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Abstract.  This study provides insights into the develop-
ment of a combined simulation and machine learning ap-
proach in the field of additive manufacturing (AM).  
The systems engineering (SE) methodology is used to de-
termine the relationship between different engineering 
objectives in the area of semantic supply chain modelling 
to validate the results of a matchmaking model for the dig-
ital AM supply platform to increase its network resilience. 
The concept is used as a basis for further implementation. 

Introduction 
The aim of this study is to present the current state of re-
search on the coupling of simulation and machine learn-
ing (ML) in the supply chain environment as part of a 
research project to create a platform-based simulation 
service.  
During the last year, several prerequisites have been elab-
orated, one of which is the possible coupling scenarios 
for simulation and ML [1]. From four cases based on VDI 
3633 Part 12:2020, the combination of simulation fol-
lowed by a ML approach was selected as the basis for 
further investigation. [2]. 

In addition, the different approaches to determining 
the resilience of a supply chain have been examined by 
Grzona et al. [3].  

 

Based on the literature review, different use cases 
were identified and the targets for the simulation studies. 
Time and cost were the most mentioned objectives for 
investigation in the literature and the use of reinforce-
ment learning and neural networks as ML's techniques of 
ML. The survey also identified the possibility of increas-
ing the ML knowledge of simulation experts. 

1 Methodology 
The research objective to be achieved is to create a con-
cept for the coupling of simulation and ML in an exem-
plary value network to assess the previously mentioned 
objectives.  

This leads to two Research Questions (RQ): 
• RQ1: What can an exemplaric value network  

look like?  
• RQ2: How can a coupling concept look like?  

An SE approach was chosen to further develop the con-
cept for the implementation of the coupling case. The SE 
approach is a well-established methodology for design-
ing systems that incorporates the principles of systems 
thinking.  

The SE process model and the methods and tools used 
in the problem-solving process support a systematic 
transfer from an actual state to a desired state.  

Understanding the elements and relationships within 
the system and their relationships to the environment and 
environmental systems is a fundamental aspect of sys-
tems thinking. [4] 
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These systematic perspectives can also be used in 

conjunction with technical systems in socio-technical 
systems, which incorporate human and societal aspects 
[5]. In addition, the entire lifecycle of a system is consid-
ered, from its development to its realisation and use [4]. 

2 Concept Development 
Ahrens [5] proposed a six phase approach for an SE cycle 
(Figure 1). As the scope of the design is determined by 
the project, a brief introduction will be given, followed 
by an explanation of the connection to the matchmaking 
process. This is followed by a description of the technical 
objectives that lead to the methods used to produce the 
overall concept in the penultimate step. 

2.1 Reasons for the design project 
The aim of the project is to develop a digital platform for 
AM to increase the resilience of value networks using ar-
tificial intelligence and ontologies.  

Since the data of the system elements - in this case 
AM resources - are based on the semantic data model, it 
is necessary to integrate these concepts into the overall 
process [6]. 

The AM process chain has five phases, each with its 
own tools, models and methodological requirements. 
Product design aims to create a digital object using Com-
puter Aided Design (CAD) software. 
 

 
Figure 1: Six phases of SE process according to Ahrens [5]. 

 

The pre-process is typically done in Computer Aided 
Planning (CAP) software to optimise the build space, 
slice the model and set the machine parameters.  

During the printing process, several measures are 
taken to monitor the build process and, if necessary, ad-
just the machine parameters on the fly to reduce the error 
rate. This is supported by Computer Aided Manufactur-
ing (CAM) software. After printing, post-processing typ-
ically involves a number of steps, including cleaning and 
separation of the support structures and verification of the 
physical product and process dimensions.  

The final stage is the finishing process, which uses a 
combination of techniques, including thermal finishing to 
harden the products, mechanical methods and quality 
control, which may be destructive or non-destructive. 
Each of these steps takes a certain amount of time [7]. 

2.2 Situation analysis 
The Simulation/ML core should be used to validate and 
support the general matchmaking process on the platform 
[8]. This is driven by the semantic data model for the ca-
pabilities of the different roles in the process chains.  

Out of the process chain, a graph is generated for the 
value network, which requires multiple combinations of 
suppliers and partners to be found using a matchmaking 
service.  

