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Abstract
Modern production heavily relies on data generation, automated processing, and decision-making to enhance quality and 
cost efficiency. Key elements for achieving fully autonomous, connected, and digital production, as envisioned by the 
Internet of Production (IoP), include data-driven inspection, machine-to-machine communication, and machine learning 
for process control. Current research focuses on concepts like cyber-physical systems, ontologies, digital shadows, and 
digital twins, often considering limited manufacturing processes, which restricts wider application due to high adaptation 
needs. This paper introduces a process-independent data model for describing industrial processes through interoperable 
data formats and a method for defining generic atomic production operations. This format captures data from general 
production runs to individual measurements, enabling comprehensive data representation and exchange across diverse 
manufacturing sectors, thus facilitating data sharing and digital value creation. The data model’s applicability is showcased 
within the IoP Cluster of Excellence using six distinct manufacturing processes.
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manufacturing data across organizational and technological 
boundaries. In this context, IoP represents a connected and 
integrated approach to manufacturing, where the physical 
and digital worlds converge to provide an efficient, agile, 
and flexible production environment. By leveraging IIoT, 
cloud computing, and artificial intelligence technologies, 
the IoP enables manufacturers to optimize their production 
processes, improve quality control, reduce downtime, and 
enhance supply chain management  [4]. It also facilitates 
cross-domain collaboration, providing stakeholders with 
real-time access to production data, enhancing decision-
making and shortening time-to-market [3].

Essential to the IoP are data models, which are used for 
organizing, defining and managing the complex relation-
ships between data elements  [3]. These models should 
not only facilitate efficient data processing, storage, and 
analysis, but also serve as the basis for implementing 
advanced data-driven strategies aimed at a broad range of 
applications such as increasing the efficiency and agility of 

1  Introduction

Modern manufacturing processes generate and collect vast 
volumes of process data, facilitated by advancements in 
technologies such as enhanced sensors and the Industrial 
Internet of Things (IIoT). These developments provide a 
foundation for integrating machine learning and computer 
science methodologies into production systems. A key 
enabler of smart manufacturing is the availability of exten-
sive datasets, as highlighted in prior research [1].

The primary objective of smart manufacturing is to trans-
form data captured throughout the product life cycle into 
actionable production knowledge. This transformation is 
most effective when manufacturing data is computationally 
analyzed, enabling data-driven decision-making to optimize 
production processes [2].

The Internet of Production (IoP) [3] denotes a globally 
interconnected production infrastructure that enables real-
time exchange, storage, and processing of heterogeneous 
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manufacturing organizations. As large volumes of heteroge-
neous data are generated in production environments, data 
models provide the necessary structure for processing and 
storing data streams that originate from different sources 
and formats.

Another opportunity given by using data in the IoP is the 
creation of comprehensive digital representations of pro-
cesses and products, called digital shadows, which lead to 
precise monitoring and control of manufacturing [5]. These 
digital shadows are crucial for combining different data 
sources and enable a comprehensive, digital representation 
of production. By using digital shadows, manufacturing 
companies gain a unified view on process parameters, mate-
rial behavior and resulting product quality [6]. While data 
models provide the structural and semantic foundation that 
ensures consistency, interoperability, and traceability of pro-
duction data, digital shadows use these data models to cre-
ate dynamic, digital representations of production processes 
and products in real time. In this way, digital shadows rely 
on data models to enable real-time synchronization, cross-
domain data integration, and analytical reuse across the pro-
duction lifecycle. Therefore, the connection between digital 
shadows and data models is of central importance in IoP.

This work presents a conceptual reference architecture 
and data model whose primary objective is structural gener-
alization across manufacturing domains rather than empiri-
cal performance evaluation.

2  Literature review

To leverage the aforementioned potentials of the IoP, 
acquiring, managing and analyzing process and machine 
data in order to generate process knowledge is crucial. A 
multitude of different approaches and concepts for data and 
knowledge management are a focus of current research and 
often enough are used with intersecting meaning. For this 
reason, the following subsection aims to give an overview 
of the researched fields and defines the frequently used 
terminology.

2.1  Terminology and concepts

2.1.1  Cyber-physical production systems

The concept of a Cyber-Physical Production System 
(CPPS), in the broadest sense, describes a system in a 
manufacturing environment that is composed of human 
resources, production equipment and aggregated products, 
to which there exists one or several interaction interfaces for 
monitoring and control [7]. In such CPPS’, the physical and 
virtual (cyber) component interact through data acquisition 

methods, usually by automated reading of sensor data or 
operator inputs, in combination with feedback and control 
loops either directly employing physical actors or through 
decision-making support to the operator [8].

2.1.2  Asset administration shells

In the scope of the Reference Architectural Model for Indus-
try 4.0 (RAMI 4.0), a related concept, the Asset Administra-
tion Shell (AAS) has been introduced. An AAS is described 
as the "virtual, digital and active representation of an asset 
in an I4.0-system" [9]. The shell therefore provides generic 
access to underlying, usually proprietary device drivers 
and information channels. This can include meta-data to 
describe the device. The device status can be archived, cre-
ating historical data for life cycle management [10]. How-
ever, there is no common data model for specific systems, 
and therefore a wide variety of implementation exist [11].

2.1.3  Digital twins

The term Digital twin describes a dual system consisting 
of a physical and digital object. These objects are intercon-
nected at the digital level through a fully automatic and bidi-
rectional data flow, where physical changes are reflected in 
the digital model and digital changes can influence the phys-
ical system [12]. Therefore, physical changes are reflected 
onto the digital model, and digital changes to the model 
automatically reflect onto the physical system [13]. Digital 
twins show a broad horizon of applications, ranging from 
digital modeling of individually manufactured parts over 
whole manufacturing plants [14]. However, due to the high 
degree of interconnection between virtual and real asset, the 
creation and maintenance of digital twins usually requires 
high implementation and integration effort.

2.1.4  Digital shadows

Digital shadows show a strong uptake in current research. 
Kritzinger et. al. defined the digital shadow as a virtual 
asset representation, including only a unidirectional auto-
mated data flow from real to virtual representation [14]. 
Further, digital shadows usually only partially model given 
processes or assets because their creation is coupled to a 
defined purpose and use-case [15]. Therefore, digital shad-
ows show a wide variety of applications in different fields. 
These include, but are not limited to, manufacturing. For 
example, digital shadows have been used for monitoring 
and prediction of tool wear in machining systems  [16]. 
Digital shadows have also been applied for the representa-
tion and analysis of machine tool process data [17]. Further 
applications include plastics processing [18] and composites 
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manufacturing [19]. Applications have also been reported in 
buildings and infrastructure  [20] as well as in health  [21] 
and comfort [22] systems.

