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Abstract—The adoption of Industry 4.0 practices has grown
worldwide, driven by the need for standardised, transparent,
and interoperable data exchange. The Asset Administration Shell
(AAS) provides a standardised template for asset information,
enabling companies to share and integrate data across systems.
However, AAS creation from existing datasheets remains a manual
and time-consuming process, hindering large-scale adoption. In
this paper, we propose an Artificial Intelligence (AI) agent-based
approach that automates the transformation of Portable Document
Format (PDF) datasheets into AAS instances, which are then
serialised into AAS files. The agents extract, structure, and validate
asset information against the Industrial Digital Twin Association
(IDTA) guidelines to ensure compliance with industry standards.
We demonstrate the approach in a use case scenario, illustrating
its potential to streamline the creation of AAS files and facilitate
their adoption in a manufacturing environment.
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I. INTRODUCTION

The Industry 4.0 paradigm has revolutionised manufacturing
processes by integrating advanced technologies, such as Inter-
net of Things (IoT), Cyber-Physical Systems, and Artificial
Intelligence [1]. This transformation has led to the emergence
of smart factories. Nowadays, interconnected systems can
communicate and make autonomous decisions to optimise
production efficiency and flexibility [2]. A key enabler of
this paradigm is the Asset Administration Shell (AAS), which
serves as a digital representation of physical assets in the
manufacturing environment [3].

The AAS provides multiple benefits. These include a stand-
ardised framework for managing and exchanging information
about assets, facilitating interoperability among diverse systems
and devices. By encapsulating all relevant data, functionalities,
and services related to an asset, the AAS enables seamless
integration into Industry 4.0 ecosystems. Additionally, the
AAS supports advanced functionalities, such as predictive
maintenance, real-time monitoring, and data analytics, which
are crucial for optimising manufacturing processes [4]. Despite
its potential, the adoption of AAS in industrial settings faces
several challenges.

One of the main challenges is the complexity of the AAS
implementation. New submodel templates released by the IDTA
[5] and other standardisation bodies require significant effort to
understand and apply correctly. In this regard, companies often
struggle with the initial setup, configuration, and customisation
of AAS for their specific use cases. Even though tools and
frameworks exist to facilitate AAS creation, they often demand
a steep learning curve and technical expertise. Therefore,
manual processes, often chosen for AAS deployment, can

be time-consuming and error-prone, hindering widespread

adoption.

The lack of awareness among stakeholders is another barrier
to AAS adoption. Many organisations are still unfamiliar with
the benefits and functionalities of AAS, leading to resistance in
embracing this relatively new technology. This is accompanied
by the need for skilled personnel to manage and maintain
AAS-based systems [6]. Many of the companies, although
interested in Industry 4.0, lack the necessary expertise to
effectively implement submodel templates and further utilise
AAS in their operations. For example, Small and Medium-
sized Enterprises (SMEs) may find it particularly challenging
to allocate resources for training and development in this area
[7]. In addition, many industries still have plenty of machinery
and equipment not Industry 4.0-ready, making the integration
of AAS even more complex [8].

To address some of the mentioned challenges, there is a
growing interest in leveraging automated solutions to streamline
the adoption process. In this context, Artificial Intelligence
(AI) agents have emerged as promising tools to facilitate
the deployment and management of AAS in manufacturing
environments. Al agents can autonomously perform tasks,
such as data collection, analysis, and decision-making, thereby
reducing the burden on human operators [9]. By integrating
Al agents with AAS, it is possible to enhance the efficiency
and effectiveness of asset management processes, ultimately
accelerating the adoption of AAS in Industry 4.0 settings.

This paper explores the potential of Al agents to support
the adoption of AAS in Industry 4.0 environments. More
specifically, we investigate how Al agents can assist in the
automatic creation of AAS instances from PDF datasheets.
Generated AAS instances can then be later integrated into a
component library to speed up the commissioning of physical
assets. PDF datasheets are commonly used to document tech-
nical specifications of assets. Oftentimes, they contain valuable
information that can be utilised to populate AAS submodel
templates. However, manually extracting and structuring this
information can be labour-intensive and prone to errors. Our
paper makes the following contributions:

o Automatic generation of AAS from PDF datasheets using
Al agents and knowledge graphs.

o A case study demonstrating the application of our approach
in generating AAS instances for an industrial robot arm,
highlighting the practical implications and benefits.

o The discussion of challenges faced during implementation
and future directions in this area.

