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Summary

This deliverable continues previous requirement analysis that an adaptable/evolvable/autonomous
and sustainable production system may pose. In parallel to the autonomous computing definition,
various self-x modules were defined as critical to form truly autonomous production systems -i.e.,
self-configuration, self-organisation, self-diagnosis,and self-learning. Subsequently, a guidance and
common practices are presented for the implementation of Cyber-Physical production Systems in
industrial scenarios following this modular construction of autonomous systems. In summary, this
work focuses on the definition of a framework that lists sequential steps to create modular autonomy
in manufacturing -self-configuration and self-diagnosis. Therefore, main enabling technologies of self-
configuration and self-diagnosis behaviours, compliant with the concept of RAMI4.0, are defined as
well.
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Chapter 1

Introduction

The fourth industrial revolution arises as a new paradigm that promotes smart manufacturing pro-
cesses through the interconnection of diverse devices and technologies such as embedded sensors,
autonomous robots, cloud systems and so forth. The interconnection of these applications allows for
real-time collection of production data from low level devices upwards to enterprise applications, to
achieve the integration. Therefore, interoperability is a necessary requirement to synthesise software
components, business processes and application solutions through a diversified heterogeneous and
autonomous procedures, which represents a challenge due to the lack standardization.

The manufacturing sector includes different models for a different design such as computation,
communication, control, protocol, and network design. The requirements are dependent on applica-
tion aspects. In addition to that, organizations, industries, and researchers uses different languages
during the development stage. Consequently, it leads to heterogeneity in the system and hetero-
geneity of design and tools which generates challenges in terms of overall performance.

As previously argued, not only the heterogeneity of components but the nature of technologies
and communication standards used in the factory floor -or Operational technologies (OT) differs far
from the technologies commonly used in Information Technology (IT) at enterprise level. For that
purpose, the international standard ISA-95 provides a consistent terminology and consistent oper-
ations models for the development of interconnected manufacturing systems. The standard model
defines different layers with various functions provided by separate service and data interface require-
ments. It also provides detailed elements and relationships of Service-oriented architecture (SOA)
business processes modelling that enables manufacturing operations within and across production
facilities. However, this architecture emphasises on the vertical integration at high manufacturing
levels, but less on the horizontal interconnection of systems,

Not only the cross-layer connectivity is required but the semantic interoperability between com-
ponents and systems, considering all development phases of the production system. For that purpose,
the three-axes Rami 4.0 architecture [1, 2] provides a holistic overview of the IT and OT integra-
tion from various domains, covering the life cycle of production systems as well. Technical objects
-entities or assets- are represented starting from their development, production and use -including
maintenance and repair- up until their disposal, allowing a complete virtual representation.

The Cyber-Physical System (CPS) maturity model represents the information and knowledge
processing defined according to general conditions (setting basic), the generation of information
(creating transparency), processing information (creating understandings), linking information (im-
proving decision making), and self-optimising by interacting each of the components of the CPS
[3, 4]. Despite this general definition of virtual knowledge-creation processes sets initial steps for
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more intelligent capabilities, these are further defined as smart capabilities at different cognitive
levels following the five-level CPS architecture model [5]. The five-stage sequential structure aims at
the final value creation from the initial data acquisition using step-by-step guidelines for the creation
and development of intelligent manufacturing systems.

Even though this models break down complex processes into easy-to-grasp-packages, they are
still in a high level of abstraction. Thus, application specific guidelines can improve the industrial
acceptance of smart manufacturing applications.

Thus, the main contribution of this report goes towards the development of a methodology
that represents the shop-floor production life cycle, digging into deeper levels of autonomy (i.e.
self-configuration and self-diagnosis) and at the same time emphasizing standardization and inter-
operability, clue aspects of the fourth industrial revolution.
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Chapter 2

Methodology

2.1 Methodology description and research questions

The lack of understanding, guidance and common practices represent a critical road-block for the
implementation and application of Cyber-Physical production systems (CPPS) in industrial sce-
narios. Several research efforts have pushed application specific concepts and ideas in this regard.
However, there is still the need of creating common frameworks, specifying flows of information and
technologies for its development.

In an attempt to fill this gap and trying to smooth the transition towards smart manufacturing,
we propose two research questions that will guide hereafter the discussion and analysis of the report.
Those are based on a preliminary collection of state of the art works based on Self-configuration
and Self-diagnosis of smart manufacturing applications. Such self-x behaviours are chosen as they
represent in our opinion a vast amount of interdependent applications. Guiding research questions
are:

• RQ1: What sequential steps are required to fulfill self-x behaviours (self-diagnosis and self-
configuration) in the context of smart manufacturing, being also compliant with the concept of
autonomous computing (Monitor-Analyze-Plan-Execute over a Knowledge (MAPE-K) loop)?

• RQ2: What technologies and industrial standards should be considered for application specific
self-x behaviours (self-diagnosis and self-configuration) in the context of smart manufacturing
and compliant with the concept of Reference Architectural Model Industrie 4.0 (Rami 4.0)?

The Monitor-Analyze-Plan-Execute over a Knowledge (MAPE-K) and Reference Architectural
Model Industrie 4.0 (Rami 4.0) frameworks are chosen as a baseline to start this formalization
process. Special emphasis is made into covering some of the gaps that state of the art works have
not covered in their implementation. Fig. 2.1 represent a sketch of the methodology followed.
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Figure 2.1: Methodology
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Chapter 3

Background and Related work

3.1 5C-CPPS

J. Lee et al. [5] proposed a 5-level architecture 3.1 as a guideline for implementing CPS based
manufacturing systems. The architecture is composed of five layers, as shown in Fig. 3.1

Figure 3.1: 5C-CPS architecture, from [ref]

• Smart Connection Level: This level proposes a tether free and seamless communication
method for data acquisition. However, the data, the type of data and the sensor network must
first be defined, to achieve an effective data acquisition.

