A Digital Twin Exemplar for Fischertechnik Production Line
Analysis, Simulation, and Optimization

Phil Péllmann
phil.poellmann@gmail.com
University of Regensburg
Regensburg, Germany

Jakob Titz
titz.jakob@gmail.com
University of Regensburg
Regensburg, Germany

ABSTRACT

While digital twin engineering for manufacturing is an interesting
topic for students and trainees, getting access to production lines
from industry is more than challenging. Educational institutions
could overcome this challenge by using Fischertechnik production
lines and their sensory information as original system for creat-
ing digital twins. This paper presents a digital twin exemplar for a
Fischertechnik-based production line, realizing analysis, simulation,
and optimization scenarios that was developed by four students
during the fourth semester of their Bachelor studies in Computer
Science and Data Science. The exemplar visualizes the recorded
MOQTT data of a Fischertechnik production line, enables the sim-
ulation of different scenarios with additionally developed virtual
sensors, e.g., running certain machines faster might cause machines
to overheat, and calculates optimizations for running machines, e.g.,
based on their throughput, or consumed energy. This and similar
exemplars enable students to learn early on about the process of
engineering digital twins, the use of different technologies, the rela-
tionship between data and its internal representation and different
forms of analyses, what-if simulations and optimizations.
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1 INTRODUCTION AND MOTIVATION

Complex production systems place high demands on related soft-
ware systems [9, 13, 32]. Production systems consist of many in-
teracting components, generate large amounts of heterogeneous
data, and evolve over their lifecycle [1, 12, 20]. At the same time,
relevant information must be available as close to real time as pos-
sible in order to monitor the status of a plant, analyze processes,
identify optimization opportunities, and predict potential failures
early on [2, 23]. A Digital Twin (DT) can address these challenges by
representing a production system [21, 24] and using the observed
system data for purposes such as monitoring, analysis, simulation,
and optimization [6, 7].

This paper presents a DT exemplar for a modular Fischertechnik
production plant [10] (the physical system). This Fischertechnik
setup represents a production process on a small scale [17] well
fitting for education [15, 27]. It consists of machines that transport,
sort, process, and store workpieces. Although it is small-scale, it
represents some of the challenges of industrial production systems,
such as having interdependent machine states, material and package
flows, sensor and actuator signals, and time-dependent behavior.

With this work, we demonstrate how a digital twin for this pro-
duction process can be engineered based on recorded data of the
production line. The available interface to the physical system is
based on Message Queuing Telemetry Transport (MQTT) [22] data
and primarily enables monitoring of the system state. Direct access
to the internal control logic or direct control of the physical system
was not available in the current setup. Therefore, the system behav-
ior had to be inferred from recorded MQTT data, a video recording
of the production process, and publicly available documentation.
This makes the case particularly relevant for the discussion of grey-
box modeling, in which parts of the system are known, while other
aspects must be derived from observable data.

This paper focuses on three main aspects. First, it describes the
physical Fischertechnik production system and the architecture of
the implemented digital twin. Second, it demonstrates how the dig-
ital twin supports both live monitoring and what-if analyses. Third,
it reflects on the engineering process, particularly the derivation of
machine behavior from MQTT data, the construction of a graph-
based simulation model, and the integration of an optimization
component. The source code is available at GitHub [25].
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Paper structure: The next section introduces the physical system,
Section 3 the implemented digital twin, and Section 4 the digital
twin engineering process. Section 5 discusses the key findings,
limitations, and potential improvements. The last section concludes.

2 THE PHYSICAL SYSTEM

Our physical system is a modular production facility by Fischertech-
nik located at RWTH Aachen University [4] that is used in the
Model-Based DevOps (MBDO) project [5]. The system consists of
five machines, representing a small-scale production line. It trans-
ports packages through multiple stations, where they are sorted,
processed, and stored: The system starts by sorting the packages
according to their color (red, blue, white) using a sorting line. The
transport mechanism consists of a conveyor belt and two vacuum
grippers, which serve as routing mechanisms in the system and
move the packages from machine to machine. A multiprocessing
bay performs multiple processing steps on the packages, while a
high-bay storage system allows for automatic storage and retrieval.

For communication outside the system’s Programmable Logic
Controllers (PLCs) [14] MQTT is used. For each machine, the status
and signals are published to a structured topic hierarchy. The data
stream serves as a unidirectional interface from the physical system
to the digital twin. In our setup, previously captured MQTT data
was used to replay earlier system runs and simulate live behavior
(see [26] for the used MQTT recorder and replayer library). This
enabled stable, reproducible tests and decoupled the development of
the twin from the availability of the physical system. Direct control
over the physical system is not possible in this setup.

3 THE DIGITAL TWIN

The digital twin was created for two main purposes: (1) to monitor
the physical system and (2) for testing different configurations of
the physical system in what-if analyses.

Architecture. To run the digital twin in production, we used 4
docker containers, and we used an additional one in development
(see Figure 1): a React frontend [19], a Spring Boot backend [31], a
PostgreSQL database [29], a Mosquitto MQTT broker [8], and (in
development) a MQTT replayer.