While our approach shows promise, certain limitations are
acknowledged: generated AAS quality depends on input data
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completeness, manual intervention remains necessary for eClass
classification, and organisations with heavily customised legacy
systems may face adoption barriers.

The remainder of the paper is organised as follows: In
Section II, we review the related work on AAS adoption and
Al agents in Industry 4.0. Section III provides background
information on AAS, Al agents, knowledge graphs, etc.
Section IV presents our approach for automatic AAS generation
based on the automated information extraction from PDF
datasheets. Section V describes the case study, experimental
setup, and faced challenges during implementation. Section VI
discusses the results, their implications, and potential limitations
of our approach. Finally, Section VII concludes the paper and
outlines future research directions.

II. RELATED WORK
A. Traditional Agents for AAS Adoption

The interaction of agents with assets in industry has been
broadly studied over the past few years. Precisely, the definition
of Multi-Agent Systems (MAS) by Wooldridge [10] laid the
foundation for agents in industry. As per [10], a MAS is a
“society of intelligent, cooperative, proactive, and autonomous
entities” (i.e., agents). These agents rely on symbolic reasoning,
explicit knowledge representations (e.g., logic-based systems),
and planning algorithms to make decisions. They are designed
for specific tasks, such as negotiation, coordination, or resource
allocation in MAS. Their intelligence is rule-based or logic-
based, with limited adaptability outside predefined domains.
Communication is structured, often relying on predefined
protocols (e.g., Foundation for Intelligent Physical Agents -
Agent Communication Language (FIPA-ACL)) and ontologies
for inter-agent interactions. Therefore, we will refer to these
as traditional agents for the remainder of the paper.

Based on the previous MAS definition, a group of works
applied it to facilitate the adoption of AAS in industry
[6, 11-17]. They leverage MAS for the implementation,
digitisation, and adoption of AAS. These works describe the
use of different traditional agents in conjunction with AAS to
enhance standardisation and communication between physical
assets and their digital twin counterparts. Many assume that
AAS files are already filled with the required information
in a specific submodel and leverage their approach on this
assumption. In reality, the instantiation of an AAS submodel
might take several hours (depending on the asset and submodel
complexities), making it a labour intensive process.

Our approach makes use of Large Language Model (LLM)-
based models, in contrast to traditional agents, such as in the
previous works. Modern agents interact with a transformer-
based neural network trained on massive datasets, also known
as an LLLM. This can be general-purpose or fine-tuned for a
specific task. LLM-based agents can operate autonomously
but often rely on human prompts or predefined workflows
to initiate actions. These agents excel in natural language
communication, interacting through conversational interfaces
without requiring formal protocols. Unlike Wooldridge’s agents
[10], LLM-based agents demonstrate emergent general-purpose

reasoning, enabling them to handle a wide range of tasks
without domain-specific programming.

B. LLMs (Agents) for AAS Adoption

The use of LLMs to facilitate the adoption of AAS in
industry is a novel approach. Prompts, as well as agents
powered by LLMs, have been used to generate AAS files from
unstructured data [18]. Xia et al., [18] propose a framework that
leverages LLMs to interpret text-based data and generate AAS-
compliant files. They based their approach on the capabilities of
LLMs to match semantically similar concepts of syntactically
different terminologies. This can be useful when dealing
with unstructured data from various sources, as LLMs can
understand context and meaning beyond rigid schemas.

Although we also use LLMs to syntactically map different
terminologies, our approach goes beyond that of Xia et al., [18]
in several ways. First, our approach automatically extracts text
information from PDF datasheets, instead of relying on text-
based data as input. Second, our process involves a knowledge
database creation and a querying step to prevent hallucinations
from the LLM. Third, we also map eClass IDs to the extracted
data to ensure that the generated AAS files are compliant with
industry standards. We are not aware of any other work that
uses LLMs to facilitate the adoption of AAS in industry apart
from the work of Xia et al., [18].

