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Abstract: In a circular factory, new products are pro-
duced reusing parts from used products, as well as newly
manufactured parts. The production system consists of
disassembly, testing as well as assembly steps. Due to the
unforeseeable conditions of the used parts, the complexity
of such a circular factory is challenging. This paper con-
tributes a concept of an ontology-based knowledge back-
bone to master the challenges of such a circular factory.
The concept addresses the representation of knowledge
especially taking into account uncertainty, how to design
queries and means to detect similarities and analogies.
Furthermore, the role of research data management with
automatized workflows as a supplier for FAIR data is
elaborated.

Keywords: Circular factory, ontology, research data man-
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1 Introduction
In the current linear economy, economical growth is inter-
twined with high resource utilization. One of the conse-
quences is that more resources are used than regenerated
naturally [1]. This economical model is built on exploita-
tion of natural resources and thus not sustainable in the
long run. For sustainable growth in the sense of social,
ecological and economical well-fare, new approaches are
required. Industrial production plays a key role in the tran-
sition to a more sustainable future [2]. One approach to
reduce resource consumption whilst maintaining economi-
cal growth is the transition to a circular economy. Reusing
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resources for several product life cycles, for example in
remanufacturing improves sustainability [3]. The ability to
produce new innovative goods building on second-life ma-
terials and components in one circular factory would lead
the way into sustainable industrial production. Besides
the manifold advantages regarding resource utilization,
such a circular economy comes at a cost. On the downside,
the complexity of such a circular system increases expo-
nentially compared to its linear counterpart. In contrast
to a linear economy with its directed and well-specified
material and information flows, a circular factory has to
deal with reversed material flows of unknown quantities
and properties at all stages of the production process. Be-
ing able to reuse these materials and components at a high
rate, to learn and understand their properties and their
influence on production processes are key success factors
for a efficient circular production. This paper introduces
approaches how to build, use and maintain knowledge in
order to successfully manage the complexity of a circular
factory.

For the remainder of the paper, the term circular
factory describes a flexible and changeable production
system where new products are produced using compo-
nents from already used products of the current or even
former product generations among newly manufactured
components. The used products, so called cores, arrive in
unknown conditions, have to be disassembled, analysed,
eventually altered and later reassembled to new products.
The products leaving the circular factory fulfill the qual-
ity standard of new products and are of the most recent
product generation.

2 Challenges
In such a circular factory the following challenges have to
be addressed regarding the process of acquiring, maintain-
ing and accessing knowledge:
1. C1 - Semantic representation of unique prod-

ucts, resources and processes with their indi-
vidual conditions and properties: Representations
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have to be semantic such that computers which en-
counter a semantic representation can draw inferences
that are somewhat comparable to the ones that a
human would draw. Each product leaving the circular
factory consists of unique subsystems, which are partly
originating from cores and have unique conditions and
characteristics. Each product and its subsystems have
to be described precisely. This includes data from the
production and testing processes but also models and
simulations.

2. C2 - Semantic representation of uncertain
knowledge: The knowledge of production processes
as well as products is uncertain. With an increased
number of observations, the knowledge evolves. This
knowledge has to be represented and the uncertainty
expressed.

3. C3 - Leverage experience and similarities: Each
product leaving the circular factory is unique in the
sense that it consists of an individual set of com-
ponents regarding their origins and degree of repro-
cessing. Nonetheless, there are similarities between
products and processes that should be identified and
used to advantage.

4. C4 - Interoperability: In a circular factory, different
specialized subsystems work together ranging from
formal models for prediction of functions to disassem-
bly and assembly as well as measurement systems.
Sharing information between these systems at dif-
ferent levels of aggregation is key for efficiency and
consistency.

5. C5 - Collecting data for research during the
production process: As each production order
makes its way through the circular factory, valuable
data is generated that has to be collected to make it
exploitable for research.

3 Approach
To respond to the challenges of a circular factory, the
following concept of an ontology-based knowledge back-
bone is proposed, see Figure 1. First, the structure of the
approach is presented, which is detailed in the subsequent
sections.

The resources of the circular factory performing disas-
sembly, manufacturing, testing, inspection and assembly
steps communicate with a manufacturing execution sys-
tem (MES). This system provides scheduling capabilities
optimizing the material flow of each order, collects data of
the resources and provides various applications for deeper

insights in the current state or on historic data. Whilst
planning and scheduling at a higher level of aggregation
has more time available for calculation, the scheduling
component of the manufacturing execution system must
react to deviations almost immediately and guarantee
feasibility of the alternative solution. One frequently cho-
sen strategy is to follow a top-down computed plan, but
once a deviation occurs, local plan healing mechanisms
are applied, giving the central planning a predefined time
span and a known state to take over again. Previous works
propose a declarative approach how to define process se-
quences without actual resource assignment. The resource
assignment is done close to real-time using decentralized
priority heuristics. The planning decisions together with
required parameters are then transferred to the resources
using Open Platform Communications Unified Architec-
ture (OPC UA) [4]. This manufacturing execution system
relies on a common knowledge representation with power-
ful possibilities to access knowledge. Additionally new data
is automatically gathered and stored using a sophisticated
research data management system.