2.1.5  Ontologies

Another prerequisite for smart manufacturing and cross-
domain solutions is the transferability of data and knowl-
edge. This can be made possible through the use of so-called 
ontologies, which define a common dictionary for individ-
ual domains. The concept was first introduced by Berners-
Lee et al. [23] and defines not only the vocabulary and the 
standardized terms for talking about or storing data within a 
domain but also the interplay between components through 
semantic relationships. As a result, data can be categorized 
and universally described. While some ontologies span the 
universal concept of a production domain, enabling shared 
semantic representations across manufacturing environ-
ments [24], others focus on specific applications or automa-
tion use cases where ontologies model domain entities, their 
properties, and relationships for a particular task [25], some 
of which are discussed in section 2.2.

2.2  Processes and process-related digital shadows

While the concepts introduced in Section 2.1 provide gen-
eral frameworks for digital representation and interoper-
ability in Industry 4.0 environments, previous research has 
often focused on individual production processes, resulting 
in different degrees of progress towards the IoP for differ-
ent applications. This section highlights the production pro-
cesses considered in this paper and their individual state of 
the art regarding digital shadows and data models.

2.2.1  Automated fiber placement

Automated fiber placement (AFP) is a discontinuous process 
in which strips of unidirectionally reinforced, thermoplastic 
strip material (thickness approx 50-250 ), so-called UD-
Tapes, are additively joined layer-by-layer into so-called 
laminates. By using a laser system for material heating, the 
material can be partially of fully welded together, creating 
a strong material bond. This is known as in-situ consoli-
dation. When heated over the melting temperature by the 
laser, a consolidation roller, usually coated with an elasto-
mer, applies the required pressure simultaneously onto the 
tape and substrate to enable the bonding process. The tapes 
can be flexibly oriented to realize varying fiber angle orien-
tations. Figure 1 schematically shows the physical process.

Variations in key AFP process parameters such as heat-
ing temperature, placement rate, and consolidation pressure 
influence the bonding mechanisms and resulting laminate 

quality [26]. In particular, the development of intimate con-
tact and subsequent polymer diffusion during consolida-
tion are strongly governed by the process temperature and 
pressure conditions [27]. Experimental studies have further 
shown that processing temperature and placement rate sig-
nificantly affect interlaminar strength and laminate proper-
ties in laser-based tape placement processes [28]. Further, as 
a process manufacturing primarily semi-finished products, 
the produced laminates are supplied to subsequent form-
ing processes such as thermoforming or injection molding. 
Interchanging processing history to and from those pro-
cesses can significantly improve part quality, process reli-
ability and defect traceability.

Employing digital models and data-driven methods in 
automated fiber placement has been gaining relevance in 
recent research. Current research on data-driven models, 
digital twins and digital shadows is strongly focused on 
the topics parameter history and optimization, part defect 
detection and manufacturing cell/machine setup through 3D 
component modeling and simulation.

Thermal processes and the thermal process history is one 
of the main factors influencing bond quality and part warp-
age. Data-driven models to predict thermal phenomena and 
bonding quality are shown by Schäkel et. al.  [29]. Schulz 
et al. demonstrate how temperature-dependent process data 
can be integrated into a digital representation of the AFP pro-
cess to estimate bonding quality during manufacturing [30]. 
Further work by Schulz et al. links spatially resolved tem-
perature measurements with laminate geometry to analyze 
process-induced effects in tape laying processes [31]. Geo-
metric defects during manufacturing such as gaps, over-
laps, folds, wrinkles or foreign objects are a strong research 
focus. Oromiehie et al. analyze processing-induced defects 
in automated fiber placement, including gaps, overlaps and 
waviness caused by process parameter variations  [32]. Fu 
and Yao review common defect types in fiber reinforced 
composites, including fiber misalignment, voids, and inter-
facial defects that affect structural integrity [33]. However, 
little work is done concerning digital modeling of detected 
defects, a crucial step for information exchange to subse-
quent forming processes. Schuster et. al. show a system 
to detect defects and hint at modeling these in a database 
structure  [34]. Brasington et al. present AI-supported pro-
cess planning systems for automated fiber placement that 
integrate process knowledge and simulation-based decision 
support for manufacturing configuration  [35]. Francis et 
al. develop a digital simulation environment for AFP that 
predicts the influence of process parameters on defect for-
mation and product quality  [36]. Brasington et al. further 
propose methods for mapping multimodal manufacturing 
data within the AFP process to support defect analysis and 
process optimization [37].
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However, existing approaches typically focus on isolated 
aspects and lack a comprehensive data-structural frame-
work that enables cross-process information exchange. As 
such, we propose a generic data model for automated fiber 
placement comprising the manufacturing conditions and the 
parameter history.

2.2.2  Injection molding

The injection molding (IM) process is one of the most signif-
icant plastic manufacturing methods, known for its complex 
and non-linear process dynamics. IM products are com-
monly used in automotive, medical, electrical, and house-
hold applications. This is a batch manufacturing process 
where polymer material is fed into the plasticizing unit’s 
barrel by a rotating screw. The material melts from friction 
and heat supplied by heaters around the barrel, collecting in 
front of the screw tip in an area called the antechamber. As 
this melting and dosing occurs, the screw retracts, allow-
ing material to accumulate under applied back pressure to 
homogenize the melt’s characteristics. Once enough molten 
plastic has accumulated, the screw stops rotating and then 
injects the melt at high pressure through a nozzle into a tem-
perature-controlled mold. The mold contains one or more 

cavities which are filled during injection that shape, cool, 
and release the solidified part when the mold opens. Heat 
exchange occurs through a temperature-controlled coolant 
circulating in cooling channels within the mold. During the 
holding pressure phase, the screw continues to inject melt 
to make up for volumetric shrinkage caused by the melt’s 
pressure-volume-temperature (pvT) characteristics. The 
plasticizing unit then replenishes the injected melt during 
the cooling and ejection phase, preparing for a new cycle as 
the mold closes again (see Fig. 2) [38].

Previous models for process control in IM have been 
described in the context of digital shadow data structures 
and production data modeling [25]. Process control strate-
gies and model-based monitoring approaches for injection 
molding are further discussed in [39] and [40]. Ontology-
based approaches for representing manufacturing knowl-
edge and enabling semantic interoperability have been 
proposed in  [41]. Sapel et al. built a holistic description 
of manufacturing with an ontology  [42]. This ontology 
define all assets, the properties and the relations between 
the assets. Further this holistic ontology was built up to 
connect existing ontologies from different manufacturing 
processes via cross-domains. For example, the two manu-
facturing processes of IM and drilling are combined using 
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the built ontology in  [42]. The IM machine and the drill-
ing machine are connected via the class machine. Both sub-
classes include the machines available in the company and 
their describing data.

In addition to the machine, this ontology focuses on 
the physical object, which is described by the classes raw 
material, product, machine and mold. These classes are sub-
classes of the physical object.