III. BACKGROUND
A. Al Approaches and Techniques

1) Vector databases: Vector databases are specialised sys-
tems for storing and indexing high-dimensional embeddings,
enabling efficient approximate similarity search (e.g., nearest
neighbour) over data, such as text, images or audio [19].

2) Large Language Models: LLMs are transformer-based
neural networks pre-trained on massive corpora, which scale in
parameter count, data, and compute, exhibiting emergent cap-
abilities without task-specific tuning. While their applications
span across many domains, main limitations include data bias,
hallucination, high inference/training costs, and challenges in
evaluation and governance [20, 21].

3) Al Agents: Al agents are systems that not only generate
responses but perceive, plan, decide and act (often using tools,
memory, and environment interactions) to achieve goals with
some degree of autonomy [22].

4) Knowledge graphs: Knowledge graphs are directed,
labelled, multi-relational graphs in which nodes represent
entities and edges represent semantic relationships. These
graphs are often enriched with an ontology and are used
to integrate, query, and reason over structured and semi-
structured data. They provide explainability and support com-
plex relational queries and inference. Some of their challenges
include scalability, schema alignment, entity/edge extraction,
and maintaining/updating large, heterogeneous graphs [23-25].

B. Asset Administration Shell

The Asset Administration Shell (AAS) is a standardised
digital representation of industrial assets throughout their
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lifecycle. An AAS file can contain one or more AAS instances,
where each instance represents a digital twin of a specific
physical or logical asset. AAS files are organised via modular
submodels, which capture technical, operational, semantic,
and communication aspects enabling interoperability across
heterogeneous systems and stakeholders [17, 18, 26-29]. The
Industrial Digital Twin Association (IDTA) [30] publishes,
maintains and distributes AAS submodel template files publicly.
Currently, there are various submodels available for specific
target domains (e.g., digital nameplate for industrial equipment,
functional safety, technical data, etc.) [5], while others are
intended to be released in the near future (e.g., carbon footprint,
maintenance instructions, etc.).

Each AAS submodel defines specific fields to be filled in,
which correspond to the characteristics of the asset being
digitalised. Fields also have types (e.g., date, integer, string)
depending on the data to be stored. An asset might have
more characteristics than those specified by the submodel
template. To handle these differences, some submodel templates
(e.g., digital nameplate) can be extended with custom fields.
These fields are of string type to be completed with generic
information, and not specific to the submodel template.

IV. APPROACH
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Figure 1. Approach to automatically move from PDF datasheets to AAS files.

Figure 1 shows the implemented approach. Datasheets in
the form of PDF files represent the input to the approach.
These are distributed as part of the documentation for different
assets (e.g., robot arm, industrial pump, etc.). Additionally, they
describe the main asset characteristics to be extracted later on.

A vector database is used to process the documents by
extracting text and assigning a vector to each extracted token.
Extracted words and their corresponding vectors will later be
used to map characteristics that might be syntactically different
but semantically similar. Currently, multiple vector database
tools exist providing help to automatic information extraction
and vector matching. We selected LanceDB [31] due to its
integration with the agent framework we use. Our approach
is not limited to this specific vector database, and other tools
can be used as well.

Once the documents are stored, processed and vectorised,
an Al agent will interact with this information and a pre-
established Large Language Model (LLM). The selection of

LLMs also depends on many factors related to the task at hand.
For example, some models are better suited for code generation,
while others excel at natural language understanding. We
selected the OpenAl models [32] to interact with the agent, as
they have demonstrated state-of-the-art performances for many
different tasks. Specifically, we used the Generative Pre-trained
Transformer (GPT)-4.1 model to extract assets’ characteristics
from the documents.

