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Motivation. In the context of Industry 4.0 [1] and Internet of Things (IoT) [2],
modern manufacturing and production [3,4] lines are equipped with software
systems and sensors that constantly collect and send a high volume of data.
Knowledge Graphs (KGs) allow to represent these data in a semantically struc-
tured way and provide a convenient foundation for standardised Al and ana-
lytics solutions [5-13]. Thus, KGs opened new horizons [14] and were adapted
for a wide range of industrial applications in Bosch [15-17], Siemens [18,19],
Equinor [6] and other companies. An important industrial scenario for Bosch
where we rely on KGs is monitoring of manufacturing processes, including e.g.
analysing the quality of the manufactured products with heterogeneous data
from various formats. In particular we rely on KGs for welding quality monitor-
ing [5,9,15,20,21], where welding is performed with automated machines that
connect pieces of metal together by pressing them and passing high current elec-
tricity through them [20]. The process is remarkably data intensive and requires
efficient data infrastructure like KG databases [21-23].

Challenge. There is a number of approaches to enable (semi-) automatic con-
struction of KGs over industrial data that is typically of high complexity and
variety. These approaches typically rely on mappings from the raw data to a given
KG schema, namely a domain ontology, and that can be used to construct (in
the ETL fashion) the entities and properties of the KGs according to the ontol-
ogy. However, the existing approaches to generate KGs are not always efficient
enough and the resulting KGs are not sufficiently application and user-friendly.
This challenge arises from a trade-off between the following two principles:

— It is in general considered a good practice to create domain ontologies in
a knowledge-oriented way, namely to reflect the general domain knowledge
rather than data particularities of arbitrary datasets [24,25].

— On the other hand, to properly reflect the raw data, a data-oriented KG
schema is required. Raw data often come with diverse specificities, which
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Fig. 1. An overview of our approach of ontology reshaping enhanced KG generation.

may differ significantly from the domain ontologies, e.g., not necessarily all
classes in the latter can be mapped to attributes in the former. If a knowledge-
oriented domain ontology is directly used as the KG schema, this can cause
a series of issues, e.g., blank nodes created due to classes unmapped to the
raw data.

Ontology Reshaping Enhanced KG Generation. To address this challenge,
we propose our approach of ontology reshaping enhanced KG generation (Fig. 1).
The core idea of our approach is to “reshape” a domain ontology to its (often)
more compact data-oriented versions, and then to use the latter ones as the KG
schemata to construct KGs from relational tables. Our system consists of five
layers and several semantic modules.

Our approach consists of Machine Layer, Data Layer, KG Layer, Applica-
tion Layer and Ontology Layer. In the Machine Layer, manufacturing data are
constantly collected from running production lines of automated welding. In the
Data Layer, the raw data of various formats e.g., json, SQL, XML are trans-
formed into relational tables by the Data Transformation module. In the KG
Layer, our Welding-ML KG is generated by populating KG schemata with the
relational tables. We call our KG Welding-ML KGs because they contain infor-
mation of the welding production and ML analysis [26]. The Welding-ML KG are
used by a series of applications, e.g., ML Analysis, in the Application Layer. The
KG schemata are data-oriented ontologies transformed by the Ontology Reshap-
ing module from knowledge-oriented domain ontologies, in the Ontology Layer.

In particular, our Ontology Reshaping module [27] converts a given domain
ontology to (often) compacter ontologies that serves as the KG schema [28]. The
intuition behind it is to project the domain ontology to a labelled multi-graph,
then select subsets of nodes and edges from it, and then connect the sub-graphs
via some optimality criteria based on user heuristics, efficiency, simplicity, etc.

Evaluation at Bosch. We implement and evaluate our approach at Bosch for
welding quality monitoring and data analysis [29,30]. The evaluation was done
in the offline mode on several car manufacturing lines. These lines generated a
great number of heterogeneous data such as historic data with sensor measure-
ments, welding machine configurations, manufacturing specifications, and the
quality estimates of finished welding operations. In this work, we select a section
of the data for discussion. The selected section contains 4.315 million records.
These data account for 1000 welding operations, estimated to be related to 100
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cars. Thanks to ontology reshaping, our approach significantly increases time
efficiency, space efficiency, and results in KGs with much better simplicity, com-
pared to a baseline approach [27] without ontology reshaping: The KG generation
becomes 7 to 8 times faster; the number of entities reduced to merely 1/2 to 1/6
of the baseline, and storage space reduced to 2/3; and the number of blank nodes
are reduced to zero and queries over the KGs become shorter and simpler.

Outlook. Our approach is currently deployed in our Bosch evaluation environ-
ment, and we are considering to push it further into a more advanced and strict
evaluation phase of production that runs in real-time. To show the benefits, we
also plan to demonstrate our KG solution with more users and more use cases. In
the Application Layer, we plan to develop Query-Based Industrial Analytics. In
the future, we plan to develop formal theory of ontology reshaping, to enhance
the KG generation modules to improve the compatibility of the KG schema to
the domain ontologies; to extend the KG solution for more applications, e.g.
question answering, visualisation, statistic analysis.
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