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Abstract—The increasing digitalization of manufacturing
systems has highlighted the potential for Digital Twins and
model-based simulation to support control, decision-making,
and innovation in next-generation factories. However, while
virtual and remote learning factories are frequently discussed
as a training and experimentation paradigm, existing literature
and industry feedback reveal that concrete implementations
remain scarce. In this work, we investigate the transition
from static virtual models to control-oriented Digital Twins
within the context of a Smart Mini Factory, as a means
to bridge this gap. We propose a model-based integration
framework that incrementally integrates kinematic, dynamic,
and synchronization aspects of manufacturing resources into a
virtual environment, enabling simulation and what-if analysis
relevant to decision-support tasks. This framework is aimed at
supporting manufacturing innovation by offering a protected
simulation environment in which alternative configurations,
process designs, and operational strategies can be explored
without interrupting real systems. We discuss the role of Digital
Twins as both modeling and decision-support tools within Vir-
tual Learning Factory settings, and we identify key challenges
in making such environments useful for practitioners. A Smart
Mini Factory case illustrates the potential of the approach
and highlights directions for future research in control-oriented
Digital Twins for manufacturing systems.

Index Terms— Digital Twin, Automation, Robotics, Manufac-
turing Innovation, Learning Factories

[. INTRODUCTION AND BACKGROUND

Manufacturing systems are increasingly characterized by
high variability, frequent reconfiguration, and growing pres-
sure to introduce process and organizational innovations
while maintaining operational stability. These challenges are
particularly pronounced for small and medium-sized enter-
prises (SMEs), which often operate under strong resource
constraints while facing the need to adopt new technolo-
gies and manufacturing paradigms. In this context, model-
based approaches, simulation, and Digital Twins (DTs) are
gaining attention as enabling technologies for analyzing
system behavior, supporting decision-making, and reducing
the risks associated with experimentation in real production
environments [1], [2].

Learning Factories have emerged as an effective paradigm
for training, experimentation, and knowledge transfer in man-
ufacturing systems by providing environments that replicate
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industrial processes in a controlled setting [3]. In particular,
Learning Factories play a crucial role for SMEs by enabling
hands-on learning, skill development, and experimentation
with new manufacturing concepts without disrupting ongoing
operations. Through learning-by-doing and experimentation-
based approaches, they support both technical learning (e.g.,
process understanding, system behavior) and organizational
learning related to manufacturing innovation management.

However, most existing Learning Factories are primar-
ily physical and are often complemented by static Digital
Models (DMs) used for visualization or layout planning [4].
Although such representations are useful in the early stages
of design and training, they provide limited support for an-
alyzing dynamic behavior, exploring alternative operational
scenarios, or enabling systematic, decision-oriented learning
activities. As a result, the potential of Learning Factories to
support continuous learning remains only partially exploited.

Recent research has highlighted the potential of DTs to
overcome these limitations by coupling virtual models with
behavioral and temporal representations of complex systems
[5]. Existing DT frameworks mainly focus either on monitor-
ing architectures, cyber-physical synchronization, or process-
level optimization. In contrast, the proposed approach em-
phasizes the progressive evolution of virtual factory models
toward decision-oriented DTs within VLF contexts, with
a specific focus on learning-through-experimentation and
SME-oriented manufacturing innovation scenarios. Never-
theless, fewer works address how DTs can be systematically
designed as decision-support and experimentation environ-
ments that explicitly support learning processes. Moreover,
despite increasing references to Virtual Learning Factories
(VLFs) in the literature [6], [7], concrete and reusable
methodological approaches for their design remain scarce.
Industrial practice further confirms this gap, as virtual factory
models are rarely used beyond visualization or isolated
simulation tasks, particularly in SME contexts.

In response to these challenges, this paper proposes
a model-based integration framework for VLFs that em-
phasizes decision-oriented experimentation and progressive
model evolution. The contribution focuses on structuring the
transition from static representations to dynamic and control-
oriented DTs that support learning and manufacturing in-
novation activities in SME-oriented environments. The pro-
posed approach is illustrated through a Learning Factory case
study and preliminary simulation-based results are presented
to demonstrate its applicability and implementation potential.



II. METHODOLOGY
A. Proposal of a methodological framework

This work adopts a model-based methodology for the
design of VLFs aimed at supporting manufacturing inno-
vation through simulation and decision-oriented analysis,
defining general principles and procedural guidelines for
virtual factory environments that can be used as structured
experimentation and analysis tools.

