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Abstract—Process discovery from event logs as well as process
prediction using process models at runtime are increasingly important aspects to improve the operation of digital twins of complex systems. The integration of process mining functionalities
with model-driven digital twin architectures raises the question
which models are important for the model-driven engineering of
digital twins at designtime and at runtime. Currently, research
on process mining and model-driven digital twins is conducted
in different research communities. Within this position paper, we
motivate the need for the holistic combination of both research
directions to facilitate harnessing the data and the models of
the systems of the future at runtime. The presented position is
based upon continuous discussions, workshops, and joint research
between process mining experts and software engineering experts
in the Internet of Production excellence cluster. We aim to
motivate further joint research into the combination of process
mining techniques with model-driven digital twins to efficiently
combine data and models at runtime.
Index Terms—Process Mining, Digital Twins, Model-Driven
Development, Models@run.time

I. I NTRODUCTION
Digital Twins (DTs) [1] are everywhere: they are used to
improve the behavior of (cyber-physical) systems in agriculture [2], construction [3], engineering [4], production [5],
medicine [6], business [7], and various other domains. While
research and industry produced different definitions, ranging
from underspecified (digital replica or virtual counterpart [8]),
over narrow (virtual representation based on augmented reality technology [9]), to utopian (complete digital representation [10]) approaches. These concepts range between (1) highfidelity design-time models used for design-space exploration,
dimensioning, or validation, and (2) software systems used to
represent, comprehend, and optimize the behavior of another
system during its runtime. We understand digital twins as the
latter: active software systems connected to another (cyberphysical) system and using data and models during its runtime
to optimize its behavior. For the systematic combination of
data, models, and associated business processes, research in
both, model-driven development (MDD) and process mining
is required. Especially process discovery from runtime data,
conformance checking, and process prediction using process
models at runtime are increasingly important aspects to systematically improve the operation of digital twins.

Currently, research on process mining and model-based
digital twins is conducted in different research communities.
Through this position paper, we aim to motivate the need
for the holistic combination of both research directions to
facilitate harnessing the data and models of the cyber-physical
systems of the future at runtime. The position presented in this
paper is based upon continuous discussions, workshops, and
joint research between process mining experts and software
engineering experts in the Internet of Production excellence
cluster1 . Our position is manifested in the vision of a modeldriven toolchain and a software architecture that combine
established approaches from the model-driven development of
digital twins and process mining in the realm of industrial
processes [11] to better exploit the plethora of data available
to digital twins. With architecture and toolchain, we hope to
motivate and stimulate further joint research into the combination of process mining techniques with model-driven digital
twins to exploit efficiently using data and models at runtime.
In the remainder, Sec. II introduces preliminaries, Sec. III
details our vision, and Sec. IV sketches a research roadmap.
II. P RELIMINARIES
We propose combining process mining within model-driven
digital twin architectures. To efficiently connect both, we
propose using the code generation framework MontiGem [12].
A. Process Mining
The massive amount of data generated in the Internet of
Things provides opportunities to connect high-level processoriented views with low-level events [13]. The data, e.g. collected by a wide range of sensors, enables tracing operational
processes in detail. This enables identifying and remedying
operational challenges and problems early. Operational friction [14] refers to phenomena hat lead to less-than-optimal
results like unnecessary rework, delays, or waste. At the
intersection of MDD and data-oriented technologies, Process
Mining [15] can play a pivotal role in removing it, by making
conformance and performance problems visible. Conformance
checking techniques compare observed actions with modeled
behavior. It is backward-looking as opposed to forwardlooking process mining methods such as simulations [16],
1 cf.
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solutions, it determines the best one using application-specific
heuristics, e.g., fewest costs, most time efficient, lowest energy
consumption. Finally, the executor translates the selected solution into executable commands and sends these to the CPPS
(e.g., via OPA UA). Depending on feedback by the CPPS it can
evaluate and alter the commands to contribute to a successful
execution of the solution.
C. MontiGem