• Data-to-information Conversion Level: This layer converts data to information to infer
knowledge. It is mostly used for self-awareness such as health status management and prognosis
of assets.
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• Cyber Level: The cyber layer gathers all the data retrieved from the lower levels. Specific
data analytics and self-comparison techniques can be applied to retrieve further knowledge
about the performance of the assets.

• Cognition Level: This level transfers knowledge to the expert users for decision making and
process optimisation. This requires data visualisation, integrated simulation and synthesis
based on the knowledge gained previously.

• Configuration Level: The top level supervises the control of the assets, by configuring, ad-
justing and adapting them when necessary. This requires self-configuration and self-adaptation
skills, so the system is able to react on the fly.

3.2 RAMI 4.0

Reference Architectural Model Industrie 4.0 (Rami 4.0) is a tri-dimensional model that describes
how to face industry 4.0 in a systematic way. It ensures that all participants can communicate and
understand to each other during the manufacturing life cycle[6]. See Fig. 3.2 to have a description
of the tri-dimensional model. Specific benefits of Rami 4.0 are:

• It is a service oriented architecture.

• It includes IT elements during the whole manufacturing life cycle.

• Complex processes are reduced into specific layers that can include data privacy and security.

Three main dimensions of Rami 4.0 are: (1) The interoperability layer, (2) The industrie 4.0 plane
and (3) The life cycle and value stream [6, 7]. In this report we are interested in the description in
Rami 4.0 as a hierarchy of 6 layer (see Figure 3.3):

• Business Layer: Represents the business view on the information exchange related to the
industrial processes. It can map regulatory and economic market structures. It can support
the decisions of business executives in the decision making.

• Function Layer: Describes functions and services including their relation from an architec-
tural point of view. Functions are independent from the physical assets (use case functionality).

• Information Layer: This layer describes the type of information to be used and exchanged
between functions and services. It has information of the objects and their data models. They
represent the semantic needed for functions and services to achieve communication exchange.

• Communication Layer: Description of protocols and mechanisms to achieve interoperability
between the components in a specific use case, as well as function, and related information.

• Integration Layer: Provide all physical assets to create events in the form of asset ad-
ministration shells. Also provides integration of network components like routers, switches,
QR-codes, etc.

• Asset Layer: Includes systems, actors, applications as well as documents and people.

This project has received funding from the European Union’s
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Figure 3.2: RAMI 4.0 model, from [6]

Figure 3.3: Interoperability dimension of Rami 4.0, from [6]
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3.3 MAPE-K loop in autonomous computing

The Monitor-Analyze-Plan-Execute over a Knowledge (MAPE-K) loop is designed to manage the
adaption of autonomic systems [8, 9, 10]. These autonomic systems are computing systems that
can manage themselves in accordance with high-level objectives from humans [11]. Fig. 3.4 shows a
high-level model of an autonomic system whose a managed system is extended with a feedback loop
composed of MAPE-K components.

Figure 3.4: MAPE-K loop, from [12]

An autonomic system consists of a managed element and an autonomic manager with a feedback
control loop at its core [12]. The autonomic manager, also called as a controller, is composed of
two manageability interfaces: sensors and effectors; the MAPE-K engine consisting of a monitor,
an analyzer, a planner, and an executor with a common knowledge base. The Monitor acquires
information from managed resources and detects changing conditions that trigger adaptions. This is
enabled by captured data with contextual information through the accumulated sensors, resulting in
relevant events stored in the Knowledge base for future reference. The Analyze component senses the
Knowledge base to define the requirements for adaptation of the managed autonomic system with
respect to the system goals. If adaption requirements are triggered, the Plan component makes up a
plan consisting of adaptation actions in the managed process through its effectors. These adaption
actions are executed by the Execute component adapting the managed autonomic system as needed
[8, 12].

The autonomic system is formed by the control loop and can be connected with other autonomic
systems (e.g., self-configuration, self-diagnosis). This means that multiple MAPE-K loops can be
deployed in the managed systems and the the MAPE-K loops’ components can be decentralized to
maintain a large, complex structure [10].
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3.4 Smart manufacturing applications

Smart manufacturing covers a broad scope of applications in the field of production engineering that
tries to integrate new technological enablers i.e. cloud computing, collaborative robotics, internet
of things [13] with current production requirements i.e. high individualization of products or short
time to market. These new requirements entail new business models i.e. engineer to order and
compel companies and shop floors to have higher levels of autonomy (autonomous manufacturing
automation). In this context self-x behaviours [14] are driving such research endeavour and can be
considered a starting point for novel research and development in smart manufacturing applications.

3.4.1 Self-configuration

Definitions: There is a large body of existing work in manufacturing systems that can be quickly
adapted to changing requirements, known as flexible, agile or re-configurable manufacturing systems.
In section 3.1, the 5-level architecture of CPS was presented, the top-level represents the configu-
ration aspect that deals with developing systems where each machine has the capability to decide
its own parameters and operations to achieve a self-configuration [15]. However, the definition and
scope of self-configuration is still not well established.

Self-configuration (sometimes referred as reconfiguration) and adaptive coordination (sometimes
referred to as adaptation) refers to the spectrum of changes that a system makes to itself in re-
sponse to occurrences in its environment and internally [16]. For [15], self-configuration is is the
ability of system to change its configuration (i.e., the connection between different system mod-
ules, parameters, and calibration) in order to improve or restore system functionality in response to
actions”. In [17], the author highlights the connection aspect, by stating that “Self-configuration
refers to the capability of automatically identifying manufacturing things and connecting them into
a feasible manufacturing line.” By contrast, [18] refers to the capabilities of manufacturing nodes by
stating that “self-configuration is defined as the preparation required to realize the core technical
functionalities of a smart manufacturing technology. This involves the generation of inputs required
by the corresponding engineering application without user intervention.” Likewise [19], stated that
manufacturing systems should have a set of available skill capabilities used to configure an assembly
system by comparing a set of process/skill requirements to the available skills. Hence, this match
process would support the real-time resource (skill) allocation. This makes it evident that a process
model will need to include a skill and requirement concepts.