The physical object can be fully described by the con-
nections and the data included in the individual classes [42]. 
In addition to the ontology described in  [42], there are 
IM-specific interfaces for process description. For this 

interfaces, most data models and standards are focused on 
machine data within one production line. A standard proto-
col for machine data is specified by the EUROMAP stan-
dards. EUROMAP specifies general concepts and interfaces 
for Industry 4.0 integration in plastics and rubber machin-
ery  [43]. EUROMAP 77 defines the OPC UA-based data 
interface for injection molding machines and manufacturing 
execution systems [44]. While these protocols are extensive, 
there is no similarly accepted standard for data regarding the 
produced part after it leaves the machine, e.g., for quality 
control purposes.

2.2.3  Plastics profile extrusion

Extrusion is the most common method for producing con-
tinuous plastic products such as films, sheets, pipes, and 
profiles. A simple profile extrusion line is depicted in Fig. 3. 
In thermoplastics extrusion, plastic granules are melted in 
an extruder to provide a continuous melt stream. To form a 
specific product, the melt stream is pushed through a die and 
cooled in a calibration section before being cut and stacked 
for further processing. The complexity in this process from 
a data models perspective stems from the modularity of 
extrusion lines. Many extrusion lines consist of multiple 
extruders, melt pumps, mixing elements, or have additional 
pre- or post-processing steps associated with them.

In plastics processing, the state of the art regarding indus-
try 4.0 fitness varies by processing method. While there are 
numerous publications in IM, there is only little research 
on extrusion applications. This also represents the current 
situation in the industry, where innovation is often first 
adopted in IM. Ramírez-Durán et al. describe an ontology 
for extrusion [45]. This ontology contains modules for the 
components of an extrusion line, the spatial relationships 
between the components, and the features and 3D models of 
those components. The modules are completed by a module 
for data captured by sensors in the extrusion line. Domain 
experts from industry were consulted during development. 
Most data models and standards in plastics processing are 
focused on machine data within one production line. A stan-
dard protocol for machine data is specified by the EURO-
MAP standards [43], which specify the OPC UA interfaces. 
EUROMAP 84 is specific to extrusion systems, while 
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EUROMAP 86 (material supply systems) holds capaci-
ties for specifying material data. Although these protocols 
provide comprehensive specifications for machine-level 
communication, no comparably established standard exists 
for representing product-related data beyond the machine 
boundary, for example in the context of quality inspection.

2.2.4  Fine blanking

Fine blanking is a forming technology for manufacturing 
high-quality sheet-metal components, meeting the stringent 
demands of industries such as automotive, aerospace and 
electronics. In fine blanking, the metal strip is first straight-
ened from the coil before performing the shearing operation 
(see Fig. 4). Precision tools in fine blanking allow the produc-
tion of large quantities of parts with optimal dimensional and 
shape tolerances, as well as an up to 100% smooth sheared 
surface. Unlike conventional shearing, fine blanking employs 
a counter punch, a V-ring, a small die clearance and three 
independently acting process forces: punch force, counter 
punch force, and V-ring force. These features improve the 
quality of sheared edges while eliminating the need for sec-
ondary operations, saving time and reducing costs [46].

In the field of sheet-metal forming, there is a significant 
emphasis on data-driven methods for process monitor-
ing to enable real-time control and integration of closely 
linked production processes  [47]. In addition, Liewald et 
al. highlight the potential of these methods to complement 
and enhance traditional modelling techniques such as simu-
lations  [48]. Addressing fluctuations in material proper-
ties requires non-destructive testing techniques, combined 
with advanced techniques for data analysis [49]. By lever-
aging process data from forming technology, data-driven 
approaches can reduce process uncertainties, increase pro-
duction efficiency, and ensure product quality.

However, data acquisition in this context remains chal-
lenging due to high production rates, dynamic effects, and 
significant process forces, making it an ongoing topic of 
research. Molitor et al. developed a procedural method 
specifically for data acquisition, preparation, and trans-
formation tailored for machine learning applications  [50]. 
Moreover, the performance of classification models is heav-
ily dependent on the quality of the dataset and its acquisi-
tion procedure. Key factors include sensor type selection, 
measurement methods used, and positioning within the tool 
or press [51].

Research on digital shadows or twins in sheet-metal 
forming processes is limited, and there is a lack of standard-
ization compared to other manufacturing processes  [52]. 
Efforts to combine simulations and process data in industrial 
stamping plants are underway  [53], but standardized data 
storage and sharing remain unestablished.

2.2.5  Hot rolling

Hot rolling is a continuous forming process that involves 
heating the metal above its recrystallization temperature 
and then rolling it into desired shapes and sizes. The hot 
rolling process includes multiple passes of height reduction 
where the material height is decreased in every step until the 
final desired height is achieved. The used raw material for 
producing those strips are casted slabs. These casted slabs 
experience geometric changes like reduction in thickness 
and increase in length during the rolling process, especially 
in the head and tail parts [54]. Research work has shown 
that process parameters such as rolling temperature, roll-
ing speed as well as material composition influence product 
quality such as profile and flatness of rolled sheets and space 
in between chatter marks [55]. A schematic description of 
the hot rolling process is illustrated in Fig. 5.

Fig. 5  Schematic illustration of hot 
rolling
 

Fig. 4  Fine blanking line 
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Recent study has shown that using data-driven tech-
niques and digital models for hot rolling processes is 
becoming more and more relevant. In [56], a reinforce-
ment learning algorithm deep deterministic policy gradient 
is used to design the pass schedule automatically for hot 
rolling process to achieve final mechanical properties. In 
[57], using backpropagation neural network and genetic 
algorithms, quantitative relationships between parameters 
are establish that are present in the models for mean flow 
stress, meta-dynamic recrystallization and static recrystal-
lization with chemical and deformation conditions of Ti 
micro alloyed steel. In [58], a deep learning model based on 
process parameters and chemical composition is developed 
that is able to predict mechanical properties of hot rolled 
steel plate.

Research on digital-twin in the hot-rolling process can be 
deeply integrated and interconnected through the physical 
and virtual worlds. It has the capacity to forecast and regu-
late product states while monitoring the production process 
[59]. The hot-rolling digital twin system is significant to 
encourage the development of smart factories [54].

2.2.6  Ultra-short pulse laser ablation

In ultra-short pulse (USP) laser ablation, femto- to picosec-
ond laser pulses are used to remove material from a work-
piece through highly precise ablation processes [60]. USP 
laser radiation with pulse durations below 10 ps enables 
material removal with minimal thermal influence due to the 
extremely short interaction time between laser energy and 
the material [61]. The overall working principal is schemati-
cally shown in Fig.  6. Typical ablation crater sizes range 
from sub micrometer to several tenth of micrometers and 
ablation depth of a few hundred nanometers [61]. By over-
lapping consecutive pulses, a 2.5D shape can be ablated into 
the material. Typically this process works in layers, where 
the 2.5D structure is sliced. These slices are afterwards 

hatched with vectors to form a single layer of the process. 
The vector list is afterwards loaded onto the machine and 
the focal spot is moved along the vector path ablating mate-
rial at this specific area. To this day the path geometry is 
typically not altered during the process but is precalcu-
lated and loaded onto the machine. However most systems 
also include high frequency emission observation systems, 
which map process emission to a specific point of the work-
piece [62] or other quality control systems like confocal or 
white light interferometers, which allow for the evaluation 
of depth and roughness at certain parts of the workpiece 
[63]. These sensor systems could be used in order to alter 
the beam path depending on certain readings, but to this day 
a unified data model which allows for such advanced opti-
mization techniques is not in place.