Fig. 1. Essential components of a self-adaptive digital twin architecture

which can be used to predict delays and deviations. Due to the
highly complex interplay of information systems as they are
typical for industrial settings involving various middleware solutions, process discovery is challenging. We therefore embed
into our vision object-centric event logs [17] that document
processes involving different types of objects in industrial
processes, e.g., order-to-cash (including i.a. customer order,
production, shipment, invoicing). These possibly involve various data sources spread over multiple information systems. We
enable backward-looking process mining for digital twins by
embedding it into their architecture using process models as
input of their code generation. The architecture sets the stage
for later forward-looking process mining that we describe in
the outlook of this paper.
B. Model-Driven Digital Twins
We understand DTs as software systems that can actively
represent, control, and/or optimize the behavior of an observed
(cyber-physical) system. Such a DT of a system consists of a
set of models of the system, a set of Digital Shadows (DSs),
and provides a set of services to use the data and models
purposefully with respect to the original system [18].
Figure 1 illustrates the software architecture of such a digital
twin [19] and interfaces a Cyber-Physical Production System
(CPPS) as well as to a data lake providing data from and about
the CPPS as well as about the DT’s context. The architecture
comprises components with different responsibilities to realize
a self-adaptive loop [20]: The CPPS produces data and persists
it in a data lake, which is a data storage that consists of
heterogeneous databases. Based on this data, the pre-processor
queries data from the different databases and transforms the
data into DSs [20]. A DS is a set of data traces and models
enriched with contextual and purposeful that can origin from
various sources and enables the DT to perform calculations
and reasoning based on it [21]. Given the requested DSs, the
evaluator compares the current state of the system with a list
of event-condition-action (ECA) rules and creates goals sent to
the reasoner to mitigate undesired system states. The reasoner
comprises different AI subcomponents to fulfill the received
goals (such as AI planners and case-based reasoning [20]).
If the reasoner’s subcomponents produce multiple possible

We have successfully used MontiGem [12], [22], a highly
adaptable generator framework, to generate large parts of
a digital twin cockpit [19] that aims to integrate humans.
Within a MDD approach, we use a set of models as input
for the generation process. The models used are UML class
diagrams in the textual CD4A language [22] to define the
data structure for a specific domain (domain model), data
models for aggregated information to be presented in certain
pages, Graphical User Interface (GUI) models in the textual
GUI-DSL [23] language to describe the user interface and its
relation to the data model, and Object Constraint Language
(OCL) [24] expressions to constraint the data structure. The
generator provides all necessities for a full communication
pipe from the database over the backend up to the frontend.
A domain expert outlines the system for which MontiGem is
able to generate an almost ready-to-use application with few
hand-written extensions needed by a software engineer.
In the context of this paper, we aim to extend the process so
that the DT application is produced automatically in a single
integrated generation step. For example, we can include an
additional step into the automated generation process for the
described DT architecture. This generation step includes a
model in the architecture description language MontiArc [25],
describing each component, its subcomponents, the component’s interface and the communication to the other components. Other extension points are the possibility to integrate
initial process models to the DT.
The generated DT architecture enables networked monitoring and control of CPPS. In the past, Operational Technologies (OT) were mostly used to control industrial equipment [26] but not linked to networks, unlike Information
Technologies (IT) responsible for core business operations
(e.g., ERP or PLC systems). Today, there is a trend toward
OT-IT convergence, with more and more physical devices
being integrated into networks. Incorporating process-oriented
technologies enables new use cases, such as the process
prediction described in the next section.
III. T OWARDS P ROCESS P REDICTION FOR
M ODEL -D RIVEN D IGITAL T WINS
We envision a model-driven DT architecture that incorporates process mining techniques and uses models at runtime.
Our vision covers five steps: (1) generation of the DT, (2)
configuration of the generated DT application, (3) initialization
of DSs, (4) process discovery, (5) runtime analysis, and (6)
user interaction.