Another significant aspect is the association in the literature of ‘self-configuration’ with ‘plug-and-
produce’ concept, which purpose is to quickly enable (dis)connect components of a manufacturing
system with little or no reprogramming and reconfiguration of the remaining system. Since the
domain of manufacturing equipment is large, complex, and lacks interface standardization, modular
hardware architecture is often introduced to encapsulate components as modules with well-defined
interfaces [20]. Similarly, [17] also emphasizes the importance of standard hardware and software
interfaces, so manufacturing networks can be dynamically re-established via adding or deleting a
manufacturing thing (or node) or re-configuring the links (or edge) between connected manufactur-
ing nodes. Generally, self-configuration can be observed within smart factories that have been set
up in accordance with standards such as ISA-95, Automation Markup Language (AML), and Open
Platform Communications United Architecture (OPC UA) [18].

Although differences of opinion still exist, there appears to be some agreement that ‘self-configuration’

This project has received funding from the European Union’s
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refers to the identification of the availability of resources and connectivity of several modules ac-
cording to their skills and capabilities to fulfil a set of requirements. As for the benefits, the ability
of self-configuration will allow increasing the use of CPS and in the end, represents an improvement
in productivity and cost-reduction [21].

Relevant state of the art:
A large amount of research has been carried out in the field of self-configuration of manufacturing

systems. Products with different requirements need different robot and machine configurations;
thus, it is a key trend to generate adaptable production systems. [15] Presents a framework for
manufacturing self-configuration. It is focused on machine parameter reconfiguration for testing
equipment. Once a new part is introduced for testing, various agents interact: querying, executing,
analyzing and comparing machine settings from a cloud base pipeline. In [22] authors present the
concept of skill self-configuration in the context of Evolvable assembly systems. The process starts
with specifications of the workflow of the product, the dynamic assignment of skills to an agent
requirement, finally the process configuration is carried out by the deployment of composite skills.
Sanderson et al [21] present a function behaviour structure methodology for adaptable production
systems. It is complemented by an ontological model to support the adaptability and configuration
of the production system. Ontologies for self-configuration have been also used with multi-agent
modelling to support semantics and cloud based decision for supervisory control as shown in [23].
In [24], the self-configuration of a plug and produce system is proposed based on a service oriented
workflow manager.

For adaptive manufacturing control, three ”self-x” functions perform collectively to achieve op-
timal manufacturing operations and system performance. Being self-configuration one of the capa-
bilities. In [17] and [25] a reconfiguration management module is introduced as an enhancement for
CPPS to address the need to identify the demand and plan for reconfiguration. The demand for
reconfiguration is triggered for changing requirements that affect the target production, alternative
configurations are generated at machine level and system level as well as the optimization of produc-
tion parameters. Finally, the new configurations are evaluated to select a new configuration. The
implemented reconfiguration management relies on a two-stage genetic algorithm for the generation
of configurations. [26] designed an analytical target cascade method for configuring manufacturing
resources. These algorithms can set up manufacturing items in a suitable manufacturing route based
on pre-established rules. However, they cannot self-learn and deal with uncertain manufacturing en-
vironments. Using a multi-agent based approach, [27] proposed a plug and produce architecture for
configuration and reconfiguration of assembly systems, the methodology is based on a fitness func-
tion to select the fittest capability among a set of capabilities that can accomplish a given task, so
in that way allocate tasks to resources. On the other hand, [18] proposed a digital twin autonomous
framework for self-configuration, using Asset Administration Shell (AAS) as a digital representa-
tion of manufacturing assets and capabilities. The framework has a component manager capable
of generate a service composition among heteregoneous components using SOA. Product and plant
requirements are represented using the standard AML.

[28] approaches the concept of Plug & Produce (PnP) by dividing the runtime process in three
phases: i) the first (Plug) phase includes the connection of components; ii) the second phase (Plan)
describes an iterative strategy for integration, localization of components and computation of robot
motions and collision-free paths; and iii) the final phase (produce) executes automatically the pro-
gram without human presence. The interaction of human operators is mainly studied in the second
phase. This approach uses the ability of the system to manage the representation (self-description)
of the components (model of the structure, functional role and geometrical information) as input for
the planification phase. [29] presents i) a unified abstraction to describe the skills and requirements,
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ii) generation of resource-specific action in formal execution considering the high-level descriptions,
and iii) the runtime orchestration by exposing the actions as services. The Smart Manufacturing &
reconfigurable Technologies (SMART) demonstrator [30] is a complete integrated environment. The
agent control layer allows the workstation to be dynamically added, removed and controlled at run-
time with minimal human intervention, based on a DDS communication specification where agents
subscribe and publish to inform on relevant topics. The Instantly Deployable Evolvable Assembly
System (IDEAS) [19] aims at proving that agent production devices with fine granularity enables
a highly responsive and adaptable reconfigurable production system. The first self-reconfiguring
system is based on mechatronic agent (MA) with standardised interfaces and build-in control capa-
bilities which allow quickly connections and dynamic configuration. The idea extends from physical
equipment modularity to functional capabilities needed to execute assembly processes. [31] stresses
the importance of the representation that an automation agent has about itself in the same symbolic
way as its environment; i.e. a symbolic representation containing the relationships of this agent with
other entities as well as with its environment. In this sense, its own word model contains a represen-
tation of itself (model reflective). This is different from a pure software (SW)-centric approach since
this approach includes a hardware (HW) “embodiment” in the form of a mechatronic component,
similarly to the one presented in the IDEAS project.

