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Abstract 

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

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

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

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

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

The application of the edge computing paradigm in manufacturing unlocks novel data-driven improvements in factories while securing data 
ownership, reducing data transmission effort and storage costs. However, diversity and complexity of manufacturing systems hamper 
identification and exploitation of the full potential of data processing near machine level. Selection and development of edge applications require 
process knowledge and insight into available data. This paper proposes a methodology to systematically assist the discovery of data-driven 
solutions in manufacturing, specifically integrating the advantages that the paradigm shift towards edge provides. To increase the usability, it is 
implemented in a framework, a custom data model merging manufacturing layer and the ICT layer is developed, a fitting user interface is designed 
and selected, and all is implemented in an augmented reality application. A case study is conducted and first experiences are discussed and 
evaluated. 
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1. Introduction 

The transformation of the manufacturing industry towards 
industry 4.0 and beyond is driven by a multitude of supporting 
evolutions centered around data [1]. The reduced costs for 
sensory equipment and computational hardware, the push 
towards the (Industrial) Internet of Things and the uprising of 
Cyber Physical Systems lead to an increasing amount of data 
that is accessible and ubiquitous. The resulting high volume of 
sensor data can be either stored for later usage (e.g., in a data 
warehouse) or directly transformed into valuable information 
[2]. Today, several cloud services exist with preconfigured 
analytics services. However, due to privacy or limited transfer 
rates, the application of cloud computing has its limits. 

Processing data at the edge of a network enables the 
execution of data processing functionalities in proximity to the 
physical inputs and outputs while overcoming significant 

drawbacks of a centralized computing approach [3]. The main 
benefits of Edge Computing (EC) are an increase in reaction 
speed due to the reduction of latency, an increase of data 
protection and sovereignty, processing of high data quantities 
without the need for quick storage and the possibility to operate 
autonomously from the cloud [4]. Each aspect extends the 
possibility of EC in manufacturing to develop novel data-
driven solutions that result in business benefits. The estimation 
of development costs of data-driven solutions and resulting 
returns, however, are still a substantial challenge [5]. 

Some frameworks support the systematic development of 
data-driven solutions by proposing a method for the selection 
of the appropriate set of analytics methods [6]. There is, 
however, a lack of systematic support for the discovery of 
implementable solutions within the overlap of the domains of 
manufacturing, data analytics extended by the edge domain as 
depicted in Fig. 1. The discovery process of beneficial 
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Some frameworks support the systematic development of 
data-driven solutions by proposing a method for the selection 
of the appropriate set of analytics methods [6]. There is, 
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implementable solutions within the overlap of the domains of 
manufacturing, data analytics extended by the edge domain as 
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selection and configuration of machine learning based analytics 
solutions. Starting with a problem specification step, assuming 
the solution proposal already exists. Schuh et al. [17] consider 
this as a matching of the problem space to the solution space 
which is ideally bigger than the problem space. For areas that 
are not well known, the available solution space is limited at 
first and extended through the discovery of, e.g., new relations, 
technologies, methods, or tools. Since the concept of EC is 
somewhat new, each discovery aids in the extension of the 
solution space. With the aid of a proper methodology, design 
guideline and interface, the extension of the solution space 
could be supported.  

As this overview underlines, there is a lack of frameworks 
aiming at the systematic discovery of data-driven solutions 
within the selected focus area. 

3. Framework for solution discovery 

The developed framework aims at accelerating the 
discovery of data-driven edge applications in manufacturing 
systems. Data-driven implies that problems can be solved using 
data generated by data sources. Throughout the following, a 
novel and beneficial edge application is referred to as a 
“solution”. The term “problem” refers to states of inefficiency 
or quality deficiency and extends to potential improvement 
measures that cannot yet be implemented. “Data source” (DS) 
describes an object that outputs data, e.g., a milling machine, a 
programmable logic controller or a sensor. Data sources can be 
nested within a hierarchy. Sensors are considered as the 
smallest entity. In the following, the term “edge potential” is 
used to signify the degree to which EC is beneficial. 