chine: she defines relevant concepts, including properties
of sensors and actuators of the machine, manufacturing
phases, and attributes, such as injection flow, nozzle
temperature, or back pressure in the domain model,
related constraints in OCL, and specifies the required
digital shadows. She adds GUI models for desired user
interfaces as well as process models of the intended behavior of the CPPS. Using the model-driven process, she
reuses all application-independent models and generates
the complete (but empty) digital application consisting of
data structures, data transfer objects, self-adaptive loop,
architecture implementation, and UI.
B. Generated DT application
Figure 3 shows the generated digital twin architecture
with its components and relevant data and model flows. The
architecture comprises the components of the self-adaptive
digital twin together with Process Mining components. The
architecture has interfaces to the CPPS, the data lake including
all relevant machine and process data and further relevant 3rd
party applications.
Fig. 2. Process and artifacts involved in the MDD of digital twins

A. Generation of the DT
Figure 2 highlights the model transformations involved in
creating a digital twin and resulting in a specific digital twin
application. These models can be fully or partly generated
or created by hand: We can use information sources such
as engineering models (AutomationML, CAD, Modellica,
SysML, etc.) to extract information relevant for the domain
model, ECA rules the DT needs to react upon, its services or
constraints. Other important information sources are experts
in these domains, who complete the missing models required
to derive and operate the digital twins manually. We propose the following minimal set of application-specific models
as crucial for the model-driven generation of digital twins:
(1) Class diagram domain models describe the concepts and
data types available to the digital twin and are the basis for
digital shadows; (2) OCL models for validation of input data;
(3) Tagging models for defining roles and rights; (4) Data
models to show selected parts of the domain model in certain
views of the GUI; (5) GUI models for describing the user
interfaces; and (6) Process models that describe how the CPPS
should behave. Additionally to these application-specific models, our approach relies on application-independent models:
(1) A MontiArc architecture model describing the components
of the digital twin and their relations; and (2) Two class
diagrams describing the basic structure of all digital shadows
and process models that the digital twins can operate upon.
These models serve as the basis for generating applications of
self-adaptive digital twins.
Example. An engineer aims to create a DT to represent
and optimize the behavior of an injection molding ma-

Example. In our running example, the CPPS is an
injection molding machine which is connected to the data
lake of the IoP, 3rd party applications include, e.g., the
production planning system and the quality management
system.
The generated digital twin includes a database layer which
provides the domain concepts within the data storage, as well
as a data structure for the DS and process model concepts.
The other components access relevant information either via
interfaces from outside the DT or the interface of the database
layer. The following subsections discuss the DT components
and handled models in detail.
C. Configuration of the generated DT application
The digital twin application as generated is devoid of
behavior. In this step, a DT user or domain expert identifies
relevant concepts and behavior and adds corresponding models
(e.g., ECA rules or cases for case-based reasoning [20]).
Moreover, she defines the digital shadow structures required
to reason about the CPPS’s behavior and connects these to
the behavior models. To this end, she specifies DS types that
define, for a given purpose, which parts of the data are relevant,
which models should be contained, the represented asset of the
CPPS as well as the processes to obtain its data traces from the
various data sources available in the data lake. The structure
is based on the DS metamodel [21] and is extended to cover
further domain-specific requirements.
The Process-Aware Digital Twin Cockpit provides a guided methodology: The domain expert chooses a
purpose he creates the DS for. This can vary from humanreadable text to a specific machine-processable optimization
model. In a next step, he defines which data (accessed by a
fully qualified address), with respective data points and meta
data, should be chosen from the data lake, how the data should