Current work contribution: Previous literature suggests that self-configuration int the context
of adaptable manufacturing systems is still an open research gap, specially in the context of CPPS,
where the plethora of emerging technologies can support new methodologies for self-configuration.
In particular, the generalization of this adaptive behaviour to various contexts seems to be still a
major issue. Other factors and implications for future research to consider are:

• Automatic software configuration, and management of internal configurations of machines.

• Lack of generalization of approaches for a whole family of products.

• Knowledge based approaches to support the self-configuration process based on experience.

• The standardised representation of this knowledge.

• Further analysis of the human implications in a self-configuration process.

• The development of different assessment methodologies for the evaluation and characterization
of reconfigurable systems. These tools might help monitoring performances to face unpre-
dictable behaviours and to point into future research lines.

3.4.2 Self-diagnosis

Definitions: In general terms, Self-diagnosis is the characteristics of diagnosing, or identifying,
conditions in oneself [32] . In manufacturing oriented, the Self-diagnosis characteristics of a system
means the ability of a system to identify and solve the error by using data of manufacturing systems
to give useful feedback, allowing smart decisions for efficient productivity, and maintainability. In
conclusion and simple words self-diagnosis characteristics means the ability of a manufacturing
system to detect and analyse an error or malfunction within itself. General objectives of such an
approach are identifications of the anomalies, breakdowns, and fault causes in the systems [33].
Benefits of Self-diagnosis characteristics in manufacturing are as,

• Reducing accidental maintenance,

• Managing the difficulty in the manufacturing’s.

This project has received funding from the European Union’s
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• Efficient process and product quality

• Avoiding the failures in the operations and High production capacity

• Providing decision support [34]

Relevant state of the art: In the last decade, many researchers worked on diagnosis field. They
proposed different methods like reasoning model, fuzzy logic, and neural networks. For example,
[35] used symptom-based and functional-based reasoning modeled by agents. [36] focused on deep
learning algorithms for self-diagnosing the total risk of autonomous vehicles. [37] combined statis-
tical methods with domain-knowledge to extract features from sensor data, and applied supervised
machine learning algorithms for predictive maintenance. Supervised learning however relies on clas-
sification of data based on previous knowledge. Thus, [38] proposed a semi-supervised deep learning
approach to train the model for fault diagnosis.

Conventional diagnostic methods have aimed to model the subsystems with little integration.
J.Lee et al. designed watchdog agent, that accumulate information’s from sensor to identify the
process failures [39]. Similarly, R. Yu et al. proposed POMAES (problem oriented multi agent
based e service system) for the collaborative maintenance [40]. Furthermore, J.Göhringer designed
the internet based diagnosis in the assembly systems which is also capable of remote monitoring
[41]. To solve the issues in identify errors and defects in manufacturing systems different approach
found which is listed below. In the another study [42], reported the combined combining HMM
(Hidden Markov model) and Principal Component Analysis (PCA) for defect diagnosis. Principal
Component Analysis was applied to for feature extraction, whereas Hidden Markov model was used
to differentiate different process operating parameters. In [43], proposed multiple agent diagnostic
method to detect and remove errors in manufacturing systems. This method designed to endeav-
our the imitate human behaviour using multiple fuzzy intelligent agents that check the issues from
different views. This multiple agent diagnostic system was installed in CIM (computer integrated
manufacturing) which includes of two conveyor which are used to transfer pallets, robots, and sta-
tions to simulate system. The work from MAGIC EU project [44], in which author proposed the
diagnostics tools that used signal and casual based diagnostic agents. The signal-based diagnostic
agent to execute classical signal based identification, whereas causal based diagnostic agent to em-
ulate the man behaviour. Similarly, another study reported the multi agent system to achieve in
diagnostic features in the power field with the help of PEDA (Protection Engineering Diagnostic
Agents) system [45]. European project I-RAMP3 (Intelligent Network Devices for fast Ramp up)
worked in the direction to change manufacturing system into an agent similar system with the help
of NETwork Enabled-Device (NETDEV) and sensor information to achieve self-diagnosable charac-
teristics, monitoring, and control in the systems [46]. However, there is still some major challenges
to achieve self-diagnostics characteristics, which includes capturing the domain knowledge, control
error propagation, efficient models for data processing, planning and execution task [47].

Recent studies also focuses on self-diagnotic capabilities that are integrated to intelligent agents,
which is enabled by data-driven techniques. Specifically, [48] portrayed intelligent systems (e.g.,
software agents or mobile robots) that interact with their environment and may suffer from undesired
environmental changes, faulty perception, or internal faults. These intelligent systems are required
to be embedded with the self-diagnotic capabilities to help them detect different situations and
react in a smart way. The authors made the use of a declarative programming paradigm (ASP)
based on the logic programs and their answer sets to build a strong-fault models integrated to the
intelligent systems. To build the environment for self-diagnosis, [49] presented architectural instance
for industrial-analytics Big Data for the use case of fault diagnosis. This architecture begins with the
manufacturing resources data captured from heterogeneous source stream. The data go through the
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process of data characteristics extraction, which is processed by procumpute views: OLAP model and
data mining techniques, and learning model with Naive Bayes algorithm. Instead of proposing the
architecture development of self-diagnosis, [50] presented an overview of mature fault identification
and diagnosis techniques in a wide range of literature review. The authors found that the wide
use of Model-Based and alternative Data-Driven AI techniques across the aerospace, automotive
and industrial control domains reflects the complexity of the current industrial CPS application
space. In line with [50], [51] proposed a framework for the fault diagnosis knowledge-base based on
semi-supervised multi-spatial manifold clustering method to achieve the automatic evolution of the
knowledge-base for the diversity of faults. To enhance the reliability and accuracy of self-diagnosis
in manufacturing systems, [52] addressed the problem related to the lack of accuracy or fluctuation
of data, affecting the correct classification rate of faults. The authors presented a new hybrid fault
diagnosis approach that combines learning algorithm and knowledge base (Fuzzy rules) to handle
ambiguous and even erroneous information.