The agent framework Agno [33] provides the necessary
tools for our approach. Agno’s integration with the LanceDB
vector database and other services and models (e.g., OpenAl)
allowed us to focus on the agents’ configuration, instead
of implementation details. Previously processed datasheet
documents serve as a knowledge base, whilst GPT-4.1 is used as
a language model. We also make use of the internal reasoning
tool of the Agno framework in the agent configuration. This
tool instructs the agent to solve the task at hand as a series of
logical steps and to trace back the reasoning process. Reasoning
includes analysis and revision of the subtasks’ performance.
The configured prompt instructs the agent to extract technical
information about one specific asset at a time.

The result of running the agent, given the previous configur-
ation specifications, is a file containing extracted technical
information about the specified asset. As the information
of different assets may be heterogeneous and diverse, the
language model might tend to hallucinate. This phenomenon
has been identified as a drawback for these models [34, 35].
Therefore, we opted to address this issue by relying solely on
the extracted information from the datasheets. We assume that
the datasheets contain the necessary information to populate
the AAS templates.

The Cognee library [36] provides an approach to solve the
hallucination related to LLMs. The library enforces agents
to rely on the information from a knowledge graph which is
created from a set of pre-defined sources (e.g., PDF datasheets).
This knowledge graph is generated in the form of a Neo4J
database [37] where nodes represent automatically extracted
entities and edges their corresponding relationships. Once the
knowledge graph is created (cf., Figure 1), responses to queries
are limited to only the scope of the information within the
graph. Thus, a hallucination is not possible by construction, as
the agent cannot invent information not present in the graph.

Figure 1 also shows that after the Neo4J knowledge graph
creation, queries are requested to the database. Cognee enables
natural language queries, which are transformed into the Cypher
graph query language. Our approach further leverages this
feature by mapping extracted asset characteristics to the fields
in an AAS template file. Asset characteristics and AAS fields
may differ syntactically while conveying similar semantics.

An instantiation of the specified AAS templates is the
outcome of the previous mapping step. The AAS template
files are based on the IDTA guidelines. More specifically, in
this work, we used the AAS template for Digital Nameplate,
Technical Data, and Functional Safety. The three instantiations
are then combined into one AAS file per asset. These can be
found in the IDTA AAS Template Repository on GitHub [38].
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The inclusion of additional templates is part of future work.

A final mapping step is performed to enrich the AAS
instantiation with additional information. eClass [39] IDs
are standard identifiers for asset characteristics that might
not be part of the default information in templates (i.e.,
custom-added fields). Therefore, we mapped such custom-
added characteristics to their corresponding eClass IDs. For
this purpose, we used another Al agent configured similarly
to the previous one.

The outcome of our approach is an AAS file per asset, which
is automatically generated from the corresponding datasheets.
These AAS files can then be used in Industry 4.0 applications
to represent assets in a standardised manner. They contain the
main technical information as well as additional eClass IDs
for custom-added fields.

V. USE CASE

We present a use case that illustrates the practical application
of our proposed method. The use case focuses on a real-
world scenario where PDF datasheets are processed by our
approach to generate AAS files and be used in an Industry 4.0
context. We describe the specific steps taken in this use case,
the encountered challenges, and the achieved results.

A. Scenario Description and Resolution

1) Description: The use case involves a manufacturing
company that aims to digitise its asset information by converting
existing PDF datasheets into AAS files. The company has a
large repository of datasheets for various components and
equipment used in its production processes. We will focus on
an asset type to demonstrate the effectiveness of our approach.

We focus our approach on robotic arms used in assembly
lines. We consider a 6-axis articulated robotic arm commonly
used for pick-and-place operations. More specifically, we use
the datasheets provided by the manufacturer Stdubli for their
TX2-90XL model [40]. This robotic arm is equipped with
various sensors and actuators, and its datasheets contain detailed
technical specifications, performance data, and operational
guidelines. The datasheets provide information for three
variants of the TX2-90 model (e.g., the TX2-90, TX2-90L,
and TX2-90XL), each with different payload capacities and
reach. Precisely, we selected these datasheets as they have
a complex structure, including multiple tables, images, and
technical diagrams, which pose challenges for automated data
extraction.

