 

maintenance of the resource or service) (Semere 2005).Other considered costs are 

the yield cost (related to quality performance) and capacity extension cost (related 

to capacity flexibility). 
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2.2.2      Quality 

 

      The quality factor often refers to customer satisfaction and can be traced back to 

two factors: design and manufacturing (i.e. how the production process met the 

design specifications and keeps intended features and properties of a product). 

When a large number of parts are produced it is important to analyze the 

repeatability of the manufacturing process and usually statistical quality control is 

used. However with the increase of customisation often low volumes are required 

and therefore such analysis might have to be pondered. Manufacturing quality 

regards meeting some process with a certain tolerance level that has to be adjusted 

accordingly to give the necessary quality level but the less possible cost. For 

instance the under-estimation of a manufacturing process tolerance might lead to 

the impossibility to assemble a final product but at the same time the over-

estimation of a tolerance might introduce unnecessary costs. Quality tends to 

become a qualitative, rather than quantitative measure partly due to the fact that 

adequate measurement systems would require very high costs3. 

 

2.2.3      Time 

 

      In manufacturing systems time usually refers to the time a manufacturing 

system can respond to changes in design or volumes and the time (TTM, TTV) a 

product takes to be produced in the system (production rate). The first one is 

intrinsically connected to the adaptability of the system and how it can 

accommodate the changes while the second one is connected to factors such as 

machine cycles, machine breakdowns, quantity of buffers and queuing algorithms, 

etc.  

      One time factor is the production rate of a system which reflects the pieces 

produced per unit of time when a machine is running with no interruptions. In case 

                                                           
3
 P. Ekberg, Researcher on Metrology, lecture on XPRES KTH course, 2012 
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of delays or machine breakdowns the actual production rate will reflect them 

measuring the acceptable pieces produced by unit of time and it is called System 

Yield. Two important factors regarding production rate are the failure rate and the 

mean time between failures (MTBF). The first one is the ratio of the number of 

failures of a component over the total period of time while the second is the 

inverse, i.e. the total operational period of time divided by the number of observed 

failures.  Another important factor is the Mean time to repair that represents the 

average time required to repair a failed component or device. 

 

              
                           

                      
 

 

      
                      

                           
 

 

     
                                 

                                                                 
 

 

      A valuable factor to analyse the breakdown behaviour of a machine is 

Availability which is the ratio between MTBF and MTBF plus the mean time to repair 

(MTTR).  

             
    

         
 

 

      Due to machine breakdowns and other unpredictable events the System Yield 

can never reach the level of the theoretical estimated production rate. To minimize 
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the effect of machine breakdowns the introduction of buffers can help decoupling 

failures between machines and increase the total system performance. 

      The analysis of throughput time and cycle time can also contribute to a 

meaningful evaluation of the time performance. Throughput time is the sum of all 

waiting, transport, setup, operation and unloads time spent by the product in all 

stations since it enters the system until it leaves the system.  

             ∑                                            

      On the other hand Cycle time includes transport time, setup, operation and 

unloading of a product not including the waiting time the product is subjected to. 

            ∑                                    

 

2.2.4      Flexibility 

 

      Flexibility became a buzz word that due to its wide use has generated many 

different interpretations. In (Chryssolouris 2006) flexibility is divided in three main 

categories: 

 Product Flexibility – Translates the ability of the system to economically 

adapt to changing demands for various products and the usage of 

equipment can be used across multiple life cycles.  

 Operation Flexibility – Translates the ability of producing a set of products 

using different machines, materials, operations and sequences. 

 Capacity Flexibility – Refers to the system ability to deal with fluctuations of 

volumes of different products in a performing and cost-effective way.       

      The main problem in past implementation of Flexibility concepts in systems 

regards the fact that to achieve these kinds of flexibility the system was engineered 

from the start accounting of specific possible changes. This leads to the 
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achievement of systems that can accommodate changes that were thought from 

the beginning but not the totally unexpected ones. Flexibility implies that there is 

no learning involved and It is very human-dependent. Further details on how to 

measure the flexibility of the system can be found in (Chryssolouris 2006).  

 

2.2.5      Overall Equipment Effectiveness and related metrics 

 

      OEE was initially proposed as performance metric under the Total Predictive 

Maintenance umbrella (Nakajima 1988). OEE measures the total equipment 

performance (i.e. to which extent the equipment is performing well at a time) based 

on availability, performance and quality rate (Muchiri and Pintelon 2008). OEE 

breakthrough consisted in considering equipment’s hidden losses when calculating 

equipment utilization, since until then only availability was considered in equipment 

utilization leading to overestimation. 

OEE identifies six kinds of losses (Nakajima 1988): 

 Downtime losses (related to Equipment Availability) 

o Equipment downtime – this corresponds to unscheduled downtime 

due to equipment, process or facility failure.  

o Setup and adjustment losses – examples of this are production 

changeover from one product to another and no material or 

operator available to carry on tasks. 

 Speed losses (related to Equipment Performance) 

o Idling and minor stoppages – this corresponds to production 

stoppage by temporary malfunction or idling of a machine. 

o Reduced speed – this represents the difference between equipment 

operational expected speed and actual speed. 

 Quality losses (related to Output Quality) 

o Defects in process – losses in quality caused by malfunction of 

equipment which can lead to rework. 
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o Reduced Yield – usually related to loss performance during 

equipment start-up. 

These six losses are measured by OEE by the following equation: 

            where: 

 

                  ( )   
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      The OEE framework enables to measure the maintenance effectiveness by 

analysing the availability rate, the production effectiveness translated by the 

performance efficiency and the quality effectiveness given in the quality rate factor 

as show in Figure 4 (Muchiri and Pintelon 2008). 
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Figure 4 - OEE Framework (Muchiri and Pintelon 2008) 

       

      The original definition of OEE was realized to be insufficient in some cases which 

led to its modification/enlargement and also to the advent of new performance 

metric definitions. One example is given in (Jeong and Phillips 2001) where the OEE 

model was enlarged including: 

 Non-scheduled time – time for which equipment is not scheduled to 

operate. 

 Scheduled maintenance time – time spent in preventive maintenance of the 

equipment. 

 Unscheduled maintenance time – time spent on breakdown maintenance. 

 R&D time – time spent in research and development. 

 Engineering usage time – time spent on an engineering checkup. 

 Setup and adjustment time – time spent on setup and adjustment for 

operation. 

 WIP starvation time – time for which equipment is idle when there is no 

Work In Progress (WIP) to process. 

 Idle time without operator – time for which WIP is ready, but there is no 

operator available. 
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 Speed loss – time lost due to the equipment operating below the standard 

speed. 

 Quality loss – time for which equipment is operating on below-quality 

products. 

      Like the presented example, Total Effective Equipment Productivity (TEEP) is 

similar to OEE but it distinguishes between planned downtime and unplanned 

downtime emphasizing maintenance contribution to the total effectiveness. 

Unplanned downtime is related to MTBF and MTTR (Muchiri and Pintelon 2008). 

      Some of the new metrics remain limited to the equipment effectiveness (e.g. 

TEEP, etc.) while others have been extended to factory level effectiveness (e.g. OFE, 

OTE, OAE, etc.) (Mathur, Dangayach et al. ; Muchiri and Pintelon 2008). The reason 

for this extension is the perception that attention should be dropped from 

individual performance of equipment and set on the performance of the whole 

factory ((Scott and Pisa 1998; Muthiah and Huang 2007).  

      One of the proposed methods to address the factory level gap on OEE is Overall 

Factory Effectiveness (OFE) which considers relationships among different 

equipment and processes integrating information, decisions and actions among 

independent systems and sub-systems (Scott and Pisa 1998). One OFE metric found 

in literature is Overall Throughput effectiveness (OTE). Its purpose is to measure 

factory level performance and perform factory level diagnostics (e.g. bottleneck and 

hidden capacity detection). The OTE metric compares the actual productivity with 

the maximum attainable one as show in the equation down (Muthiah and Huang 

2007): 

     
                  (     )                           

                        (     )                           
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Figure 5 - OEE enlarged (Jeong and Phillips 2001) 

       

      This method introduces system constraints and uses different metrics to 

calculate the efficiency according to the type of subsystem (series, parallel, 

assembly, expansion). More details can be found on the referenced literature. 

      In this section a review on several methods to measure both equipment and 

factory effectiveness have been presented. For both types one aspect is 

fundamental: the accuracy of the collected data. With the modernization of 

factories it is now possible to collect accurate performance data and this is 

fundamental for an adequate evaluation of performance. Another aspect worth 

mentioning is that none of these metrics incorporate two important measures for 

the performance of production systems: cost and flexibility. All the metrics 

incorporate only time and quality dimensions disregarding cost and flexibility which 

in the current dynamic production environment are fundamental evaluating 

dimensions for strategic decision-making. 
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2.3      Artificial Intelligence and Learning 
 

2.3.1      Machine Learning introduction 

 

     In general computer problems are solved through the use of algorithms, i.e. a 

sequence of instructions that enable the transformation of a given input in an 

output. For example let’s consider as input a set of numbers and the output an 

ordered list of these numbers. To carry on this task several algorithms exist and 

according to the requirements and efficiency one can be selected to perform this 

task. However not all tasks are solvable through the use of a particular algorithm. 