3.1. Methodology 

The proposed methodology is structured in four major 
phases, as depicted in Fig. 2. It is designed to be executed 
iteratively since new information added during each iteration 
can extend the overall solution scope. Throughout the whole 
discovery process, a collaboration between the domain experts 
is vital, and the suggested degree of involvement during each 
phase is indicated. 

 
I. Define: The first step is the scope definition phase in 

which an area of interest is preselected, e.g., a specific machine, 
a manufacturing cell or a whole manufacturing line. This 
selection depends on the stakeholder's target interest, e.g., a 
decrease of lead-time, or an improvement in quality. This step 
is necessary to deliberately reduce the amount of unnecessary 
information and adequately assess the targeted problem space. 

 
II. Investigate: This phase consists of two parallel 

workflows: Within the problem flow, all problems are 
identified and listed one by one for the specified scope (e.g., in 
an expert workshop). Using a predefined set of criteria (e.g., 
expected return of investment or prior research effort) this 
selection can be prioritized and prefiltered. The choice of 
criteria is highly dependent on the stakeholder and is therefore 
not elaborated further. In the data source flow, all available data 
sources within the scope must be identified. For each data 

source, a certain minimal amount of information must be 
provided for the first step. That includes information regarding 
the type, the location, and structure of the DS as well as the 
type and amount of the data produced by the DS. All this 
information assists the user of the methodology in discovering 
the necessary DS(s) to create a solution for the selected 
problems. In this phase, potentially missing DSs can be added. 
Ideally, the DS is described down to the level of the individual 
sensors and hence the raw data stream. 

 
III. Ideate: In the third phase, the level of focus and detail is 

increased. Instead of focusing on all problems at once, one is 
chosen, and the means to create suitable solutions are 
evaluated. Therefore, the user identifies the DSs that are the 
most relevant to the problem excluding unnecessary 
information and exploring these DSs in-depth. This 
identification process is supported by highlighting potential 
points of interest based on knowledge from other domains, 
experience, and predefined criteria (e.g., the evaluation of edge 
potential based on the data quantity and data ownership). With 
the information, the user matches the problem with the DSs that 
yield the highest possibility to provide a solution for the 
problem creating a “solution proposition”. If there are no DSs 
available that could support the solution development, DSs can 
be added (e.g. a vibration sensor needs to be retrofitted to the 
machine) or the ideation step is repeated with the next problem. 
The integration of the edge domain knowledge enables it to 
highlight DSs that cannot be processed at the cloud level and 
therefore increasing focus on the discovery of edge solutions. 

 
IV. Evaluate: In the fourth step, the proposed solution is 

evaluated by determining if the data from the selected DSs 
enables a solution for the specified problem. The data analytics 
domain is the main contributor to this last step. If the evaluation 
succeeds, a new solution is found. Otherwise, the above steps 
are repeated. Either way, the experiences gained throughout the 
discovery shall be recorded and used to extend the efficiency 
of the concept by adding additional information that can 
facilitate future solution discoveries. Once a new solution has 
been discovered, the stakeholders decide if the development 
process shall continue. The decision will depend on multiple 
criteria, e.g., cost, effort or available resources.  

Fig. 2. Proposed methodology for the discovery of data-driven solutions 
with focus on edge applications. 
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applications for data processing on the edge level naturally 
occurs in an unguided process driven by necessity. By using a 
framework highlighting the advantages of EC, the discovery of 
potential beneficial solutions can be accelerated. Such a 
framework would lead to the identification of new use cases for 
the generated data, the reduction of software development 
costs, and evolution of hardware optimized for EC.  

2. Background 

The scope of this work is indicated in Fig. 1, the intersection 
of the three domains manufacturing, data analytics, and EC 
representing the area to be supported by systematic solution 
discovery. In the following, the relevant background for data 
analytics and EC in manufacturing, as well as support for 
solution discovery are presented as they form the basis of this 
work. 

2.1. Data Analytics in Manufacturing 

Due to the availability of economically priced sensors and 
computing power, as well as projected opportunities, an 
increasing amount of data is available on the shop floor within 
factories. These vast available amounts of data drive the need 
for data analytic strategies to systematically transform these to 
economic advantages [5].  