In the described approach, ontologies are the founda-
tion of semantic knowledge representation [5]. These
are structured in core and sub ontologies. The questions
addressed are: How to describe unique products semanti-
cally? How to semantically describe diverse data ranging
from measurements, image and video data to parameter
sets each with individual degrees of uncertainty? How to
include the uncertainty appropriately? The second pillar
addresses the ways of accessing knowledge. The main
focus is how uncertainty can be expressed in queries and
how similarities and analogies can be recognized.

For the data storage, triple storages such as
GraphDB, RDFox, Amazon Neptune or Blazegraph, just
to name a few, are used to store ontology-based knowledge
graphs.

The area of research data management summa-
rizes the efforts to collect data in accordance to FAIR
principles. Workflow automation proposes a means to au-
tomatically collect data including a wide range of meta
information [6].

3.1 Knowledge representation

Building on previous research in the context of remanu-
facturing [7] core and sub-ontologies are developed. The
ontology uses products, processes and resources as top-
level entities, see Figure 2. Whilst the core ontology defines
common entities and relations, specific sub ontologies en-
large and detail the terms and relations needed for specific
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Fig. 1: Building blocks of an ontology-based knowledge backbone for circular factories.

areas of the circular factory in accordance to the core
ontology, e. g. simulations or measurements. The ontolo-
gies for circular factories extend current remanufacturing
ontologies by adding semantic representations to capture
diverse measurement and quality data, including point
clouds, image and video data as well as parameters. In
addition to the representation, algebraic operations such
as intersection and union operators have to be defined. Ex-
isting ontologies regarding multimedia data [8] and sensor
data [9] are taken into account. Multimedia data or time
series data can still be stored using dedicated and suited
database technologies. However, at least the reference to
the storage location has to be represented in the ontology.

Fig. 2: Remanufacturing ontology based on [7]

Regarding uncertainty in knowledge, three uncertainty
types are commonly discerned. Attribute-based uncertainty
stands for uncertainty regarding a value. In the context
of the circular factory all measurements include measure-
ment uncertainty which is influenced by the entire chain
of data acquisition and processing. The second relevant
source of uncertainty is tuple uncertainty which refers to

the probability of occurrence of a specific triple in a knowl-
edge graph. Lastly, the group-based uncertainty represents
statistical knowledge. In the context of the circular factory,
this type will be referred to as terminology uncertainty.

Attribute-based uncertainty can be described using
measurement uncertainty [10]. Thus, measurements are
not simply quantities but observations of a random pro-
cess which follows a known parametric distribution, e. g.
Gaussian mixture models, or non-parametric distributions
represented by histograms. In the context at hand, tuple-
based uncertainty is used to represent the relation between
parts and the whole, as it is for example unclear which
parts are included in a finished good.

The terminology-based uncertainty is very important
when it comes to uncertain knowledge. For example, it
models the uncertainty that a certain product is not only
the instance of product type A but also of product type
B. The particular challenge lies in finding a flexible repre-
sentation that supports discrete as well as continuous dis-
tributions but which remains easy to compute. This topic
is addressed in different communities, e. g. the database
research field, where each triple can be associated with a
probability [11] or the knowledge representation research
area [12]. Promising recent research shows how proba-
bilistic circuits can be used to model discrete as well as
continuous probability distributions. The low polynomial
computing time is one of the main advantages of this
approach. The first step is to represent attribute uncer-
tainty as over-parametrized probabilistic circuits. For this
task, a syntax and semantic have to be developed using
existing approaches, e. g. probabilistic RDF (Resource De-
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scription Framework) [13] to express tuple and attribute
based uncertainty.

3.2 Accessing knowledge

To query multi-modal measurements, the standard query
language SPARQL is extended in a way that semantic and
data type specific operations can be integrated seamlessly.

To request measurements taking into account at-
tribute uncertainty, the ability to design and execute com-
plex queries has to be integrated into SPARQL. Queries
needed to retrieve, for example, products that have a
probability of 95% or higher to fulfil a certain criteria
require mathematical operations on the triples in the data
store such as summation or integration of probabilistic
distributions. Statistical EL is an extension of the EL++
part of OWL that is capable of making statistical state-
ments about terms [14]. Currently, Statistical EL has a
complexity of EXPTIME which hinders a brought appli-
cation. The first step is to develop a shared syntax for
probabilistic RDF, Statistical EL and Probabilistic Con-
junctive Queries. The syntactical definition of probabilistic
conjunctive queries also defines which queries are possible
in a circular factory, e. g. map operations or conditional
queries. To improve the computational effort, the requests
on Statistical EL terminologies have to be approximated.
Statistical EL defines the relationships between terms with
intervals that represent lower and upper statistical bounds.
An alternative approach is to model the meaning of terms
as boxes in a high-dimensional euclidean space, see [15]
where the volume represents the probability.