Self-diagnosis mainly relies on sensor and manufacturing data to detect or predict malfunctions.
Hence, [53] focused on self-aware sensor networks capable of self-diagnosing and self-configuring
in case of breakdown. They proposed an agent-like system for collaborative communication and
self-aware capabilities based on sensor nodes. Similarly, [50] showed a use case that enables the
self-diagnosis with the system of sensors and actuators where the sensors detect the environment
(e.g, walls or other nearby obstacles) and actuators (e.g., movement arm controlled by a motor)
carry out actions based on the commands of diagnostics system. Therefore, they must be integrated
in a self-diagnosis system to enable the intelligent agents react in a smart way.

Current work contribution: The previous studies indicates that self fault identification in the
manufacturing systems is still in infancy. In specific, still manufacturing system are not able to detect
and correct the fault within itself. In this study, in order to achieve self-diagnosis characteristics
the necessary sequential steps and technology are mapped according to MAPE-K and Rami 4.0
architecture layers respectively.
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Chapter 4

Results and Discussion

This section aims to provide a detailed description of both: functions and services require for self-
configuration and self-diagnosis, considering the MAPE-K and Rami 4.0 frameworks. The general-
ization of those behaviour are based on a review of relevant state of the art in the context of smart
manufacturing related applications already presented in Chapter 3 of this report.

4.1 Formalization of the self-x behaviours (MAPE-K frame-
work)

4.1.1 Self-configuration

In the context of the current report, manufacturing self-configuration is based mainly in the context
of intelligent product driven manufacturing, i.e. consideration that the product has the knowledge
of which operations need to be done [54]. From this point we divide such self-configuration process
considering the 4 stages of the MAPE-K loop, as follows:

• Knowledge: This stage may include manufacturing storing information relevant for the man-
aged system, i.e. its environment, own description and status.

General equipment description, equipment suppliers’ data, and system Integrator’s data are
useful for defining high level properties of assets [22]. Asset’s context information includes
physical event context (internal status) and social interaction context (environment status) [55],
which set a situation model [31]. At lower operational level, information about components’
functions or activities they can perform (skills), and failures that could affect their behaviours
are also stored [19, 31]. These behaviours or skills will form the basis for the monitoring and
evaluation of adaptation functions or mechanisms [21]. This information of assets is often
stored in a centralised knowledge base by semantic descriptions [29], but may limit system’s
requirements as scalability or modularity.

Manufacturing activities, process and operation information, as well as recipes [21] conforms
manufacturing planning at operational level, setting the activity models [18, 28].

A set of performance indicators, as well as an historical of fault models, are also stored in the
knowledge stage in order to evaluate the performance of the system that might trigger the
autonomous adaptation mechanism. These indicator may also be useful in helping during the
selection between different adaptation strategies.
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• Monitoring: The monitoring stage is in charge of collecting data from all managed resources
and storing it into knowledge data repositories (when required). In this context, manufacturing
resources are all the elements required in the manufacturing process, whether they are humans,
products, materials, software or machines. Raw data from devices or machines; requirements
in the form of production orders delivered by users and customers are captured and sent to
the components on the monitoring stage.

These components will be modelled with descriptive attributes to be autonomous entities, but
also interact with other components. The first component are machining resources (i.e. mo-
tors, grippers, robots) that include the run-time conditions of machines and skills [23, 19, 22];
The production component monitors new production requirements collected from customer
and users orders into the manufacturing systems. Lastly, transport entities monitor the re-
quirements for transportation from the current location to destination units (i.e. conveyors,
Automated Guided Vehicle (AGV) etc.).

• Analyzing: In the analyzing stage, information collected from the previous phase is analyzed
to detect if changes or adaptations are needed [10]. The information collected from produc-
tion component, allows analyzing if production requirements have changed and require a new
adaptation. Then, by analyzing the data from machining components it is possible to an-
alyze the feasibility of adaptation. For this, the production requirements are analyzed and
validated against machining skills and recipe files of production processes kept into knowledge
repositories [21]. Furthermore, the information of machining components allows analyzing per-
formance requirements to achieve and maintain system quality. These kinds of requirements
can be analyzed in the form of KPIs related to a specific run-time condition or machine skill
[21, 29].

• Planning: The planing phase in the MAPE-K model describes the actions needed to self-
configure a system. Planning activities to recover the manufacturing system from an undesired
state, identifying the necessary steps, creation of the plan and a launching a signal that triggers
the execution of the plan (in this case for self-configuration).

The planing phase stars by localizing physically and logically the modules necessary to perform
a manufacturing operation e.g location, availability, network infrastructure.

Depending on its availability and physical localization, these components can be grouped
considering the required action e.g. gripper + axis can form a robotic arm. Also, a Robot
on top of an AGV can form a mobile resource for intralogistics operations. The grouping is
necessary to understand which manufacturing modules will be used and how they will the
interact with each other.

Considering additional production requirements, different task can be prioritized. This is
useful to optimize the time of operations or optimize energy consumption. At the same time
and considering additional production requirements, different task can be prioritize. In case
of more than one resource/set of resources available, a balancing work load distribution is also
possible. From this criteria, a workflow of operations can be generated (i.e. sequence). Those
usually describe sequence of steps to manufacture a product.

The last part of the planning phase should consider the generation of skills/services to be
carried out by each resource. Some resources may have functionalities which result of a com-
position of various skills/services e.g. a pick and place operation.

• Executing: This phase executes the self-configuration actions of the plans that have been
generated, adding resources or releasing necessary behaviours.
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The self-configuration actions are dependent on the level of flexibility or automation that a
manufacturing process have. Thus, the execution can be totally self-managed or may need
manual assistance. For example, in plug and produce systems even if the software can be
manually updated, pluggable modules should be still manually placed. Certain shop floors
with high level of flexibility can use AGVs or cranes for material/tool handing and routing.