Within the manufacturing domain, various approaches to 
data analytics are found in the literature; these can be 
categorized as descriptive, predictive and prescriptive solutions 
[2]. Applications of these approaches range from simple data 
aggregation and visualization to a highly complex combination 
of different machine learning algorithms working with highly 
diverse input data. 

In some applications, high-frequency data is needed which 
relates to the need for a high amount of data transportation and 
data processing. An example of such an application is stated in 
[7], in which the authors monitor the tool wear and surface 
quality by high-frequency CNC machine tool current signature. 
In this example, data points must be acquired and processed 
with a sampling rate of 10 kHz. Other applications utilize 
sensitive and private data. E.g., photos or user behavior data 
which relate to new challenges, as described in [8]. Examples 
for such applications are video guided systems for monitoring 
or control, as well as algorithms utilizing performance 
information of workers.  

Providers of Cloud and IoT solutions have a variety of 
applications in their portfolio, but so far there is no plug and 

play solution.  
The exemplified data analytics approaches possess different 

challenges: the processing of high-frequency data, costs for 
data preparation as well as sensitive data. These challenges can 
be addressed by utilizing decentralized computing near the data 
acquisition point. This rising paradigm is referred to as EC. 

2.2. Edge Computing in Manufacturing 

The EC paradigm was first introduced for mobile EC where 
the aim was to reduce latency for an application that required a 
direct user interaction like augmented reality [9]. At the same 
time, bandwidth limitations made it necessary to reduce the 
network traffic by preprocessing as close to the physical inputs 
and outputs as possible. As can be seen in Fig. 1, EC enables 
data analytics in domains like automotive [10] or smart 
buildings [11]. In manufacturing, the paradigm extends the 
possible solution space of data-driven applications by 
integrating legacy machinery, overcoming data volume 
limitations and security as well as privacy concerns [12]. The 
decentral character enables autonomous and quick decision 
making with low latency, supporting the transformation 
towards decentral manufacturing and making it viable for 
factory automation [13]. Instead of replacing cloud computing, 
it complements the concept of centrally available and limitless 
computational resources, enabling ubiquitous processing 
capabilities [4].  

To facilitate the development towards edge-driven factories, 
there are multiple proposed IT architectures and platforms, 
such as: FAR EDGE, EdgeX Foundry, AWS Green grass, and 
Microsoft Azure. They all provide a suitable vessel for the 
development of customized solutions. In contrast to the vast 
amount of supporting IT architectures, the field of frameworks 
to support discovery for opportunities for EC is not yet 
addressed in the literature. 

2.3. Support for Solution discovery 

There are frameworks and standardized processes available 
to support the development of knowledge discovery 
applications based on data mining and big data [14]. They are, 
however, not transferable, since the aim of the edge is not the 
processing of big data of different sources but rather the 
processing of large amounts of sensory data close to the device. 
For this smart data approach, meta information and, therefore, 
domain knowledge is crucial for the discovery of novel 
solutions. Such a discovery process can be considered as a 
creative task with the human in the center. A range of creativity 
support tools ranging from supported text generation over the 
2/3D design to application development is available [15] – All 
consisting of a concept embedded in a tool following a design 
guideline. Shneiderman et al. [16] conclude that four principles 
are needed for such tools: Enable collaboration, support 
exploratory search, provide rich history keeping, and design 
with low thresholds, high ceilings, and wide walls. 

Independent from any tool there are multiple approaches to 
systematize the creation of new solutions. One such example in 
the intersection of data analytics and manufacturing is the 
framework of Villanueva et al. [6], guiding the user through the 

Fig. 1. Focus area for the systematic solution discovery. 
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2/3D design to application development is available [15] – All 
consisting of a concept embedded in a tool following a design 
guideline. Shneiderman et al. [16] conclude that four principles 
are needed for such tools: Enable collaboration, support 
exploratory search, provide rich history keeping, and design 
with low thresholds, high ceilings, and wide walls. 

