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Sustainable Product Development
and Production with Al and
Knowledge Graphs

Knowledge graphs and Al enable rapid sustainability assessment in
product development. Knowledge graphs structure interconnected se-
mantic information, enhancing data interoperability and managing
complex relationships. Al leverages this to automate analysis and aid
decision-making. By embedding sustainability metrics, the environ-
mental impacts of choices in product development can be compared.
This article reviews knowledge graphs in sustainability assessment
and AI’s role in enhancing these capabilities. It also presents a case
study on carbon footprint analysis through knowledge graphs and Al.
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Tackling Challenges
of Sustainability Assessment

In an era where environmental sustain-
ability is not just a corporate responsibili-
ty but a global imperative, engineering
teams are under increasing pressure to
develop products that minimize environ-
mental impact without compromising per-
formance or profitability. Traditional sus-
tainability assessments often lag behind
modern product development, hindered
by fragmented data sources, complex in-
terdependencies, and time-consuming
analysis methods [1]. These challenges
underscore the need for more agile and
integrated tools that can provide rapid
and accurate insights into the environ-
mental consequences of engineering de-
cisions. Knowledge graphs have emerged

as a powerful solution to address these
complexities. By structuring information
in an interconnected format enriched
with semantic relationships, knowledge
graphs enhance data interoperability and
flexibility. They are adept at handling
complex relationships between entities,
making them ideal for modeling the mul-
tifaceted aspects of product development
and sustainability metrics. Based on the
knowledge graph foundation, AI algo-
rithms can then use these structured
data connections to infer potential out-
comes, explore ‘what-if’ scenarios, and
optimize for specific sustainability tar-
gets. Integrating sustainability assess-
ment indicators, such as equivalents of
carbon dioxide (CO,), into knowledge
graphs allows a dynamic evaluation of
environmental impacts associated with
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different materials, manufacturing pro-
cesses, and design choices through Al
-driven analyses [2]. This approach facili-
tates direct comparisons between various
product options and even between differ-
ent generations of a product as it evolves.
The result is a more transparent and in-
formed decision-making process that ac-
tively promotes the development of sus-
tainable products. This paper explores
the synergistic potential of combining
knowledge graphs with Al to improve
sustainability in engineering. We review
the current landscape of knowledge
graph technology, dis-cuss related works
in sustainability assessment, and present
a methodology for integrating Al with
knowledge graphs. An initial application
in 3D concrete printing is demonstrated,
followed by a discussion of the challenges
and future prospects of this approach.

Related Works
for Knowledge Graphs
in Sustainability Assessment

The introduction and integration of Al into
the various areas of product development
is still in its infancy [3]. One topic recently
highlighted is the structured representa-
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Figure 1. Methodology of optimizing production processes through the integration of knowledge graphs and artificial intelligence

tion of engineering data through knowl-
edge graphs [4, 5]. Knowledge graphs are
structured networks of data that represent
information through entities and their re-
lationships. Based on semantic technolo-
gies, they enable data integration and in-
teroperability across various sources. They
provide advantages such as flexibility and
scalability by being dynamically adjust-
able and expandable, and efficiency and
reusability by creating a foundation for op-
timized data access, automated analysis,
and data reuse [6].

There are mainly two types of knowl-
edge graphs [7]. Firstly, Labeled Property
Graphs, which are renowned for their effi-
cient storage, rapid traversal capabilities,
and flexibility, are characterized by edges
utilized to connect nodes that contain em-
bedded properties [8]. Secondly, Resource
Description Frameworks, known for sup-
port of formal knowledge representa-
tions, such as ontologies, which allow au-
tomatic knowledge inference, employ a
triplet structure consisting of a subject, a
predicate, and an object, which facilitates
the linking of data and its sharing [9].
Knowledge graphs can promote the topic
of assessment in different ways, such as
semantically integrating assessment data
[10, 12], organizing and connecting these
data [11], or powerfully integrating differ-
ent data sources [10]. Schweitzer et al. [4]
introduce knowledge graphs as so-called
engineering graphs. These graphs facili-
tate the connection between complex data
points across the product lifecycle, en-
abling improved decision-making and
predictive analytics within engineering
systems. The graphs help to visualize and
analyze relationships within large data-
sets, emphasizing the native abilities of
knowledge graphs. In the context of as-
sessment, these graphs leverage existing

data and include specialized databases
and open and public data from the seman-
tic web, supporting the assessment.