The execution stage under the scope of self-configuration in manufacturing is in charge of
executing agent behaviours in manufacturing resources or providing the necessary services
required in commercial boards and low level control devices.

Fig. 4.1 presents a first sketch of a conceptual framework of the self-configuring behaviour using
the MAPE-K model as well as main components and its interaction.

Figure 4.1: Conceptual framework for self-configuring behaviour using the MAPE-K model
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4.1.2 Self-diagnosis

In this section, the sequential steps are mentioned to achieve Self-diagnosis characteristics in manu-
facturing line on the basis MAPE-K loop, which are divided in knowledge, monitor, analyze, plan,
and execution step.

• Knowledge: The fundamental functions of self-diagnosis is detect and monitor abnormality
during all operational stages of an agent [56, 53]. This is realized by the collected operational
data [57, 50, 48]: environment characteristics, episodic experiences, risk information, policies
for other components in the MAPE-K loop, models for fault detection and correction, data
input variables and fault diagnosis. The data enable the agent to make the autonomous
adjustment of policies and symptoms to react the environment and operational changes [58, 56].
The models for these autonomous adjustments are also diverse, such as combined learning
algorithm and knowledge base (neuro-fuzzy approach and probabilistic model) [52].

• Monitoring: The responsibility of the monitor stage is to collect online/inline raw data from
sensors. The raw data includes, data collected from monitoring equipment (machines and
devices from manufacturing system), which describes the input from the environment (camera
and wheel encoder) [49], attribute, knowledge element, state change, operating procedure, and
feedback [51]. After the data collection, the data pre-processing involves a data filtration and
data normalisation. The assumptions used in data pre-processing are retrieved based on the
knowledge sections historical data. After the pre-processing of data, necessary sensor data are
transferred to the analyse stage [59].

In summary, the monitor section includes the substeps: collection of data, data pre-processing
(filtration and data normalisation) and updates knowledge section, and transfer important
data to analysis section for fault identification.

• Analyzing: The pre-processed data received from the monitor section are analysed in the anal-
ysis section in order to identification of the faults and anomaly [53]. Based on depending types
of data and topology of the sensor networks, different types of fault classification algorithms
and models can be used in this phase. At the identification stage, the sensor current data
symptoms can be compared with value forecasted by fault model [60]. The fault model is
stored in the knowledge repositories and based on the historical data. In this way, fault can be
isolated by examining the data and then fault can be classified with the help of the knowledge
base [60, 52, 61].

After identification of faults, the analyse section transfers the fault data to the knowledge
components and fault correction requests to the plan section for preparing the recovery plan.

• Planning: The planning phase is responsible of making some adaptation plans based on pre-
viously identified failure data. There is some overlap with Analysis phase as planning might
also involve some further fault assessment to locate the root cause of the failure, or do some
diagnosis analysis. For example, [36] diagnoses the risk of the vehicle condition to foresee the
risk implied when driving autonomous vehicles.

As outcome of the diagnosis and fault analysis, some policies are set to make necessary ad-
justments on the plan [56]. These policies are also stored on the Knowledge databases for
continuous feedback.

The planning process then makes process or system recovery plans according to the policies,
knowledge databases and diagnosis results [56, 48, 57]. Other contingency actions might be
less disruptive and propose a set of adoption sequences [58, 49] for later execution.
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• Executing: This step executes the previously generated contingency and system recovery plans.
Some of the contingency actions directly have impact on the software itself, which might imply
the termination of an existing task [53]. In other cases, fault rectification and correction is
applied directly on the actuators in the field [49, 50].

Execution sometimes might require some human intervention. Hence, execution results and
failures are reported to the operator for better decision making or monitoring purposes [51].
Fault execution results are also reported back to increase the knowledge base [37, 59].

Figure 4.2: Conceptual framework for self-diagnosing behaviour using the MAPE-K model

Fig. 4.2 presents a first sketch of a conceptual framework of the self-diagnosis behaviour using
the MAPE-K model as well as main components and its interactions.
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4.2 Technologies and standards required/ Mapping with RAMI
4.0

4.2.1 Self-configuration

A smart self-configuring system represented in the layers of the Rami 4.0 framework consists of
building a generic set of concepts for the interconnection or most of the function of a self-configuring
system. From the high level (business layer to the shop-floor). Below a generic description of the
building blocks are described.

• Asset layer layer: In the asset layer, we can find the physical components that constitute
a self-configuring system i.e.: milling machines, tools, robotic systems, controllers, transport
systems, pallets, people. Description of the asset layer constitutes also main elements of the
monitoring stage of the MAPE-K loop, as shown in Fig. 4.1 i.e. production components,
machining components and transport components.

• Integration layer: By means of the integration layer, physical assets are connected to the
digital world. This layer represents a middle-ware that eases the readability and standard
at both sides (physical and digital). It has elements such as RFID, NFC, QR codes, wired
connection and gateways. The representation of physical resources as multi-agent systems
i.e. product, resources, transport or the encapsulation of the functionalities of the assets as
services. Various types of sensors such as energy meters, temperature, vibration and others
can also be used as integration of physical devices and physical variables.

• Communication layer: The communication methods through the layers are crucial to obtain
data from assets and deliver functional services necessary to fulfill business requirements. A
Service-oriented architecture (SOA) allows for system components to be reusable and inter-
operable via system interfaces. In Fig. 4.4, the communication is presented in a bidirectional
view from business layer to asset and vice versa.

Consumers communicate to the system through the use of multi-platform applications such as
web or mobile apps. These type of applications use the secured Hypertext Transfer Protocol
(HTTP) based communication protocol.

Data communication from assets to service oriented layer is supported by data transmission
protocols like OPC UA , MQTTT, MT Connect, etc [62].