Independent from any tool there are multiple approaches to 
systematize the creation of new solutions. One such example in 
the intersection of data analytics and manufacturing is the 
framework of Villanueva et al. [6], guiding the user through the 

Fig. 1. Focus area for the systematic solution discovery. 
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3.4. Methodology implementation/ application development 

Subsequently, the key features for an application were 
derived from the framework. For phase I of the methodology, 
a selection of the scope is required. To allow this functionality, 
the user can select upon starting the application which 
machines of a production system are to be examined either 
manually or by scanning data matrix codes. When using the 
application not in the context of the real production system but 
for instance in a meeting room, virtual models of the machines 
within the scope can be augmented into the room as a 
representation. 

To support phase II of the methodology in the next step, the 
locations of sensors are augmented through the tablet screen as 
an overlay on the camera feed, see colored bubbles near “A” in 
Figure 5. Together with the individual attributes of each sensor 
shown including type, measurement value, resolution, data 
generation and further characteristics this allows the 
identification of data source within the context of individual 
machines (“B”). The goal of assessing the potential of EC is 
addressed by the visualization of generated data amount by 
each edge element with three perspectives: Data generation, 
edge quantity and ownership assessment (“C”). Green indicates 
a high potential whereas red indicates a low potential. 

During phase III of the framework, the evaluation tasks are 
supported with different charts and diagrams allowing a 

relative assessment of the available edge potential. To sharpen 
the focus, the sources can be filtered (“D”). Data flows are 
visualized showing interconnections of the different data 
sources. Furthermore, a note function is integrated (“E”) 
allowing users to post findings, questions, and suggestions as 
well as identified problems seeking a solution. These notes are 
stored in the spatial context of the production system and 
available to the respective stakeholders selected while posting 
and in the logical context of the machine if using the 
application remotely. That option can be toggled within a 
settings menu, see “F”. 

Leading to phase IV several decision support functionalities 
are implemented in the application. The users have access to an 
evaluation of the edge potential of the machine system as well 
as that of each element calculated regarding the criteria 
explained in Section 3.1. Further decision support is given by 
linking qualitative characteristics of the data to edge potentials. 
For instance, if sensitive data with disclosure requirements is 
originating at sensors, this data bears the potential to be 
processed at the edge level to maintain privacy conditions. 

4. Case study 

To evaluate the usability of the proposed methodology and 
implementation design a case study was conducted on a turning 
machine in the environment of a learning factory, see Figure 5. 
Over 20 sensors were identified that could potentially be 
accessed, and a 3D-model was created so that virtual and real 
positioning of the sensor placement can be aligned. The 
methodology described in Section 3 was executed several times 
by five different participants of the manufacturing and the data 
analytics domain.  

The ability of the application to provide transparency for 
available data sources in proximity to the hardware was 
received positively. The approach of enhancing the focus from 
a global factory or production system perspective on data to 
selected problems and edge-level data sources enabled the 
participants of the test group to generate solution proposals for 
existing specific and general problems of the examined milling 
machine, e.g., surface quality of the work pieces or high energy 
consumption.  

 
The main takeaways from the application of the 

methodology and its implementation as a MR application were: 

Fig. 4. Virtuality-reality continuum with mixed reality capabilities from [19] and target area for application. 

Fig. 5. Screenshot of tablet implementation, using iOS and ARKit. Letters 
highlighting main elements A-D. 
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The proposed methodology is designed so that it can be 
applied independently from any tool. To facilitate its 
utilization, it is integrated into a framework, see Fig. 3, further 
detailing additional components recommended for the 
discovery of potential EC applications.  

3.2. Data model 

To facilitate the integration of the methodology, a data 
model holding all necessary information for the discovery 
process is recommended. It, firstly, shall support every phase 
of the systematic approach by securing that the minimum 
amount of information for each phase is available to the user in 
a standardized manner. Secondly, it shall facilitate the 
development of custom tools that aim to integrate the 
methodology and enable its extension. 