At this stage, the behaviour of the network is not eval-
uated or assessed in terms of resilience, time, price, or 
quality. These are then used to develop the models for the 
Simulation/ML.  

2.3 Formulation of goals 
The technical goals were elaborated in a continuous 
group work process. As previously mentioned, a seman-
tic database is required. For this project, a specific AM 
logistics ontology was employed, which is connected to 
the AM ontology [6].  

As the concept needed to be proven first, the focus 
was on incorporating existing simulation tools rather than 
developing new ones. Therefore, Siemens Tecnomatix 
Plant Simulation, AnyLogic, and Anylogistix were cho-
sen for their ability to interact with external software 
through interfaces. 

In addition to working with these tools, the solution 
should be capable of analysing data from multiple simu-
lation experiments. This will provide a data basis for de-
termining whether a reinforcement learning or neural net-
work approach can be used. 



Grzona et al.    Concept for Coupling Simulation and Machine Learning in Supply Chains  

SNE 35(2) – 6/2025      101 

S N 

Due to the involvement of stakeholders from various do-
mains with differing levels of expertise, the development 
of a highly comprehensive model is essential. Initially, 
the model should address time and cost, with the flexibil-
ity to adapt to additional aspects as required. 

2.4 Planning of methods 
For the problem-solving cycle, the case study method 
was selected because of the exploratory and unique na-
ture of the problem to be solved. [9]. 

The first test case was defined 
based on a product consisting of three 
different parts, manufactured by the 
three partners and delivered to one 
customer. It is important to note that 
the partners have different production 
capabilities, and that the product re-
quires a number of steps of post-pro-
cessing. These steps consist of refin-
ing the parts, assembly, quality con-
trol, packaging, and delivery to the 
customer. 

2.5 Development of the 
solution 
The concept pipeline has been devel-
oped (Figure 3) to meet the previously 
outlined requirements. To connect the 
different systems, KNIME, an open-
source and versatile data mining tool, 
is used. In parallel, it allows for the use 
of ML techniques and fulfils the node-
oriented interface design goals. 

In order to provide a precise an-
swer regarding the lead time, it is nec-
essary to consider the specific capabil-
ities of our partners, their geograph-
ical location, and the processing times. 

This can be evaluated using 
Anylogistix in the experiments. The 
various AM technologies have a con-
siderable impact.  

For instance, the powder bed fu-
sion process has different optimisation 
criteria compared to a fused deposi-
tion modelling process in terms of the 
use of building space and the number 
of parts produced in parallel [10].  

 
With regard to the cost assumption, it was necessary 

to evaluate not only the time required for printing, but 
also to consider the various resource costs in the network 
and the relationships between them [11]. This resulted in 
a partner and activity-based cost formula for each subject 
in the value network. The solution was developed by one 
currently self-defined case, which follows the assump-
tion that each partner could have multiple roles in the 
supply chain.  

 
 

Figure 2: Meta model of matchmaking model and Simulation/ML core 
 © InfAI e.V. Leipzig. 
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Figure 3: Pipeline for Simulation/ML ©Fraunhofer IWU, 

Chemnitz. 

 
This role model can be understood on the ontological 
level as domain-specific knowledge. Additionally, the 
knowledge for the specific value network is represented 
by the knowledge graph derived from the database and 
used by the simulation software.  

The results are then transferred back to the knowledge 
graph on the platform. This data will then be used to train 
the ML algorithms. 

2.6 Evaluation 
Due to the inherent characteristics of the SE process, it 
was not possible to fully evaluate the results at the system 
level; instead, the evaluation was carried out at the level 
of the system components.  

The simulation will be run using both simulation tools 
connected to the KNIME data flow model, and their re-
sults will be compared to a deterministic model of the 
value network. The results of the deterministic model 
will then be recalculated with classic spreadsheet soft-
ware to validate the gained solutions. 

3 Conclusion and Limitations 
The research questions have been addressed, and the con-
cept has been proven in part with only one case study, 
which only includes manufactured parts.  
 
 

Further evaluation is required with different and more 
complex value networks. The study provides an overview 
of a data-driven platform's overall data flow process in-
volving simulation techniques.  

Additionally, the use of slicing software such as 
Slic3r or hardware-specific tools is recommended to 
more accurately estimate the in-process time. As the data 
backend is not yet fully available, the data stream as input 
was manually added, so the amount of data is not yet suf-
ficient to run ML techniques in a meaningful way. This 
necessitates further incorporation of the knowledge 
graph stack in a proof-of-concept stage.  