Most systems use G-Code or proprietary data formats 
for storing vector paths. Some laser machining software 
environments implement such approaches for integrating 
machine control and process data [64]. Other industrial plat-
forms provide proprietary frameworks for linking sensor 
information with machining data streams [65]. Comparable 
solutions for scan system control and process monitoring 
are also implemented in commercial laser control soft-
ware  [66]. However, some open source formats do exists 
which try to open up the underlying vector model [67].

2.3  Data models for generic digital shadows

Research on frameworks for the digital shadow within the 
IoP was initiated in 2021 by Brecher et al., who proposed a 
conceptual model to define the relationships among assets, 
data, and the objectives of a digital shadow [68]. Becker 
et al.  [39] applied this concept to real-world IM scenarios. 
Building on this model further, the Digital Shadow Refer-
ence Model (DSRM) by Michael et al.[69] provides a struc-
tured framework for modelling data elements, relationships, 
and resources across production domains. This framework 

Fig. 6  Ultra-short laser processing 
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integrates digital shadows throughout product lifecycle stages 
and employs ontologies for semantic alignment, thereby 
ensuring data interoperability across IoP applications.

In addition, Riesener et al. [70] focus on digital shadows 
within product lifecycle management, proposing a meth-
odology for consolidating and structuring data from mul-
tiple sources. Complementing this approach, Van der Aalst 
et al. [71] present process mining as a practical DS model 
within the IoP, highlighting its flexible design. Their object-
centric metamodel captures multiple objects per event, 
thereby overcoming limitations of traditional event logs.

Furthermore, Brecher et al. [72] further employed ontol-
ogy-based data access (OBDA) to create use-case-specific 
digital shadows, which organizes raw sensor data into seman-
tically consistent structures. While Sapel and Hopmann [73] 
highlighted the need for a standardized vocabulary in IM, 
proposing an ontology-based dictionary to improve commu-
nication and data integration across systems.

Nevertheless, these papers provide conceptual frame-
works but lack concrete data structures to support practical 
implementation. Therefore Van der Aalst  [71] introduced 
the concept of Data-Models-in-the-Middle (DMM) as a 
practical solution to address complexity and limited reus-
ability in data handling within the IoP. DMM have the goal 
to standardize and harmonize diverse data sources, enabling 
immediate analytics capabilities without the need for further 
data transformations. Tacke et al.  [74] used this approach 
and proposed a minimal meta-model specifically designed 
for low-level machine data, aimed at enhancing standardiza-
tion and interoperability across Industry 4.0 solutions. Their 
DMM uses a CSV-based format to ensure accessibility and 
ease of use, facilitating data sharing, processing, and visual-
ization directly from raw machine outputs.

While these papers provide a foundation for DMM, they 
do not fully address the incorporation of metadata for pro-
duction processes. To bridge this gap, the model proposed 
in this paper explicitly integrates metadata, advancing these 
concepts and ensuring a more comprehensive representation 
of production dynamics.

3  Data architecture for digital shadows in 
production

As can be seen in the current state of the art, strong empha-
sis is put on developing digital shadows to model and com-
bine quality, simulation and machine data usually from one 
individual process for means of quality control and process 
optimization. However, reusability of machine and sensor 
data from different machines or different processes is usu-
ally limited due to the data being tailored to the specific use-
case, the process and the machine. Data-driven optimization 

methods require large amounts of data and the relative cost 
of producing this data through dedicated experimental runs 
is usually high. Therefore, utilizing process and machine 
data from one production environment to another shows 
potentials to be highly beneficial [75]. In this section, a gen-
eral, process-independent data model to universally describe 
production and machine data will be presented (Fig. 7).

This model introduces the core classes and attributes 
required to structurally represent production environments. 
The main entities comprise ProductionRuns, denomina-
tors, Assets, Measurement instances, Educts, and Products, 
together with their relationships. Attributes define identi-
fiers, temporal references, and contextual metadata, while 
associations describe how machine data, process states, and 
produced entities are linked within a unified structure. The 
following subsections explain these elements step by step, 
beginning with the denominator as the fundamental refer-
ence entity.

3.1  Common denominator

Referencing machine data to production steps and produced 
goods is a process-specific task which varies strongly with 
the type of process. In general, two types of processes are 
differentiated: 

1.	 Continuous processes
2.	 Discontinuous processes

In continuous processes, material is usually fed using a 
continuous motion through the plant, e.g., in roll-to-roll 
processes. Discontinuous processes are composed of a dis-
tinct set of sequential, and possibly parallel, production 
operations.

Therefore, the present study proposes to define a com-
mon denominator as a process- and application-specific 
ground reference. This denominator defines the smallest 
relevant unit of production to be individually tracked. 
The denominator can be bound to a specific unit or value, 
or be unitless, defined purely in a nominal way. Possi-
ble definitions include e.g. a defined length of produced 
material, the execution of a specific process step or the 
completion of a cyclic operation in a connected assem-
bly line. Thereby, the choice of the denominator is sub-
jective, decided by the data scientist responsible for the 
process. The denominator should be fixed at design time 
and remain static over the production phase. A special 
case occurs when the denominator of the considered pro-
cess defines either the start or the end of a process step, 
while the process step in itself remains variable in time. 
In this case, either the start of the first process step or the 
end of the last process step is not well defined. Herefore, 
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Fig. 7  Universal process data model 
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we propose an optional boundaryDenominator, 
enabling the encapsulation of ProductionRuns into a 
well defined denominator interval. In Fig. 8, exemplary 
denominators are schematically depicted.

Choosing the denominator yields an inherent trade-off 
between data complexity and accuracy. When the denomi-
nator is too large, adding new data points that require a 
lower resolution is not seamless, requiring adaptation to 
the data structure. However, a low denominator increases 
complexity and data synchronization, especially with large 
production systems. The required overhead takes up a non-
negligibly large amount of storage. Lastly, the optimal 
denominator size is application- and domain-dependent, 
i.e., in research or prototyping applications it could be lower 
than in later production environments.

The denominator can be reset through dedicated events 
which interrupt regular production and ensue a change 
in the production environment, such as material changes, 
emergency stops, planned and unplanned maintenance.