The proposed model focuses on the synchronization and 
integration of already available definitions following the expert 
centric approach for ontology creation described by 
Hildebrandt et al. [18]. The foundation being the approach that 
DSs are modeled as holistic entities that can be nested to form 
more complex systems with a sensor node being the smallest 
possible entity. Semantic information is always attached to the 
smallest entity which bears the minimal attributes as mentioned 
in Phase II, see Section 3.1.  

Throughout all phases, it is possible to dynamically extend 
the model with information provided by other domains and 
added by the user directly. That extends the investigation 
capabilities since the user can be provided with the information 
representation he desires and therefore increases the likelihood 
for solution discovery. This extension is done by adding a tag 
to the DS that includes the origin of the information, the content 
and a short description. To facilitate access to the potentially 
high amount of information and complexity a proper interface 
needs to be chosen and designed.  

3.3. Interface Design/ mixed reality 

As MR all technologies and applications are considered that 
allow the integration and “mixing” of virtual and real objects. 
Thus, if digital and real objects are combined in one 
application, it becomes an MR application [19]. MR can be 

visualized as a continuum between reality and virtuality 
originating from Milgram and Kishino [20], see Fig. 4. Based 
on the argumentation from [19], the defining characteristics of 
AR according to Azuma [21] can also be used to define MR 
applications. Thus an MR application combines real and virtual 
content, is interactive in real time and registered in three 
dimensions. Within the continuum, both MR applications and 
technologies can be allocated according to the share of real and 
digital objects incorporated.  

MR technologies possess key capabilities enabling the 
interaction and perception of MR content. Among these 
capabilities are displaying virtual and/or real objects in relation 
to real objects, interactiveness, instructiveness, immediate and 
remote collaboration as well as the temporal scenarios and 
multi-dimensional visualizations [19]. The virtuality reality 
continuum can support the analysis, design, and 
implementation of MR applications. The potential benefits of 
MR in engineering applications are described in several studies 
and frameworks, for instance in the context of education [22]. 
The design process needs to be oriented at a structured 
procedure to ensure suitable design and implementation of the 
application. In the field of MR in industrial environments 
applicable design approaches are still scarce. Juraschek et al. 
propose a procedure for the identification of suitable 
implementation methods for tasks based on the continuum of 
MR [19]. This procedure is appropriate for the given 
circumstances as it can be executed in an early design stage, is 
device independent and offers guidance for the definition of 
implementation requirements. Thus, this approach was adopted 
for this case study and prototypical implementation of the 
framework as an exemplary application.  

As a first step of the design process, the required key 
capabilities for the desired Interface need to be identified. 
Within a design workshop the capabilities of displaying virtual 
(i.e. data) and real objects (i.e. the production system and 
machine) with a relation to real objects (i.e. machines and 
sensors) in an interactive way allowing immediate 
collaboration and a multi-dimensional visualization (i.e. time, 
data amount, content) were identified as necessary for 
implementation. That results in the target area as shown in Fig. 
4 and the decision to follow a realization as a tablet-based AR 
application as shown in.  

Fig. 3. Overview of the framework. 
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derived from the framework. For phase I of the methodology, 
a selection of the scope is required. To allow this functionality, 
the user can select upon starting the application which 
machines of a production system are to be examined either 
manually or by scanning data matrix codes. When using the 
application not in the context of the real production system but 
for instance in a meeting room, virtual models of the machines 
within the scope can be augmented into the room as a 
representation. 

To support phase II of the methodology in the next step, the 
locations of sensors are augmented through the tablet screen as 
an overlay on the camera feed, see colored bubbles near “A” in 
Figure 5. Together with the individual attributes of each sensor 
shown including type, measurement value, resolution, data 
generation and further characteristics this allows the 
identification of data source within the context of individual 
machines (“B”). The goal of assessing the potential of EC is 
addressed by the visualization of generated data amount by 
each edge element with three perspectives: Data generation, 
edge quantity and ownership assessment (“C”). Green indicates 
a high potential whereas red indicates a low potential. 