For instance if we want to identify spam emails, we know the input (email with 

characters) and the output (spam or not spam) however we don’t know how to 

transform the input in output because there is no evident algorithm for this task. 

Hence in this kind of problems what we want is the machine to learn automatically 

the algorithm for the task (Alpaydin 2004). 

      In the world countless amounts of data are stored everyday with the purpose of 

extracting useful information from it. The size and complexity of this data makes 

humans unable to exploit it and forces the use of computers (Marsland 2009). 

Machine Learning (ML) has become a hot topic of research in the last decades as 

people realized the potential of storing unlimited data and using very powerful 

computers to extract useful information from it.  

      Triggered by technological advances (e.g. improvement of computational power 

and storage capacity, internet proliferation, etc.), ML can be found in a wide range 

of applications from biology to online shopping, from medical to bank frauds. Some 

examples are hospitals recording patient information to investigate reaction to 

specific treatments and analyses their adequateness, supermarket chains analyzing 

what people buy to improve logistics and make predictions, banks recording 

information about how clients spend money to try to detect credit card frauds or 

recording information about users on their online purchases to suggest buys to next 

webpage’ visitors. 
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      Application of machine learning methods to identify patterns in a large volume 

of data and build a simple model that explains the process is called Data Mining 

(DM). Nevertheless ML is not simply a database problem (i.e. data mining), it is also 

a branch of artificial intelligence. To be intelligent a system must be able to learn 

and adapt to changes on the environment it is emerged on, releasing from the 

system designer the task of identifying and providing solutions for every possible 

situation. Some popular research fields for ML include the areas of robotics, vision 

and speech recognition. ML and DM overlap strongly in used methods but differ on 

the main goal: ML goal is to predict outputs, based on known properties learned 

from the training data while DM goal is the discovery of (previously) unknown 

properties on the data. 

       Depending on the problem and context learning can have several definitions. 

This thesis will highlight three definitions: The first one can be found in (Simon 

1983):  

“Learning denotes changes in the system that is adaptive in the sense that they 

enable the system to do the same task or tasks drawn from the same population 

more effectively next time”.  

In (Mitchell 1997) a wide definition of Learning is presented:  

“A computer program is said to learn from experience E with respect to some class 

of tasks T and performance measure P, if its performance at tasks in T, as measured 

by P, improves with experience E”.  

Another definition is presented in (Cherkassky, Cherkassky et al. 2007):  

“A learning method is an algorithm (usually implemented in software) that 

estimates an unknown mapping (dependency) between a system’s inputs and 

outputs from the available data, namely from known (input, output) samples. Once 

such a dependency has been accurately estimated, it can be used for prediction of 

future system outputs from the known input values.” 

      ML is the use of methods to allow computers to adapt their actions/decisions so 

that their knowledge better reflects the current situation and better 
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actions/decisions can be made. The selection of adequate features that define the 

learning problem and how the data is processed are fundamental to achieve a 

valuable learning result. If irrelevant features are selected for the particular 

problem or if the method to process the data does not present an adequate 

solution for the particular problem then learning will not be successful. Hence in the 

design of a learning element there are three major issues to consider: 

 The components to be learned, 

 The feedback available to learn these components and 

 The used representation for the components. 

      The type of feedback available for learning is usually used to determine the 

nature of the learning problem as there exists different types of machine learning to 

deal with different problems (Russell, Norvig et al. 1995). The three main categories 

are Supervised, Unsupervised and Reinforcement Learning and they are detailed in 

the next sections. 

 

2.3.2      Supervised Learning 

 

      In this learning case it is provided a training set of examples including both the 

inputs and the desired outputs, and based on it the learning algorithm tries to 

generalize correctly to all possible inputs by generalization. Two major techniques 

exist in supervised learning: regression and classification.  

      In regression case the goal is to find a mathematical function that describes the 

relation between inputs and outputs based on the known values. An example4 of 

regression in supervised learning is presented in (Figure 6). Given the input (house 

size) and the output (price) we will need a mathematical function that generalizes 

the output for all other possible inputs. And depending on the chosen hypothesis 

the outcome can be different as illustrated. The not known value 750 (value that 

                                                           
4
 The examples and figures from this section were adapted from Machine Learning Online 

Class of Stanford University (http://www.ml-class.org) 
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was not on the training set) will have predicted value 150 in hypothesis 1 and 200 in 

hypothesis 2. The regression problem consists in predicting continuous valued 

outputs based on a given training set, mission that is hardened with the increase of 

the dimensional spaces. 

 

Figure 6 - Example of regression case in supervised learning 

 

      The classification case consists in the use of a classifier function to analyse input 

data and classify it according to previous knowledge. The main challenge is to find 

decision boundaries that enable distinguishing between different classes. The 

identified features are then used as inputs in the classifier function and depending 

on their values they are classified resulting in a discrete valued output (Marsland 

2009). An example is given in Figure 7 where given 2 features (age of patient and 

tumor size) the classifier will classify the tumor as benign or malign. In red are 

marked the malignant cases and in green the benign cases. As we can see in the 

example with classifier 1 the tumor will be considered malign while with the 

classifier 2 it will be considered benign. 
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Figure 7 - Example of classification 

      The advantage of using machine learning for classification problems is the 

capability of dealing with an infinite set of features and several kinds of 

classification. The example described is a simple case of classification, however as 

complexity (number of features, kinds of classification, etc.) arises so does the 

difficulty for the human to deal with the problems and the more essential becomes 

to use machine learning. In Figure 8 is sketched and example of binary and multi-

class classification so the classification can be done as (Good, Bad), (Yes, No) or 

(Good, Bad, Average) , (1, 2, 3, 4. 5) , etc. 

 

Figure 8 - Binary versus multi-class classification 
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      In order to apply supervised learning to a specific problem the first step is to 

identify the features that give more information about the specific problem so that 

the dataset can be collected. After that the data has to be pre-processed then the 

training set can be defined (Kotsiantis, Zaharakis et al. 2007). The selection of 

fundamental features and removal of irrelevant ones is an optimization problem 

that aims at maintaining the quality of the set while minimizing it (Liu and Yu 2005). 

That step is followed by the selection of the specific learning algorithm which is 

probably the most important step into achieving an efficient learning system.  

In supervised learning the goal is then to use a training set to learn a function h : X 

→ Y where the hypothesis h (x) is a “good” predictor for the corresponding value of 

y ( see Figure 9). 

      There is a common problem associated with supervised learning and that is how 

well does the hypothesis predict the values of unknown inputs or in others words 

given what was learned from the training data does the hypothesis generalizes well 

for other examples? This is called the generalization error and can be defined as the 

expected error on examples that are not necessarily on the training set. 

      There are two terms that define the type of generalization error in the model: 

Bias and Variance. Bias corresponds to the inability of accurately capture the 

structure in the data.  This leads to an expected generalization error even if it is 

used a very large training set. On the other hand variance represents the problem of 

including patterns in the model that were present in the small training set but that 

do not reflect the wider pattern of data. This leads to a generalization error caused 

by having a hypothesis that fits perfectly the training set but not really the data. 

Often, there is a tradeoff between bias and variance. If the model is too simple and 

has very few parameters, then it may have large bias (but small variance); if it is too 

complex and has very many parameters, then it may suffer from large variance (but 

have smaller bias). 
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Figure 9 - General Supervised Learning Problem 

 

      Supervised learning is then used to learn patterns to predict a given output: 

when we have a variable continuous output we are in presence of a regression 

problem; while when Y can only take a small number of discrete values we are in 

the presence of a classification problem. The advantage of using this technique is 

the learning of complex patterns with a good performance; however the downside 

of this approach is that many samples of output examples are required. The main 

categories of Supervised Learning Algorithms are Logic Based (e.g. decision trees 

and rule based classifiers), Perceptron Based (e.g. single layer Perceptron, 

multilayered perceptron (Artificial Neural Networks) and radial Basis Function), 

Statistical Learning (e.g. Bayesian Networks), Instance Based (e.g. Nearest 

Neighbour) and Support Vector Machines (Kotsiantis, Zaharakis et al. 2007). 

 

2.3.3      Unsupervised Learning 

 

      Unlike Supervised Learning here the correct answers are not provided. The idea 

behind this learning approach is to let the learning algorithm categorize the inputs 

based on their similarities (Marsland 2009). Unsupervised learning is often called 
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“learning without a teacher” since the learner adapts its behaviour based on the 

environment observations without being told to associate given observations to 

given desired responses (supervised learning) and without having any hints about 

the quality of a given response (reinforcement learning). The typical result of 

unsupervised learning is a new explanation or representation of the observation 

data that will contribute to better future responses or decisions. In machine 

learning such representation is a set of concepts and rules between these concepts, 

which give a symbolic explanation for the data (Oja 2002). 

      In unsupervised learning it is impossible to do regression since the outputs for 

some inputs are not known and therefore it is impossible to guess a regression 

function. Hence classification is used to spot similarities between inputs and group 

them in clusters representing different classes. There is no information regarding 

the classes hence the aim of the unsupervised learning is to find clusters of similar 

inputs in the data without being explicitly told which class they belong to. Since 

there is no target data the learning process will be driven by inputs similarity. 

Similar inputs will be clustered together while dissimilar inputs will not be clustered 

together (Figure 10).  