Monitoring. The live observation is implemented by listening to
the MQTT topic the physical system uses to publish its state. In
development, we replayed MQTT messages recorded from the phys-
ical system. An MQTT packet is handled in a first step by the MQTT
broker and passed forward to the spring boot backend. The backend
then processes the messages by storing the relevant information in
the machine Data Transfer Object (DTO). For keeping track of the
packages in the system, they were stored in a package DTO. These
data objects are then sent to the frontend for visualization.

Simulation. For the what-if analysis, we simulate the physical
system. The backbone of the simulation is a simulation graph. Every
node in the graph represents a machine of the physical system,
and every directed edge gives information about the package flow
between the machines. The DT uses one thread to run the simulation
controller and a thread for each simulation machine. The simulation
controller orchestrates the threads of the different machines and
uses the simulation graph to pass packages between them. The
simulation machines have the same logic as the actual machines,
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Figure 1: Software Architecture of the DT

and use the machine DTO to keep track of the machine specific data.
Users can run the simulation in accelerated mode, with a maximum
speedup up to X500 real-time. Other simulation parameters include
the simulation duration, per-machine speedup multipliers, and the
package generation rate.

Virtual sensors. On top of the machine data coming from the
sensors of the factory, we have implemented two “virtual sensors”
for each machine: One which simulates overheating and one which
estimates the energy consumption. With increased package gen-
eration rate and machine speedup multipliers, the machines are
more likely to overheat and fail. When overheating, the machines
shut down and restart after a cooling period, which impacts the
overall system throughput. Energy consumption is modeled with
per-machine power profiles to yield throughput-per-kWh metrics.

Setting Optimization. We have implemented optimization for
three objective functions: (1) maximizing packages per hour, (2)
minimizing energy per hour, and (3) minimizing energy per package.
Each optimization problem considers the machine-specific speedup
multipliers and the package generation rate as decision variables.
Users may optionally fix individual parameters, in which case the
optimization is then only performed over the remaining free vari-
ables. As the parameter space is too large for an exhaustive search,
we use a k-nearest neighbors (kNN)-based optimization approach.
First, we generate 1,000 parameter configurations by random sam-
pling and evaluate them in a simulation. The resulting dataset is
then used to estimate the objective function values for unexplored
parameter configurations using kNN regression. Finally, we select
the parameter configuration with the best estimated performance
for each objective function and return it to the user.
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Figure 2: Screenshot of the digital twin dashboard with cur-
rent status of the production line and machine sensor data
(blue boxes as explanatory overlay for this paper)

Dashboard. Monitoring the current status and the simulation
share the graphical user interface for machine states and package
tracking (see Figure 2). On this main page, we show the specific
package location (top) and the status of each machine together
with the current sensor data (bottom). On further pages we provide
an interface for setting the simulation up, and showing historical
simulation results. Furthermore, users can set the optimization
objectives, select which parameters should be fixed and see the
optimization results.

4 ENGINEERING THE DIGITAL TWIN

Engineering the DT required identifying the behavior of the physi-
cal system from observable artifacts rather than from implementa-
tion knowledge. Since neither the PLC programs nor the internal
control logic were available, the engineering process relied on the
following three information sources: (1) a recorded execution of
the production process as a video, (2) the corresponding MQTT
message stream stored as CSV data, and (3) publicly available Fis-
chertechnik documentation. The engineering workflow consists of
five steps (see Figure 3):

Signal Interpretation. The first engineering task was to interpret
the recorded MQTT data and identify which signals represented
meaningful system behavior. Each MQTT message contains a topic
identifying the machine and signal together with a payload car-
rying the observed value. Besides measurements, the dataset also
contains communication metadata such as timestamps and deliv-
ery information (the duplicate (dup) and the retain flag, timing
fields such as epoch arrival time and latency - time from publish
to receive). Since only a subset of the available signals reflect ma-
chine behavior relevant for simulation, an initial data analysis was
required to extract relevant artifacts.

Grey-Box Behavior Identification. The Fischertechnik documen-
tation provided a structural understanding of the production line
and the purpose of the individual machines. However, it neither
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described the internal control logic nor documented how machine
states were represented in the MQTT data. Consequently, the DT
was engineered following a grey-box modeling approach, combin-
ing documented domain knowledge with behaviour of the physical
system inferred from runtime observations. An initial inspection
focused on MQTT events because they appeared to represent pro-
cess events. However, aligning these timestamps with the video
recording revealed that the events did not reliably describe machine
behavior. Instead, consistent execution patterns were observed in
the boolean actuator ("act”) signals. These repeated state transi-
tions therefore became the primary source for identifying machine
behavior. After identifying the relevant actuator signals, we were
able to identify recurring transition patterns for every machine.
We validated the patterns against the events in the video recording
to make sure that observed signal changes correspond to physical
actions of the production line. Based on this analysis, we derived a
minimal set of machine attributes (e.g., isExecuting, colorPresent).
These attributes form the state representation of the machines.

Simulation Graph Derivation. The identified machine behavior
was then transformed into a simulation model. For every physical
machine, we created a corresponding simulation class together
with a finite set of abstract execution states. These states describe
package processing as well as synchronization points between
neighboring machines. Connecting these state machines through
directed edges resulted in the simulation graph representing the
package flow across the production line.