• Information layer: In the information layer, the processes associated with data pre-processing,
organization and structuring through information models will be defined. The correct defi-
nition of these processes will allow the generation of functional services in the subsequent
layers. Therefore some basic processes have been included such as: data pre-processing, data
normalization, data filtering and cleaning. However, in the context of self-configuration, it
is important to define the data models for the elements of the knowledge component defined
in the MAPE-K of subsection 4.1.1 These are runtime conditions, KPIs and skills data mod-
els from machines; and product recipes data model. Here, it is important to consider some
standards that can be used to improve the interoperability among devices. For instance OPC
UA provides both communication protocol and information modelling method. The OPC UA
CNC Model is a domain-specific model that allows to represent the data from the CNC itself
and from peripheral connected devices. The MTConnect Devices Information Model provides
a hierarchical representation of equipment metadata that includes the logical and physical
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Figure 4.3: Communication Layer perspective

components and sub-components. It also allows to specify the definition of data entities that
may be reported by one or more pieces of equipment.

• Functional layer: The digitalisation of products allows the creation of smart products with
more technological features. Digitalised production machines allow quick configuration and
reconfiguration of tools (PnP) enhancing production functionalities and real time monitoring.
Both assets (products and production machines) are able to exchange information and data
in order to create a more efficient manufacturing ecosystem, supported by functionalities in
decision-making. This enables a production shaped around innovative enterprise strategies
and services, focusing on viable market demands.

• Business layer: Includes meeting market requirements of mass customisation, One-of-a-
Kind Production (OKP) or Batch Size of One (BSo1), but with sustainability as a driver
(market and sustainability pulls) for a more connected while decentralised production. The
embrace of this manufacturing objectives follows new business creation processes (sharing
and/or rental Business Models (BM) and the embrace of the PTO paradigm, establishing
innovative enterprise values and objectives which, in turn, are generally created at work centre
level.

A summary and representation of the elements of a self-configuring framework considering the
RAMI4.0 approach is shown in following Fig. 4.4

4.2.2 Self-diagnosis

This section describes a self-diagnosis system represented in the frame of Rami 4.0 architecture layers.
Each layers are described as to enables the development of self-diagnosis concepts in manufacturing
so that various components and processes in manufacturing can be interconnected including the
physical devices and cyber space tools.
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Figure 4.4: Rami 4.0 architecture layers for self-condiguration

This project has received funding from the European Union’s
Horizon 2020 research and innovation programme under the Marie Sk lodowska-Curie

grant No. 814078

26 /36



DiManD Deliverable D3.2

• Asset layer: Asset layer identifies and describes the physical distribution of all participating
real assets from shop floor. It includes physical machines, devices, sensors, actuators, robots,
conveyors, controllers, stations, documents, and human beings (operators) Fig. 4.5. This
layer recognise the products and parts in relation to monitoring requirements for machines
[63] and gives the initial idea to establish the integration in between different physical assets
for controlling of the faults.

• Integration layer: The integration layer is responsible to provide interface in between the
physical things and cyber world in order to perform the transition from physical world to the
cyber world. This layer consists of tools associated with IT, including human machine interface
Human Machine Interface (HMI), identification of materials and product with the help of
radio frequency identification Radio Frequency Identification (RFID), near field communication
Near Field Communication (NFC), QR, and barcode readers, and manage the faults from
different sensors, and actuators [64]. The different types of sensors such as position, torque,
gyro, voltage, current, temperature, vibration, charge-coupled device charge-coupled device
(CCD), complementary metal oxide semiconductor complementary metal oxide semiconductor
(CMOS), and force sensors can be used according to occurance of faults in the manufacturing.
The integration layer allows an interoperable information exchange via communication layer.

• Communication layer: The communication layer is vital to establish the communication
among the operational assets, and the top layer (i.e. functional layer, business layer) functions
and services. This includes communication protocols to make the system interoperable in both
directions. Profibus [57], Ethercat, Controller Area Network (CAN), FlexRay, Media Oriented
Systems Transport (MOST), etc. [36] are some of the transport protocols used in the field
level. Additional resources are frequently connected to the Industrial Internet of Things (IIoT)
through communication technologies such as Bluetooth, WiFi, Ethernet, 5G, etc. [57].

In regard to Internet of things (IoT) bridge, Nguyen et al. [57] developed a self healing
framework based on the ClouT platform [65], which connects the Internet of Things with
Internet of People via Internet of Service. Besides, OPC UA, Automation Markup Language
(AutomationML) and MT Connect are some of the prominent communication standards for
data exchange and interoperability across horizontal and vertical layers, as defined in [66].

• Information layer: The information layer describes the semantics and standardised data mod-
elling languages for data exchange. Formal modeling languages such as Architecture Analysis
and Design Language (AADL) [67, 68, 69], Unified Modeling Language (UML) [70, 71, 72] and
Modeling and Analysis of Real-Time and Embedded systems (MARTE) (based on UML) [73]
have been widely used for fault diagnosis during the design phases [74]. UML state machines
have not solely used during the design phase but also at runtime. M. Illarramendi et al. [75]
presented an adaptable UML approach to automatically adapt the behaviour in case of errors
or unexpected situations.

• Functional layer: In the functional layer, this allows to access the the gathered data in the
relational databases stored in the information layer. Subsequently, this functional layer is
equipped with the analytical capabilities performing advanced data processing. Specifically, it
is in charge of processing the data collected by the machines and/or intelligent agents, sensors
and environment and operational changes. Subsequently, the functional layer aggregate the
processing result of the data to build knowledge on machine and business processes and also
behavioral models for each machine and business process.
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This aggregated knowledge and built behavioral models allow for the detection and monitor-
ing abnormality (e.g., failure detection and modes) and then develop accordingly adjustment
policies and symptoms for manufacturing self-diagnosis. This function layer is implemented
on the top of Big Data solutions that execute diagnosis and abnormality or failure detection
algorithms in a computing cloud. These algorithms are diverse and context dependent, such
as: time series analysis, regression analysis.