Fig. 3. Main System Architecture of a Digital Twin incorporating Process Mining Services and Models at runtime

be aggregated and what operations are performed on them.
Such data points refer to data a DS needs to describe the
system’s behavior [21]. Data aggregations can be modeled in
an expression language or a domain expert can even use a
more specific language or provide code in a general purpose
language. The domain expert then defines a DS type at design
time which is then stored in the DT database. DS types can
be modified or evolved at runtime by the user depending on
the current stage of investigation and it is possible to define
new ones at any point.
Example. The domain expert defines a DS type with the
purpose of minimizing the rejection rate of a molded
part. The DS stands for the injection molding production
machine. Relevant data traces for this purpose are job
histories including rejections rates for the last 6 months.
D. Initialization of DSs
In a next step we have to create all digital shadows using the
DS type definition. This happens once in the initialization step
with a selection of DS types, but also continuously throughout
the DT run time. The Pre-Processor component gets the
DS type from the database layer and receives new data from
the data lake through its interface. With the defined rules,
the Pre-Processor decides which of the DSs for which
purpose to address and computes data points cumulated in data
traces according to the DS type definition. In this step, the DS
type definition autonomously decides whether to update the
current digital shadow or to archive the current one and create
a new one with recent data. All digital shadows are then either
updated or newly stored in the DT data base, so each of the
components can access this information.
Example. Using the DS type definition, a DS for the
purpose minimizing the rejection rate of a molded part is

created. The Pre-Processor aggregates the rejection
rates from every single job to one value per part. Once
a week a new DS is created which aggregates again the
rejection rates based on the new time slice.
E. Process Discovery at Digital Twin Runtime
The DT receives event logs from the Data Lake via
the Database Layer and Pre-Processor into the
Process Discovery component. In the next step, it is
possible to derive process models out of event logs by applying process discovery algorithms, such as Inductive Visual
Miner [27] and Heuristic Miner [28], which are stored in
the Process Discovery component. If the discovered
processes are relevant for a specific purpose and specified as
relevant models in the DS type, they are integrated within a
purpose-driven DSs. Moreover, they can be visualized to the
users via the DT cockpit for validation purposes.
Example. It is possible to identify the underlying process within the injection moulding machine using event
logs with the measurements of temperatures within the
injection moulding machine and the geolocation of each
molded part. This process is included within the DS with
the purpose to minimize the rejection rate for parts.
F. Analysis at Digital Twin Runtime
At runtime, the DT supports automatic or user-triggered
analyses. Within the system architecture of the self-adaptive
DT, we consider two ways of runtime analysis using models:
the DT self-adaptive loop and the Conformance Checker
using process mining algorithms.
Within the DT adaptive loop [18], the digital twin’s evaluator component uses ECA rules specifying undesired system
states through data patterns over DS types and DS instances
obtained from the data lake to determine whether action is
necessary. If so, it instantiates the goals defined in the ECA

rules and passes these to the reasoner, which aims to find a
solution to reach that goal by defining concrete actions. The
actions are the input of the executor and either are translated
into machine commands or passed on to a human operator.
The Conformance Checker supports analysis and prediction functionality with process mining and reasoning techniques. It takes event logs and intended process models both
embedded in DSs as input and identifies deviations in the realworld processes. The recognized problem is transferred to the
Reasoner component to be resolved by concrete actions. It
can also store the proposed changes in the database layer to
let the user decide to change the original process model.
Example. Using ECA rules derived from engineering
models or specified by domain experts, the digital twin’s
evaluator component identifies that the nozzle throughput is too low. It instantiates the goal “increase nozzle throughput” and passes it to the reasoner, which
leverages its AI subcomponents to produce a plan to
heat the material a bit more and increase pressure to
improve throughput. This plan is passed to the executor,
which translates this into OPA UA commands and passes
these to the machine. Concerning the process models,
the Conformance Checker detects inconsistencies
in discrete configurations, that resulted in process steps
taking too long.
G. User Interaction at Digital Twin Runtime
The generated DT provides a graphical interface for different user groups, also referred to as process-aware DT
cockpit as a client-server architecture (visual analytics, data
aggregation and business logics in the Backend component
and visualizations in the Frontend component).
The users are able to define DS types via the DS type
designer of the Frontend, view historical information in
digital shadows and event logs, change created DSs and
validate discovered process models. Operators can receive
support for malfunctions in form of concrete actions.
Example. The GUI shows, e.g., the process with the
temperatures in each process step of the injection moulding machine together with detected changes within the
rejection rate. Moreover, concrete actions are shown to
reduce the temperature in specific process steps of the
machine to reduce the rejection rate.
This vision allows us to create a self-adaptive DT which
is able to handle and update models at runtime - both,
automatically and by user intervention.
IV. ROADMAP AND C HALLENGES
We propose a generative approach to combine model-driven
with data-driven technologies in the realm of process mining.
The digital twin architecture explicitly includes process mining
components that leverage the massive amount of data available
in the Internet of Things. This allows to gain new insights
by combining process-level models with low-level event data.