During phase III of the framework, the evaluation tasks are 
supported with different charts and diagrams allowing a 

relative assessment of the available edge potential. To sharpen 
the focus, the sources can be filtered (“D”). Data flows are 
visualized showing interconnections of the different data 
sources. Furthermore, a note function is integrated (“E”) 
allowing users to post findings, questions, and suggestions as 
well as identified problems seeking a solution. These notes are 
stored in the spatial context of the production system and 
available to the respective stakeholders selected while posting 
and in the logical context of the machine if using the 
application remotely. That option can be toggled within a 
settings menu, see “F”. 

Leading to phase IV several decision support functionalities 
are implemented in the application. The users have access to an 
evaluation of the edge potential of the machine system as well 
as that of each element calculated regarding the criteria 
explained in Section 3.1. Further decision support is given by 
linking qualitative characteristics of the data to edge potentials. 
For instance, if sensitive data with disclosure requirements is 
originating at sensors, this data bears the potential to be 
processed at the edge level to maintain privacy conditions. 

4. Case study 

To evaluate the usability of the proposed methodology and 
implementation design a case study was conducted on a turning 
machine in the environment of a learning factory, see Figure 5. 
Over 20 sensors were identified that could potentially be 
accessed, and a 3D-model was created so that virtual and real 
positioning of the sensor placement can be aligned. The 
methodology described in Section 3 was executed several times 
by five different participants of the manufacturing and the data 
analytics domain.  

The ability of the application to provide transparency for 
available data sources in proximity to the hardware was 
received positively. The approach of enhancing the focus from 
a global factory or production system perspective on data to 
selected problems and edge-level data sources enabled the 
participants of the test group to generate solution proposals for 
existing specific and general problems of the examined milling 
machine, e.g., surface quality of the work pieces or high energy 
consumption.  

 
The main takeaways from the application of the 

methodology and its implementation as a MR application were: 

Fig. 4. Virtuality-reality continuum with mixed reality capabilities from [19] and target area for application. 

Fig. 5. Screenshot of tablet implementation, using iOS and ARKit. Letters 
highlighting main elements A-D. 
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The proposed methodology is designed so that it can be 
applied independently from any tool. To facilitate its 
utilization, it is integrated into a framework, see Fig. 3, further 
detailing additional components recommended for the 
discovery of potential EC applications.  

3.2. Data model 

To facilitate the integration of the methodology, a data 
model holding all necessary information for the discovery 
process is recommended. It, firstly, shall support every phase 
of the systematic approach by securing that the minimum 
amount of information for each phase is available to the user in 
a standardized manner. Secondly, it shall facilitate the 
development of custom tools that aim to integrate the 
methodology and enable its extension. 

The proposed model focuses on the synchronization and 
integration of already available definitions following the expert 
centric approach for ontology creation described by 
Hildebrandt et al. [18]. The foundation being the approach that 
DSs are modeled as holistic entities that can be nested to form 
more complex systems with a sensor node being the smallest 
possible entity. Semantic information is always attached to the 
smallest entity which bears the minimal attributes as mentioned 
in Phase II, see Section 3.1.  

Throughout all phases, it is possible to dynamically extend 
the model with information provided by other domains and 
added by the user directly. That extends the investigation 
capabilities since the user can be provided with the information 
representation he desires and therefore increases the likelihood 
for solution discovery. This extension is done by adding a tag 
to the DS that includes the origin of the information, the content 
and a short description. To facilitate access to the potentially 
high amount of information and complexity a proper interface 
needs to be chosen and designed.  

3.3. Interface Design/ mixed reality 

As MR all technologies and applications are considered that 
allow the integration and “mixing” of virtual and real objects. 
Thus, if digital and real objects are combined in one 
application, it becomes an MR application [19]. MR can be 

visualized as a continuum between reality and virtuality 
originating from Milgram and Kishino [20], see Fig. 4. Based 
on the argumentation from [19], the defining characteristics of 
AR according to Azuma [21] can also be used to define MR 
applications. Thus an MR application combines real and virtual 
content, is interactive in real time and registered in three 
dimensions. Within the continuum, both MR applications and 
technologies can be allocated according to the share of real and 
digital objects incorporated.  