An overview of the methodological framework is provided
in Fig. 1. A central assumption of the proposed approach
is that VLFs should enable active experimentation, rather
than passive visualization. Learning and innovation activities
are therefore formalized as iterative experimentation cycles,
in which system configurations, process parameters, or re-
source interactions are systematically modified and evaluated
through simulation.

As illustrated on the left side of Fig. 1, each exper-
imentation cycle consists of defining analysis objectives,
configuring scenarios, executing simulation experiments, and
evaluating system responses in order to support informed
decision-making. From a modeling perspective, the method-
ology follows a purpose-driven abstraction strategy. Instead
of prescribing a fixed level of detail, the model fidelity is
selected according to the objective of the analysis and the
context of the decision. The structural, behavioral and tempo-
ral aspects of the manufacturing system are treated as distinct
modeling dimensions, allowing the complexity of the model
to increase only when required by the intended analysis. This
principle supports repeated what-if analysis while keeping
models interpretable and computationally efficient.

To ensure that virtual factory models are suitable for
decision-oriented analysis, the methodology explicitly con-
siders a set of dimensions of technical specifications, sum-
marized in the right column of Fig. 1. These dimensions
include the definition of relevant system state variables (e.g.,
positions, modes), configurable parameters (e.g., speeds,
rates, setup times), and the chosen level of model fi-
delity in terms of abstraction and granularity. In addition,
the methodology accounts for the selection of appropriate
simulation engines (e.g., discrete-event or continuous-time
solvers) and the availability of interfaces for data exchange
and model interaction. By explicitly structuring these el-
ements, the methodology supports transparent and repro-
ducible simulation-based analysis without imposing specific
technological solutions.

To conclude, concrete DT realizations are treated as in-
stances of the methodological framework, rather than as in-
tegral components. This separation ensures that the proposed
approach remains transferable across different manufacturing
contexts, while allowing individual case studies to be imple-
mented for illustration and preliminary evaluation.

B. From static models to control-oriented Digital Twins

Virtual factory models typically originate as static rep-
resentations of manufacturing systems, capturing layout,
resources, and logical process flows. Such models are well

suited for spatial reasoning and conceptual understanding,
but provide limited insight into system behavior and are
insufficient for decision-oriented analysis.

To address these limitations, the proposed approach fol-
lows a staged model evolution in which static models are
progressively enriched to capture dynamic system behavior.
The first step consists of introducing the temporal structure
and execution logic, which allow the representation of task
sequencing, resource interactions, and dependencies between
system elements. This transition allows the model to describe
how the manufacturing system evolves over time, rather
than simply how it is structured. As model capabilities
increase, the virtual factory becomes suitable for simulation-
based analysis of alternative operational scenarios. Different
configurations, process variants, or resource allocations can
be evaluated by observing system responses under varying
conditions. At this stage, the model supports systematic
what-if analysis, enabling a comparative assessment without
interfering with real systems.

The final stage of this evolution leads to control-oriented
DTs. In this work, the term control-oriented refers to the
capability of the DT to expose interpretable states, pa-
rameters, and behavioral responses suitable for monitoring,
what-if analysis, and decision-support tasks, rather than to
the implementation of closed-loop control algorithms. By
exposing these elements in a coherent and structured manner,
the DT enables systematic reasoning about system behavior,
sensitivity to parameter changes, and the potential impact of
alternative operational or organizational configurations.

From a modeling perspective, control-oriented DTs em-
phasize transparency and causality, allowing users to un-
derstand how variations in input, configuration, or exe-
cution logic propagate through the system and influence
performance-related indicators. This characteristic is highly
relevant in manufacturing innovation contexts, where the
objective is often to explore, compare, and assess alternative
concepts rather than to optimize a single operating point.

Within VLFs, this progressive evolution of the model plays
a key role in enabling learning through experimentation.
Users can gradually move from conceptual exploration based
on static representations to behavior-oriented analysis using
control-oriented models. The staged increase supports differ-
ent learning objectives and levels of expertise, enabling both
exploratory and analytical interaction with the system. As a
result, DTs remain not only technically meaningful, but also
usable and effective as learning and decision-support tools
in manufacturing innovation environments.

The transition from the methodological framework to the
implementation of SMF can be interpreted as a progressive
instantiation of its three main dimensions. The experimen-
tation loop is realized through scenario-based simulation
activities within the VLF; the staged model evolution is im-
plemented through the enrichment of the SMF digital model
from static layouts to synchronized kinematic/dynamic sub-
systems; the technical dimensions are instantiated through
the definition of state variables, synchronization interfaces,
and software engines within the simulation environment.
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Fig. 1.