Combining comparative, object-centric, and forward-looking
process mining will contribute to creating digital shadows
that can be used to manage, control, and improve operational
processes. The instantiation of the architecture allows to drilldown processes when a problem emerges, and even suggest
actions to human operators. The goal is to continuously
improve processes and respond to changes. We, thus, plan
to include research on action-oriented process mining [29]
in our architecture. The Process-Aware DT Cockpit
keeps the human in the loop.
Further Model-Driven Software Engineering (MDSE) research for DTs. From the MDSE perspective, the realization
of such an approach requires (1) the adaption of existing generators such as MontiGem to be able to handle the additional
models in different Domain-Specific Languages (DSLs), (2)
the integration of further generation steps, (3) to extend the
runtime environment of the DT to be able to handle process
models at runtime, and (4) to extend the runtime environment
of the DT or provide APIs to include process mining services.
Process mining is an integral part of our DT architecture
and is included internally. The interfaces required to handle
digital shadows and provide user support have to be tailored
to specific needs within digital twins and for their user groups.
Deriving DTs from engineering models. Currently, digital
twins are engineered ad-hoc, with models created from scratch,
or other approaches only loosely based on the represented
system. For a truly efficient engineering of DTs, we need
to leverage knowledge contained in documents and original
engineering models.
Automatically exploiting DT insights. Where digital twins
are in place, they can provide tremendous insights about the
operation of the particular observed system instance. Often,
these insights can be applied to other instances of the same
system type, similar systems, and future versions of these systems. Yet, we are lacking means to automatically exploit these
insights sustainably. Automatically improving the engineering
models of the observed system based on insights produced
by its digital twins could be valuable angle to improve this.
Together with the aforementioned derivation, this would pave
the way for a model-driven DevOps with DTs [30].
Models at runtime in DTs. Szvetits and Zdun [31] have
investigated how existing research literature uses models at
runtime. In the context of our work, models at runtime are
specifically used within self-adaptive systems [32]. Our approach for self-adapting DTs goes one step further to existing
approaches and allows for both, autonomic control loops as
well as human intervention. Together with process mining we
thereby integrate manifold human control possibilities from
low-level system events to business processes in IT.
Researching digital shadows. The definition of the structure
of DSs required lengthy discussions with different use cases
and stakeholders within the excellence cluster Internet of
Production [21], with aspects still being researched. From
a computer science perspective, the long-term operation of
digital twins poses further challenges such as how to handle
DS and DS-type evolvement,

We believe our approach helps to overcome the challenges
of bi-directional synchronization between digital twins and
their actual systems [33], as our approach is able to (1) take the
raw runtime data provided by the CPPS via the Data Lake and
extract the relevant information within the Pre-Processor, (2)
evaluate and reason about the digital twin models within digital
shadows to use this information extracted from the runtime
data, and (3) provide concrete actions produced using these
digital twin models to be fed into the system during execution
in an automated way or via human operators.
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