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Abstract The production and manufacturing industries are currently
transitioning towards more autonomous and intelligent production lines
within the Fourth Industrial Revolution (Industry 4.0). Learning Facto-
ries as small scale physical models of real shop floors are realistic plat-
forms to conduct research in the smart manufacturing area without de-
pending on expensive real world production lines or completely simulated
data. In this work, we propose to use learning factories for conducting
research in the context of Business Process Management (BPM) and In-
ternet of Things (IoT) as this combination promises to be mutually ben-
eficial for both research areas. We introduce our physical Fischertechnik
factory models simulating a complex production line and three exem-
plary use cases of combining BPM and IoT, namely the implementation
of a BPM abstraction stack on top of a learning factory, the experience-
based adaptation and optimization of manufacturing processes, and the
stream processing-based conformance checking of IoT-enabled processes.
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1 Introduction

The production and manufacturing industries are undergoing major changes
with machines, products, materials, and humans becoming increasingly inter-
connected via information technology to form the industrial Internet of Things
(IoT)–a process known as Industry 4.0 [11]. Among others, these developments
promise more efficient and flexible production processes, optimized supply chains,
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reduced downtimes and maintenance efforts for machines as well as cost reduc-
tions [23]. To enable the development of new concepts and prototypes in the
context of Industry 4.0, openly available repositories and interfaces for access-
ing machine data and control functionality in real world settings are required.
However, the majority of current machines and production lines are closed sys-
tems not allowing to conduct research due to high costs of downtimes and setup
processes as well as safety and security concerns [18]. To remedy this situation,
related work usually resorts to simulated artificial data from production environ-
ments (Digital Twins [5]) or to expensive high-end laboratory setups with real
production machines (e. g., the SmartFactoryKL4). While the latter is infeasible
for most research institutions in academic contexts, working with artificial data
often does not completely reflect the actual physical properties of a production
environment, especially w. r. t. runtime behavior and ad-hoc interactions with
the physical world [6]. Learning Factories are emerging as suitable platforms for
future oriented research and education [1] combining the advantages of both ap-
proaches in a Cyber-Physical Production System (CPPS) [18]. Being small scale
physical models with a sufficient number of sensors and actuators for simulat-
ing real world industrial IoT environments, learning factories allow for flexibly
conducting research on Industry 4.0 concepts and running experiments at much
lower costs while maintaining the transferability of results to real smart factories.

In this paper, we present three use cases using a learning factory as physical
simulation model of a CPPS to conduct research in the context of BPM. The
application of concepts and technologies from the BPM domain in industrial
IoT promises various advantages, among others, an easy and flexible integration
and programming of hardware, events, services and humans on a process-oriented
level as well as the usage of a wide range of process analysis techniques developed
by the process mining community. However, apart from mutual benefits also new
challenges arise with the combination of BPM and IoT [8]. With this work, we
will address a subset of these challenges linked to the combination of process and
event-based systems, the adaptation of processes to deal with new situations, and
the application of IoT for process analysis–all in the context of smart factories.