Simulation Implementation. The simulation engine executes ev-
ery machine as an independent concurrent component coordinated
by a central simulation controller. State transitions are evaluated
on fixed simulation ticks to preserve the temporal characteristics of
the production process while allowing accelerated execution. Addi-
tional virtual sensors were integrated into the simulation model to
estimate machine temperature and energy consumption. These vir-
tual sensors extend the observable behavior of the physical system
and enable analyses that are not directly supported by the available
measurements.

Optimization Implementation. Finally, the simulations were cou-
pled with an optimization component that exploits the acceler-
ated execution of the DT. Since the exhaustive exploration of the
parameter space is computationally infeasible, the optimization
combines random sampling with k-nearest-neighbor regression
to estimate good parameter configurations. This enables users to
evaluate alternative production settings with respect to throughput
and energy-related objectives.

5 DISCUSSION & LESSONS LEARNED

Modeling effort dominated implementation effort. While implement-
ing the software architecture mainly consisted of combining es-
tablished technologies, identifying the production process from
data required substantial effort. The most challenging task was
identifying the semantics of observable messages and deriving an
executable behavioral model from observations. This indicates that,
in DT engineering, one of the main challenges lies in behavioral
modeling [11, 18].

Grey-box modeling. Our experience indicates that grey-box mod-
eling can be sufficient for implementing useful monitoring and
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Figure 3: Engineering process starting from recorded data, process video and official documentation

simulation capabilities. Complete access to PLC logic is not nec-
essarily required, provided that sufficiently informative runtime
observations are available. However, the resulting model is limited
to externally observable behavior and cannot explain or reproduce
internal implementation decisions.

Virtual Sensors. Introducing virtual sensors significantly
increased the value of the DT. While the physical production line
does not provide measurements for machine temperature or energy
consumption, both quantities could be estimated. This illustrates
that DTs are not restricted to mirroring observable reality but can
enrich the available information with additional system properties.

Simulation. Representing the production line as a directed graph
separated the process topology from machine behavior. Conse-
quently, extending the production line primarily requires adding
machine nodes and package-flow edges without modifying the
execution engine. This separation improves extensibility and main-
tainability. However, the multi-threaded simulation introduced non-
determinism at high speedup. A step-based (single-threaded) engine
would improve reproducibility and allow higher speedups. In addi-
tion, a comparison between physical and simulated behaviour with
quantitative measures is missing,.

Optimization. The optimization can explore alternative operat-
ing points entirely within the virtual environment. The chosen
parameter optimization approach based on k-nearest neighbors
provides a computationally efficient solution for exploring the pa-
rameter space, but it remains a heuristic. In particular, it may fail to
capture narrow optima or highly non-linear relationships between
parameters and objectives. More advanced optimization techniques,
such as adaptive sampling or probabilistic search methods, could
improve the robustness of the results. In addition, the optimization
results have to be validated against the real machine and runtime
data in further work.

Bidirectional connection to the Physical System. The current imple-
mentation corresponds most closely to a digital shadow according
to Kritzinger et al.[16] because communication is unidirectional.
Nevertheless, the presented architecture intentionally separates
data acquisition from simulation and optimization, allowing bidi-
rectional interaction to be incorporated as soon as a real-life Fis-
chertechnik production line is connected and write access to the
physical system becomes available. Moreover, there is no difference

in the system architecture if the DT is running with previously
recorded or live MQTT data.

Usability for Education. From an educational perspective, the
exemplar exposes students to the engineering lifecycle of a DT,
including data interpretation, behavioral modeling, simulation, and
optimization. This makes it suitable as a reusable case for teaching
DT engineering that is near enough to industrial needs [15, 28].

Generalizability. Although the presented exemplar is based on
a Fischertechnik production line, the overall engineering process
is independent of the specific physical system. The sequence of
interpreting runtime data, identifying behavior, deriving an exe-
cutable model, and extending it with simulation and optimization
capabilities can be transferred to other systems with comparable
observable interfaces and process video recordings.

6 CONCLUSION

The developed prototype demonstrates that a DT can offer practical
value under limited engineering conditions. Although direct ac-
cess to the physical system’s internal control logic was unavailable,
recorded MQTT messages, video recordings, and documentation
provided sufficient information to implement a first version with
monitoring, simulation, and optimization capabilities. This shows
that simple DTs can be meaningfully engineered from observable
behavior and domain knowledge without requiring complete sys-
tem transparency. A key insight of this work is that the true chal-
lenge lies not in implementing the software, but in understanding
and modeling system behavior. Identifying machine states, packet
transfers, and temporal behavior was essential for building an exe-
cutable simulation model. This example underscores the importance
of gray-box modeling, when combining documentation, runtime
data, and real-world observations. Overall, this exemplar demon-
strates how even a small-scale production system can capture many
of the engineering challenges of industrial DTs. Future work can
build on this foundation by adopting a model-driven engineering
approach [3] and refining the simulation architecture and models
using inspiration from [30].
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