Methodological framework for Virtual Learning Factories: decision-oriented experimentation and progressive model evolution from static models

to control-oriented Digital Twins, complemented with technical specification elements

ITII. LATE-BREAKING RESULTS AND DISCUSSION
A. Virtual Learning Factory case study

This section presents a VLF case study used to illustrate
the application of the methodological framework introduced
in Section II. The case study is intended to demonstrate how
the proposed model-based and decision-oriented principles
can be instantiated in a realistic manufacturing-oriented
environment, rather than to provide a full validation of the
methodology. In this context, the case study represents a
concrete realization of the framework depicted in Fig. 1.

The experimental setting is the Smart Mini Factory (SMF)
Laboratory, located at the NOI Techpark in Bolzano (Italy)
within the Faculty of Engineering of the Free University of
Bozen-Bolzano [8]. The SMF operates as a Learning Factory
tailored to Industry 4.0 and Industry 5.0 and is widely used
for applied research, hands-on teaching, and collaborative
activities with small and medium-sized enterprises (SMEs).
The laboratory is designed as a flexible and reconfigurable
environment for studying advanced manufacturing technolo-
gies, including automation, robotics, mechatronics, human-
machine collaboration, DTs, and simulation-based planning.
As a multipurpose platform, the SMF bridges academia,
industry, and student learning by providing a testbed in
which researchers, students, and company representatives
collaborate on innovation-driven applications. Its focus on
SME-relevant production scenarios related to digital model-
ing and decision support remains closely aligned with indus-
trial needs and makes the SMF a suitable environment for
applying VLF concepts based on the proposed methodology.

Following the abstraction and modeling principles defined
in Section II, a digital model of the SMF laboratory has been
developed using the industrialPhysics (iPhysics) simulation
platform. The initial version of the model focuses on the
structural representation of the laboratory, including worksta-
tions, robotic cells, assembly areas, and collaborative spaces,
thus corresponding to the static modeling stage described in
Section II-B. This digital representation provides the basis
for subsequent model enrichment steps aimed at introducing
dynamic behavior and decision-oriented analysis capabilities.

Figure 2 displays an overview of the digital SMF model
developed in iPhysics with a three-dimensional perspective
which is meant to enhance interpretability and contextual
understanding of the laboratory environment. The developed
DM serves as foundation for the Virtual Learning Factory
used in the remainder of the case study. The following section
illustrates the preliminary results of evolving the digital
model of the SMF laboratory towards a control-oriented DT.

B. Evolution into a control-oriented Digital Twin

Starting from the static digital model, the evolution toward
a control-oriented DT is achieved through the progressive
integration of kinematic, dynamic, and synchronization ca-
pabilities into the simulated VLF of the SMF laboratory.

In line with the staged model enrichment strategy dis-
cussed in Section II-B, this evolution aims to describe the
transformation of the digital representation from a descrip-
tive virtual model into an active environment for decision-
oriented experimentation, monitoring, and analysis of man-
ufacturing system behavior. From a technical standpoint, the
target DT can be framed as a state-driven simulation model,
where the system is represented through a state vector x(¢),
a set of configurable parameters @, and observable outputs
y(t) relevant for decision support, i.e.,

y(t) = g(x(t),u(t),0), (1)

where u(t) represents inputs such as motion commands,
scheduling decisions, or controller signals. In this sense,
control orientation does not imply closed-loop control de-
ployment, but rather the explicit structuring of the DT around
interpretable states and outputs (e.g., joint positions, resource
modes, cycle times, utilization), enabling systematic what-
if analysis and sensitivity studies with respect to 6. In the
SMF case study, the state vector x(¢) includes variables
such as shuttle positions, robot joint states, workstation
occupancy, and resource execution modes, while 6 includes
configurable process parameters such as transport speeds,
sequencing rules, and synchronization delays. The outputs
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Fig. 2. Digital model of the Smart Mini Factory (SMF) Laboratory developed in the iPhysics platform (detailed view)