• Business layer: In the business layer, this layer details high-level information offered by the
functional layer and differentiate them to involved stakeholders, e.g. operational details of
machines to engineers, business supporting services to machine owners to better perform their
machines and investigate their daily performance. This business layer is also in charge of visu-
alization and business dashboard. While visualization offers graphical functions for the data
collected from the machines to facilitate the detection of abnormalities, the business dashboard
provides an interface dedicated to its stakeholders (e.g., engineers who use machines), allowing
them to monitor and make decisions on the adjustment policies and symptoms.

4.3 Discussion

After a comprehensive study of the state of the art in autonomous manufacturing automation,
specially in what concerns self-configuration and self-diagnosis of manufacturing systems, it was
found that a generic framework or implementation guideline is somehow missing. Most use cases are
application specific and therefore it is not straightforward to apply them to heterogeneous contexts.
Also, emerging requirements such as interoperability, scalability, integration and digitization as part
of the fourth industrial revolution need to be considered in current and future industrial applications
to take advantages of new technologies like Internet of things, high speed of internet connectivity,
cloud computing, etc. This will clearly promote the creation of new business models i.e. plug to
order and the promotion of factors such as modularity and sustainability highly relevant considering
the sustainable development goals from the united nations.

In this context the creation of a guideline, or standardized framework is imperative, so that com-
panies and industries can easily apply best practices to achieve new levels of automation/autonomy.
Sections 4.1 and 4.2 intent to fulfill these objectives by matching main characteristics of autonomous
manufacturing automation systems with well known reference frameworks i.e. Rami 4.0, MAPE-K.
Those have considered best practices of state of the art works and some of the missing gaps to
complement and potentiate their requirements. Although specific implementation details are miss-
ing, we believe that interested practitioners can take advantages of such mappings to see various of
benefits that the implementation of CPS have.

In this regard the formalization (flow of information) for both the self-configuration and self-
diagnosis concepts can be seen in Figs. 4.1 and 4.2. Necessary function blocks are also described.
On the other hand technologies, requirements and standards required can be exemplified in Figs.
4.4 and 4.5 as well as overview of descrption of main characteristics to consider.
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Figure 4.5: Rami 4.0 architecture layers for self-diagnosis
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Chapter 5

Conclusions

In this research, a basis for the development of a generic and homogeneous approach for self-x
behaviour in smart manufacturing has been presented. It is based on a comprehensive literature
review on smart manufacturing applications, specifically in the context of self-configuration and self-
diagnosis. Those are used as the theoretical foundation to build the basic knowledge to understand
the requirements and emerging technologies. As a result, key self-x requirements have been mapped
into the well established MAPE-K and Rami 4.0 industrial compliant frameworks. We believe that
the presented approach will likely guide industrial practitioners in the development and deployment
of CPS towards truly autonomous manufacturing systems.

As future lines, we aim at developing self-contained CPS services for its adoption in industry. We
will therefore exploit the presented guidelines on an industrial demonstrator as a proof of concept,
being self-x the main enabler of autonomous manufacturing systems.
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[49] E. A. Hinojosa-Palafox, O. M. Rodŕıguez-Eĺıas, J. A. Hoyo-Montaño, J. H. Pacheco-Ramı́rez,
and J. M. Nieto-Jalil, “An Analytics Environment Architecture for Industrial Cyber-Physical
Systems Big Data Solutions,” Sensors, vol. 21, no. 13, p. 4282, jun 2021. [Online]. Available:
https://www.mdpi.com/1424-8220/21/13/4282

[50] B. Dowdeswell, R. Sinha, and S. G. MacDonell, “Finding faults: A scoping study of fault
diagnostics for Industrial Cyber–Physical Systems,” Journal of Systems and Software, vol.
168, p. 110638, oct 2020. [Online]. Available: https://linkinghub.elsevier.com/retrieve/pii/
S0164121220301114

[51] Q. Lin, Y. Zhang, S. Yang, S. Ma, T. Zhang, and Q. Xiao, “A self-learning and
self-optimizing framework for the fault diagnosis knowledge base in a workshop,” Robotics
and Computer-Integrated Manufacturing, vol. 65, p. 101975, oct 2020. [Online]. Available:
https://linkinghub.elsevier.com/retrieve/pii/S0736584519305666

This project has received funding from the European Union’s
Horizon 2020 research and innovation programme under the Marie Sk lodowska-Curie

grant No. 814078

34 /36

https://www.sciencedirect.com/science/article/pii/S0952197603000794
https://www.sciencedirect.com/science/article/pii/S0007850607620587
https://www.sciencedirect.com/science/article/pii/S0007850607620587
https://www.sciencedirect.com/science/article/pii/S1474667017365357
https://onlinelibrary.wiley.com/doi/10.1002/aisy.202000218
https://onlinelibrary.wiley.com/doi/10.1002/aisy.202000218
https://www.mdpi.com/1424-8220/21/13/4282
https://linkinghub.elsevier.com/retrieve/pii/S0164121220301114
https://linkinghub.elsevier.com/retrieve/pii/S0164121220301114
https://linkinghub.elsevier.com/retrieve/pii/S0736584519305666


DiManD Deliverable D3.2

[52] I. Djelloul, Z. Sari, and K. Latreche, “Uncertain fault diagnosis problem using
neuro-fuzzy approach and probabilistic model for manufacturing systems,” Applied
Intelligence, vol. 48, no. 9, pp. 3143–3160, sep 2018. [Online]. Available: http:
//link.springer.com/10.1007/s10489-017-1132-8

[53] R. Pinto, J. Reis, V. Sousa, R. Silva, and G. M. Gonçalves, “Self-diagnosis and automatic
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