MR technologies possess key capabilities enabling the 
interaction and perception of MR content. Among these 
capabilities are displaying virtual and/or real objects in relation 
to real objects, interactiveness, instructiveness, immediate and 
remote collaboration as well as the temporal scenarios and 
multi-dimensional visualizations [19]. The virtuality reality 
continuum can support the analysis, design, and 
implementation of MR applications. The potential benefits of 
MR in engineering applications are described in several studies 
and frameworks, for instance in the context of education [22]. 
The design process needs to be oriented at a structured 
procedure to ensure suitable design and implementation of the 
application. In the field of MR in industrial environments 
applicable design approaches are still scarce. Juraschek et al. 
propose a procedure for the identification of suitable 
implementation methods for tasks based on the continuum of 
MR [19]. This procedure is appropriate for the given 
circumstances as it can be executed in an early design stage, is 
device independent and offers guidance for the definition of 
implementation requirements. Thus, this approach was adopted 
for this case study and prototypical implementation of the 
framework as an exemplary application.  

As a first step of the design process, the required key 
capabilities for the desired Interface need to be identified. 
Within a design workshop the capabilities of displaying virtual 
(i.e. data) and real objects (i.e. the production system and 
machine) with a relation to real objects (i.e. machines and 
sensors) in an interactive way allowing immediate 
collaboration and a multi-dimensional visualization (i.e. time, 
data amount, content) were identified as necessary for 
implementation. That results in the target area as shown in Fig. 
4 and the decision to follow a realization as a tablet-based AR 
application as shown in.  

Fig. 3. Overview of the framework. 
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 The methodology in combination with the application 
supports domain experts in discovering solutions in a 
reasonable amount of time 

 Visualizing the sensors at their actual spatial location is a 
crucial feature 

 Context and process knowledge are essential and 
additional information supports the solution discovery if 
displayed appropriately  

 The benefits of the edge paradigm should be emphasized 
further due to the initially low awareness 

 
The participants from the data analytics domain remarked 

that it would be beneficial to add requests for additional 
information into the application. At the same time, they 
emphasized the benefits drawn from additional meta 
information provided by the manufacturing domain and that 
recurring iterative, cross-domain utilization of the application 
can lead to the enabling further solutions based on implemented 
ones. Participants of the manufacturing domain addressed the 
need for an interactive “wish list” for further sensor upgrades. 
Members of both domains had initial problems to grasp the 
advantages of the edge principles which can be reasoned with 
the relatively recent upcoming of the technology and the 
unawareness of such boundary conditions like data ownership. 
However, the application was able to raise awareness and 
provide insights into this topic.  

5. Conclusion and Outlook 

Utilization of principles of Edge Computing (EC) bears the 
potential to improve manufacturing systems through the 
increase in reaction speed, an increase of data protection and 
sovereignty, processing of high data quantities and the 
possibility to operate autonomously from the cloud. Currently, 
there is a lack of solutions utilizing this potential as well as lack 
of dissemination of these principles on the level of the 
manufacturing domain. In the effort to improve the situation, 
an adapted framework is proposed. It supports the discovery of 
data-driven solutions through a four-phase process focusing on 
the benefits of EC. Based on an analysis of the current state of 
implementation of the edge paradigm, a Mixed Reality (MR) 
application was identified as a potential method to raise 
awareness and enhance the accessibility EC. This approach was 
tested with the design and implementation of an Augmented 
Reality application based on the MR continuum. Although the 
MR implementation as AR tablet app greatly enhances the 
applicability of the framework mainly due to the spatial 
positioning of virtual elements, other implementations are 
conceivable. The first application results are promising and 
allow further upgrading of the usability of the application. The 
proposed framework allows the acceleration of solution 
discovery in the addressed field. It can contribute towards 
raising the improvement potentials of available data in 
production systems. Additionally, the extension of the 
framework to other domains than manufacturing could be 
beneficial as would be an increase of the amount of transferable 
process knowledge.  
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