By incorporating Al, knowledge graphs
can facilitate automated inference of envi-
ronmental impacts, identify patterns and
correlations within complex datasets, and
support optimization of product designs
for sustainability. This Al-driven reason-
ing is especially powerful because the
graph structure provides clear semantic
links that guide inferencing and predic-
tive modeling, allow for more efficient
processing of large volumes of data, and
enhance the ability to make informed,
sustainability-focused decisions [4].

I Methodology

The methodology in Figure 1 illustrates the
process for optimizing production process-
es through the integration of knowledge
graphs and Al The process begins with
storing domain-specific knowledge in a da-
tabase. The database contains essential in-
formation on the production domain, which
can include materials, production, or envi-
ronmental factors. From this foundational
data, the system moves to semantic middle-
ware. Here, the domain data undergoes a
process known as “Semantic Uplift”, which
enriches the raw data by adding contextual
meaning and by structuring it into a knowl-
edge graph. The knowledge graph estab-
lishes connections between relevant con-
cepts and data points essential for
optimizing the production process.

Once the data is in graph form, it flows
into the AI module, where advanced anal-
ysis is conducted. The Al module is where
the main analytical processing occurs. In
our context, a causal Al module is used,
which leverages “Conditional Probability
Distributions” to interpret and analyze the
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knowledge graph. The causal Al module is
designed to understand cause-and-effect
relationships within the data, and to iden-
tify factors that influence outcomes and
enable precise recommendations. “Condi-
tional Probability Distributions” play a
critical role in this module. They allow the
Al to handle probabilistic relationships
within the data. Based on the analysis, pa-
rameter recommendations for the produc-
tion process are generated. Alongside
these recommendations, the actual CO,
values are monitored to evaluate the envi-
ronmental impact and ensure that the op-
timization aligns with sustainability goals.
The recommended parameters are then
tested in an experimental setting. This ex-
perimentation phase validates the param-
eter recommendations under real-world
conditions, ensuring that the theoretical
optimizations are practical and effective.
Finally, the experimental results and
time series data are fed back into the sys-
tem. This feedback loop enables continu-
ous improvement of both the Al module
and the knowledge graph by incorporat-
ing up-to-date production data. By build-
ing the Al on top of the knowledge graph,
the system is able to maintain con-
text-aware models that adapt to new infor-
mation, forming the basis for iterative and
sustainable process optimization. This
workflow demonstrates how domain-spe-
cific knowledge and Al can be combined to
develop more efficient and sustainable
production processes, leveraging insights
from a dynamic knowledge graph and iter-
ative feedback for ongoing enhancement.

Initial Application to the Use
Case of 3D Printing of Concrete

To apply our methodology, we developed
a simple knowledge graph for 3D con-
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Figure 2. Knowledge graph representation of the 3D concrete printing process

crete printing, as depicted in Figure 2.
The graph is structured to represent rele-
vant entities and their relationships
within the context of the 3D printing pro-
cess. A central feature of this knowledge
graph is the ability to assess the CO, im-
pact of specific production steps.

As illustrated in Figure 3, by using the
“Map CO,” function within the graph, it
is possible to click on entities that poten-
tially carry a CO, factor. This allows for
direct comparison of the names of the en-
tities with the entries of an external data-
base containing CO, emission factors. For
each entity, specific emission factors can
be found and selected to represent the ac-
tual environmental impact within the 3D
printing process more accurately. This
selection of CO, factors ensures realistic
modeling of environmental effects, allow-
ing for a differentiated assessment and
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optimization of process steps concerning
their sustainability.

Leveraging this knowledge graph
structure, the integrated causal Al then
processes the semantic relationships to
infer how specific parameters - such as
temperature, material composition, or
printing speed - affect not only product
quality but also carbon emissions. In Fig-
ure 4, the “Conditional Probability Distri-
butions” for temperature and part quality
are displayed. By selecting the desired
target quality for the printed part, we
classified different temperature ranges
and calculated the probabilities of achiev-
ing the aimed quality within each range.
Such a classification allows us to identify
those optimal temperature settings that
maximize the likelihood of producing
parts that meet the quality criteria. As
new experimental data is incorporated