 

Figure 10 - Unsupervised learning: general clustering algorithm 
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      Unsupervised Learning is then used to look for useful patterns in data without 

examples of output existing several algorithms to achieve this goal such as the k-

Means algorithm, k-Nearest neighbours or Self-Organising Feature Map (SOM) that 

is used in neural models (Marsland 2009). 

 

2.3.4      Reinforcement Learning 

 

      In this case of learning the algorithm explores the environment and receives a 

reward, which may be either positive or negative. The algorithm is told if the 

answer is wrong or right but not how to correct it, trying different actions until 

reaching the right answer, i.e. the action that has more reward (Marsland 2009). 

Reinforcement learning can be distinguished from other kinds of learning based on 

two main characteristics: trial and error search but also delayed reward since 

actions may affect not only the immediate reward but also the next situation and, 

through that, all subsequent rewards (Sutton and Barto 1998). 

      One of the challenges that arise in reinforcement learning is the exploration-

exploitation dilemma. In order to achieve big reward, a reinforcement learning 

agent must prefer actions that were tried before and proved to be reward effective. 

However it needs to try different actions in order to discover which ones give more 

rewards. Hence in order maximize reward the agent has to exploit what it already 

knows but also explore in order to make better action selections in the future.  

Some examples of suitable reinforcement learning problems are (Sutton and Barto 

1998): 

 Player in a chess game: The choice of the player regards planning 

(anticipating possible replies and so on) and immediate intuitive judgments 

of the desirability of particular positions and moves.  

 An adaptive controller for a petroleum refinery: an adaptive controller can 

be used to adjust parameters of a petroleum refinery's operation in real 

time. The controller optimizes the yield/cost/quality trade-off on the basis 
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of specified marginal costs without considering only the set points originally 

suggested by engineers. 

      These examples exhibit characteristics that are typical of reinforcement learning 

problems:  interaction between an active decision-making agent and its 

environment in which the agent tries to achieve a goal despite uncertainty about its 

environment (e.g., the next chess position, the level of reservoirs of the  refinery) 

and which decisions will affect the options and opportunities available to  the agent 

at later times; unpredictability regarding full consequences of actions demands the 

agent to monitor its environment frequently and react appropriately; the agent has 

explicit goals since it can judge progress toward its goal based on what it can sense 

directly (e.g. the chess player knows whether or not he wins, the refinery controller 

knows how much petroleum is being produced); the agent can use its experience to 

improve its performance over time (e.g. The chess player improves the intuition he 

uses to evaluate positions). Hence not only the knowledge the agent has at the 

beginning of a task influences what is useful to learn but also the interaction with 

environment is used to adjust behaviour to exploit certain features of the task.  

      Besides the agent and the environment, a reinforcement learning system is 

composed by other four fundamental elements:  

 Policy – defines the learning agent's way of behaving at a given time 

 Reward function - defines the goal in a reinforcement learning problem 

 Value function - specifies what is good in the long run 

 Model of the  environment – tries to predict the next state and reward 

given a state and action 

      Reinforcement learning has been successfully used in many problems but has to 

be carefully used. Its main drawbacks are its slow learning rate and the sensitivity of 

the reward function. The first one regards the necessity of building up all 

information through exploration and exploitation in order to find the better 

solutions. The second one is related to the unexpected results that can be 

introduced from the selection of an inadequate reward function (Marsland 2009). 
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2.3.5      Anomaly Detection 

 

      Anomaly (or outlier) detection consists on finding patterns in data that do not 

conform to an expected normal behaviour. Figure 11 illustrates an example of 

anomalies where most observations lie in regions N1 and N2 and therefore this is 

the normal behaviour. The points O1, O2 and region O3 are anomalies since they are 

far away from the normal regions (Chandola, Banerjee et al. 2009).  

 

Figure 11 - Simple example of anomalies in a 2 dimensional dataset 

 

      Anomaly detection consists in defining a region representing normal behaviour 

and considering data outside that region as anomalies however this approach is not 

as simple as might seem. Some of the difficulties that arise from this technique are 

(Chandola, Banerjee et al. 2009): 

 Hard to define the normal region that defines all possible normal 

behaviours as well as the associated boundary between normal and 

anomalous behaviour; 
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 Anomalies resulting from malicious actions are often camouflaged to 

appear as normal actions which introduces difficulties in defining normal 

behaviour; 

 Normal behaviour usually evolves during time and current normal 

behaviour might not be valid for the future; 

 Different application domains imply different notions of anomaly so they 

cannot be interchanged; 

 Scarcity of labelled data for training/validation of models used by anomaly 

detection techniques; 

 Data often contains noise which tends to be similar to the actual 

anomalies, becoming hard to detect what is noise and remove it. 

For the purpose of this research what might be interesting to study regarding 

anomaly detection are contextual anomalies (i.e. the data instance is anomalous in 

a specific context) and collective anomalies (i.e. a collection of related data 

instances is anomalous with respect to the entire data set which means the 

individual data instances might not be an anomaly by themselves but their 

occurrence together can be a collective anomaly). In (Chandola, Banerjee et al. 

2009) cases of usage of anomaly detection in industrial damage detection are 

reviewed and more particularly fault detection in mechanical units and structural 

defect detection. More details on anomaly detection can be found in the presented 

literature. 

 

2.3.6      Learning in Multi-agent Systems 

 

      The direct application of the ML algorithms to multi-agent architectures implies 

the abstraction of the interactions between agents. This means that in a straight 

forward application a ML mechanism can only work at agent level (single-agent 

learning) without taking into account the interactions with other entities and their 

influence. In a multi-agent learning approach systems are supposed to learn 

according to the domain where the agents are embedded into. Even if an agent is 
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unaware of the presence of others their influence on the environment is reflected in 

the learned behaviour and knowledge (Alonso, D'inverno et al. 2001). 

      Due to MAS complexity there is a strong interest in applying machine learning 

techniques to help tackle this issue. Contrary to single-agent learning Multi-agent 

learning requires the presence of multiple agents and their interaction. Multi-agent 

learning term is usually referred with two different meanings (Weiss 1996): 

 In its stronger meaning it refers only to situations in which several agents 

collectively pursue a common learning goal. 

 In its weaker meaning, it refers to situations in which an agent pursues its 

own learning goal, but is affected in its learning by other agents. 

      Agents are programmed with behaviours designed in advance, however in 

constantly changing environments pre-designed behaviours may become 

inadequate and learning new behaviours might improve dramatically the 

performance of the agent or of the whole MAS (Stone and Veloso 2000). Hence the 

area of distributed learning and cooperation in MAS became a hot topic of research 

and applications of learning in MAS can be found in a very large spectrum of 

domains including reinforcement learning, evolutionary computation, game theory, 

complex systems, agent modelling, and robotics. Due to its broad application 

domain several types of classification for learning in MAS can be found in literature 

and a good review on this topic can be found in (Panait and Luke 2005). It is 

important to underline that different agents in MAS, as in biological systems, are 

not forced to learn using the same learning method. Most learning applications in 

MAS relate to reinforcement learning since due to complexity inherent to agent 

interactions supervised learning and unsupervised learning are not easily applicable 

(Panait and Luke 2005).  
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2.3.7      Brief review of Machine learning approaches 

 

Decision Trees 

      A decision tree is a hierarchical model for supervised learning widely used in 

structuring data which is composed of internal decision nodes and terminal leaves. 

At each decision node there is an evaluation and according to the feature value a 

branch is taken. This process is done recursively from the root until the leaves 

(which constitutes the output). A decision tree structure has no fixed number of 

branches and leaves, growing during learning depending on the complexity of the 

problem inherent in the data (Alpaydin 2004). 

      An example of a decision tree (Marsland 2009) is illustrated in Figure 12 where a 

student has four choices for spending an evening: go to the pub, watch tv, go to a 

party or study. The choice depends on factors such as having an exam the next day, 

if you feel lazy or the absence of party. Each evening the student starts by 

wondering if there is a party or no and, if there is one, then he will prioritize that. If 

there is no party then he checks if there is a deadline soon or no. If there is one 

urgent deadline then he studies, if the deadline is not urgent for the next day then 

he analyses his mood and decides if he wants to watch tv or study. If there is no 

deadline at all he goes to a pub. As we can see by this example decision trees can be 

turned into a if … then rules which is very desirable for the computation point of 

view. 
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Figure 12 - Simple decision tree example to decide how to spend an evening (adapted from 
(Marsland 2009)) 

 

      Two important aspects are important to consider when building decision trees. 

First one is attribute selection measures which are used to select the attribute that 

best partitions the set into distinct classes. Another important aspect is how to deal 

with branches that might reflect noise in the training data. To remove these 

branches and improve the accuracy on unseen data sometimes is used tree pruning. 

      Some of the advantages of the decision tree approach are handling multi-

dimensional data, good accuracy, low computational cost and transparency to the 

user since, contrary to other learning approaches, the user can see the decisions 

discriminated in a very intuitive way. Furthermore building decision trees is fairly 

easy not requiring any domain knowledge or parameter setting, and therefore is 

appropriate for exploratory knowledge discovery. 

 

Artificial Neural Networks 

      Artificial Neural Networks (ANN) is a mathematical/computational model which 

attempts to represent the information processing in biological systems traducing its 
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structure and/or functional aspects. Contrary to a computer, the brain is composed 

of very large number of processing units (neurons) that run in parallel and are highly 

connected. Connections are called synapses and they are believed to store the 

memory between neurons. Due to its fascinating ability to perform functions such 

as vision, speech recognition and learning the brain has been subject to many 

studies and its believed that if one understands fully how the brain perform these 

tasks it will be possible to define solutions to these tasks as formal algorithms and 

implement them in computers (Alpaydin 2004). 