This will also lead to further investigations to assess 
which type of ML technique is more suitable for the con-
nection with the simulation tools used. Due to the pro-
ject's characteristics, no difference or performance com-
parison with other approaches is made, which would pro-
vide more insight into possible performance or quality 
advantages at the decision level. 

Acknowledgments  
The project on which this report is based was funded by 
the German Federal Ministry of Economic Affairs and 
Climate Protection under the funding code MM - 
MMMKO01416521 - 0I1MK22001G. The responsibility 
for the content of this publication lies with the authors. 

Disclosure of Interests.  
The authors have no competing interests to declare that 
are relevant to the content of this article.  

Publication Remark 
This contribution is the improved version of the confer-
ence version published in 

Tagungsband Kurzbeiträge ASIM SST 2024, 
ARGESIM Report AR 46, 
ISBN ebook: 978-3-903347-64-9, 
Volume DOI 10.11128/arep.46, pp 25-28. 

References 
[1] Münnich M, Zumpe F, Grzona P. Simulation und Mas-

chinelles Lernen in Supply Chains. In Krull C, Com-
merell W, Durak U, Körner A, Pawletta T, editors. 
ASIM WS 2023 Kurzbeiträge und Abstract-Beiträge. 
ASIM STS, GMMS & EDU Workshop; 2023; Magdeburg 
Germany. Vienna: ARGESIM. pp. 15-18. doi: 
10.11128/arep.22. 

 
 



Grzona et al.    Concept for Coupling Simulation and Machine Learning in Supply Chains  

SNE 35(2) – 6/2025      103 

S N 
[2] VDI Association of German Engineers e.V.: Simulation 

of systems in materials handling, logistics and produc-
tion: Simulation and optimisation (VDI 3633 Part 12). 
Berlin: Beuth Verlag GmbH, 2020. 

[3] Grzona P, Mai TY, Zumpe F, et al. Requirements for a 
ML- and platform-based simulation service. In Berg-
mann S, Feldkamp N, Souren R, Straßburger S, editors.  
20. ASIM Fachtagung Simulation in Produktion und 
Logistik 2023. 20. ASIM Fachtagung Simulation in 
Produktion und Logistik; 2023; Ilmenau Germany. Il-
menau: Universitätsverlag Ilmenau. pp. 187-196. doi: 
10.22032/dbt.57805 

[4] Haberfellner R, Weck O de, Fricke E, et al. Systems En-
gineering. Cham: Springer International Publishing; 
2019. 458 p. 

[5] Ahrens V. Systems Engineering and Management. Wies-
baden: Springer Vieweg; 2024. 612 p. 

[6] Hartmann H. Semper-KI Ontology V.09. Accessed: Jun 
2, 2024 [Online]. Available: https://schema.semper-
ki.org/ 

[7] Lachmayer R, Ehlers T, Lippert RB. Design for Additive 
Manufacturing. Berlin: Springer Berlin Heidelberg; 
2024. 257 p. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

[8] Chen X, Thi YM, Sprigode J, et al. Partner Selection in 
Additive Manufacturing Networks. In Thürer M, Riedel 
R, von Cieminski G, Romero D, editors. Advances in 
Production Management Systems. Production Manage-
ment Systems for Volatile, Uncertain, Complex, and 
Ambiguous Environments. 43rd IFIP WG 5.7 Interna-
tional Conference, APMS 2024; 2024 Sep; Chemnitz 
Germany. Chem: Springer International Publishing. pp. 
424–438. doi: https://doi.org/10.1007/978-3-031-71629-
4_29 

[9] Yin RK. Case study research and applications. 6th Edi-
tion. Los Angeles, California: SAGE Publications; 2018. 
352 p. 

[10] Tagliaferri V, Trovalusci F, Guarino S, et al. Environ-
mental and Economic Analysis of FDM, SLS and MJF 
Additive Manufacturing Technologies. Materials. 2019; 
12(24). doi: 10.3390/ma12244161. 

[11] VDI Association of German Engineers e.V.: Activity-
based cost analysis in internal logistics (VDI 4405 Part 
1). Berlin: Beuth Verlag GmbH, 2003. 

 
 

 
 
 
 