Jahrg. 120 (2025) Special Issue

into the model, the “Conditional Probabil-
ity Distributions” dynamically adjust.
This means that the probability distribu-
tions of part quality and relevant tem-
perature parameters evolve based on real
observations, enabling more precise and
data-driven predictions. This iterative ap-
proach ensures continuous improvement
of the model, thereby reflecting adapta-
tions to actual production conditions in
3D printing. The result is more robust
and validates predictions of part quality
through the Al module, which aids in op-
timizing the printing process. Moreover,
by leveraging the knowledge graph, car-
bon emissions for each new configura-
tion can be calculated automatically. For
every set of process parameters - such as
temperature settings and material selec-
tions - the knowledge graph provides im-
mediate access to corresponding CO,
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Figure 3. Excerpt of the ,Map CO,“ function
within the knowledge graph, highlighting enti-
ties that potentially carry CO, emission factors

emission factors. This automatic calcula-
tion facilitates real-time assessment of
the environmental impact associated
with different production configurations.
Consequently, it enables informed deci-
sion-making that balances both the de-
sired product quality and sustainability
objectives.
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Figure 4. Conditional probability distributions illustrating the relationship between temperature

and part quality

Challenges of the Application
of the Methodology and
Possible Solutions

Despite the promising potential of using
knowledge graphs in sustainability con-
texts, several challenges must be ad-
dressed to fully realize their benefits.
One of the primary challenges is data
availability and quality. Knowledge
graphs alone cannot solve issues related
to incomplete or low-quality data [10, 12].
Data, structured in the graph, should be
kept homogenic, because heterogeneity
of semantics can lead to difficulty in con-
necting, understanding, and combing in-
formation from different sources [10-
12], or even to misinterpretation [11].
Furthermore, the creation and utilization
of knowledge graphs is usually a com-
plex, manual and resource-consuming
process [5, 14], highlighting the need of
accessible and user-friendly tools [5, 11].
More-over, the lack of full standardiza-
tion in knowledge graph methodologies
can pose challenges for data exchange
and collaboration [10]. Additionally, it
can be difficult to dynamically expand or
adapt knowledge graphs when the focus
of the analysis or the availability of new
information changes [10, 11]. Therefore,
a careful consideration of the project's
scope and collaboration requirements is
essential at the outset. Modelling and
managing comprehensive and detailed
knowledge graphs that cover all aspects
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of a product lifecycle is another chal-
lenge, mainly concerning the scalability
of the systems, and the increasing com-
plexity of knowledge graphs [10].

However, when combined with artifi-
cial intelligence, knowledge graphs can
become even more powerful tools, for ex-
ample, with automated extensions of the
graphs [5] or by integrating uncertainties
into semantic models to enable more re-
alistic assessments [12]. Additionally, de-
veloping tools capable of performing the
various tasks required to build and pub-
lish a knowledge graph [14].

I Summary

The initial application of our methodolo-
gy demonstrates the practical benefits of
integrating knowledge graphs with caus-
al Al in a real-world manufacturing con-
text. By modeling the 3D concrete print-
ing process within a knowledge graph,
we captured complex relationships be-
tween process parameters, material prop-
erties, and environmental impacts. Using
causal Al allowed us to dynamically ana-
lyze these relationships, adjusting pre-
dictions as new experimental data be-
came available. This approach improved
the accuracy of production quality pre-
dictions and facilitated automatic calcu-
lation of CO, emissions for different con-
figurations. Assessing quality and
sustainability metrics in real-time sup-
ports more holistic decision-making in
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product development. It enables engineers
to identify optimal process settings that
achieve desired quality levels while mini-
mizing environmental impact. Our case
study underscores the potential of this
methodology to be applied to other manu-
facturing processes and industries. Con-
currently addressing quality optimization
and sustainability assessment provides a
framework for effectively balancing perfor-
mance objectives with environmental
considerations. This integrated approach
can lead to more sustainable production
practices and drive innovation in product
development.
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| Abstract

Nachhaltige Produktentwicklung und Pro-
duktion mit KI und Wissensgraphen. Die
Nutzung von Wissensgraphen ermdglicht eine
schnelle Nachhaltigkeitsbewertung in der
Produktentwicklung, z. B.: kinnen durch die
Integration von CO,-Indikatoren Umweltauswir-
kungen verschiedener Entwicklungsentschei-
dungen verglichen werden. Wissensgraphen
strukturieren vernetzte, semantische Informa-
tionen und bieten Vorteile wie verbesserte
Dateninteroperabilitit und Flexibilitat. KI nutzt
diese Informationen zur Automatisierung von
Analysen und Entscheidungsunterstiitzungen.
Der Artikel beleuchtet den Stand von Wissens-
graphen und KI in diesem Bereich sowie eine
Fallstudie zur CO,-FuBabdruckanalyse.
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