      A Multi-layer ANN consists in having a large number of neurons highly connected 

in a network of several layers. A traditional example has three layers: first one has 

input neurons which receive information to be processed, second layer has hidden 

neurons and third layer has output neurons where the results of the processing are 

found (Figure 13). The synapses connect the neurons and store parameters called 

"weights" that manipulate the data in the calculations. The fundamental point is 

how the network can be trained so that the weights are adapted to generate the 

correct answers. It is not possible to simple measure the difference between the 

target and outputs since it is not possible to know which weights were wrong since 

there are several layers. Furthermore it is impossible to examine and correct 

directly the values of weights in the hidden layer and hence the name hidden 

(Marsland 2009). 

 

Figure 13 - ANN general representation 
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      The Multi-Layer Perceptron (MLP) is probably the most widely used ANN 

method and has been proved to be of great value in statistical pattern recognition. 

MLP depends on three fundamental aspects: input and activation functions of the 

neuron, network architecture and the weight of each input connection. The first 

two aspects are fixed which designates the values of the current weights as the 

driver of the MLP behaviour. 

      Training the MLP consists in two parts: first one is to compute the output given 

the inputs and current weights; second one is update the weights according to the 

error which is function of the difference between the outputs and targets. These 

two parts of network training are usually called going forwards and backwards 

(Marsland 2009). In the forward part the algorithm work forward on the network 

computing the activations of one layer of neurons and using those as inputs for the 

next layer. Hence in the case of Figure 13 it starts by filling the values for the inputs 

on top, which are then used together with the first level of weights to calculate the 

activations of the hidden layer. After, these activations and the next weights are 

used to calculate the activations of the output layer. Finally once the outputs of the 

network are obtained it is possible to compare them to the targets and compute the 

error. The back propagation of error is the most used method for MLP training and 

as the name suggests the errors are sent back through the network. These and 

other issues are discussed in detail in (Alpaydin 2004; Marsland 2009) and they will 

not be detailed here. 

 

Support Vector Machines 

      Support Vector Machines (SVM) was introduced by Vapnik in 1992 and it is one 

of the most popular algorithms in modern machine learning. The reasons behind its 

popularity are that on reasonably sized datasets it outperforms many other ML 

algorithms. However in very large datasets they don’t perform so well since they 

involve a data matrix inverse which is computationally expensive. The main aspect 

behind SVM approach is the use of a nonlinear mapping to transform the original 

training data into a higher dimension. Within this higher dimension it is possible to 

separate data from two classes by a hyperplane (as long as an appropriate nonlinear 
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mapping to a sufficiently high dimension is used (Han, Kamber et al.).  This 

hyperplane is found through the use of support vectors hence the name Support 

Vector Machines. Another underlying issue is the concept of Margin: the distance to 

the hyperplane that separates two data classes (this hyperplane is also known as 

decision boundary).The more distant the separating hyperplane is from the 

instances on each side the smallest is the generalization error (Kotsiantis, Zaharakis 

et al. 2007). 

      In Figure 14 on the left we have an example with two different classes (X in 

green represent the negatives examples and O in red represent the positive 

examples), the decision boundary (line in blue) and three points A and B. The point 

B is very far from the decision boundary, hence If we are asked to make a prediction 

for the value of Y for the point B we can say Y=1 with quite good confidence. 

Contrary, for  the point A a small change in the decision boundary would lead to its 

prediction becoming Y=0. Hence, we’re much more confident about our prediction 

at B than at A so we can say that if a point is far from the separating hyperplane, 

then the confidence in the predictions is bigger. On the right side the concept of 

margin is illustrated; margin is the largest region we can select that separates the 

classes without having any point inside. The closest data points to the classifier in 

each class are the support vectors and they will be the ones used for classification. 

After the training of an SVM all the training data is thrown away except the support 

vectors which will be used for classification. With an appropriate nonlinear mapping 

to a sufficiently high dimension, data from two classes can always be separated by a 

hyperplane. The SVM finds this hyperplane using support vectors and margins 

(defined by the support vectors). For further details on this algorithm please refer to 

(Han, Kamber et al. ; Marsland 2009). 
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Figure 14 - Decision Boundary and Margin concepts in SVM 

 

Clustering 

     Clustering is the process of automatically assigning data objects into multiple 

groups (clusters) according to their similarity. Several clustering algorithms exist and 

they differ significantly in their notion of what constitutes a cluster (e.g. groups with 

low distance among the clusters members) and how to efficiently find them leading 

to different results (Han, Kamber et al.). To achieve desired results Clustering often 

requires parameter tuning (e.g. distance function to use, density threshold, number 

of expected clusters) which depends on the specific data set and intended use of 

the results. 

      Clustering is used in several domains with different purposes: 

 Standalone tool to analyse the distribution of data and observe 

characteristics of each cluster 

 Pre-processing tool for characterization, attribute subset selection and 

classification as an input for other algorithms. 
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      Clustering is also a valuable technique for outlier detection (values that don’t fit 

any cluster) which is used in credit card fraud detection and monitoring of criminal 

activities in electronic commerce. In order to achieve satisfactory results a 

clustering algorithm should meet a set of requirements such as scalability, capability 

to compute high dimensionality data and define constraints, ability to deal with 

different types of attributes, cluster shapes and noisy data and probably most 

important of all its results should be interpretable and usable (Han, Kamber et al.). 

 

 

Figure 15 - Inadequate Method selection for Clustering techniques 

 

Clustering algorithms can be divided in the following categories (Han, Kamber et 

al.): 

 Partitioning methods: These methods divide the data (n objects) into k 

groups where each group has at least one object. Most partitioning 

methods are distance-based, i.e. objects in the same cluster are close to 

each other while objects in other clusters are far. Given the number of 

partitions to construct k the cluster algorithm creates an initial partitioning 

and then uses an iterative relocation technique to improve the partitioning 

by moving objects between different groups. 
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 Hierarchical methods: This approach creates a hierarchical decomposition 

of the given data using whether agglomerative whether divisive approach. 

The first one starts with each object forming a separate group and 

successively merging the objects or groups close to one another, until all 

the groups are merged into one or a termination condition holds. The 

second one starts with all the objects in the same cluster and through 

successive iteration, a cluster is split into smaller clusters, until eventually 

each object is in one cluster, or a termination condition holds. The 

advantage of Hierarchical methods is its lower computational costs since 

once a merge or split is done there is no turning back leading to less 

combination possibilities.  

 Density-based methods: Contrary to other methods, Density-based 

methods are based on the notion of density, i.e. the cluster continues 

growing as long as the density (number of objects) in the neighborhood 

exceeds some threshold. Cluster have then higher density than the rest of 

the data and the object in sparse areas are used to separate clusters and 

are usually considered as noise. These methods are particularly good to 

discover clusters of arbitrary shapes and filter noise in data.  

 Grid-based methods: In this approach the object space is quantized into a 

finite number of cells that form a grid structure which will serve as a base 

for the clustering operations. The main advantage of Grid-based methods 

are its fast processing time which becomes independent of the number of 

data objects and dependent only on the number of cells in each dimension 

in the quantized space.  

Table 1 highlights the characteristics of each method that should lead to the 

selection or not of the same. The selection of a non-adequate method will lead 

to poor results like illustrated in Figure 15. 
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Table 1 - Characteristics of Clustering Methods ((Han, Kamber et al.)) 

 

 

Bayesian Networks 

      Bayesian Networks (BN) are probabilistic graphical models that represent 

relationships among a set of variables using Directed acyclic graphs (DAG). Each 

variable is represented by one node and the nodes are linked through arcs 

representing causal influences among variables or conditional independencies in 

absence of the same. Furthermore each node is conditionally independent from its 

non-descendent (Kotsiantis, Zaharakis et al. 2007).  

      Learning a BN can be divided into a two-step process:  first it is required to learn 

the network DAG structure and second determine its parameters. One table is 

constructed for each variable containing probabilistic parameters in the form of 

local conditional distributions of a variable given its parents. Then by multiplying 
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these tables it is possible to achieve the joint distribution of the network. The 

network structure enables to identify correlations between variables and to 

distinguish between direct and indirect (mediated by other variables) dependency. 

This characteristic of BN makes it a valuable approach to provide a general-purpose 

compact representation for complex probability distributions (Friedman and Koller 

2003). 

      In BN there are two kinds of inference in order to decide the likehood of a 

situation: the first one is the top-down inference or prediction in which the 

structure of the BN is known and it is possible to predict an unknown outcome 

based on a set of observations; the second one is bottom up prediction or diagnosis 

in which the structure of the BN is unknown and the inference is based on a known 

outcome but hidden causes. In both cases the goal is the same: discover the values 

of the unknown nodes based on the information of the observed nodes (Marsland 

2009). In BN is possible to account prior domain knowledge about a given problem 

in terms of structural relationship between variables by declaring that nodes are: 

root node (no parents), leaf node (no children), direct cause of other node, not 

directly connected to other nodes, etc. (Kotsiantis, Zaharakis et al. 2007) 

 

Figure 16 - Example of a Bayesian Network and distribution tables (adapted from (Marsland 2009)) 
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      Figure 16 exemplifies a Bayesian Network with the specific distribution tables 

(example from (Marsland 2009)) where it is intended to infer if a student will panic 

before an exam based on if the course was boring which was the reason why the 

student attended or no the lectures and revised. This is case of top-down inference 

since the outcome is not known and it will be predicted. In BN conditional 

probabilities can be read from the graph and in the absence of direct link the 

variables are conditionally independent from a node which is already included and 

then these variables are not needed. Description in deep of this example and BN in 

general can be found in (Marsland 2009). 