y(t) are associated with monitoring and decision-support
indicators including cycle times, and resource utilization.
As a first step, some selected SMF subsystems have been
enriched with explicit kinematic and dynamic behavior. In
particular, for a small transfer line and the robotic manip-
ulators operating along the simulation has been enabled to
represent motion constraints, joint configurations, and time-
dependent interactions between robots and transport units.
This enrichment allows the DT to capture execution-related
phenomena, such as sequencing dependencies, which cannot
be analyzed using static layout models alone. As a result, the
DT supports simulation-based reasoning on execution logic
and resource interaction under different operating conditions.
Beyond kinematic and dynamic modeling, a subset of
manufacturing equipment has been connected to the sim-
ulation environment via a communication protocol, enabling
bidirectional exchange of state information between the
physical system and the virtual model. For these components,
the DT is synchronized with the real system in a quasi
real-time manner, such that the virtual representation reflects
ongoing operations, execution progress, and current system
states. Conceptually, this corresponds to a digital shadowing
in which measured signals z(¢) update the virtual state, e.g.,

x(ty) = x(ty ) + K(z(ts) — h(x(t;))), 2)

where t; denotes discrete synchronization instants (consis-
tent with the discrete-time simulation cycle), h(-) maps
model states to measurable quantities and K denotes an
update gain that captures how strongly the DT is corrected
using real observations. Within the current implementation,
the measured signals z(¢) include the status information of
the robot and the transfer-line exchanged between the phys-
ical equipment and the environment of iPhysics. The update
mechanism therefore allows the DT to progressively align
simulated and observed execution states during operation.

In practice, this hybrid configuration represents an inter-
mediate stage between offline simulation and a fully live
DT, in which synchronized assets provide data-driven state
updates while the remaining equipment is still statically sim-
ulated. At the current stage, synchronization capabilities are
available only for selected resources; consequently, the DT
should be interpreted as a partially connected system rather
than a fully integrated one. Nevertheless, this configuration
already enables control-oriented observation, since the virtual
model exposes interpretable system states, execution status,
and resource utilization in a form suitable for monitoring and
decision support. Moreover, the coexistence of synchronized
and simulated components makes explicit which parts of x(t)
are data-driven and which rely on model-based prediction,
supporting transparent analysis and experimentation.

The long-term objective of this evolution is the realization
of a fully functioning VLF operating as a live and online DT
of the Smart Mini Factory. In such a setting, experiments
could be observed remotely, system behavior monitored
continuously, and interactions between resources analyzed
across the entire laboratory. This would enable the VLF to
support not only simulation-based experimentation, but also
remote supervision, collaborative analysis with external and
international partners, and decision-oriented assessment of
ongoing manufacturing scenarios.

A fully live VLF can also deliver tangible outcomes
for SMEs and for manufacturing innovation management.
By providing remote access to a shared DT-based experi-
mentation environment, SMEs can prototype and evaluate
alternative process configurations, automation options, and
operational strategies with reduced disruption, lower risk,
and limited upfront investment. At the same time, the VLF
supports learning-by-experimentation: operators, engineers,
and students can observe system states and KPIs, compare
what-if scenarios, and develop skills in interpreting cause—



effect relationships between decisions, configurations, and
performance. In this sense, the DT acts as a boundary object
between technical and managerial perspectives, enabling
structured experimentation cycles that can inform manufac-
turing innovation management activities such as technology
adoption, reconfiguration planning, and continuous improve-
ment in SME-relevant contexts.

C. Sensitivity analysis for decision-oriented experimentation

One of the key capabilities enabled by the proposed
control-oriented DT framework is the possibility to perform
parameter-based sensitivity analyses within the VLF envi-
ronment. In this context, configurable operational parameters
belong to the parameter set 6 introduced in Eq. (1) and
can be systematically varied to evaluate their influence
on manufacturing system behavior. As an example, let w
represent an operational speed parameter associated with the
transfer-line subsystem. Given an output indicator 7, such
as the execution or cycle time of a transport operation, the
local sensitivity of the DT response with respect to w can be
expressed as:

5. = AT,/ Tc.
Aw/w

This formulation illustrates how the DT can support what-
if reasoning and parameter-oriented experimentation without
requiring modifications to the physical system. By varying
w within the simulation environment, users can evaluate
how transport dynamics influence execution timing, resource
coordination, workstation occupancy, and synchronization
behavior across the VLFE.

Although the implementation presented in this paper is still
work in progress, this example highlights how the proposed
framework can evolve toward more systematic simulation-
based decision support functionalities. In particular, sensi-
tivity analyses may support manufacturing innovation man-
agement activities by identifying parameters with a strong
influence on system behavior before physical deployment.