Characteristics

TX2-90 TX2-90L TX2-90XL
Load capacity 14 kg 12 kg 7 kg
Reach (between axis 1 and 6) 1000 mm 1200 mm 1450 mm
Number of degrees of freedom 6 6 6
Repeatability - ISO 9283 +0.02 mm +0.02 mm +0.02 mm
Weight 114 kg 117 kg 119 kg
UL certification v v v

Figure 2. Screenshot of the Stiubli TX2-90XL robotic arm datasheet.

Figure 2 shows a table extracted from the datasheet, which
lists the technical specifications of the TX2-90 robotic arm
variants. Since this use case focuses on the robot arm TX2-
90XL, our approach needs to correctly identify and extract the
relevant information from the table in Figure 2. Additionally,
other relevant information that might be in multiple documents
also needs to be extracted. This can include the robot’s degrees
of freedom, maximum speed, repeatability, and operating
conditions.

2) Resolution: As previously described in Section IV, our
approach involves several steps to generate AAS files from
PDF datasheets. First, the PDF datasheets are processed using a
vector database to extract and vectorize the textual information.
Next, a smart agent configured with the Agno framework
interacts with the vector database and a pre-established LLM
(GPT-4.1) to extract the relevant technical specifications of the
TX2-90XL robotic arm. The agent is prompted to focus on the
specific asset and extract information, such as payload capacity,
reach, degrees of freedom, maximum speed, repeatability,
and operating conditions. A manual review of the extracted
information is performed to ensure accuracy and completeness.
The extracted information is then mapped to the corresponding
fields in an AAS template file using the Cognee library.
A second mapping step is performed to link the extracted
information to the appropriate eClass IDs. Such a mapping is
performed using the eClass database to ensure that each field in
the AAS file is correctly identified and classified. The mapped
information is written into the AAS templates, resulting in a
complete AAS file for the TX2-90XL robotic arm. Finally, the
generated AAS file is validated against the AAS schema to
ensure compliance with Industry 4.0 standards.

B. Challenges

During the execution of the use case, several challenges
were encountered. One of the main challenges was dealing
with the heterogeneity of the datasheet formats. The datasheets
contained various layouts, tables, and images, which made it
difficult for the agent to extract the relevant information. To
address this challenge, we leveraged the capabilities of the
vector database to effectively index and retrieve the textual
information. Additionally, the heterogeneity of the language
used in the datasheets posed a challenge in case this process
would be performed manually. Therefore, we relied on the
LLM’s ability to understand and process technical language
and similar terminologies.

Each of the mappings (to the AAS template and to the eClass
IDs) also presented challenges. The AAS template needed to
be analysed to accommodate the specific attributes of the
TX2-90XL robotic arm. The mapping to eClass IDs required
access to an up-to-date eClass database and understanding of
the classification system. To overcome these challenges, we
ensured that the AAS template was flexible enough to allow for
assets that may not appear in the standard. Also, we manually
focus on the robotic arm domain to ensure that the correct
eClass IDs were assigned. In this regard, future work could
explore automating the eClass mapping process further.

Courtesy of IARIA Board and IARIA Press. Original source: ThinkMind Digital Library https://www.thinkmind.org

Copyright (c) IARIA, 2026. ISBN: 978-1-68558-351-4

22



INTELLI 2026 : The Fifteenth International Conference on Intelligent Systems and Applications

krea
smalsiz..

i
o i e wnstp. s
7k e interfec. .
protecti
on...
krcd = ?:Iﬂ
= - ke cd comy
smalsiz. . . < e - o hpurge.
desired
‘angle:
Baxis robot. overpre- default maximu-
Tobot Seure e e
weight =
wall
foor
s ma- protecti-
ximum, ez = onclass....
ceiing Faiead lenghh protecti-
o raiin..

air

Figure 3. Screenshot of the Neo4J knowledge graph created from the
available datasheets.

Lastly, another challenge was ensuring the accuracy of the
extracted information. As we relied on official datasheets, and
also based on a knowledge base with the extracted information,
we mitigated the risk of inaccuracies. Despite this, we still
performed a manual review of the extracted information to
ensure its correctness.

C. Results

The results of the use case proved the effectiveness of our
approach in generating AAS files from PDF datasheets. One
of the first results we obtained was the knowledge graph in
the Neo4J database. This graph served as a valuable resource
for querying and retrieving information about the robotic arm.