 

Hidden Markov Models 

      Hidden Markov Model (HMM) is a statistical Markov model in which the 

modelled system is a Markov process with unobserved (hidden) states. HMM 

usually works on temporal horizons where, at each clock tick, the system assumes a 

state. Its main advantage lies on its suitability to deal with situations where you 

have a Markov Model not knowing the state you are in and knowing only 

observations that don’t uniquely identify the state. Hence HMM comprise 

measurements made at regular time intervals that correspond to observations of 

the state (Figure 17). An HMM can be considered as the simplest dynamic BN since 

it is basically a BN which deals with sequential temporal data (Marsland 2009). 

 

Figure 17 - HMM general example where X represent the first three states and Y correspond to the 
related observations 
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      The random variables X (t) represent the hidden states at time t while the 

variables Y (t) represent the observations at time t. The arrows represent the 

conditional dependencies. From the diagram it is possible to see that the 

conditional probability distribution of the hidden variable X (t) at time t depends 

only on the value of the hidden variable X (t-1). The values of the hidden variable X 

(t-2) and before have no influence. Analogously the value of the observed variable 

Y(t) also depends only on the value of the hidden variable X (t). This is called the 

Markov property. More details on this method can be found in (Alpaydin 2004; 

Marsland 2009).       

 

2.3.8      Data Mining in Manufacturing 

 

      Huge amounts of data are generated every day in modern manufacturing 

environments which are collected and analysed to deal with inefficiencies and 

introduce improvements. Increase of IT infrastructures has enabled data collection 

to encompass areas such as product and process design, logistics, assembly, quality 

control, scheduling, maintenance, fault detection, etc. extending largely previous 

available data and adding more reliability to it. Extracting knowledge from these 

operations has been perceived as a tremendous opportunity to improve 

productivity and efficiency both at product and system levels which is very desirable 

to reduce costs. With this purpose Data Mining (DM) has emerged as a powerful 

tool to acquire knowledge from all the collected information in manufacturing 

environments (Harding, Shahbaz et al. 2006; Wang 2007). 

      The collected data is complex having large number of instances and many 

different attributes. Relating the data together and analysing simultaneously this 

enormous amount of parameters presented itself as the major roadblock for 

manual analysis and dictates the need to use DM to discover knowledge in Data. 

Classification, Regression and Clustering techniques all have been used in different 

kinds of domains of Manufacturing and they are extensively reviewed on (Harding, 

Shahbaz et al. 2006; Wang 2007; Wang, Tong et al. 2007; Choudhary, Harding et al. 

2009).  
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      Despite the advances of IT infra-structures in manufacturing environment and 

acquisition of large datasets of manufacturing data the generated knowledge 

extraction and usage is still poor. This means that many companies are investing 

enormously in IT infrastructures that enable data extraction; however this data is 

not adding any value to the company since none or little knowledge is extracted and 

used from it.  Some reasons for this are stressed in (Wang, Tong et al. 2007):  

 Relations between control, process and quality variables are not fully 

understood and defined. 

 Poor link between decision making and the discovered knowledge on data 

since much extracted knowledge relates to processes and not to decision 

making. It is needed also to develop DM methods that give meaningful 

input for decision making in levels such as system and product design, etc. 

 There is no clear link between discovered knowledge and product design 

improvement. It is important to be able to transform raw manufacturing 

data into valuable knowledge for product design. 

 

      There is then a need to further investigate these matters so that more and 

better knowledge can be extracted from manufacturing data and help companies 

improving decision making, product and system design and system performance. 
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3      Evolvable Production Systems 
 

3.1      Basic Cornerstones 
 

      The last decade witnessed the ascendance of new production paradigms that 

share a set of fundamental common principles (Ribeiro, Barata et al. 2008): 

 Modularity: Distributed basic blocs (modules) are used to form a system. 

Each block represents a distinct process. 

 Autonomy: Each module is independent and provide particular 

functionalities (process tasks) 

 Structure: Each module has a particular role in the system 

 Interaction: Modules interact with one another following determined rules 

 Dynamics: Environment is dynamic and the system needs to be able to 

accommodate the required changes and learn  

 Heterogeneity: System will integrate heterogeneous hardware and software 

(legacy systems) 

      Modularity is used in engineering as a mean to divide a complex system in less 

complex and more manageable parts. In production systems the use of modularity 

is recurrent and advantageous to reduce complexity and enable changeability of the 

system. 

      In traditional modularity (See Figure 18) complexity is channelled solely to 

production systems since there is a unidirectional flow of operation, i.e. there is a 

product oriented approach where the production system has to accommodate the 

new products requirements. This means that equipment dedicated to a particular 

product is designed and often cannot be re-used or needs massive re-engineering 

effort, becoming obsolete in short time due to different product characteristics of 

next generation products (Akillioglu and Onori 2011). 



 

54 
 

 

Figure 18 - Traditional Modularity and System Design 

      The reality is that product characteristics change very often while the needed 

processes remain quite stable (Onori and Barata 2009). Hence the usage of process 

oriented modularity (see Figure 19) with a strong link between product and system 

design is one of the basic cornerstones of EPS. Process dedicated modules enable 

designers to be aware of available processes and shape the product design 

accordingly resulting in a two way information flow between product and system 

design. Product Oriented modules hold skills5 that can be mapped into processes 

and therefore link with product requirements (Barata 2005; Neves and Onori 2009). 

      In EPS the concepts of granularity and scalability are intrinsically connected with 

the modularity of a production system. Granularity refers to the lowest level of 

device being considered within the reference architecture of a system. It describes a 

physical entity as well as the corresponding control structure which is defined in EPS 

as Mechatronic Agent (Barata and Ribeiro 2011). On the other hand, scalability is 

the capability to grow and shrink the number of components and modules in a 

system. The possibility of assigning different functionalities to modules and 

                                                           
5
 In EPS context, Skill is the ability to perform actions needed by a process. A skill has 

attributes that model its characteristics and control actions that represent the actions that 
must be performed whenever the skill is activated. 
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aggregate modules’ functionalities derive from these two concepts and can be 

further explored if granularity is thinner and the system is scalable. 

 

Figure 19 - Process Oriented Modularity and System Design 

       

      The reality is that modularity alone cannot solve the requirements posed by 

dynamicity of production. Besides the mechanical modular structure one has also to 

consider the control structure which should not compromise the transformation of 

a production system, i.e. its adaptation to new products or process requirements. 

This is a critical element due to the programming effort involved in current control 

architectures whenever a change is required (Onori and Barata 2009). 

      Conventional centralized approaches became inadequate since although they 

have the advantage of obtaining global information in one place and enable global 

optimization, they lack in responsiveness to handle issues such as plugability of 

components or reaction to a failure in a crucial part of the system (Ribeiro 2012). 

Decentralized approaches on the other hand are suitable to handle aspects related 

to dynamic addition and removal of components and the required adaptation with 

little or no reprogramming efforts. Such control solution becomes fundamental for 
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a production system that one wants adaptable and responsive rather than globally 

optimized but with weak response to change and failures. Hence, the major 

challenge in such decentralized control solution is how to guarantee proper 

coordination and execution in a system in which both its components and working 

conditions can be dynamically changed (Ribeiro, Barata et al. 2008; Maffei 2010; 

Ribeiro, Candido et al. 2011).  

      EPS considers each module as an autonomous and cooperative entity that 

provides functionalities (skills) and interacts with other modules in order to 

accommodate system’s goals (Onori, Barata et al. 2006; Barata, Frei et al. 2007). 

This architecture was first devised in the COBASA multi-agent architecture (Barata 

2005) where aggregations of intelligent modules are orchestrated by coalition 

leaders in order to provide combined functionalities that match the product 

requirements. EPS relies on many simple, decoupled, intelligent and re-configurable 

entities and adaptation and evolution mechanisms to tackle constant change in 

product requirements, failures and other unpredictable events. In EPS context 

Evolution implies re-configuration/re-design or removal/addition of physical 

modules in order to re-adjust the system features to comply with new demands. On 

the other hand adaptation relates to the system ability to re-organize as a whole 

focusing on the re-adjustment of parameters, knowledge and functionality 

according to new product design and environment requirements (Neves, Ferreira et 

al. 2011; Ribeiro, Barata et al. 2011). 

      Due to the distributed and cooperative EPS nature two key concepts play 

important roles in supporting EPS adaptation and evolution: Self-Organization and 

Emergence (Ribeiro, Barata et al. 2011). Often (wrongly) perceived as synonyms due 

to being present simultaneously in dynamic systems the two concepts are different 

(De Wolf and Holvoet 2005): 

 Emergence: “A system exhibits emergence when there are coherent 

emergents at macro-level that dynamically arise from the interactions 

between the parts at the micro level. Such emergents are novel with regard 

to the individual parts of the system.” 
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 Self-Organisation: “Self-Organization is a dynamical and adaptive process 

where systems acquire and maintain structure themselves, without external 

control.” 