To query for uncertain triples probabilistic circuit re-
quests have to be integrated into SPARQL. Probabilistic
Circuit requests can be modelled using a semantics based
on semi-rings [16]. At the same time, SPARQL can also
be associated to an answer semantic relying on spm semir-
ings. An interesting field of research is the approach to
use an integrated semiring semantic to transform proposi-
tional logical connections on RDF graphs in a first-order
representation.

Understanding similarities and analogies are difficult
tasks, as these relations are not expressed in an explicit
way. Early approaches project logical structures in geo-
metric spaces to encode similarity. Both, the types of links
and nodes can be encoded in such a form [17]. Further
improvements include the content of the attributes along
with the links and nodes to arrive at a more detailed
perception of similarity [18]. More recent work use Rela-
tional Graph Convolutional Networks (Relational GCN)
to encode graph structures. Then, a decoder can predict

links and nodes in that latent space [19]. As an exten-
sion of the current state of the art, the relational GCN
HeterogeneousEdgeGATEncoder [20] can be adapted to
the requirements of a circular factory. In particular, new
modules are needed to cope with the data types of a cir-
cular factory, e. g. regarding measurements. The encoded
structures are then decoded by two different decoders. One
focusing on the similarities and one predicting additional
links.

3.3 Research data management

The circular factory produces data permanently which
can be used to improve the understanding of products,
resources and processes. All this data must be stored in or
linked to ontology-based knowledge graphs. A key success
factor is to store the data according to the FAIR principles:
Data must be Findable, Accessible, Interoperable and
Reusable. The ontologies and subontologies, see 3.1 in
combination with the new ways of accessing knowledge in
a targeted and intuitive way, see 3.2, play a major role in
achieving this FAIR-principles. However, the usefulness
of data is predetermined during the collection process.
Especially meta data is important to put data in context
and to pave the way for future reuse.

To that end, a system for research data management
in a circular factory is developed based on proven research
data management systems from the context of material
science [21]. This system stores the data in ontology-based
knowledge graphs and thus works seamlessly with other
subsystems of the circular factory. This is archived by
a REST-API which can be used along the workflows of
the circular manufacturing processes. In contrast to the
manual web-based upload mechanism this enables (semi-)
automated capturing and documentation of the data prove-
nance of each data set and corresponding meta data inde-
pendent of its origin and used data formats.

The circular factory consists of manual and automa-
tized work stations. Both are important sources of infor-
mation. One key asset is workflow automation for data
collection according to the FAIR principles. In the context
of the circular factory, workflows define the conditional
sequence of required steps. In each step, data with its
associated meta data is collected and automatically stored
in the knowledge graph. First applications in a lab environ-
ment demonstrate the positive effects on data availability
and quality [22]. In the current state, workflows are based
mainly on manually defined steps. In case of manual in-
teraction, users are prompted to supply the information
which is then automatically stored in the knowledge graph,
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see figure 3. In the future, the workflows will use more
and more automatized steps to reduce the amount of user
interactions and to improve the quality of the collected
data by reducing errors due to manually transferring in-
formation between different systems and by following the
structure of the knowledge graph more closely.

In the domain of mechanics, the research data manage-
ment system has been used to speed up the development
of surrogate models, mainly by using multiple data sources
in parallel and framing the process in workflows [23]. In
the context of the circular factory, simulation and models
also play a key role and guiding this process would be a
key aspect to ensure the availability of FAIR data.

Fig. 3: A workflow sequence and its automatically generated,
corresponding user prompt [22]

4 Conclusion
Five challenges regarding building, maintaining and ac-
cessing knowledge in a circular factory have been discussed.
The presented concept consists of the three pillars rep-
resentation of knowledge, access of knowledge and
research data management system. The three build-
ing blocks enable the full extent of the understanding and
of the control of the circular factory.

The representation of knowledge is based on core
and sub ontologies. These are tailored to the needs of
the ciruclar factory and extend current approaches by
providing new ways to represent diverse measurement
data as well as uncertain knowledge in terms of attribute
uncertainty, tuple uncertainty and terminology-based un-
certainty.

To access this knowledge the well-proven language
SPARQL is extended to query multi-modal measurements,
form requests including uncertainty and even to request
uncertain terms. In the presented concept, an approach
is included how to detect similarities and analogies us-
ing Relational Graph Convolutional Networks that are

based on links, nodes as well as properties and capable of
evaluation similarities and predicting new links.

The research data management system continues the
work currently tested in lab environments and proposes
automatic workflows to collect data during the process
and store it automatically in ontology-based knowledge
graphs.

5 Outlook
Whilst this contribution is at the stage of a sound coherent
concept, future research will focus on the validation of the
building blocks.
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