3.2  Machine-specific data structures

An essential consideration in production system design is 
the resolution at which Assets are defined. The definition of 
Assets directly impacts the observable parameters and the 
characteristics of the production run. When the asset bound-
ary is set at a coarse level—for instance, encompassing an 
entire unit such as a fine blanking machine or a USP struc-
turing machine—this decision inherently limits the vari-
ability that can be captured within the production process. 
Under such a configuration, the ProductionRun data struc-
ture can only describe processes occurring between distinct 
machines.

Conversely, defining Assets at a finer resolution, such 
as at the sensor and actuator level, enables the production 
run to be described in much greater detail. This granularity 
facilitates the design of more flexible production processes 

within individual machines. However, this increased flex-
ibility introduces additional operational complexity, as the 
management of assets, production runs, and measurements 
becomes more intricate.

This trade-off underscores the importance of machine-
specific data structures, which must be tailored to the 
operational environment of the production machine. The 
requirements for data and asset structure vary significantly 
across different production environments. For example, a 
cleanroom environment for wafer production using USP 
may emphasize parameters and configurations that pri-
oritize precision and contamination control, with flexible 
production steps within a machine. In contrast, a standard 
manufacturing facility focused on mass production may 
necessitate a simpler, static configuration, where the pro-
duction steps are fixed and less variable.

3.3  Measurement of machine data

Measurement is the key component of process analy-
sis and optimization, and lie at the core of the digital 
shadow. However, measurements can differ greatly in 
their acquisition, format and purpose. Extensive work 
exists, focusing on process-specific measurement data. 
As such, the herein developed model does not aim to 
holistically define measurement data, but rather defines 
a process-independent, common interface for identifying 
and referencing it.

An interesting approach to enable data processing of 
raw measurement data using higher-order process models 
is addressed by the model-in-the-middle from Tacke et. 
al. [74]. Therein, the authors aim to attribute the character-
istics when, where and what to machine data. This is real-
ized by integrating timestamps (when), Object Identifiers 
(where) and Observations (what) to the data structure. This 
is seamlessly compatible with the herein proposed Mea-
surement structure, it being linked to the what and where 

Continuous Process Discontinuous Process
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Fig. 8  Exemplary denominator selection
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through the relationship to the Parameter and the actual 
value of the measurement.

In the presented model, the notion of when is 
extended to include two different concepts of time. The 
measurement_time refers to the timestamp relat-
ing to the time of acquisition of the data point, which, 
of course, differs for all data points even if they relate 
to the same denominator. Therefore, each data point is 
additionally associated with a origin_time, enabling 
all relevant data points to be mapped onto the same 
denominator, independent of their acquisition time. This 
origin_time is arbitrary but fixed, e.g., the time of 
the initial creation of a produced part.

The herein described Measurement is not meant to solely 
represent machine data. The data structure should encom-
pass machine data as well as i.e. multi-dimensional quality 
data (such as microscopy images, 3D point clouds, thermal 
videos, CT- and X-Ray Scans) and mechanical, chemical 
and physiological material characteristics (i.e. datasheet 
data). To adequately describe these data structures with 
the goal to simplify data exchange and later evaluation, the 
data’s dimensionality and thereby it’s interpretability needs 
to be known. As such, we propose to include a dimen-
sionality tuple in the data model as a descriptor of the 
measurement’s shape, in conjunction with a freely defin-
able metadata field, which can include further important 
information for data interpretation (e.g. maximum physical 
ranges represented, units...).

3.4  Educt-specific data structures

Educts describe materials or components that serve as an 
input to the process and are usually consumed during pro-
duction. This includes not only raw materials or semi-fin-
ished products that are transformed into a product, but also 
parts or materials that are required and frequently replaced 
for the operation of the machines.

Educt-specific data have a complex relation to the denom-
inator since, in many cases, the educts are destroyed or 
modified before the denominator assigned to the according 
product is formally created. This applies e.g. to processes 
where educts are pre-processed and reshaped (melted, 
mixed) before the actual product is created.

In practice, educt-specific data often combine data sheets 
from the manufacturer with data collected offline, i.e., data 
that exists independent of the ProductionRun. It might also 
contain references to previous manufacturing processes, 
e.g., when the Educts of this process are products of a prior 
process. As a result, the Educt data sets are stored in a data-
base separate from the ProductionRun, and the association 
of a specific EductInstance to a ProductionRun occurs retro-
actively through the denominator.

3.5  Product-specific data structures

For this purpose, a Product is defined as anything produced 
or created during processing. While each resulting Product 
exists beyond the process’s scope, the related data for mod-
eling purposes are associated via a specific ProductInstance.

Product-specific data can come from multiple sources, 
such as quality control measurements occurring during pro-
duction or offline, e.g., in a lab setting. As a result, these data 
do not necessarily have the same dimensionality or format-
ting and need to be documented carefully (see Section 3.3). 
Offline data might not exist for all product instances since 
quality control measures in lab settings are only performed 
for a small sample size of the production batch. In contrast, 
inline data usually exists for each product instance that 
refers to the common denominator. Product-specific data 
must default to the common denominator (see 3.1).

Consequently, the product-specific data structures require 
careful collection of metadata. This includes documenting 
data formats, dimensionality, and the data’s relationship 
with the common denominator. The metadata structures 
must conform with existing standards within the individual 
application, provided such standards exist. Necessary com-
ponents within the metadata structure to ensure efficient 
access include, but are not limited to, a reference to existing 
standards (if applicable), the data source(s), e.g., lab equip-
ment or inline sensors (see 3.2), the data’s dimension and 
format, the data’s relation to the common denominator and 
its completeness concerning the denominator, i.e., whether 
these product-specific data exist for each instance of the 
product or just for a subset.

4  Data model demonstration

The unifying data architecture presented in Section 3 is 
fairly generic. The following sections demonstrate how the 
data model fits each of the investigated production processes 
and how special cases for individual processes are handled.

4.1  Automated fiber placement

4.1.1  Denominator description

Since AFP is a discontinuous process, a distinct process 
cycle can be defined as the denominator. A process cycle 
can be one or multiple (when executed simultaneously) of 
the following operations:

	● Orientation of substrate
	● Pre-Heating of substrate
	● Placement and consolidation of tape
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This denominator choice enables a detailed resolution of 
process parameter measurements for individual process 
steps as well as correlating those steps to one another, creat-
ing insights about the process history. Due to the discon-
tinuous, well-defined structure of these process operations, 
a boundaryDenominator is not required for the AFP 
process.

4.1.2  Assets and machine-specific data structures

A multitude of different machine technologies for AFP are 
currently available on the market. However, for manufac-
turing thermoplastic laminates with in-situ consolidation, a 
set of core components are required within each machine 
type [76]. These include a heating system, a tape guiding 
and feeding system, an NC-system for positioning and 
a pressure application system. All these components are 
usually integrated into a defined machine system and as 
such can be represented by the Assets, AssetInterface and 
Parameters data structures. Additionally, the use of inline-
monitoring sensors such as temperature- and part surface 
sensors is gaining in popularity and can be modeled using 
the described approach.