      In the context of EPS control systems, emergence refers to the creation of new 

characteristics, functions, capabilities or behaviours out of basic elements. System’s 

capabilities are more than the sum of its part’s capabilities and the capture and 

exploitation/avoidance of new characteristics can be advantageous. In EPS 

Emergence is highly related to the characteristics that result at system level from 

coupling several modules together (Barata and Onori 2006). An important remark 

regarding emergence is the expected relations and outcomes between agents when 

designing a multi-agent system due to strict interaction rules. Since these rules are 

present and the outcome is expected can we actually expect emergence to happen? 

(Ribeiro, Barata et al. 2011). In this thesis emergence refers to unexpected effects 

from coupling modules together and not to the already expected functions that will 

arise from the modules interactions. On the other hand, Self-organisation in EPS 

control systems refers to modules’ internal coordination and cooperation in order 

to create structure and enable the system to operate. The use of Self-organisation 

in EPS can enhance system autonomy and hide complexity associated with the peer 

to peer interactions between components of the system when new configurations 

occur. Self-organisation can occur without Emergence since the system can increase 

its structure through modules’ interaction and not necessarily generate emergent 

properties (e.g. adding a device to a laptop). The exploitation of both Emergence 

and Self-organisation are important topics for EPS and are intrinsically connected 

with the evolution and adaptation of the system. The introduction of learning 

mechanisms will strongly influence the performance of self-organisation in EPS as 

well as the capture and exploitation/avoidance of emergent properties. 

      Due to its characteristics and properties a guiding structure and design principles 

that allows the creation and organization of an EPS system is needed. The technical 

and architectural aspects of the EPS system development are supported by a 

comprehensive reference architecture and methodological framework that is 

detailed in the next sections. 
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3.2      Reference Architecture 
 

      It is fundamental to clearly distinguish between Reference Architecture and 

System Architecture. System Architecture refers to the abstract description of a 

specific system (i.e. defines structure, functions, dependencies, etc.) while 

Reference Architecture refers to a more generic concept that provides design 

principles for an architecture in a particular domain. Hence the EPS Reference 

Architecture specifies the fundamental characteristics the systems need to be an 

EPS, setting the basis for the creation of System Architectures. EPS Reference 

Architecture is used as basis to define and develop every EPS System Architecture, 

giving the rules, regulations, and conditions for EPS compliance. The System 

Architecture will then be influenced by particular demands to create different 

system designs. 

       

 

Figure 20 - From reference architecture to system architecture to system design. Adapted from 
(Onori, Semere et al. 2008) 
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      To illustrate the differences between Reference and System Architectures let us 

consider real architectural types (see Figure 20). For instance in the Gothic Style 

Reference Architecture its main components were the modules that differentiated 

such buildings from other architectures. Therefore, a Reference Architecture is used 

to derive the specific requirements posed by a given product, such that a set of 

assembly rules may be generated and turned into a System Architecture. This 

System Architecture may then take many different forms, depending on singular 

demands (available floor space, available modules, throughput time, etc.) and many 

different system designs can be originated from a System Architecture (Onori, 

Semere et al. 2008). 

      The module and its inherent skills are the core of EPS Reference Architecture, 

since the concept of skill bridges the gap between the Assembly Process Domain 

and the Equipment Domain i.e. modules (Maffei 2010).The basic rules and 

guidelines found in the EPS Reference Architecture are: 

 Modules that possess embedded control (Mechatronic Modules) to allow 

autonomy and portability. 

 Modules with standard interfaces (mechanical, electrical, logical, etc.) to 

allow plugability. 

 Modules with necessary intelligence to come together as a society to 

heavily reduce system integration. 

 Modules with the necessary intelligence to adapt/evolve and meet new 

product requirements (and other unpredictable events such as volume 

change, failures, etc.) to reduce re-programming and (manual) re-

configuration. 

EPS Reference Architecture and Mechatronic Architecture are being further 

developed under the IDEAS Project (Barata and Ribeiro 2011). 
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3.3      Methodology 
 

      EPS envisages the development of a methodology (see Figure 21) to design, 

build and re-engineer production systems. In EPS approach a detailed ontology is 

used to translate product requirements into processes6 that will be decomposed 

into activities and after into skills. The required skills will trigger the selection of 

equipment for a particular system. There is a tight relation between skills and 

processes since there is always a skill needed to accomplish a particular process. 

The same way there is a close relation between products and processes since a 

product can be described as a set of processes organized in certain way. Hence 

through this approach EPS establishes a relation between products and necessary 

skills in order to define the required modules and facilitate the system design. Due 

to EPS process-oriented modular approach it’s possible to know à priori the skills 

available and which module provides the referred skill. This feature helps setting 

constraints to the product designer that must account them in order to maximize 

re-usability of modules and reducing costs. A new module will only be developed if 

it is strictly necessary because similar results of the process cannot be achieved 

through the use of other modules or the process design of the product cannot be 

changed. Hence when all the needed skills are available to satisfy the process 

specifications the system deployment (according to EPS reference architecture) can 

take place and this process is called Emplacement. Hence during the Emplacement 

the selected modules are physically put in place and logically integrated. Note that 

in the EUPASS project the term Emplacement refers to the module description 

(geometrical, mechanical and functional) that enables rapid integration of modules 

(Siltala, Hofmann et al. 2009) while here it is used as the process of physical and 

logical integration of modules. For further information in EPS methodology and 

Reference Architecture please refer to (Semere, Onori et al. 2008; Onori and Barata 

2009; Maffei 2010; Onori, Lohse et al. 2012). 

                                                           
6
 This thesis focus on assembly and therefore the term process is used as the set of actions 

and tasks needed to perform an assembly operation. 



 

61 
 

 

Figure 21 - EPS proposed methodology (Maffei 2010)       

 

      As mentioned before EPS systems are grounded on the concept of skill since it 

links assembly processes and equipment. Skills can be divided in two categories: 

Atomic and Complex (see Figure 22). An atomic skills are skills provided by a module 

individually (i.e. skills that modules where designed to provide) while complex skills 

only exists at system level resulting from binding modules’ skills. The representation 

of a skill through a set of attributes allows distinguishing between the 

characteristics of different modules facilitating equipment selection (Barata 2005). 

For instance if we have two grippers they both provide the skill grasp however they 

can have different characteristics (e.g. maximum aperture, holding force, etc.) and 

based on their characteristics and given requirements one will be selected. When 

composite skills are required then skills can be aggregated and it becomes obvious 

that the greater the diversity of individual skills the greater the chances of building 

more composite skills. A simple example of this approach is when a pick and place 

operation is needed and we have a robot with a move skill and a gripper with a 

grasp skill. If both skills are combined the pick and place operation can be 

accomplished.    
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Figure 22 - Example of atomic and composite skills (adapted from (Maffei and Onori 2011)) 

The concept of skill is close related to the mechatronic architecture and the 

adopted control architecture. This topic will be addressed in the next section. 

 

3.4      EPS Multi-Agent Environment 
 

      To promote fast adaptability and reaction to unpredictable events the shop floor 

cannot be defined as fixed actions mapped into specific devices, but rather as 

autonomous decision-making nodes collaborating in runtime to accomplish a given 

workflow. The decision-making nodes need to be intelligent and assure deadlock-

free systems and reaction to failures, being therefore fundamental that these 

entities have communication, negotiation and cooperation skills. This way they can 

collaborate with other entities in the system and accomplish a given workflow by 

allocating/de-allocating resources. This approach has been validated in Festo 

facilities with the pre-demonstrating activities of Ideas approach which details can 

be found in (Ribeiro, Barata et al. 2011; Onori, Lohse et al. 2012). Following this 

logic reprogramming of equipment can be minimized, enhancing re-usability and 

faster ramp-up times whenever a change occurs. The fact that entities in the shop 

floor are intelligent may also enable an important link with higher levels, such as 

Manufacturing Execution Systems (e.g. planning, scheduling, etc.) or Enterprise 

Resource Planning (ERP) system (Akillioglu 2011). 
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       EPS shop floor control structure is based on MAS paradigm and there are two 

main reasons for this: MAS already holds the principle and structure of interaction 

within a society of individual agents (e.g. specific protocols for communication, 

negotiation, etc.), and emergence is best handled with multi-agent approach 

(Barata, Camarinha-Matos et al. 2005). Furthermore, as detailed before, Agent 

Technology presents itself as a solid solution to integrate heterogeneous hardware 

which is a key factor in manufacturing to re-use old equipment. 

       To support fast adaptability, re-configuration and re-use of components EPS 

relies in fine granularity at the shop floor level, where each component is a skill-

oriented mechatronic agent. In EPS context a mechatronic agent (MA) can be 

defined as a software and hardware construct that embodies specific equipment 

and maps its functionalities into EPS MAS interaction dynamics (see Figure 23). A 

MA incorporates an equipment, controller and agent and provides the necessary 

abstraction level to enable interoperability of components.  