3)

IV. CONCLUSIONS AND OUTLOOK

This paper presented a model-based integration framework
for the design of VLFs aimed at supporting manufacturing
innovation through simulation and decision-oriented analy-
sis. Rather than focusing on a specific DT implementation
or proposing a new DT modeling paradigm, the contribution
emphasized general design principles for structuring virtual
factory models as experimentation and decision-support en-
vironments. The framework highlights the progressive evolu-
tion from static digital representations toward dynamic and
control-oriented DTs, enabling systematic what-if analysis
and behavior-oriented reasoning.

The applicability of the proposed approach was illustrated
through a case study based on the Smart Mini Factory
laboratory, where a digital model was developed and progres-
sively enriched with kinematic, dynamic, and partial synchro-
nization capabilities. Preliminary results show how control-
oriented DTs can be incrementally realized by combining
simulation-based modeling with selected quasi real-time data

integration, while maintaining a clear separation between
methodological principles and implementation-specific con-
straints. This staged evolution supports both learning through
experimentation and decision-oriented observation, without
requiring full system connectivity from the outset.

The work also highlights current limitations and open
challenges. At present, synchronization between the physical
system and the virtual model is available only for a subset of
resources, resulting in a partially connected DT. Furthermore,
the what-if analysis presented in this paper is preliminary
and intended to demonstrate the decision-support potential of
the framework rather than to provide exhaustive validation.
Extending synchronization to additional equipment, increas-
ing the number of analyzed scenarios, and ensuring scalable
integration remain important topics for further investigation.

Future work will focus on advancing the VLF toward
a fully live and online laboratory DT, allowing continuous
monitoring, remote experimentation, and collaborative anal-
ysis between distributed stakeholders. Additional research
directions include the systematic validation of model accu-
racy under real operating conditions, the integration of per-
formance and sustainability indicators, and the exploration
of how control-oriented DTs can support manufacturing
innovation management processes in SME environments.

ACKNOWLEDGMENT

This research was funded by the Deutsche Forschungs-
gemeinschaft (DFG, German Research Foundation) and the
Autonomous Province of Bozen-Bolzano through the In-
ternational Joint-Projects cooperation South Tyrol-Germany
(Project Number 534053673).

REFERENCES

[1] Onaji, I., Tiwari, D., Soulatiantork, P., Song, B., and Tiwari, A.,
Digital twin in manufacturing: conceptual framework and case studies.
International journal of computer integrated manufacturing, 35(8),
2022, pp. 831-858.

[2] Zhang, L., Zhou, L., Ren, L., and Laili, Y., Modeling and simulation
in intelligent manufacturing. Comp. in Industry, 112, 2019, p. 103123.

[3] Giértner, Q., and Mark, B. G., A Framework for Manufacturing
Innovation Management and the Integration of Learning Factories.
Proceedings of the Changeable, Agile, Reconfigurable and Virtual
Production Conference and the World Mass Customization and Per-
sonalization Conference, 2022, pp. 911-918. Springer Int. Publishing.

[4] Colsman, C., Nezzi, C., Rammo, J. P, and Rauch, E., The Role of
Virtual and Remote Learning Factories in Ambidextrous Manufactur-
ing Innovation Management: A Vision for the Future. In 2025 7th
Experiment@ Int. Conf. (exp. at’25), pp. 194-198. IEEE.

[5] Stary, C., Elstermann, M., Fleischmann, A., and Schmidt, W.,
Behavior-centered digital-twin design for dynamic cyber-physical
system development. Complex Systems Informatics and Modeling
Quarterly (CSIMQ), 2022, pp. 31-52.

[6] Begum, R., Hamado, N., Aqlan, F.,, Zhao, R., Yang, H., Saleem, J.,
and Murphy, K., Collaborative virtual learning factory for advanced
manufacturing: investigating user experience and team dynamics.
2025. Manufacturing Letters.

[7] Bargelis, A., Mankute, R., and RimaSauskas, M., Virtual and Distance
Labs for Vocational Education Training of Industrial Employees. 2013.
Mechanika.

[8] Gualtieri, L., Rojas, R., Carabin, G., Palomba, I., Rauch, E., Vidoni,
R., and Matt, D. T., Advanced automation for SMEs in the I4. 0
revolution: Engineering education and employees training in the smart
mini factory laboratory. In IEEE international conference on industrial
engineering and engineering management (IEEM), 2018, pp. 1111-
1115. IEEE.