4.1.3  Educt and product-specific data structures

Multiple interpretations of a ProductionOrder and sub-
sequently a ProductionRun are possible in practice. For 
consistency with industrial applications, a ProductionOr-
der in AFP is defined as manufacturing a set number of 
identical laminates for a specific customer. Accordingly, 
during a ProductionRun, one or multiple laminates of the 
same or different types can be partially or fully manufac-
tured. According to the data model introduced in Section 3, 
a ProductionRun manages multiple ProductInstances over 
it’s duration. However, according to the model specifica-
tion, a ProductInstance can only be associated to one spe-
cific ProductionRun. This leads to challenges when e.g. 
a material (educt) change triggers a new ProductionRun 
while unfinished ProductInstances remain in production, 
a common scenario in series production. Exchanging the 
UD-tape spool is done on-the-fly, either through splicing 
or using advanced spool exchange systems. To handle this, 
the current ProductInstances are transformed into Educts 
of the next ProductionRun. This effectively splits the pro-
duction history of a laminate into a nested structure. Due 
to the general definition of the denominator representing a 
process cycle, a ProductInstance does not necessarily con-
tain a regular sequence of denominators but rather a rising, 
partial and irregularly spaced collection of denominators. 
Further, multiple ProductInstances can contain the same 
denominator, due to different operations being executed in 

parallel (i.e. orientation of one laminate while a placement 
on another laminate is ongoing).

The main process Educt is the employed UD-Tape, which 
differs in e.g. matrix material, fiber material, width, thick-
ness and additives. The EductInstance is an important data 
structure, tracking i.e. the batch number or storage time over 
defined environmental conditions, factors influencing later 
processing and part quality. Additional Educts can include 
adhesives to fix the first layer or cleaning chemicals of the 
tooling. The use of these Educts can influence later surface 
properties.

4.2  Plastics profile extrusion

4.2.1  Denominator description

Extrusion processes are continuous and, thus, do not have a 
’natural’ denominator; therefore, an artificial denomina-
tor must be defined. We propose one discrete unit as a sin-
gle piece after confection, i.e., relating data to a roll for flat 
film, blown film, or a piece of extruded profile after the saw. 
Consequently, machine-specific data are collected over a set 
period and mapped onto the same common denominator. 
While this reduces accuracy, it represents the process since 
a piece of extruded profile is the smallest possible unit pass-
ing quality control. This denominator definition requires the 
use of an additional boundaryDenominator, which 
transcribes the denominator interval for the continuous pro-
cess step, i.e., the start and end of the extrudate belonging 
to the denominator instance. The origin time is arbitrary but 
fixed, e.g., the timestamp where the extrudate leaves the 
die. This choice is associated with few consequences for 
educt-specific and product-specific data structures since it 
is the natural unit for product-specific data structures, and 
any change in the educt-specific data happens at a larger 
scale than this common denominator. In addition, any parts 
produced during an educt change are usually automatically 
removed from the production batch.

4.2.2  Assets and machine-specific data structures

Extrusion lines have a modular setup consisting of different 
components, and while some standard configurations exist, 
the model must be able to accommodate different extrusion 
line setups. However, existing ontologies  [45] can be re-
used to organize assets. Machine data are collected in con-
formation with EUROMAP 84 [43].

4.2.3  Educt and product-specific data structures

The Educts can be one or multiple base polymers or other 
additives. They are typically either supplied by raw material 
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manufacturers or produced in an in-house compounding 
process. The latter results in a special case since the com-
pounding process itself occurs on a type of extrusion line, 
making this a prime example of a case where Products from 
previous processes are turned into Educts for the follow-
ing process in a different ProductionRun. In addition, many 
extrusion lines are equipped with gravimetric systems that 
supply multiple educts to the same machine. Typical educt-
specific data include safety data sheets, material data from 
offline lab characterizations, compound recipes, or batch 
IDs. Information can be collected in conformation with 
EUROMAP 86 [43].

In each ProductionRun, a specified number of products 
is created in one continuous process. The created products 
usually belong to one ProductionOrder, and stopping contin-
uous production stops the ProductionRun in question. The 
Products of the extrusion process can vary greatly depend-
ing on the individual process, both in production time per 
part and individual part size. This is, in part, determined by 
the throughput of the extruder or the haul-off speed, but also 
by the frequency with which the extrudate is cut into indi-
vidual units. For example, one piece of an extruded profile 
is extruded over a short period of time compared to a roll of 
blown film but over a long period of time compared to indi-
vidual granulate pellets that were produced for subsequent 
processes (e.g. IM, compression moulding). As a result, the 
amount and resolution of product-specific data with respect 
to the denominator depends on the process in question.

Extrusion processes have no universal standards for 
product-specific data structures. Therefore, all data collected 
for products must be documented carefully and extensively 
with appropriate metadata that is understandable across dif-
ferent environments. Examples of typical product-specific 
data in extrusion are inline characterizations of the extrudate 
geometry, color, product IDs, etc., but also offline analyses 
of smaller product batches in a lab environment, e.g., for the 
characterization of crystallinity, orientations, or mechanical 
properties.

4.3  Injection molding

4.3.1  Denominator description

The IM process is a discontinuous process, meaning that a 
natural denominator choice is the duration of the repetition 
of variable state changes, called a machine cycle. Based on 
the provided model, the denomination of these cycles can be 
integrated within a ProductionRun. In the progress of one 
cycle, the discontinuous IM process covers all parameter 
state changes that occur during the iterative conduction of 
process cycles while assuming that the process is fully ther-
mally balanced and not subject to erroneous state changes 

due to ramp up process or external influences. Each educt- 
and ProductInstance, such as the used material batch dur-
ing production or the produced parts during one cycle can 
therefore be unambiguously mapped to the correct cycle. 
The boundaryDenominator may be used to store the 
integer representation of a timestamp which indicates the 
start time of production. The sequence of denominated 
machine cycles then unambiguously defines the progress of 
a ProductionRun.