 

 

Figure 23 - Mechatronic Agent in EPS context (Adapted from (Barata and Ribeiro 2011))       
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      MA concept includes fundamental aspects such as interface to publish and 

discover skills in the system, link between skill and low level libraries for specific 

equipment and exchange of messages between MAs. Mechatronic Agents are thus 

the main building blocks of EPS MAS architecture (see Figure 24) and can be divided 

in several types according to functionality (Barata and Ribeiro 2011): 

 Machine Resource Agent (MRA): MRAs abstract mechatronic modules that 

can be plugged and unplugged from the system and possess a set of 

executable skills that can be requested. 

 Coalition Leader Agent (CLA): CLAs enable the composition and execution 

of skills by supporting the execution of processes which are defined by the 

user based on the available skills in the system. CLAs expose 

functionalities that result from joint skills from MRAs or other CLAs and 

enable their requisition. CLAs are reactive to changes in the system 

concerning addition/removal of modules, failures, etc. updating the 

functionality level of the system (offered skills).  

 Agent to Machine Interface Agent (AMI): AMIs work as a harmonizing 

layer between dedicated hardware configurations and the MAs when the 

existing hardware does not support, from a computational point of view, 

the MA or the technical integration dramatically reduces the equipment's 

performance. 

 Transportation System Agent (TSA): TSAs abstract components of the 

transportation system and provide localization, transport and positioning 

functionalities. Each TSA keeps track of its own position in the system 

which is typically associated with the position of an MRA or CLA on the 

system. 
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Figure 24 - EPS MAS Architecture (Adapted from (Barata and Ribeiro 2011)) 

       

      The modular and pluggable approach followed in EPS foster the dynamic 

formation of modules coalitions as a result of multi-agent negotiation and 

composition rules. Whenever such dynamic coalitions are established, a coalition 

leader takes action to represent the coalition as higher level process (complex skills) 

present in the system. If changes related to product or volumes occur the system is 

able to cope with these changes by evolution, i.e. by adding or replacing modules 

that are capable of self-organization and self-configuration.  

      The implementation details for the development of an EPS mechatronic agent 

will vary depending on the equipment, approach and available technology. Issues 
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such as skill level of granularity, agent running in a tiny controller or PC or agent 

development platforms are surely important since they will dictate system 

performance. However the fundamental requirement in EPS architecture is the 

encapsulation of functionalities inside the agent. This will give the necessary 

abstraction level to establish a multi-agent system where the modules can 

communicate to self-configure/self-organize, exchange skills and cooperate to 

resolve deadlocks and failures in runtime to successfully accomplish the workflow. 
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4      Evaluation and Learning for Evolvable Production 

Systems 
 

4.1      Learning Opportunities in EPS 
 

      EPS Systems are designed to cope with highly dynamic environments. Whenever 

triggered by failures, bottlenecks, product or volume change they should be capable 

to adapt or evolve to cope with these variations. In a EPS context evolvable 

represents the system’s ability to change its structure and global behaviour without 

re-programming effort. This change of structure and global behaviour is possible 

without re-programming by adding, removing or replacing modules and this 

characteristic of EPS systems has the following consequences (Barata, Hanisch et al. 

2010): 

- Products can evolve 

- Process can evolve 

- Re-usability of modules is possible 

- Line resize is possible 

- Quality improvement is possible 

- Economic improvement is possible 

      This is a fundamental step forward from flexibility: flexible systems, by 

definition, do not learn but simply have greater functional possibilities with respect 

to what was predicted. Adaptability, as with EPS, implies learning in order to 

improve or modify the original behaviour. Therefore, whereas flexible systems 

could never adapt without human intervention, EPS Systems offer this possibility. 

      The possibility of adaptation and evolution of EPS systems results in numerous 

opportunities to explore learning and due to EPS architecture it can be structured in 

three levels (Neves, Ferreira et al. 2011). The first level is the module level, which 

represent the basic building block of the EPS System. The second level is the 



 

68 
 

coalition level, which encompasses two or more modules/coalitions that together 

provide at least one complex skill. And finally, the global level which represent the 

totality of the system (see Figure 25). 

      At the module level, learning can play major role in parameter optimization 

enabling module adaptability. In this context module adaptability imply the capacity 

of the module to adjust its parameterization to better match the product 

requirements or the environment/other agents. Furthermore at this level learning 

can also be exploited to detect why failure occurs by analysing a pattern. 

      At coalition level, a multi-agent learning behaviour should account the effect of 

changes in one module parameterization on the adjacent modules and coalitions. 

Learning could be exploited to realize what modules’ parameters should be 

optimized aiming at the improvement of the overall performance. At this level 

learning can also contribute to capture the logic relations that enable the 

conjugation of skills. In this sense, information about the successfulness plugability 

of new modules can be taken as an important asset to establish future coalitions. 

Since new modules can be introduced on the system and coalitions created the 

exploitation of learning at this level could foster Self-organisation and autonomy.  

      At global level information regarding performance of cooperation between 

coalitions as well as overall system performance could be exploited to improve the 

accomplishment of the workflow, the current layout and even suggest 

addition/removal of modules. Learning the system performance by analysing 

historical data can lead to conclusions regarding module, coalitions and layout 

influences on the accomplishment of the workflow. New optimized design 

configurations and conjugation of modules could be deduced and used in future 

evolutions of the same system or the design of entirely new systems. Global 

learning aims at achieving conclusions regarding the successful accomplishment of 

the final workflow with the desired performance since this represents the global 

system objective. Also global learning can play important role in detecting 

underperforming units, stations and lines enabling to draw conclusions regarding 

the achieved performance (see section 2.2).  
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      To maximize the exploitation of EPS evolutionary characteristics learning can 

play a preponderant role. The data generated during system runtime can be 

exploited to learn and support the system in its evolution. Furthermore learning 

from the generated data can assist system designers and system integrators in the 

design and development of future systems and that is the main goal of this 

research. 

 

 

Figure 25 - Learning Levels in EPS 
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4.2      Evaluation and Learning in EPS 
 

      The research work envisioned in this thesis is concerned mainly with the global 

level identified in the previous section. It aims at the possibility of learning the most 

adequate system configuration (i.e. chosen modules and coalitions as well as 

system layout) to support its evolution. 

      EPS modules are process-oriented and therefore the selection of equipment is 

accomplished by linking the process needed to the available equipment. The 

selected equipment will have to be deployed in a limited space following a 

particular system layout. This layout should be optimal to follow the intended 

products’ workflow. These three important characteristics will highly influence the 

level of performance of the system: the chosen equipment, the chosen layout and 

the product workflow. Triggered by external events (e.g. product change, process 

change, re-size of line, etc.) the system might undergo some structural changes (e.g. 

remove a module because this process is no longer needed, add a module to 

support a new process or increase volumes) which will leave room for 

improvements since the system is no longer operating in the same way it was 

designed for. Hence it is fundamental to learn from previous system’s operation so 

that the next evolution of the system can perform better.  

      In dynamic network of modules such as EPS the system needs to have the means 

by which it can synthesise its global behaviour from the combined set of its 

constituent module behaviours. It is required an evaluation model that can expose 

the system performance when the system is under different configurations. An 

important aspect to evaluate is the influence of modules on each other and their 

joint behaviour since a module can influence positively or negatively the 

performance of the other. For instance if a module making a high precise operation 

(e.g. a fine precision insertion) is located close to a module that vibrates (e.g. 

vibrating bulk feeder) then this vibration can influence negatively the second 

process and this should not be detected as a single module fault. Another example 

can be having two robots and a gripper doing a pick and place operation. If the 

robot A has better performance (e.g. speed) than robot B then when the gripper is 
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in coalition with Robot A the pick and place operation will be faster and therefore 

the quality of that coalition will be better than the coalition Robot B and gripper. 

Finally the fact that one module has slow performance (e.g. short time between 

failures) compared to other in the previous process step might generate 

bottlenecks. Hence if modules or layout can’t be modified maybe the process 

workflow can since some operations can be achieved without specific order. This 

set of examples suggests the importance of considering the emergent global 

behaviour of the system rather than simply analysing the individual module 

performance. The creation of learning models containing assembly processes/sub-

processes and their links to skills are the first step to enable learning in EPS context. 

For each assembly process/sub-process a certain number of parameters will have to 

be monitored when the related skills are executed. Furthermore there will be a 

need to group data from different modules (discriminating the particular MRAs 

involved) when a composite skill is executed. The analysis of this data and the 

associated performance will then be the driver to support decision-making 

regarding system evolutions. These factors assume a vital importance in EPS 

dynamic operation and the exploitation of learning can contribute to the 

achievement of significant improvements. 

      Recapitulating a basic premise to EPS Evaluation and Learning is the dynamicity 

present in the environment. Changes related to volumes, products, processes and 

equipment may dictate structural evolution of the system which represents good 

learning opportunities. A general approach to evaluate and learn the system 

behaviour based on the constituent modules is fundamental to support system 

evolution. The selected approach should be able to synthesize the global behaviour 

in terms of processes so that it is possible to know which processes can be carried 

there and which systems/sub-systems can be compared with each other regarding 

their performance. Despite supporting system evolution the achievement of 

successful evaluation and learning methods can provide a mechanism to enable 

forecast of new evolutions. Hence it could be possible to simulate the outcome of 

introducing a new product variant or adding a module which would provide a 

valuable support for high level decisions. 