Figure 3 shows a screenshot of the knowledge graph in
Neo4], illustrating the relationships between different technical
specifications of the TX2-90XL robotic arm. Queries can be in
natural language which are then translated into Cypher queries
to retrieve specific information. For example, a query such
as "What is the maximum payload of the TX2-90XL robotic
arm?" would return this specific information from the graph.

The generated AAS instance for the TX2-90XL robotic
arm contained the technical specifications extracted from the
datasheets. Figure 4 shows a screenshot of the generated AAS
instance in the visualisation tool AASX Package Explorer [41].

a “AssetSpecificProperties” (33 elements) @{SMT/Cardinality=ZeroToOne}
m “Load capacity” = 7 kg @{SMT/Cardinality=ZeroToMany}
m “Reach (between axis 1 and 6)" = 1450 mm @{SMT/Cardinality=ZeroToMany}
m “Number of degrees of freedom” = 6 @{SMT/Cardinality=ZeroToMany}
m “Repeatability (ISO 9283)" = + 0.02 mm @{SMT/Cardinality=ZeroToMany}
m “Weight" = 119 kg @{SMT/Cardinality=ZeroToMany}
m “Attachment methods™ = 360° forearm connection @{SMT/Cardinality=ZeroToMany}

Figure 4. Screenshot of the generated AAS instance for the Stdubli
TX2-90XL robotic arm in the AASX Package Explorer.

Our approach also includes the datasheet PDFs as part of the
AAS file, ensuring that the original documentation is available
for reference. A visualisation tool supporting PDF rendering
can display the datasheets directly from the generated file.

VI. DISCUSSION

A. Implications

The proposed approach has several implications for the
adoption of AAS in industrial settings. By leveraging Al agents
to automate the creation of AAS instances and files, we can

reduce the time and effort required for their implementation.
This can lead to faster integration of AAS into existing systems,
promoting interoperability and standardisation across different
platforms. Previously considered tedious and error-prone tasks
can now be streamlined, allowing organisations to focus on
leveraging the benefits of AAS.

The integration of industries into the Industry 4.0 paradigm
could be further accelerated by this approach. With the ability to
quickly generate AAS instances and files, industries can more
readily adopt digital twins and other Industry 4.0 technologies,
leading to improved efficiency in manufacturing processes.
The use of AI agents also opens up new possibilities for
customisation and scalability, as AAS can be tailored to specific
use cases and easily adapted to changing requirements.

B. Limitations

Despite the promising results, there are several limitations to
our approach that need to be addressed in future work. First, the
quality of the generated AAS instances is heavily dependent on
the input data and the capabilities of the Al agents. Inaccurate
or incomplete data can lead to suboptimal AAS instances,
which may not fully meet the requirements of the intended
application. Second, the current implementation may not fully
capture the complexity of certain industrial scenarios. While
Al agents are capable of generating AAS files for a wide range
of use cases, there may exist specific cases that require more
sophisticated modelling and representation. Finally, there is
still a need for manual intervention in the eClass classification
process, which may introduce delays.

Beyond mentioned technical limitations, practical challenges
exist regarding adoption and use by existing organisations.
Many industrial environments have heavily customised legacy
systems and established workflows deeply integrated into their
operations. Introducing AAS-based approaches may require
significant organisational change management. Furthermore,
organisations with investments in proprietary data manage-
ment systems may face resistance to adopting AAS formats,
particularly if migration costs are perceived as prohibitive.

VII. CONCLUSION AND FUTURE WORK

In this paper, we presented an approach leveraging Al
agents to facilitate AAS creation from PDF datasheets in
industrial settings. We utilize the Cognee library to create
a knowledge graph from datasheet information, which Al
agents use to generate and populate the AAS structure. A
use case involving an industrial robot arm demonstrates the
potential of this approach to automate the AAS creation process.
Future work will focus on extensive evaluations in real-world
industrial environments and integration of generated AAS files
into component libraries for flexible manufacturing systems.
This enables dynamic asset assignment, reducing manual
programming effort and increasing production flexibility.
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