4.3.2  Assets and machine-specific data structures

The detail of asset and machine-specific data structures 
must satisfy the need to unambiguously map emitted data 
for the ProductionRun to the emitting asset or asset-com-
ponent. On the other hand, the model should retain a high 
level of intuitiveness for the subsequent users, engulfing 
engineers, applicants and only peripheral data modelers. 
Therefore, the modeling of the IM machine, peripheral 
assets and the mold are analyzed. The typical separation of 
the IM machine core components into machine bed, plas-
ticizing unit, clamping unit and control [77] is not suitable 
for modeling here. Machine bed and clamping unit do not 
usually get assembled in varying constellation depending 
on the process. The plasticizing unit, on the other hand, can 
be exchanged before production if required, for example if 
a lower shot volume is needed. The change may directly 
impact the available data due to a differing number of 
temperature sensors in the heating bands. Accordingly, 
we propose to divide the IM machine into the plasticizing 
unit, machine control and base machine. Apart from the 
machine, several types of peripheral assets can be modeled, 
such as tempering units, dryers, dosing units, scales, cam-
eras and many more. These peripherals can be assumed to 
either offer data interfaces themselves, be readable by hard-
wiring or standardized interface within the IM machine. 
Another intricate part of the IM process is the IM mold. 
The mold itself can be further dissected into a base mold 
and exchangeable inserts for different part geometries. 
Each base mold or insert can be equipped with additional 
sensor technology to measure process parameters such as 
temperature or pressure. The base mold - insert relation-
ship is of character n:m, intending that n base molds may 
be equipped with m inserts. In many cases, however, inserts 
are fit to be installed in exactly one base mold. Further-
more, the sensors are commonly not exchanged between 
molds and inserts. For simplicity, base mold, insert and 
sensor are not modeled separately. Instead, a Mold is mod-
eled as the assortment of specific (base) mold, insert and 
sensor equipment used within a ProductionRun and able 
to generate a certain set of data. This data is not subject to 
polymorphism, making data storage and semantic mapping 
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efficient. The disadvantage of multiple Mold instances with 
duplicate inherent components outweighs the added com-
plexity to the data model if modeled separately.

4.3.3  Educt- and product-specific data structures

Common ingredients of the used material mixture entail 
the polymer, color pigments, flow stabilizers, anti-statics or 
fibers for reinforcement. The material is, by nature, a pas-
sive asset, i.e. does not actively emit data. A separate model-
ing of all ingredients would only be rectified to avoid data 
repetition when using an abundance of different mixtures. 
For simplicity reasons the plain material mixtures could be 
modeled as an entity. The products per machine cycle are 
typically between one for a single cavity mold and up to 
96 or even more in very specialized cases such as the pro-
duction of PET bottle caps. Each product instance result-
ing from the production run is described by its mechanical 
properties, dimensions, and weight. A wide range of mea-
surement methods can be applied in a regressive manner, 
ranging from scalar outputs (1-dimensional) to images or 
even videos (3- or 4-dimensional). Commonly used mea-
surements are scalar in nature and describe discrete dis-
tances between components to evaluate shrinkage, warpage, 
or part weight. During a cycle, the machine logs time-series 
data, such as the progression of the injection curve or the 
clamping force. These measurements are 2-dimensional 
consisting of the relative time of measurement during the 
cycle and the measured value.

4.4  Fine blanking

4.4.1  Denominator description

Fine blanking is a cyclic process that produces multiple 
identical or varied parts per stroke. The denominator is 
defined as one stroke, providing a straightforward reference 
point. While a stroke consists of distinct process phases that 
are valuable for detailed analysis, using a more complex 
denominator is unnecessary for establishing a standard ref-
erence. Segmentation details can instead be stored as meta-
data within the measurement class.

4.4.2  Assets and machine-specific data structures

The fine blanking periphery comprises two primary 
machines: the roller leveler and the fine blanking machine. 
Both are designated as Assets, monitored, and controlled 
via Interface entities. Various sensors, such as force sen-
sors and acoustic emission sensors, are also included as 
Assets. Force, for example, is both a settable parameter via 
the machine interface and an observable parameter through 

sensors. During each stroke, time series data is recorded 
with machine and sensor measurements in order to charac-
terize the fine blanking process. The different parts of the 
fine blanking tool can be also included as Assets, giving 
information of the wear state of the tool.

4.4.3  Educt- and product-specific data structures

Educts for fine blanking include coils and lubricants. While 
lubricant data is typically limited to product specifications, 
coil properties can be measured non-destructively at spe-
cific locations. These measurements can then be mapped 
to specific stroke locations, allowing for correlation with 
stroke data through the defined denominator. Product qual-
ity, measured inline or offline, can similarly be linked to 
strokes when the parts produced are associated with their 
respective strokes.

A ProductionOrder refers to a set of identical or distinct 
parts produced using a fine blanking machine. Since differ-
ent parts can be manufactured with the same tool, an order 
may include a variety of parts. A ProductionRun is defined 
as a continuous series of strokes without interruption, which 
is crucial for subsequent data analysis since any downtime 
may affect sensor calibration and data integrity.

4.5  Hot rolling

4.5.1  Denominator description

The denominator range in the data model for the hot roll-
ing process spans one complete process cycle. In one cycle, 
material is processed through multiple so-called passes. As 
a result, the material experiences multiple height reductions 
until the final desired thickness is achieved. Every pass 
increments the denominator. On completion of one process 
cycle, the denominator gets reset.

4.5.2  Educt and product-specific data structures

The Educts are the raw materials required for the hot rolling 
process, typically cast metal blocks. The cast slabs are then 
heated in a reheating furnace. These furnaces can process 
one or multiple cast slabs simultaneously. The heated cast 
slabs then represent the EductInstance for the hot rolling 
process ProductionRun.

One ProductionOrder consist of a set number of hot 
rolled strip batches as ordered by the customer. Further, we 
limit a single ProductionOrder to one set material. To fulfill 
a ProductionOrder, processing of multiple cast slabs can be 
required. Therefore, we define a ProductionRun as the pro-
cess of achieving the full height reduction for a cast metal 
slab, subsequent to heat treatment of the cast slab.
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Each pass in the hot-rolling process leads to a set height 
reduction of the cast slab, in turn causing substantial changes 
in the material’s structure. Accordingly, after every pass, a 
new ProductInstance is created, incrementally capturing the 
material transformation upon achieving the final height.

The final height of the hot rolled strip is the Product that 
is finally achieved at the end of one ProductionRun.

4.5.3  Assets and machine-specific data structures

Assets refer to the rolling machines utilized in the hot roll-
ing process, encompassing both roughing mills and finish-
ing mills. Following the heating process, the material first 
passes through the roughing mill, where it undergoes signif-
icant thickness reduction, transforming into a thin slab. To 
achieve the final geometry and ensure high surface quality, 
the material is subsequently processed in the finishing mills. 
These finishing mills consist of multiple successive stands, 
which further reduce the thin slab into a narrow strip.

The configuration of the roughing and finishing mills 
may include two to several rollers, depending on the desired 
final thickness of the material.

4.6  Ultra-short pulse laser ablation

4.6.1  Denominator description

USP laser ablation is a 2.5D ablation process that works 
layer by layer. In a production step a layer of vectors is 
loaded onto the machine and these vectors are afterwards 
ablated onto the material with a scanning device. By repeat-
ing this layer-wise ablation over and over a 2.5D structure 
is formed. The size of the denominator in this case was 
therefore chosen to be a single layer of the process of a 
single product. During production runs, a layer typically is 
observed by multiple different sensor systems which map 
corresponding spatial resolved measurement data on the 
vectors of a single production layer. Typical sensors for pro-
cess observation are spectroscopes for backscattered light 
and thermal emissions, optical coherence tomography and 
confocal sensors for depth measurement or white light inter-
ferometry for metrology analysis. All of these sensor mea-
surements can be mapped to a certain point in our layer. The 
chosen denominator therefore allows the three-dimensional 
reconstruction of the ablation process and its corresponding 
measurements at a certain point in the workpiece.