 

72 
 

 



 

73 
 

5      Final remarks and Future Research 
 

5.1      Conclusions and Final Remarks 
 

      This thesis examined current production systems requirements which comprise 

intelligent solutions that enable quick integration, minimal re-programming and 

short setup times leading to highly adaptable, re-usable and fault-tolerant systems. 

Following these requirements modern paradigms have been introduced and 

research has been directed towards the development of systems based in 

independent reasoning modules that can be placed together forming different 

systems.  

      A general solution to this problem is presented by Evolvable Production Systems 

paradigm. EPS relies on the development of intelligent modules exhibiting self-

organization and collective behaviours to achieve global system objectives. Since 

each module has different capabilities the addition/removal of modules from a 

system represents the addition/removal of functionalities and therefore this 

represents a cut with old fashioned flexible systems. Flexibility was thought to 

enable the systems to perform a pre-defined number of operations while EPS 

targets constant evolution of the system and therefore the capabilities of the 

system can change being not statically pre-defined in system design.  

      EPS uses a Multi-Agent based approach since it represents a promising approach 

to model and implement such manufacturing systems. The main reason lays in their 

adequateness to deal with distributed responsibilities, tasks, resources and 

behaviours that exceed the sum of the individual contributions. Furthermore it 

enhances self-organization and self-configuration of modules which supports the 

modular and pluggable approach followed by EPS and enables structural evolution 

of the system avoiding reprogramming efforts. This brings a clear advantage to 

diminish integration and setup times enhancing reaction time of production and 

help tackling unpredictability.  
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      The exploitation of modularity and distributed intelligence in EPS approach 

enables high module re-usability, product and process change, quick system 

deployment and re-configuration (e.g. line re-size or add/remove modules), 

elimination of re-programing efforts and fault tolerance. On the other hand EPS 

nature hardens the achievement of constant optimal system performance since 

those are characteristics of dedicated tailored solutions. Due to its inherent 

advantages and disadvantages, EPS “market” is highly dynamic production 

environment with low volumes and high customisation. 

       Manufacturing paradigms grounded in modularity and networks of collaborative 

modules such as EPS have achieved promising results in the last decade. 

Nevertheless there are still numerous steps to walk and challenges to overcome 

before they reach the required matureness that convince the always conservative 

industry. Issues such as the human role in the system, the level of autonomy 

present in the system and the economic benefits of EPS approach still require 

investigation. These issues are very dependent on research undergoing in EPS and 

more particularly on some research gaps identified in this thesis such as the 

capability of the system to self-organize and self-learn.  

      A research challenge consisting on evaluating and learning the system behaviour 

which results from local interactions has been identified in this thesis. Due to EPS 

distributed evolving nature and proposed methodology, system evaluation and 

learning based on static systems becomes inadequate. Furthermore since the 

concept of skill is the link between processes and equipment in EPS it has 

necessarily to be considered in this framework. Hence evaluating and learning the 

influences of modules in the final system behaviour should be further investigated 

since they can support future system evolutions providing an important backbone 

to guarantee high system performance, allow more system autonomy and 

contribute to a more economical solution. 
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5.2      Discussion and Research Question 
 

      The decision of defining modules, system layouts and process workflows 

becomes even more sensitive due to the high adaptability and plug ability allowed 

in EPS systems. Since the adaptation and evolution of the system is possible the 

discovery of possible improvements by learning can introduce significant gains in 

performance. The identification of variables that can describe the performance of 

modules joint behaviour is a sensitive topic of research that will need to be 

addressed when targeting manufacturing systems based on dynamic networks of 

modules. 

      The future research associated with this licentiate thesis will be the unveiling of 

structural properties and patterns in the evolution of Evolvable Production Systems. 

The main goal of this research is the development of a model for system evaluation 

and learning that permits:  

 Identification of modules influence on each other and evaluate the 

overall system performance; 

 Identification of the most performing system for similar processes, i.e. 

modules and coalitions involved, redundancy on the system, etc. 

 Identification of the most optimized system layout configuration, i.e. 

layout that reduces the negative influences of modules on each other. 

 Identification of the most optimized process workflow given the actual 

system layout 
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Figure 26 - System Evolution and Learning in EPS 

 

In order to achieve that several steps are required: 

 Break down processes in skills and make a coherent representation of this 

information to know which skills can actually be compared.  

 Investigate which Information is important to evaluate the accomplishment 

of the process flow that is which variables are fundamental to analyse the 

system performance. 

 Make a model that helps to evaluate the performance of the system based 

on the identified variables. 

 Select which learning approach is suitable for this problem. 

      This research aspiration is not the achievement of single module learning neither 

to achieve real-time adaptation. The aim is instead the exploitation of long term 

system learning to assist system evolution and system designers in their complex 

task. Long term historical learning can give a valuable input for system designers 
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and integrators in configuration planning activities. Manufacturing systems based 

on dynamic networks of modules exhibit complex collective behaviour that grows 

with the introduction of more components (scalability leads to more interactions) 

and also more types of interactions (change of granularity in skills or introduction of 

new modules with new skills). A basic premise behind this work is that complex 

collective behaviour exhibited at system level will derive from the concatenation of 

several simpler behaviours and interactions from single units and the system can be 

evaluated from different granularity levels.  

The research questions that will be addressed in future research are: 

 

 

 

 

 

 

 

 

5.3      Future Research and Aimed Contributions 
 

 

      Bearing in mind the meaningfulness of System evaluation and Learning 

mentioned before it is important to discuss the implications of both in dynamic 

networked assembly systems and more particularly in the context of EPS. Once a 

suitable model for system evaluation is developed then learning can be 

investigated. The objective of learning in this research is long term learning resulting 

from data accumulated from several evolutions of a system. Due to the inherent 

Research Question 1 

How can the performance of an assembly system composed by a dynamic 

network of intelligent collaborative modules be evaluated? 

Research Question 2 

What learning approach can be used to support evolution and help selecting 

the best modules and layout configuration for an assembly system composed 

by a dynamic network of intelligent collaborative modules?  
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complexity of this research problem the research questions will have to be validated 

also via simulation since limited changes can be introduced in KTH workshop. 

      To evaluate the performance of an EPS System and learn is fundamental to 

realize how the data will be collected, represented and used. For this purpose work 

has already being carried on under the Ideas project by KTH through the 

development of a visualisation tool to monitor interactions between the agents and 

extract important data (e.g. failures, cycle times, etc.). This data can be stored in a 

database so that it can be analysed a posterior and used in the Evaluation Model.  

      The first step towards this research is the identification of the fundamental 

features that need to be extracted from the system running. These features will be 

part of the Evaluation Model and will contribute to the selection of an adequate 

learning approach. Adjacent to these activities will be the validation of the model in 

small scale (KTH workshop) and large scale (simulation). The tests in KTH workshop 

will be with collected data proving the concept in a small scale assembly cell. On the 

other hand a large scale test needs to be carried with simulation to prove the 

concept with numerous different equipment and product types. 

In sum the aimed contributions of future research will then be: 

 Identification of fundamental properties that can enable a meaningful 

evaluation of the system in EPS context 

 Develop a model that based on the identified properties give the 

performance evaluation of the system based on its constituent modules 

 Identify a suitable learning algorithm that can help improving the system 

performance 

 Validate the evaluation and learning model through tests 
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5.4      Critical Review 
 

      This licentiate thesis focused on highlighting the need for investigating a suitable 

system evaluation and learning model that can support an Evolvable Production 

System. The development of such models has to consider EPS advantages and 

limitations as well as differences to other different automation approaches. In order 

to frame the research problem a review on current production systems 

requirements and EPS basic approach and methodology has been given. 

Nevertheless this thesis couldn’t cover all EPS aspects and therefore is limited to the 

fundamental concepts related to the future work objective. Besides EPS framework 

the topics of Performance Evaluation, Learning and Multi-Agent Systems were also 

covered on this thesis since they are intrinsically connected to this research. Once 

again it is not presented a very extensive literature review giving the reader the 

basic concepts but leaving aside implementation details that can be consulted in the 

referenced literature.  

      The presented contents are intended to be comprehensive regarding current 

needs in production systems and more particularly in highly dynamic production 

environments. It is underlined that EPS is not a methodological approach to use in 

all kinds of production. Its application domains are environments where product 

changeability and low volumes are of the essence and where EPS adaptation and 

evolution mechanisms can be crucial to tackle them. Since the system has these 

capabilities its performance can be empowered by a proper evaluation and learning 

model that exploits the particular EPS approach. The application of Machine 

Learning techniques can have a crucial role in helping an EPS system reaching its 

maximum performance limit by using well established learning algorithms to infer 

knowledge from the system operation. 

      Other aspect worth mentioning regarding the EPS approach is the human 

aspects. Reading through the thesis and based on the concepts presented (e.g. 

reduced reprogramming, self-organisation, etc.) the reader might wonder what is 

the human role in an EPS system. Given the increase system autonomy it is 

envisaged that the human role will be more directed to configurations, monitoring 
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and exploitation of the produced knowledge. More particularly in the case of this 

thesis, the exploitation of learning to identify patterns in system operation and 

performance will have impact in supporting system evolution and new system 

designs (since the modules are re-used) working as an input for system designers 

and integrators.  

      Concluding the presented work aims at underlining the importance of System 

Evaluation and Learning to support EPS evolution. Future research will be directed 

to unveil properties that can endow a meaningful system evaluation and produce a 

model that can be used for evaluation and learning of an EPS system. 
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