2 The Fischertechnik Factory Simulation Model

We use a physical simulation model consisting of components developed by Fis-
chertechnik (FT)5 as testbed for research in BPM and Industry 4.0. Such physical
models are referred to as Learning Factories [1] and used for education, train-
ing, and Industry 4.0 research (e. g., in [26,20,9]) enabling the development and
evaluation of research artifacts in a protected environment before moving to real
world production scenarios. The custom factory model we use6 simulates a com-
plete production line at low costs (<15,000 EUR) consisting of two shop floors
that are linked for the exchange of workpieces as shown in Fig. 1. Each shop
4 https://smartfactory.de/
5 https://www.fischertechnik.de/en/simulating/industry-4-0
6 https://iot.uni-trier.de
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floor consists of 5 identical machines: a sorting machine with color detection,
a multi-processing station with an oven and a milling machine connected by a
workstation transport, a high-bay warehouse, and a vacuum gripper robot. Ad-
ditionally, the first floor has a punching machine and a human workstation and
the second floor a drilling machine including stations for pickup and delivery.
Each shop floor is equipped with 13 light barriers, 16 switches, and 3 capacitative
sensors for control of the actuators comprising 16 motors, 4 compressors, and
8 valves. The machines are enhanced with sensors mounted on moving parts,
motors, and compressors for condition and pressure monitoring for predictive
maintenance [9]. Moreover, RFID and NFC readers/writers are integrated into
the stations resulting in 28 communication points. This allows each workpiece
to be tracked and required manufacturing operations and parameters to be re-
trieved and adjusted during production. Furthermore, a camera is placed above
the two shop floors to track the workpieces. An additional environmental sen-
sor provides climate data (e. g., room temperature, humidity, illuminance, air
pressure). The workpieces used for simulating the production are small cylindric
blocks (height = ∼1.4 cm, diameter = ∼2.6 cm) of varying colors each equipped
with an NFC tag, which contains information regarding the individual work-
piece such as an identifier, the type (i. e., color), the current production state,
and timestamped production history. The sensors and actuators of the processing
stations are connected to Fischertechnik TXT controllers; 6 Raspberry PIs and
2 Arduinos are used for managing the additional sensors and the camera, which
are all linked via Ethernet to a central network switch. The embedded controllers
run C/C++ or Python code to control the sensors and actuators. An integrated
MQTT server publishes high-level factory data (e. g., machine states, order and
production states, environment and NFC readings). An external Apache Kafka
server provides more fine grained access to sensor data.

3 Related Work

Physical factory models are increasingly used to carry out Industry 4.0 research
and for education purposes. Primarily, two types of research environments can
be distinguished: small scale physical simulation models and full scale physical
production lines. The SmartFactoryKL and the LPS learning factory [20] at the
University of Bochum are examples of full scale physical manufacturing environ-
ments that are used for research and education. The learning factory AutFab of
the University of Applied Sciences Darmstadt [26] is another example for using
real production machines in this context. Disadvantages of these kinds of produc-
tion line setups are that basic experimental research is much more difficult and
expensive to carry out, since it requires profound knowledge about the machines;
the costs for acquisition, networking, maintenance, equipment, and operation are
high; and the simulation of errors is difficult and could lead to high costs if the
machines are damaged in this process. Therefore, small scale physical factory
simulation models are increasingly gaining attention in research and education
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Fig. 1. The Physical Factory Simulation Model.

as alternatives, e. g., the DBISFactory at the University of Ulm7, the Lego fac-
tory at the University of Vienna8, or the DFKI-Smart-Lego-Factory [21], all of
which are also partially used for conducting BPM research. In contrast to relying
on completely simulated data, these types of simulation models provide much
more realistic data and behavior, especially in a highly dynamic CPPS.

Related research addresses the application of BPM in smart environments
such as smart logistics [2,16], smart health [7] and emergency management [14],
smart homes [25] as well as smart factories [24,28,13,15]. The work by Mangler
et al. presents a general discussion of applying BPM technologies in the context
of Industry 4.0 [13]. An approach for IoT-aware process execution of industrial
maintenance processes is presented by Schönig et al. in [24]. They propose an
architecture to integrate IoT data into business processes to determine how and
when certain work steps should be carried out by production workers. Baumgraß
et al. present an architecture for event-driven process execution and monitoring
in smart logistics [2]. This is complemented by work of Meroni et al. showing
an artifact-driven approach to monitor business processes through real-world
objects [16]. Marrella et al. present the SmartPM system in [14], which is able
to detect deviations between physical and virtual environments during process
execution and resolve them using automated planning techniques. The system
is motivated by emergency management scenarios with structured processes and
corresponding ad-hoc exceptions. The PROtEUS system follows similar goals
7 https://www.uni-ulm.de/in/iui-dbis/forschung/laufende-projekte/dbisfactory/
8 https://wst.cs.univie.ac.at/research/projects/project/292/
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