4.6.2  Assets and machine-specific data structures

The Assets in this use-case are chosen to be modeled at 
the subsystem level. The machine itself is composed of a 
workpiece movement system, a scanning device for laser 

focus placement, a laser source and several sensors. Adding 
each of these sub systems as a single Asset allows the data 
structure to be flexible and seamlessly adapted to include 
new components. New sensors can be added on demand and 
other components like beam shapers, which control the laser 
focal distribution could be upgraded or modified without 
breaking the data structure. This allows for a flexible system 
that can be tuned onto specific materials and products, since 
these require different quality inspection sensors.

4.6.3  Educt- and product-specific data structures

The Product of a USP ablation machine is a 2.5D gener-
ated structure on a workpiece. In theory, a workpiece holder 
could incorporate multiple workpieces which an ablation 
system would machine in successive order. However a sin-
gle workpiece could be cut into multiple pieces and hold 
multiple products. In the use-case, the ProductionRun was 
defined as a single ablated layer. Therefore a Production-
Run always points to a single EductInstance and a single 
ProductInstance. The Product, Educt, ProductInstance and 
EductInstance are defined as single regions on a single 
workpiece. The ProductInstance of a ProductionRun layer 
becomes the EductInstance of the next run.

5  Discussion

5.1  Model positioning and architectural 
implications

The proposed data architecture aims to provide a process-
independent reference structure for representing manufac-
turing data across heterogeneous production environments 
and thereby complements Industry 4.0 concepts such as 
CPPS, AASs, digital twins, digital shadows, and ontolo-
gies, which primarily address system architectures, asset 
representations, or semantic interoperability. In contrast to 
process-specific digital shadow implementations, the model 
abstracts production systems through a generic denomi-
nator, asset hierarchy, and unified measurement structure, 
enabling consistent representation of production, educt, and 
product relations independent of the underlying process 
physics.

Compared to the DSRM [69], which focuses on lifecycle-
oriented structuring and semantic integration, the present 
approach emphasizes structural generalization across fun-
damentally different manufacturing paradigms. The denom-
inator concept serves as a unifying abstraction layer that 
links production runs, machine states, and product instances 
without relying on process-specific temporal assumptions. 
The modeled ProductInstance and EductInstance represent 
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individual digital shadows of parts from a specific process. 
Through the presented modeling approach, the collected 
dataTraces of these digital shadows are extended by includ-
ing a reference not only to the production system but also 
the processing phase. This simplifies the task of transferring 
knowledge e.g. from one machine system to another.

Special emphasis is put on ensuring compatibility with 
lower and higher order Models from the IoP. Through the 
fairly generic Measurement data structure, the DMM  [71], 
containing time-series as well as event data can be seamlessly 
connected with the herein developed, superimposed process 
model through both the measurement and origin timestamps.

A possible limitation of the model appears when a pro-
cess exhibits multiple phases with greatly varying time 
frames. This could be evident in multi-stage manufacturing 
processes such as hot forging with intermediate reheating 
cycles, where short deformation phases are interrupted by 
significantly longer heating periods. In this case, the denom-
inator’s resolution is either too low for one process phase or 
too high for the other process phase.

Further, it has to be noted that multiple, domain-specific 
approaches to enable generic process data management 
are currently in development or are already released, e.g., 
OPC UA Companion Specifications (IM, Machine Tools, 
Additive in development). A detailed screening of all such 
approaches is out of this work’s scope. Therefore, coordi-
nating the structure and implementing the presented model 
could ensue challenges and require model adaptations.

Lastly, there exists only very limited research on cross-
domain data collaboration. Preliminary, basic research in 
the IoP Cluster of Excellence [3] shows the high potential 
of such a collaboration due to the thereof exponentially 
increasing available production data. However, semantic 
synchronization still remains a challenge. The herein devel-
oped data model aims to set the basis for such collaboration, 
but is expected to require extensions and/or modifications 
with increasing research work.

5.2  Validation scope and limitations

The presented use cases constitute a structural validation 
of the proposed data model by instantiating it across fun-
damentally different manufacturing paradigms, rather than 
a performance or implementation validation. Validation is 
performed through systematic instantiation across six fun-
damentally different manufacturing paradigms, including 
continuous and discontinuous, cyclic and layer-based pro-
cesses. In each case, denominator definition, asset structure, 
educt–product relations, and measurement representations 
were mapped without modifying the core meta-model. This 
consistent applicability across heterogeneous production 
environments demonstrates the architectural generality of 

the approach. In particular, the validation focuses on the con-
ceptual alignment between process information and process 
structure, as well as on assessing the internal coherence and 
representational expressiveness of the proposed data model.

This work does not provide deployment-level or per-
formance-based validation. In particular, no cross-site 
implementation, runtime analysis, or interoperability stress 
testing was conducted. Such validation would require the 
integration of heterogeneous IT infrastructures across mul-
tiple institutes and industrial environments and is therefore 
beyond the scope of this architectural contribution.

The claimed generalization capability thus refers to 
consistent data-structural representation across domains. 
Future work will address implementation-driven validation, 
including interoperability studies and complexity analysis 
under real production data conditions.

6  Conclusion and outlook

In this paper, a unified data model was proposed to address 
the challenges of data heterogeneity and limited cross-
domain reusability in manufacturing processes. By defining 
interoperable data formats and a generic process-independent 
denominator, the model facilitates a standardized approach 
to describe production, machine, and quality data across a 
variety of manufacturing sectors. This model was structurally 
instantiated by applying it onto six diverse manufacturing pro-
cesses, showing its versatility and potential for applicability 
with respect to data representation and semantic alignment. 
The ability to integrate data spanning from production runs to 
individual measurement points provides a robust framework 
for advancing digital production environments.

The flexibility to define a custom denominator effectively 
manages the trade-offs between data resolution, computa-
tional complexity and storage requirements, granting the 
possibility to optimize data management not only process- 
but also domain-specifically, such as series production, 
industrial research and development or academic research.

By integrating generic educt- and product-specific data 
structures, the transformative nature of production pro-
cesses can be adequately represented, enabling cause-effect 
analyses of resulting product quality. Compatibility with the 
DMM of IoP is ensured by the inclusion of a fairly generic 
structure for measurement data.

Moving forward, the adoption of the proposed data 
model presents opportunities for accelerating the develop-
ment of digital shadows in manufacturing. Future work 
should focus on implementation-driven validation in real-
world manufacturing environments, exploring its impact on 
production efficiency, data-driven process optimization, and 
cross-domain collaboration.
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